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Abstract

The previous ESP (Ensemble Streamflow Prediction) studies conducted in Korea reported that the modeling error is a
major source of the ESP forecast error in winter and spring (i.e. dry seasons), and thus suggested that improving the rain-
fall-runoff model would be critical to obtain more accurate probabilistic forecasts with ESP. This study used two types of
Artificial Neural Networks (ANN), such as a Single Neural Network (SNN) and an Ensemble Neural Networks (ENN), to
improve the simulation capability of the rainfall-runoff model of the ESP forecasting system for the monthly inflow to the
Daecheong dam. Applied for the first time to Korean hydrology, ENN combines the outputs of member models so that it
can control the generalization error better than SNN. Because the dry and the flood season in Korea shows considerably
different streamflow characteristics, this study calibrated the rainfall-runoff model separately for each season. Therefore,
four rainfall-runoff models were developed according to the ANN types and the seasons. This study compared the ANN
models with a conceptual rainfall-runoff model called TANK and verified that the ANN models were superior to TANK.
Among the ANN models, ENN was more accurate than SNN. The ANN model performance was improved when the
model was calibrated separately for the dry and the flood season. The best ANN model developed in this article will be
incorporated into the ESP system to increase the forecast capability of ESP for the monthly inflow to the Daecheong dam.

Keywords : daechung dam, ensemble neural networks, ensemble streamflow prediction, rainfall-runoff model, TANK model
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1. B �

�� VçÓ� National Weather ServiceöBº {��

' .GV»~ ~¾� Ensemble Streamflow Prediction

(ESP; �~ �ç: Fï.G)� 21̂ V >^�' .G�

Ê�~ ��V»b� �Ï>� ®
(Fread, 1998). �Úö

Bº f'J �(2001)� �JvÛ¦f ���JVF��

ö� 
ú . B*~º ‘b�/*�’~ BFj *� �"

æ6ö �ç: Fï.GV»j 'Ï� �ê 
·� 'Ï

Òf¢ Û� 'Ï &ËW" BFOË� *Ò Îï>� ®


. ß® ‘21̂ V *��Ú��BBÒë’� >¶ö~ æ³

' {�VFBBÒë�~ ‘
�* b&Ò Ú'�Ê� �

» VFBB’öBº �ç: Fï.Gj ºê�' �'z

Î;� sampling stochastic dynamic programmingö 7

Ï~� &>æ �êÚ'ö �Ï� > ®º Onj ��~

� ®
. ��æ� &>æ �êÚ'~ W� �¦º �ç

: FïFï.G~ ;{Wö ~� ç� ¦ª ²ÖF ©b

� *�>� ®
.

�ç: Fï.Gf ;Ö-FÂÎ;ö �¾ö ¢ÚÆ &Ë

W� ®º Î� ;Ö �¾ÒJ¢ «K~� � Ö"b�


>~ Fï �¾ÒJ¢ B��B {�.Gj 
�~º .

GV»�
. ;&¢" f'J(2002)º Ï"6~ F«ï {

�.Gj *� 'Ï� �ç: Fï.GV»~ Ö"ªCj

Û� �ç: Fï.G~ ;{Wj Ëç�ÊV *�B Î

ÞÆöº ;Ö-FÂÎ;~ Î~ËKj BF�¢ ~�, �

ªÆöº ;Öï .G" ?f Vç.�¢ ÎN'b� �

Ï�¢ �
� æ'� : ®
. ¯ FÂï� 'f ÎÞÆ

öº &¦ª~ JN& ;Ö-FÂÎ;~ JN��, ç&'

b� FÂ� ôf �ªÆöº ;Ö-FÂÎ;~ JN jN

f *Ú�º >�, .GV*~ ;Öïj "�~ ;Ö �

ç:öò ~��b�� B�~º JN& æV'ªj {�

~&
. V¢B ÎÞÆ �ç: Fï.G~ ;{W Ëçj

*�Bº �ç: Fï.GV»~ ��� ;Ö-FÂÎ;~

"�'� BF� �/~� �©� � ��~ Ï'�
.

¢>'b� �ç: Fï.GöBº Bv' ;Ö-FÂÎ

;� ÒÏ>î
. ��¾ *Ò �ÚöB ÒÏ 7� Bv

' ;Ö-FÂÎ;f ôf ��Òföê ®�~� ;{ê

& ÎÚæº ©� Ò
ªj �;~æ pj > ì
. �¢

BF~V *�Bº ÒÏ 7� ;Ö-FÂÎ;~ "�'�

BFö �Kj ã"�¢ � ©�
. ��¾ �Ú >^�

¶
~ Þ&� �Köê ®�~� �Ç� 
Bæ> º;

" «K¶ò �W �~ ÚJæb� �~� &rÚ Ë¾ö

;{ê¢ ¸�Vº Ú[
� ��ê
. ��æ� � ��

öBº ;Ö-FÂ Î~ö '�� Ë6j &æ� ®º �

ã�Î;j �Ï~� �ç: Fï.Gö �Ï� > ®º

Onj ;�~&
. � ¢^öB B�B �ã�Î;f �

Úæº ê³¢^(;&¢ �, 2003)öB V�~ Bv' Î

;" Ö�>º Onj Û� FÂ~ Î~ËKj §�'b

� Ëç�Ê�¶ �ê>î
.

�ã�Î;f «K" ÂKb� �W>º �Ê�j ÷R

'�� jF;'b� �»� > ®
º Ë6� ®Ú

1990j �ê¦V ;Ö-FÂ Î~ö ô� ÒÏ>� ®
.

