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Long Term Streamflow Forecasting in Small Watershed
using Artificial Neural Network
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Abstract

A artificial neural network model was developed to analyze and forecast the flow
fluctuation at small streams in the Balan watershed. Backpropagation neural networks
were found to perform very well in forecasting daily streamflows. In order to deal with
slow convergence and an appropriate structure, two algorithms were proposed for speeding
up the convergence of the backpropagation method, and the Bayesian Information Criterion
(BIC) was proposed for obtaining the optimal number of hidden nodes. From simulations
using daily flows at the HS#3 watershed of the Balan Watershed Project, which is 4125 ha

in size and relatively steep in landscape, it was found that those algorithms perform
satisfactorily.

1.4 &
2F9olA e FUFES AT ZHH wFo] A 73R 2 FEARNA T IF

< UL BE FEARV XL U G LA T A F-FEAAE
T‘i}’ﬂ.‘li 2ysiarigd 41 g

FEAAR Y] 2yste BEFYsn nFEH A A2 2O NH, A--FEAAe EFHE
2y3x, agx uZA7AAY udggez Qg BT vibsy §F i 2y} dFA
Lol BEYAE s vk o9FRe FAE A} At FEFAES FECHEHRA
S %3 23o2 HAST F+-HFF B AFAH AME a4 g& AEE s It
(AF3, 1993).

olzjgt BgHe uAdyY AdENYE 2yslsr] s uveiNESFEY dFA ITAAEY
(artificial neural network, ANN)S o] &% F&A HLo] 1990 olF &L3 o]Fo|xn
Jon, HZ 10d ¢ FAY 2 BH LololA o 4x2 SE&HAR Ut

34T o]8< 179 ARAE AAE T8, #Ho2 2dyg RAogA, ofd A
299 AFAF[AE A7 THE o83t AAY F UYRF 3 EYurx 2ot Q74
e 21 2y AAY vlAYA (nonlinearity)g Z&o2A FAAHA AW HAA
(normality and stationarity)?] 7FR A AFEct. E3I, AFANRLL Z|Ed dAH AAT
2YHE TAQ EFo) uel goldtA wWEte] sbed &4 (adaptivity)Z HASHH W@ HAL
o] 7bedted 1 Aest §2 A WHA (parallel property) 59 F3E& AU Ao

FH, AAY o]89 FEAY FHE UM E oFF ey g AHHE FIe o

i

N

H

20008 5 =% Fet3] stewr il =FFH(20009 10€ 149Y)

384



#A7} slew, 1 Age AR AFHE GRHE AUD Ak GRA AR ol B
AEE HFs) ARAE FEAY GFF A4S B AES o FolAck ¥ ot

2 A7 BHe ARPIEL ol §F AFAAY P 4SS ANsT] Astdd, WAl
g % RUEND G¢¥8EL DAY LFAQN FuAF 9 Ud P HEAZRYL
TS, NEFdel e 2P Agstd 1 FHE nFHuA B 239 HehsA
& Hrsted Ut

o. a3
1. 2173 o]l&

AT 2y At ARANY #AE FHoz Uy Aoz Y4y 3L 71
= A FFUiAza 28 £ gt 2918 1Y FHE 2dgd J2H 3%
GdAAQd FHY F2E YEa 9o

YoM AiHAEL a1 9t 2ol Y AE (input signal)? x9 dFFE (Synaptic
weights) 2] HEQ] wiol 28 #¢ Fg2 JehioiN e A§F4 (summing junction)?! X7}
AMET, o] AFSF2RE FHo] Ay T uAdYHY 4L XA e FHTSSs
(activation function)& 3 3¢ #AH o2 Aite] F3ysjolxr)

S P () RN s

L]
L] L3
Summing Activation Output
® ° junction function
—

Synaptic
weights

Y

I¥L A3 2Ye ATz

2. 2y 174

BNHERYES OdF AT FRE FAHY, S5UEe AAY o)8dAA A 9y ol
H3 e 79 A% (Error Back Propagation, EBP) ¢ilg]&& At 23t o Fd9Adw ¢
1E|Ee Yutsle dElF3 (generalized delta rule)2 24, 8% o3& WA Ay,
Lol vEoR FHHE S 2HYFOE JANYAA AFFEE HEFow A Y=
g o},

0% W% 27 H(feed-forward neural networks) £H L A& ¢ Rojx o ujMdy
A MFEFE HAasEE AozA wALEA(Supervised training)el i gtk o)A
os 2 (D Zo] Yehdojat)

