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Abstract

In this study, Neural Networks models were used to forecast daily streamflow at Jindong
station of the Nakdong River basin. Neural Networks models consist of CASE 1(5-5-1) and
CASE 2(5-5-5-1). The criteria which separates two models is the number of hidden layers. Each
model has Fletcher-Reeves Conjugate Gradient BackPropagation(FR-CGBP) and Scaled Conjugate
Gradient BackPropagation(SCGBP) algorithms, which are better than original BackPropagation(BP)
in convergence of global error and training tolerance. The data which are available for model
training and validation were composed of wet, average, dry, wet+taverage, wet+dry, average+dry
and wet+average+dry year respectively. During model training, the optimal connection weights and
biases were determined using each data set and the daily streamflow was calculated at the same
time. Except for wet+dry year, the results of training were good conditions by statistical analysis
of forecast errors. And, model validation was carried out using the connection weights and biases
which were calculated from model training. The results of validation were satisfactory like those
of training. Daily streamflow forecasting using Neural Networks models were compared with
those forecasted by Multiple Regression Analysis Model(MRAM). Neural Networks models were
displayed slightly better results than MRAM in this study. Thus, Neural Networks models have
much advantage to provide a more sysmatic approach, reduce model parameters, and shorten the
time spent in the model development.
keywords : FR-CGBP, SCGBP, Neural Networks model, Multiple Regression Analysis Model,
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Table 1. Summary of statistics of the daily precipitation and streamflow data used for training

and validation

. I Data Precipitation(mm) Streamflow(cms)

Analysis Years

Type Mean SD CcvV SC Mean SD Ccv SC

W 1970 3.838 9.131 2.379 3.967 | 559.209 | 985.371 1.762 3.305

A 1966 3.014 | 6.141 2037 | 3372 | 379654 | 514.234 | 1.355 | 3.457

D 1977 2236 | 5825 | 2605 | 4680 | 165571 | 211.543 | 1.277 | 3.362

Training | WA 1970+1966 3426 | 7987 | 2273 | 4.069 |469.432| 790518 | 1.684 | 3.854

WD 1970+1977 3.027 7.695 2.534 4.442 | 362.391 | 738.882 | 2.039 4.622

AD 1966+1977 2625 | 5993 | 2283 | 3956 | 272613 407252 | 1494 | 4223

WAD| 1970+1966+1977 | 3.029 7211 2.381 4284 | 368.145 | 672,197 | 1.826 4.589

" 1985 4.160 10335 | 2.484 3.736 | 683.079 |1,126.126| 1.649 3.651

A 1974 3.250 8.343 2.567 4011 | 391.829 | 731683 | 1.867 4212

D 1995 2318 | 7.156 | 3087 | 5776 |151.771 | 486614 | 3206 | 7.637

Validation | WA 1985+1974 3705 | 9396 | 2536 | 3904 |537.454 | 960.083 | 1.786 | 4.043

WD 1985+1995 3.239 8930 2757 4471 1 417.425 | 906.425 | 2172 4.623

AD 1974+1995 2784 | 7781 | 2795 | 4726 | 271.800 | 632.435 | 2327 | 5.193

k WAD| 1985+1974+1995 | 3243 | 8735 | 2684 | 4339 |408893| 852.115 | 2.084 | 4599

[Note] W : Wet, D : Dry, A : Average, WD :
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Fig. 2. Mean streamflow discharge and
streamflow ratio at Jindong station of
the Nakdong River basin(1966—1995)
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Wet+Dry, WA :
WAD : Wet+Average+Dry, SD : Standard Deviation, CV

Wet+Average, AD : Average+Dry,
. Coefficient of Variation, SC : Skewness
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Table 2. Statistical analysis index

Index

Equation

Forecast Biaslm(e)l

L S~ 3]

Root Mean Square Errorls(e)]

|55 B - w1

Noise- to-signal ratio[s(e)/s{y)}

230~ 32T

D

Peak runoff ratio[Rnux] [y D] * 100
Correlation Coefficient [CC] LN 2‘1[ y'(X)s?QX £x) I y,(x)g—(x)u ) ]

Table 3. Training results of Neural Networks models at Jindong station of the Nakdong

River basin(CASE 1)

. . Time Statistical analysis

Data Algorithm lteration (sec)  Imle)cms) | ste)ems) | se)/s(y) | Ruad%) CC
W FR-CGBP 474 215 3.066 159.968 0.162 94.6 0.985
SCGBP 682 310 2733 159.949 0.162 999 0.986
A FR-CGBP 212 97 0.517 81.619 0.159 91.0 0.986
SCGBP 366 167 5.467 81.372 0.159 95.0 0.987
D FR-CGBP 3.546 1,610 1.609 49,236 0.233 999 0.973
SCGBP 4,729 2,147 -1.896 49.234 0.233 93.2 0.975
WA FR-CGBP 326 143 3.969 155.831 0.197 305 0.980
SCGBP 459 209 ~-0.209 154.174 0.197 874 0.982