&�'� 'ÏÒf�� Hsu et al.(1995)f �ã�Î;j

�Ï~� ;Ö-FÂÎ;j �W~� Î~� ê ARMAX

Î;" SAC-SMAÎ;~ Î~ËK" jv~� �ã�Î

;� ¦z ±f Ö"¢ ¾æêj {�� : ®
.

Thirumalaiah(1998)º �ã�Î;j 
�* s>* .Gö

�Ï~&b�, Coulibaly et al.(2000)f ¢ &>æ F«

ï.Gj *� early stoping V»j �Ï� �ã�Î;j

'Ï� : ®
. �Ú 'ÏÒf�B �*C" ;Z«

(1999)f �ã�Î;j �Ï~� ÖÒ¾¢~ &jj ��

*'b� �C~&�, nçê �(2000)f FÂ>^�F~

.Gj *� �ã�Î;j 'Ï~&b�, fWö(2000)f

³>j, ï>j, .>j � FÂ ßWö V¢ ¶ò¢ �

ª~� �ã�j 'Ï~� ßW� ç�� FÂ*çê �

ã�Î;b� Î;z& &Ë�j {�� : ®
. Þ/B

��Òf ��öê �ã�Î;f ;Ö-FÂ*çj Î~~

V *� �" �B® 'Ï>� ®
.

� ��öBº ¢>'� 
[ �ã� Î;b� �W�

�¢ �ã�(Single Neural Network, SNN)Î;", vB

�ç~ 
[ �ã� Î;~ ÂK8j ��~º O»� �

ç: �ã�(Ensemble model of Neural Networks, ENN)

Î;j &Ó6 ú F«ï Î~ö 'Ï~&
. �ç: �ã

�Î;f 
>~ Î;j ���b�� ¢>z(generalization)

WËj Ëç�Êº VË� �ÚÂ �ã�Î;~ «~ 7

~¾�
. �VB ¢>z¦ �ã�Î;~ �Ûö �ÏB

¶ò& jò î�Ú ¶òö &� �ã�Î;~ Î~ËK

j ~��
. Cannon and Whitfield(2002)º ENNV»

7 ~¾� bagging(6º boostrap aggregation)V»j �

Ï~� Vç��" FÂ��*~ &ê¢ downscaling�

> ®º Î;j �W~� >^ª¢ö ²B� : ®
. �

Ú >^ª¢öBº ENNV»� jç 'ÏB Òf& ìb
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� � ��¢ Û� FÂ*ç Î~¢ *� ¾rb� 'Ï

&ËWj ÚÚ�~
.

.>V FÂf "� æ~> FÂ� &¦ª�¾, s>V

FÂf æ�> FÂ~ jN� �
. V¢B v FÂ*ç

~ ßWf ç�® 
� �>&êö ®
� �'� > ®


. �ã�~ ãÖ ßW� 
� ¶ò
j V*ê� ªÒ

~� �Û� ãÖ �. z ±f Ö"¢ V&� > ®
.

��æ� � ��öBº .>Vf s>V� ªÒ~� v

B~ Î;b� �W~º O»ö &�Bê ��~&
. 

� ��º &Ó6 ú F«ï {�.Gj *� �ç:

Fï.GV»ö �Ï� > ®º ;Ö-FÂÎ;j �¢ �

ã�Î;(SNN)" �ç: �ã�Î;(ENN)j �Ï~�

�W~&
. � Î;
f 
� *Ú ú(1ú~12ú) ¶ò¢

�Ï� Î;(SNNall, ENNall)" .>V(10ú~5ú)f s>

V(6ú~9ú)� ªÒ� Î;(SNNd-f, ENNd-f)b� ¾*Ú

C 4B~ ;Ö-FÂÎ;j � ��öB BB~&b� '

Î;~ Î~ ;{ê¢ jv ï&~&
. 6� ��>¶ö

�ÒöB *Ò &Ó6ö ÒÏ 7� &�' BvÎ;�

TANKÎ;" jv~� &Ó6 ú F«ï Î~¢ *~�

�ã� ;Ö-FÂÎ;~ 'Ï &ËWj ÚÚ�~
.

2. �ã���

 �ã���f �*~ ;�¾Ò ";j >�'b� �

*~� ÷R ªÖ ¾Ò& &Ë~�, 
·� ~ãö 'Ï

� > ®º �ÛËKj �F~� ®
. ��� ßWb�

'ç �^¾Ò, NZ ��, �Ê� BÚ, �ê�ªC 5


·� .Gª¢öB 6Ò ÒÏ>� ®
(Haykin, 1999).

ß® >^� ª¢öBº «K" ÂKb� �*>º ;Ö

-FÂÎ;ö 6Ò ÒÏ>� ®
. �VBº �ã� ��~

¢>Ò�f �Û~� � ��öB ÒÏB �z��j 7

�b� BF~Æ
.

2.1 �¢ �ã�(SNN)Î;

�¢ �ã�Î;f �ê J«F �ç: �ã�Î;"

�ê~V *� ÏÚ�B ¢>'b� 1B~ JÞò�� �

WB 
[ �ã�Î;(multilayer neural network)j ~�

�
. 
[ �ã�Î;f «K[(input layer), ÂK[

(output layer),�Ò� v [ Ò�ö fï[(hidden layer)

b� �W>Ú ®
. ' [öº ��(node)& �Ò~�,

[" [Ò�~ ��º OËW" �Ö;ê¢ &ê �ëÊ

(synapse)ö ~� �ÖB
. �Ö;êö V¢ «Kö &�

ÂK8� Ö;>� �Ö;êº *��>ö ~� �;B
.