E:-%— pi;:l g](yp/e“l’pk)Q @

Aq714, n& AFA9 Hd ¥ me F FYDY, yut 43" M8 BEEFEFEY, puE &

o b>



Yol ¢ e} FHgol
e 2AUNE 2E A m=DE T8 A @9 o] Yehol Ak
=4 2 (=)’ @

22} E9 HA3E HAHIV|HFANA AAIS Y (gradient descent method)S AF-&3H% th.
ARFR G d473=e T3 &43 g 47 4 F 2 (99 2o

net ;= gl Wi »i 3
1
&lnety) 1+e &

7NN, netye £92% U4PE Aolo AFAEY &, N& & Qdxs9 5, WE 9F
23 &Y% Alol AARE, x,= AY pol dE WA @&, AL gnety)E
8350l .
2EUIE g9 4 6)9 4 ©)F 2] YEIRE net inputd TETH
net y= 2o Wig(net ;) )
Py= g(nety) (6)
714, Me 29edd &, Wt 2339 ks 29% =E i9 d2HE 9@RE, 19
3 Py k WA o 2ol
chain ruleg A83e] E& dAZEC gE Ui AR YUY, dAREE FA3
Wgoz o|Fste] AAREL e AN YR olRg FAoz Jed A(MH 2t

oE
AWy (N

A7IA, nE GFEZA 2Zeolh

B 2ZANe A1 AAEIEH 530 28 F de= AY AL (local
minima value) 249} A& A4 FEEEE FHA7]7] 98 EAEDY (momentum)
7} 2 $38< & (adaptive learning rate)S L& A

A edr=48 A7) 9% Wi o F Rissanen(1978)7F A ¢HEH Bayesian Information
Criterion (BIC)& AM&3tgen, 1 4L &3 o

BIC = M Wh(MSE) + P nM 8

A714, M AA%e 284, MSEE HdAsexat, 12 PE w7/ids9] F(weights
and biases)E& UEJT}

Ly3e] HZ w48 dr7] 98 stopping ruled e 2 (99} Fo] FAIAUT.

BIC(k+1) — BIC(k)
BIC(H < 0.001 )

B m3e £33 ALE Hrslyl Hst9 Nash®t Sutcliffe (1970)7F A ord F&AF
(Efficiency Index, EDE& 4123t ZE&AFE 4 (1003 Zo] YetojAr),
El = (ST-SE)/ST (10)

386



ST= ﬁ_‘.l(Q,—Z?)z (11)

SE= 3.(@i- F)? 12
714, STE B4te] &, SEE 4325 2R 9] A52A9) Foluh

3. 2389 9429 A8
EE ARe oA At WA [0, 1Al [005 0095] MA2 M@, 4
133 24

- 1 —-—¥
X' =0.05 + 0.90 (Xm—Xm)]X(X X i) (13)

A7NA, X'2 HBE ¥FolL, X Xumd BEA 7IE¢ A" AZAR9 Huzn
A gholt,

H(13)E Bt Y FFURLE 2T B, 729 A2 @A Adigd Agarst o
BHueg & 0 2 398 Yeu) 98 HEEE AHEE F Y (Huynh, 2000). 2 47
A el H2gH HAGE [0.8Qmn, 1.2Qm ]S HHAE HEHAT. B EF9 JYPF2
e e FFE TS

m a#% 9 »3
LANERY 9 £Ex8

B A7 ANERYS AVE 34T 2ERT 2ee A LAy NAAFAE
EFR e EAHFAS MAFAT. AAFIL 199697 ALty FFgHA FF
2 £33 2UHIY L AN e 9ozl 6719 £f9e2 FREIGe, o FoAM 7
o BE FE540] UASA JdEltn e HSH 2799 dFEH AEE olfsld =
P& ALY} HS#H 279 F9HFL 4125 haolil, EXo]&A4HE =o] 263 %,
°] 9.6 %, Agol 581 %, ¥ FAR F YIEI} 61 %2 FASS e APHY FAdH
==

T 2T AR AFHY @F HAHo e UXNE FFAE o83 108 &9
o] ZeARE AHLIAT, AEAEE FANEW FEAE%] AAAAE o] &3 RAF
Aok 2 F A5c @ AXE A7|FAAS 45 FAAZEY FA-¢HBA D 59
-FHFBAE ol &3] dHFS AT

B A7 A7)0 1996W5H 20008 e

= 1996-1998

o Ang o4yt B 2y e it 4 1995-2000
199633 1997d AR E ol &3 mAsHY F=0913 B 525
3, Testing ARE 1999€ #2% A2E 3 ' —=
13 AR S NRIRI= s sl IR

2% 199899 tESF 9@ HYWE F - osras
A% F9-¢4ABAE RelFn AY. & o, [ LTI
J-fFBANY FAAFE 199%6-1998d0) ! °
0.913, 1999-2000'd-& 0.98759 e B A} Y2 FHA-4F FA (HSH)

387



2. 2389 ¥uHy

289 AL A% FEARE 19969 4958 19973 127X 9] AV|FHAANA 53 4
2% AEE ogsdy. 24939 HAF L=FE A Y3 &9HFY ==FE 1~
21712 M@AFEA S5e FH3H