ÂKWªj Ok, fï[~ Wªf Vj, �Ò� «KWªf

Ii¢� ~� «K[öB fï[b�~ �Ö;êf fï[

öB ÂK[b�~ �Ö;êº '' wji, wkj, «K[ bias

(Þ~)¢ I0, fï[~ Þ~¢ V0¢� ;~~� fï[�

~¾� 
[ �ã�Î;f �â 1" ?� �*F > ®

b� ' �Ö;êö ~� ÂK8f � (1)" ?
.

(1)

�VB, *��> g1(x), g2(x)º fï[" ÂK[~ 8j

ÖÂ~º *��>�� �ª&Ë~� 'Ï� Ï��

sigmoid �>¢ ô� ÒÏ~� ®
.


[ �ã�Î;~ �Ûöº "� «KNZj �Ï� �

ã� JÞò�& êÖ� ÂK8" Ï�8~ JN¢ �²z

�Êº OËb� �Ö;ê¢ �;�&º �Û r�Ò¾�

ÒÏB
. � ��öBº �Û r�Ò¾b� Levenberg-

Marquardt O»j �Ï~&
. � O»f ÂK8~ JN

B��(sum of square error)j �²~~º �'z V»

j ÒÏ~� �Û³ê~ Ëç" æ��²8 >Z ^B¢

BF~&
. � O»f �Ö;ê �;j *� Levenberg-

Marquardt W��(∆W)j ÒÏ~� � (2)f ?
.

(2)

�VB Jº Jacobian 
ÞÓÊ�� �ã� JN¢ � (1)

~ ' &78" bias� 1N �ª� 8
� ��Ú^ ®
.

eº JNÇV, ç> µº 'w�Û��
. µ& 
Ö ��

ãÒ~;(gradient descent)»b� "Ò>�, µ& ·b�

Gauss-Newtonb� "ÒB
. 6� µ& 0�� Hessian


ÞÓÊ¢ �Ï~� "Ò~º Newton V»� B
. &

ÖÊ-�Ê O»f JN�*ç~ �²6 "OöB 
� O

»ö j~� z ��� ;{~² >Z� ¾*
. V¢B

'w�Û�öB µ¢ �;~� &Ë~� Gauss-Newtonb

� "Ò~ê� �
(Demuth and Beale, 1998).

Early stoppingV»f ¢>zVËj Ëç�ÊV *� O

»b�,�Ûö ÒÏF ¶ò÷�(data set)j training ÷�

" validation÷�b� ¾*Ú �Ï~º O»�
. training

÷�f �ã�j �Û�Êº� ÒÏ>�, validation ÷�

f �Ûö ç7 ÒÏ>æº pb¾ �ã�� "'�

(overfitting)>æ p² ~V *� ÒÏB
. �Û� ê¯>

�B training ÷�" validation ÷�~ JNº �þ 6

Ok=g2 wkjg1 wji Ii wj0+
i

∑ 
 
 

+wk0
j

∑ 
 
 

∆W= J
T
J µI+( )

1–
J

T
e

�â 1. 
[ �ã�Î;~ ��
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²~
&, "'�� B�~� training ÷�~ JNº ê

³�B 6²~º� j� validation ÷�~ JNº J®J

Ã&~² B
.¯,"'�f �Û ¶òö &� Î~JNº


Ö ·� >&� �Ûö �Ï>æ pf î�Ú ¶òö

&� Î~JNº 
Ö � ç�¢ ¾æÚº ö�
. validation

÷�~ JN& Ã&~V �·~� �Ò J;� Ï�JN

ö ê�~æ pjê �Ûj nº² >º� �� �F�

early stoppingV»b� ®Ö
(Haykin, 1999).

2.2 �ç: �ã�(ENN)Î;

�ç: �ã�Î;f ÂKæ>& ?f �>~ �ã�Î

;~ ÂK8j ���b�� �« ÂK8j Ö;~º Î

;�
. �ç: �ã�Î;f ëãB �¢ �ã�Î;ö

j� ¢>z WËj Ëç�Ò > ®
� rJ^ ®
. �

â 2º �ç: �ã�Î;j �âb� ¾æÞ ©�
.�â

~ ' �ªÎ�f ~¾~¾& ëãB �ã�Î;
�
. �

ªÎ�
~ ÷�� �ç:j ��æ� �ç: �ã�Î;

�¢� �
. �VB ‘�ç: Fï.G’öB~ ‘�ç:’f

;Ö¾ Fï �¾ÒJ~ ÷�j ~�~¾, ‘�ç: �ã�

Î;’öB~ ‘�ç:’f Ï'æ>& ?f �ªÎ�
~ ÷

�j ~�~æ� �ê~V :¦
.

Oi(x)¢ i �ªÎ�~ ÂK8, t(x)¢ Ï�8 �Ò� εi

¢ JN(Oi(x)-t(x))¢� it �ªÎ�~ JNB��~ V&

8 Eiº � (3)" ?� � > ®
. ' �ªÎ�f «Â

K ��f �Ö;ê¢ &ê ëãB ~¾~ �ã�Î;b

� �F~ �ÛO», �Ö;ê, *��>¢ &ææ� ÂK

8 �� B� 
� 
·Wj æî� ®
.

(3)

�VB E[Á]º V&8 �Ö¶�B Eifº �ê~V :¦
.

�ç: �ã�Î;~ ¢>z WË� �¢ �ã�ö j

� Ö>� �Fº � (4)¢ Û� J«� > ®
. Ecomf

LB~ �ªÎ�� �WB �ç: �ã�Î;~ JNB�

�~ V&8, EAVº LB~ �ªÎ� ''~ JNB��

~ V&8�¢�, � v 8~ &êº � (4)f ?� ;Ò

� > ®
.

(4)

ò¢ � �öB ' JN
 *ö ç&W� ì
� ¯, B

� 
� i, jö &~� E[εiεj] = 0�� � (4)º � (5)f

?� ;ÒB
.

(5)

Ö"'b� Ecomf EAV~ 1/LV& >º� � �Fº

ï�~º ";öB JN~ ªÖ� 6²~V r^�
. V

¢B �ç: �ã�Î;f bias(Þ~)& ·� variance(ª

Ö)� � *çj Î~~Vö '�� O»�
.

�ç: O»f �ªÎ�
~ 
·Wj {�~º O»ö

V¢  &æ «~� ¾2 > ®º� &Ë z® ÒÏ>º

O»f Breiman(1996)� Bn� baggingV»�
. � V»

f �ªÎ�~ 
·Wj {�~V *�B «K¶ò(�â 2

öB I(n))j bootstrapV»b� �öºÂ~� �� B~

�Û¶ò¢ Ò�W�
. Ò�WB «K¶òº ' �ªÎ

�~ «K¶ò� ÒÏ>Ú B� 
� �Ö;ê¢ &ê,

j*® 
� Î;b� �ÛB
. �« ÂK8(O(n))f '

�ªÎ�~ 
·� ÂK8j ï��b�� áj > ®
.

baggingV»öB ªÖj 6²�ÊV *� &Ë 7º� º

²º �ªÎ�~ B>�� Breimanf 'Úê 25B �ç

~ �ªÎ�� �ç: �ã�Î;j �W� ©j Bn~

&
.

3. Î;~ 'Ï

3.1 Î;�W~ Bº

�¢ �ã�(SNN)Î;" baggingV»j �Ï� �ç:

�ã�(ENN)Î;j �Ï~� &Ó6 ú F«ï Î~¢

*� ;Ö-FÂÎ;j �W~&
. �ã�j �Ï~� �

WB ;Ö-FÂÎ;f Bv' Î;~ «Kæ>� z® Ò

Ï>º &Ó6 F�~ ú C;Öï(Rt, Rt-1, Ã), ú CÃB

ï(Et, Et-1, Ã), Î~ �*~ ú ï�F«ï(It-1, It-2, Ã)

j «Kæ>� F;~&�, Î~~�¶ ~º ú~ ï�F

Ei=E Oi x( ) t x( )–( )2[ ]=E εi
2[ ]

Ecom=E Ocom x( ) t x( )–( )2[ ]

=E 1
L
--- Oi

i

L

∑ x( ) t– x( )
 
 
 
 2

= 1

L
2

-----E Oi
i

L

∑ x( ) t– x( )
 
 
 
 2

= 1

L
2

-----E εi
i

L

∑
 
 
 
 2

1

L
2

-----≤ E L εi
i

L

∑
 
 
 
 2

=EAV

Ecom= 1

L
2

-----E ε
i

∑ 
 
 2

= 1

L
2

----- E
i

∑ εi
2[ ]= 1

L
---EAV

�â 2. �ç: �ã�Î;~ block diagram
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«ï(It)j ÂKæ>� J;~� � (6)~ «ÂK ��¢

<ê� ~&
. �Ûj *� �ÏB ¶òº 1981j¦V

1995jræ~ ú ¶ò
��, 1996j¦V 2001jræ Î

~¢ 
�~� TANKÎ;~ Î~F«ï" jv~� �

'Ï&ËWj ÚÚ�~
. � (6)f ;Öï, ÃBï �j

�Ï~� F«ï(It)j Î~~º Bv' ;Ö-FÂÎ;"

V�öÒº ÿ¢~
.

(6)

TANKÎ;f ‘>^¶ònêªC 5 ¢FÂ Î~�Ê�

�»Ï�’(��>¶ö�Ò, 2001)öB �B3� TANKÎ;

" �Ö�ÿ w��>¢ ��~� BF� Î;j � ��

öBê �Ï~&
. � TANKÎ;~ 
Bæ>º 1981j

öB 1988jræ 8j*~ ¶ò¢ �Ï~� º;>îb�

� ��öBê ��Bö B�B 
Bæ>¢ �&� ÒÏ

~&
. TANKÎ;f ÷7;(lumped) ;Ö-FÂÎ;~ ~

¾� ;Öf FÂ *çö ÚÒB bÒ' FÒWj �*�

> ®
º Ë6� ®
. 

� (6)öB t�6~ .GB ;Öï(Rt)" ÃBï(Et)j

«K~� .GF«ï( )j Î~�b�� Fï.G� &Ë

~
. �ç: Fï.Gf Rtf Et~ "�¶ò¢ 
> «

K~� ?f >~ FÂï �¾ÒJ¢ áº V»�
. V¢

B �ã�j �Ï~� � (6)~ «ÂK ��¢ &æº ;Ö

-FÂÎ;j �W~� �¢ �ç: Fï.GV»~ ;Ö-

FÂÎ;b� &Ú~� �Ï� > ®
. 6� .G�6

�* ú~ 
G;Öï(Rt-1, Ã), ÃBï(Et-1, Ã), F«ï

(It-1, Ã)� «Kæ>ö ��>Ú ®bæ� .G�6~ .

V��j ;Ö-FÂÎ;ö >'� > ®
.