Y38 I¥4E Y2 Ego gE Fox, A, 2 2P FEATE B
Fa gk, a3 G o] &Y Fe =i E FAE 0.043~0.1329) M-S B
o, =57 139 9 b 2 e JEilog 2y a&ASE 243 x=571 139
d 7b% 2 0959 e Jehlon AAHoZ 083~0959 #e EYT ASLARLE 01
2~0.439 WHE BAd. 2¥4olA BXEol 2939 x=fd UF FAFd wE T
o WzlE B »=4v 139 W AFHoz MR Fe e Holm ddk ¥, 60003
FEAAE =47 64 o Bl 2 A& Holw vt EF =4 69 W 13Y e
HE S5 Ao o449 2y ZLAFI AY Aoprr Y. ol A AF A
ARAeA AR 2o E vehled A7 ez B R gME £4FY HH =5
£ 602 39t

014 100
“m ' CTE —m—SE —o—i] 012
o 1.2
8 = .10 No. 13
4 40 [
F -
gg 0e ) g ;010 =
;g 08 0.08 —g E
s £ =
gw 04 004 No. 6
02 0.02
00 4 L 000 001
123 45 6 7 8 9 1011 1213 14 15 16 17 18 18 20 2 G 1000 2000 3000 4000 5000 600D 7000 8OO0 9000 10000
Node nunber of hidden layer Cycle No.
a93 293 =59 oE sFAds I84. 29 F x5 @E oA

2yel eyYse ¥ wSiE 602 349 HSH %0l tete] 730 BE AFEHE
2elg A aPsdlAsl 2o RHY HEASE 09829 & UEEI, s 2
o AW} AZARS AHE B WANES F5HAULE T F A% 26 FEPR
o 4xA4ge MEEE YU U 299 2As YA FRAFE 099224 F
8 298 YR

0 10
100 100 = H
,:\"'\ 10 1200 = 1
é E @ Hi
& 1 300 5 3 i T
g g E
3 ] g 01
K 01 400 @ =
B E T y = 1.0291x + 0,003
a0t 500 : R =0.982
00! = ==
0.001 600 ot o e 4 i mai) |
96-04 96.05 96-07 96-09 96-10 96-12 97-02 97-03 §7-05 97-07 97-08 97-10 §7-12 T 1T i m
Date ooy LI i i l
infall N 0.00t 0.01 0.1 1 10
{ wm—Rainfall ... - Simulated ——ObsewedJ Observed {m3fs)
2 A - 5 = % = -
295 S 2YA e A=K vl 196, AzAet melNe HEE

388



3. 239 #A

Testing AR 19999 1¥5 5 19999 11972 44 FHAAZEEH Aoz dF7&%
A8E o3l =¥ AA A, 2y FLAFE 0723, ABAFE 09459 ;e H
At

IY7E A5l di¥ Testing g AEXNE v FHolx, 198 239 A
3 HEA9 Tojxe AXEE Yehiz U}

3
>

1000
100 | I 100 d i
,;:; 10 . 00 £ ! % %
~ A é i3 1 H AN 1 1 3TAIT AL
§ ' ws Z fi HH—H
3 £ % O y= o,mﬁ.oon%
2 ‘w00 @ E5: R=0945 1
o g i . i
50 Tt
001 3
600 1{73116 THT Tr— Il{
0.001 LI il il
0.001 0.0 [/R} 1 10
Observed (m¥s)
-7 AR oA et A& vl I98 AEA 9 RojX XL

V. 8% % d&

£ d7dHe ARGl LHAAT ¢dnFE )84T 9 WIFFAZEYE T4
A, MY RHE AFHFAY HIFHS) HSH3 27 Fel A &3t AT AR E 793}
Hew, 1 AFE AU B A7 AAE A e 2o

D ARl 2F9AS ¢aneFd 98 4 P FE2d323E 733 AT

2) 24939 x=F9 ©E FAE 0043~01329) WAL BAL, 2¥ FLAFE 08
3~0959 #S HAon, A x}ee 012~0439) goz vERY. 2¥ &4F HH =
EgE 2% RYREATE 23 602 FAH}AT

3) 238 A A ¥ BEAFE 0982, FRASFE 09929 & JERTh

4) 2o AA A, 2 AEAFE 0723, FWAFE 09459 #E A

g9
L AFY, 1903 NFA2FL ol 48 FAFEFY SR o] B AT, Asvistm wA
9=

2. H3S, HAFE, 1998 VA2 RS o8 FEFETA 2o BH AF, FALGIA=F
Z, A31E A1%, pp. 13-25.

3. Sajikumar, N. and Thandaveswara, B. S, 1999. A nonlinear rainfall-runoff model using
ANN, Journal of Hydrology, Vol. 216, pp. 32-55.

4. Sureerattanar, S. and Phien, H. N, 1997. Back-propagation networks for daily stream flow
forecasting, Water Resources Journal No. 195, pp. 1-7.

3. Zealand, C. M., Burn, D. H., and Simonovic, S. P, 1999. Short term stream flow forecasting
using ANN, Jour. of Hydrology, Vol, 214, pp. 32-48.

389