�â 3f &Ó6~ úê F«ï~ box-plotj �Ö ©�


.ï�F«ï 100CMS¢ V&b� � �çj s>V(6ú

~9ú), �~¢ .>V(10ú~5ú)� �ª~&
. �âöB

.>Vf s>V~ F«ïö ç�� N�& ®rj {�

� > ®
. �, 6ú~ ãÖ 5ú" Fïö ®Ú � N�

& ®æº pb¾, s>Vö �ã�j 'Ï~� �Û~V

*�Bº �² 4Bú ;ê~ ¶òº jº~&bæ� 6ú

j s>Vö ���V
. V¢B �¢ �ã�(SNN)Î;"

�ç: �ã�(ENN)Î;f 
�, «K ¶ò¢ Î� ú(1

ú~12ú)� �Û�Î *ú Î;"(SNNall, ENNall), .>

V(10ú~5ú)f s>V(6ú~9ú)� ¾*Ú �Û�Î .>

V-s>VÎ;(SNNd-f, ENNd-f)b� �W~� C 4&æ

O»b� ;Ö-FÂÎ;j �W~� Î~ËKj jvÁï

&~&
.

3.2 �¢ �ã�(SNN)Î;~ 'Ï

�¢ �ã�Î;j �Ï� ;Ö-FÂÎ;f 
r" ?f

O»j Û� �W~&
. b& �ã�~ ÎNj ¸�� �

��¾ Çrö ~� æ;B ¶ò¢ :� Çb� «K" Â

K~ Nöj ¢öz~V *~� Î� «K¶òº 0~1 Ò

�� ;�z ~&b�, �Ûr�Ò¾b�º Levenberg-

Marquardtr�Ò¾j ÒÏ~&
. «K[öB fï[b�

~ *��>º >^� ª¢öB ô� ÒÏ>º log-sigmoid

�>¢ ÒÏ~&b�, fï[öB ÂK[b�~ *��>

º ÂKæ>& F«ï�¢º �³æ>ªj 6n~�

linear �>¢ �Ï~&
. �Ò� �ÛÎNj ¸�� "'

�j ïV *� early stopping O»j ÒÏ~&
.

«Kæ>f fï[ �� >¢ Ö;~V *�Bº ãþ

' O»j �Ï~&
. b&, SNNallÎ;~ «Kæ> Ö;

ö &� J«~� 
r" ?
. �Ûö �ÏF 1981jö

B 1995jræ~ ' «Kæ>
~ 4Bú æÚ¶ò((Rt,

Ã, Rt-4), (Et, Ã, Et-4), (It-1, Ã, It-4))f Ï�8(It)~ ç

Tt=f Rt Rt 1– …, ,( )  Et Et 1– …, ,( ), I t 1–  It 2–,( ),( )

Î t

�â 3. &Ó6 úê F«ï box-plot(1981j~2001j)

� 1. ÂKæ>( Ît )f «Kæ>
~ ç&ê>


GF«ï(I) ;Öï(R) ÃBï(E)

t −1.000 −0.929 −0.223

t-1 −0.408 −0.503 −0.350

t-2 −0.164 −0.190 −0.428

t-3 −0.090 −0.058 −0.316

t-4 −0.157 −0.228 −0.273

� 2. «Kæ> æzö &� �ã�Î;~ «ÂK &ê�

Î; «ÂK &ê�

model1 Ît = f((Rt, Ã, Rt-4), (Et, Ã, Et-4), (It-1, Ã, It-4))

model2 Ît = f((Rt, Ã, Rt-4), (Et, Ã, Et-4), (It-1, Ã, It-3))

model3 Ît = f((Rt, Ã, Rt-3), (Et, Ã, Et-4), (It-1, Ã, It-3))

model4 Ît = f((Rt, Ã, Rt-3), (Et, Ã, Et-3), (It-1, Ã, It-3))

model5 Ît = f((Rt, Ã, Rt-3), (Et, Ã, Et-3), (It-1, Ã, It-2))

model6 Ît = f((Rt, Rt-1, Rt-2), (Et, Ã, Et-3), (It-1, It-2))

model7 Ît = f((Rt, Rt-1, Rt-2), (Et, Et-1, Et-2), (It-1, It-2))

model8 Ît = f((Rt, Rt-1, Rt-2), (Et, Et-1, Et-2), (It-1))

model9 Ît = f((Rt, Rt-1), (Et, Et-1, Et-2), (It-1))

model10 Ît = f((Rt, Rt-1), (Et, Et-1), (It-1))
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&ê>¢ êÖ~&b� Ö"º � 1" ?
.

«Kæ>f ÂKæ>(It)~ ç&ê>f æÚ�*j �J

~� æÚ�*� ^� ç&ê>& Ôf «Kæ>
j ~

¾O î£�B&� � 2f ?f �� &æ Î;j �W

� ê ¦Ã(test)~&
. �r ¾r fï[ �� >º 10B

� �;~&
. ;Ö-FÂ *çf jF;'�� �Ç� �

>&êö ®bæ� ç&ê>& «Kæ>¢ Ö;~º Ö;

' "�¢� � >º ìb¾, ��'� ��f Ïª® �

> ®V r^ö «Kæ> ���¦~ V&b� �Ï~&


. ' Î;~ Î~ËK jvæ��º 
GF«ï(It)" Î

~F«ï( )~ ç&ê>f ï�B�JN(Root Mean

Square Error, RMSE)¢ ÒÏ~&� �¢ �â 4ö ê�

~� jv~&
. training V*f 1981jöB 1992jræ,

validation V*f 1993jöB 1995jræ, test V*f

1996jöB 2001jræ�
. ¢>'b� training "

validationj �� V*j calibration V*, test V*j

verification V*�¢� �
. �â 4öB~ jvÖ"

model8f validation �*" test �* ÎvöB ç&ê>

& &Ë ¸�, RMSE& &Ë Ôf ©j {� � > ®
.

V¢B SNNall Î;f model8~ «K��¢ <ê� Ö;

~&
.

fï[ �� >º 
r" ?� Ö;>î
. b&

model8~ «K��¢ &ê �ã� Î;öB fï[ ��

>¢ æz�B &� 
GF«ï" Î~F«ï~ ç&ê>

f RMSE~ æz¢ ÚÚ�~
. � Ö" �â 5öB �º

:f ?� fï[ �� >& 4¢ r validation" test �

* ÎvöB ç&ê>& &Ë ¸� ï�B�JNº Ôr

j {�� > ®î
. 

�ã�Î;f �Ö;êf bias~ .V8j Â>� Ö;

�b�� �Ûö V¢ �.O 
� ÂK8j &ê
. V

¢B � ��öBº � 2ö B�� ''~ «ÂK Î;

ö &� 20®~ �ÛÖ"ö V� validation" test �*

~ ç&ê>f RMSE¢ ï�� 8j jv~� �'Î;

j Ö;~&
. 

�¢ �ã�Î;~ .>V-s>VÎ;(SNNd-f)ê «ÂK

æ>¢ .>V(10ú~5ú)f s>V(6ú~9ú)� ¾. ê

SNNallÎ;~ O»" ?f .N¢ �ö �'Î;j Ö;

~&
.

3.3 �ç: �ã�(ENN)Î;~ 'Ï

�ç: �ã�Î;j �Ï� ;Ö-FÂÎ;f Levenberg-

Marquardt �*2 r�Ò¾, «K[öB fï[b�~

log-sigmoid �>, fï[öB ÂK[b�~ linear *��

>, early stoppingV»j ÒÏ~� �¢ �ã�Î;" ÿ

¢� O»b� �W~&
. �ç: �ã�Î;öB Ö;

�¢~º �ªÎ�~ B>º Breiman(1996)� B�� 25

B�
 5B ôf 30B� Ö;~&
.

�â 6f ENNallÎ;~ «Kæ>¢ Ö;~V *� �

2ö ¾æÂ «ÂK ��¢ &ê �ç: �ã�Î;~ Î

~ËKj ç"ê>f RMSE� jv� �â�
. �âö

B calibrationV*~ ç&ê>f RMSEº baggingV»ö

~� �� �ÛB ENNallÎ;ö, �Ûö �Ï>î~ ö

�ê�¶ò(1981jöB 1995jræ)¢ «K~� Î~�

Î~F«ï" 
GF«ï" jv� ©�
. �â 6j "

Î t

�â 4.«K�� æzö &� �¢ �ã�(SNNall)Î;~ Î~
ËK jv

�â 5.fï[ �� > æzö &� model8~ Î~ËK jv
(SNNallÎ;)
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�� � ��öBº calibration JNf test JN¢ �²

� ~º model5¢ F� ~&
.

�â 7f model5~ fï[~ �� > æzö V� ç

"ê>f RMSE~ æz¢ ¾æ� ®b� ��¦V

model5~ �ç: �ã�Î;f fï[ ��¢ 10B� F

�~&
. �ç: �ã�Î'~ .>V-s>V(ENNd-f)Î

;~ �'�� Ö;ê * O»" ÿ¢� ";j �ö �

W~&
.

SNNallÎ;~ JNæ�(�â 4)f ENNallÎ;~ JNæ

�(�â 6)~ test �* Î~ËK(�â 6~ ‘∆’)¢ jv�

�� ENNallÎ;� «Kæ>~ æzö ç&'b� z6�

>wj ���, *>'� Î~ËK� BF>îrj r >

®
. ��� *çf fï[ �� >~ æzö &� v

Î;~ JNæ� æzöBê {�� > ®º�, �â 5f

�â 7j jv� �� SNNallÎ;f fï[ �� >ö

&� "6~² >w~º >� ENNallÎ;f z6� >w

j ��� *Ú'� Î~ËK �� ç�® BF>îrj

{�� > ®
. ��� Ö"º >�
þ~ ®n;W �

²G�öB SNNallÎ;�
 ENNallÎ;~ ¢>z WË�

Ö>�j Ã«~º ¢f¢ � > ®
.

3.4 O»ê �'Î;~ Î~ËK jv

3.2f 3.3.ö J«� �'Î; Ö;O»j �ö F�B

4&æ ;Ö-FÂÎ;j ;Ò~� � 3" ?
. SNNdry(.

>V �¢ �ã�)Î;" SNNflood(s>V �¢ �ã�)Î

;,�Ò� ENNdry(.>V �ç: �ã�)Î;" ENNflood

(s>V �ç: �ã�)Î;f «K��f fï[ �� >

& B� 
� Î;b� �W>î
. � 3j �� ENNÎ

;f SNNÎ;ö j� fï[ �� >& ¢>'b� ô

f ©j " > ®º�, ENNÎ;öBº ' �ªÎ�
�

Ú¶ ;ê "'�>Ú¢ ±f ¢>z VËj B>� >

®V r^�
.

' Î;ê� Ö;B �'Î;öB 20®~ �Û" test¢

>̄ � ê Î~ËK� &Ë ±f(best fit)Î;~ Î~F«ï

j TANKÎ;~ Î~F«ï" jv~&
(� 4, �â 8). '

Î;~ Î~8" 
G8~ Relative Bias(RB)f Relative

�â 6.«K�� æzö &� �ç: �ã�(ENNall)Î;~ Î
~ËK jv

�â 7.fï[ �� > æzö &� model8~ Î~ËK jv
(ENNallÎ;)

� 3. ' Î;ê �' «ÂK&ê� 5 fï[ �� >

Î; «ÂK&ê� fï[ �� >

SNNall Ît = f((Rt, Rt-1, Rt-2), (Et, Et-1, Et-2), (It-1)) 4

SNNd-f

SNNdry Ît = f((Rt, Rt-1, Rt-2), (Et, Ã, Et-3), (It-1, It-2)) 2

SNNflood Ît = f((Rt, Rt-1, Rt-2), (Et, Et-1, Et-2), (It-1, It-2)) 3

ENNall Ît = f((Rt, Ã, Rt-3), (Et, Ã, Et-3), (It-1, It-2)) 10

ENNd-f

ENNdry Ît = f((Rt, Rt-1, Rt-2), (Et, Ã, Et-3), (It-1, It-2)) 4

ENNflood Ît = f((Rt, Rt-1, Rt-2), (Et, Et-1, Et-2), (It-1)) 8
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RMSE(R-RMSE)¢ ï&æ�� �Ï~&b�, �*(1ú

~12ú)" ê.ê� ' ï&æ�¢ êÖ~� jv~&
.

RBf R-RMSEº Þ~f ï�B�JN¢ 
GFï~ ï

�b� ¾*Ú Ö;� 8�
. Þ~º systematic JN;

ê¢ ¾æÚº æ���, �²B�JNº systematic JN

f random JN¢ «�'b� ¾æÚº æ��
.

�* RBf R-RMSE~ ãÖ �ã�j �Ï� 4&æ

;Ö-FÂÎ; Îv& TANKÎ;ö j� ·f 8j �&


. ß® ENNd-fÎ;� &Ë ±f Î~ËKj �&º�

�* RB& 0.006b� TANKÎ;~ �* RB 0.061 �


 � �b� 6²>îb�, R-RMSE �� TANKÎ;�


 0.086 6²~� *Ú'b� TANKÎ;ö j� Î~Ë

K� Ö>�j {�� > ®î
.

� ��º �ç: Fï.GV»~ ÎÞÆ Fï.G~

;{W� ;Ö-FÂÎ;~ Î~ËKö �² ²ÖNb� Î

ÞÆ~ Î~ËK BF�¢º Ï'b� �·>î
. ��

� &6öB " r ENNallÎ;" ENNd-fÎ;~ ÎÞÆ

RBf R-RMSE& TANKÎ;ö j� .ö j² 6²~

&rj {� � > ®î
. ß® � v �ã�Î;~ ÎÞ

Æ R-RMSEº TANKÎ;~ R-RMSE�
 0.68 �ç 6

²~&º� �¢ Fï�*� ~Ö~� £ 13 CMS ;ê�


. ç&'b� FÂ� �æ pf ÎÞÆ~ ï�F«ï�

£ 23 CMS;êªj �J�
� � v Î;~ ÎÞÆ Î

~ËKf TANKÎ;ö j� 
Ö Ö>�j r > ®
.

SNNÎ;" ENNÎ;~ Î~ËKj jv� �� *>

'b� ENNÎ;� Ö>�j {�� > ®
. ß® ENN

Î;~ �ª, &j, ÎÞÆ~ RBf ÎÞ, �ªÆ~ R-

RMSE& SNNÎ;ö j� ç�® ·² ¾æÒ
. V¢B

ENNÎ;� SNNÎ;�
 ¢>'b� Ö>�j {�~&


. 6� Î� új «K¶ò� �Û� ENNallÎ;"

SNNallÎ;ö j� .>Vf s>V� �Û¶ò¢ ªÒ~

� Î;j �W� ENNd-fÎ;" SNNd-fÎ;� �. z

Ö>~&
. ß® SNNallÎ;" SNNd-fÎ;~ ÎÞÆ RB

f R-RMSE¢ �� SNNd-fÎ;~ Î~ËK� �R Ö>

~&
. V¢B FÂßW� j*® 
� .>Vf s>V

�~ ê.' º�j �J� ãÖ �ã�Î;~ Î~ËK

f BFNj {�~&
.

��� Ö"öê ®�~� �ã�Î;� TANKÎ;ö

j� .&'b� Ö>~
� ö~Vº ¾

. b& �ö

Bê Þ/� : ®b¾ TANKÎ;f bÒ' Î;b�B

;ÖÁFÂ *çj bÒ'b� J«� > ®
º Ë6�

®
.6� � ��öB ÒÏ� TANKÎ;f 
Bæ> �

� 4. 4&æ �' �ã� ;Ö-FÂÎ;" TANKÎ;~ Î~Ö" jv

Î; �* * �ª &j ÎÞ

relative
bias (RB)

TANK −0.061 −0.145 −0.020 −0.240 0.279

SNNall −0.048 −0.062 −0.033 −0.048 0.493

SNNd-f −0.025 −0.013 −0.050 −0.031 0.257

ENNall −0.017 −0.122 −0.003 −0.005 0.013

ENNd-f −0.006 −0.018 −0.023 −0.025 0.078

relative RMSE
(R-RMSE)

TANK −0.393 −0.281 0.277 0.396 0.977

SNNall −0.346 −0.304 0.249 0.339 0.602

SNNd-f −0.328 −0.317 0.235 0.339 0.327

ENNall −0.319 −0.336 0.221 0.352 0.294

ENNd-f −0.307 −0.313 0.224 0.294 0.261

") Af 5&æ Î; 7öB �& RBf R-RMSE¢ ~��

�â 8. 4&æ �' �ã� ;Ö-FÂÎ;" TANKÎ;~ Î~
ËK jv
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;j *� 8j*~ &G¶ò¢ �Ï� >� �ã�Î;

f 1981j¦V 1995jræ 15j*~ &G¶ò¢ �Ï~&

bæ� calibration V*� 
�
º 6j 
 > ®
. F

ï Î~~ ;{W G�öBê, *Æ R-RMSE~ ãÖ "

²� N��Vº ~¾ TANKÎ;� �ã�Î;�
 ·b

�, �ªÆ~ RB �� SNNallÎ;�¾ SNNd-fÎ; �


·
. V¢B �ã�Î;" TANKÎ;~ Î~ËK~ N

�6" ßWj 2k~� �
j '.® F�~�¾ b�

~� ÒÏ�
� Î~Ö"º z× BFF ©�� �¢ �

Úæº ê³¢^(;&¢ �, 2003)öB BF~�¶ �
. 

�â 9º &Ó6 
GF«ï" TANKÎ; 5 �ã�

;Ö-FÂÎ; 7 &Ë ±f Î~Ö"¢ �� ENNd-fÎ;

~ Î~F«ïj ¦ÃV*� 1996jöB 2001jræ �

Ö ©�
. &¦ª~ V*ö �ö ENNd-fÎ;� 
GF«

ïö &Ë &rÚ Î~¢ ~� ®rj r > ®
.

4. Ö� 5 Ëê��

ÎÞÆ �ç: Fï.G~ ;{Wj BF~V *�Bº

b& ;Ö-FÂÎ;~ Î~ËK� Ëç>Ú¢ �
º j

ºWöB � ��º �·>î
. &Ó6 ú F«ï {�

.Gj *� �ç: Fï.GV»ö �Ï� > ®º ;Ö

-FÂÎ;j �¢ �ã�Î;(SNN)" �ç: �ã�Î;

(ENN)b� �W~&
. � Î;
f 
� *Ú ú ¶ò

¢ �Ï� Î;(SNNall, ENNall)" .>Vf s>V� ª

Ò� Î;(SNNd-f, ENNd-f)b� ¾*Ú C 4B~ ;Ö-F

ÂÎ;j �W~&
. &�' BvÎ;� TANKÎ;" 4

&æ �ã� ;Ö-FÂÎ;j jv~� &Ó6 ú F«ï

Î~¢ *~� �ã�Î;j 'Ï&ËWj ÚÚ�~
.

TANKÎ;" 4&æ �ã� ;Ö-FÂÎ;~ Î~F«ïö

&� �* RBf R-RMSE~ ªCöB ENNd-fÎ;� Î

~ËK� &Ë Ö>~&
. �¢ �ã�Î;" �ç: �

ã�Î;~ jvöBº �ç: �ã�Î;~ Î~ËK�

�¢ �ã�Î;�
 Ö>�j {�~&
. Î� új «

K¶ò� �Û� ENNallÎ;" SNNallÎ;ö j� .>V

f s>V� �Û¶ò¢ ªÒ~� Î;j �W� ENNd-f

Î;" SNNd-fÎ;� �. z ;{� Î~¢ ~&
.

� ��~ Ï'� ÎÞÆ~ Î~ËK BF�¢º &6

öB " r ENNallÎ;" ENNd-fÎ;~ ÎÞÆ RBf

R-RMSE& TANKÎ;ö j� �² 6²~&b� � v

Î;j �Ï~� �ç: Fï.Gj 
�� ãÖ ÎÞÆ

F«ï.G~ ;{W BF� &Ë� ©b� V&B
.

TANKÎ;~ Î~ËK� �ã� ;Ö-FÂÎ;ö j� �

�� ©f jîæ� TANKÎ;~ Î~ßWj 2k~�

�ã�Î;" '.® F�'b� �Ï� ãÖ Î~~ ;

{ê Ëçö � êæj * > ®j ©b� *��
. 

6Ò~ &

� ��º 21̂ V *��Ú��BBÒë� >¶ö~ æ

³' {�VFBBÒë�~ ��jæö("B®^: 1-6-1),

2003jê vò��21Òë, �Ò� BÞ&�v ����²

ö ~~� æö>îb� �ö 6Ò�ãî
. � ��ö

�Þj j¢æ pb� ¦Ö&�v �*C v>þþê 6

Ò�ãî
.

^�^ò

fWö(2000) 
[�ã�Î;ö ~� ¢ FÂï~ .Gö &
� ��. ��>¶ö�²¢^÷, ��>¶ö�², B 33²,
B 5̂ , pp. 537-550.

f'J, ;&¢, f;S, �^W(2001) �ç: .Gj Û� b
�/*� BFOn. 2001j �FB�² ¢^÷(1), ��>
¶ö�², pp. 304-308. 

�*C, ;Z«(1999) �ã�j �Ï� ÖÒ¾¢~ ��*'
&j~ �C. ��>¶ö�²¢^÷, ��>¶ö�², B
32², B 1̂ , pp. 3-13.

nçê, *êö, f7¢(2000) �ã� r�Ò¾j 'Ï� FÂ

�â 9. ENNd-fÎ; 5 TANKÎ;~ Î~F«ï" 
GF«ï jv
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