WD FR-CGBP 3,340 1,516 -3.907 382.307 0.484 81.5 0.921
SCGBP 4,232 1,921 -4.229 382.182 0.483 824 0.922
AD FR-CGBP 1,550 704 0.225 79.776 0.196 93.9 0.980
SCGRP 1,980 899 -1.223 79.673 0.196 94.3 0.980
WAD FR-CGBP 111 51 4.213 155,992 0.231 80.6 0.973
SCGBP 188 86 5711 155.016 0.231 i 815 0.974

3348 5 20001 107]
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Table 4. Training results of Neural Networks models at Jindong station of the Nakdong

River basin(CASE 2)

. . Time Statistical analysis

Data | Algorithm | lteration | (o) [ iocme) [ste)ems) | s(@)/s(y) | Remd®) | CC
W FR-CGBP 642 296 0617 169.242 0.172 935 0.985
SCGBP 749 346 0.559 169.209 0.172 96.3 0.986
A FR-CGBP 252 117 -2.451 85.698 0.167 98.9 0.986
SCGBP 389 180 -0.223 85.362 0.167 94.6 (0.987
D FR-CGBP 3,849 1,775 1.276 52.084 0.246 977 0.973
SCGBP 4931 2,274 -0.017 52.021 0.246 99.1 0.974
WA FR-CGBP 333 154 0.416 160.109 0.203 90.4 0.980
SCGBP 532 246 4.590 159,947 0.202 88.7 0.981
WD FR-CGBP 3,634 1,676 3.277 392.214 0.496 88.2 0.921
SCGBP 4,758 2,194 0.287 392.125 0.496 989 0.923
AD FR-CGBP 2,253 1,039 2.686 81.850 0.201 90.0 0.980
SCGBP 2,874 1,325 0.908 81.877 0.201 925 0.981
WAD FR-CGBP 166 7 0.074 157.570 0.234 81.8 0.973
SCGBP 208 9% 2.656 157.342 0.234 875 0.975
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Table 5. The best-fit weights and biases for Neural Networks model with SCGBP

algorithm(CASE 1, WAD data)

Input Variables and Weights
Hidden Layer Output Layer
E, P, Py P, @i
Node j Bias B Wi Wi Wiz Wid Wis Wi
1 -10.010 5.801 0.250 0.253 3.663 4.946 3.119
2 -7.749 5.762 2012 2.688 -3.342 0.749 -1.368
3 -0.936 -0.103 -0.790 -0.233 -0.652 -17.581 -11.325
4 0.811 5.291 1.916 1.648 -4.696 1.007 ~0.043
5 -3.189 -(.161 2.703 4.096 -2.082 4.345 3.312
Bias B2 -1.786
o f i FRCBRCASED | - W*Wr ’
| Training Performance| SCUBPCASE2) 00 Ccaser w
) 0E01 . “"i;!s“iﬂ"l"‘“’;’ some Wel year 1970} Average year(1966) Dry year(1977) o
§ . oo
3 1oe0z 3 E : E
g T\\\\ E son0 F ; 0 fg
- W S T -3
| Il , w0
1 200} ‘Ll‘ i “ | l
FOED8 . " ” p” - 7ﬁzm Loows M | ‘ ' w50
No. of iteration o0 L-i\)\, !“\M - E_,_.QL%M&JEMU}LJ -
0 Timedavy 63

Fig. 3 Mean square errors for Neural
Networks models training(WAD data)
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simulated streamflow hydrographs
from the WAD data
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Table 6. Validation results of Neural Networks model at Jindong station of the Nakdong

River basin
. Statistical analysis
Data Network Algorithm
mie)cms) | s(e)cms) | s(e)/s(y) Rinax(96) cCc
\%% 5-5-1 SCGBP 7.602 548.014 0.487 9.1 0.905
A 5-5-1 SCGBP 90.606 237.568 0.481 929 0.930
D 5-5-1 SCGBP 42,723 242.821 0.499 97.8 0.910
WA 5-5-1 SCGBP 18.536 325.293 0.339 91.8 0.943
WD 5-5-1 SCGBP 146.881 537.469 0.593 79.6 0.842
AD 5-5-1 SCGBP 34614 269.826 0.427 99.4 0.919
WAD 5-5-1 SCGBP 44,275 286.405 0.336 71.2 0.949
SR A e ek comesiegs
-] - Tsielen, the HU9)s el vekd & ik
_— L Q.= by+ bE,+ byPy_y+ byPr_ 4 b, P,
O " £ (19)
j : " § + b5Q;
RIS ;e
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iy q " W
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s Timeday) el "

Fig. 5 Comparison of observed and simulated
streamflow hydrographs from the WAD
data(validation)
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Table 7. Multiple Regression Analysis Model(MRAM) using training data at Jindong station of the
Nakdong River basin

Statistical Index

ata| Tv sgression Model :
Data| Tvpe Regression Mode s@)ems) [ste)/s(v)] CC
Normal | Q,=—0.945 5. 114E,+ 23.126P, ,+ 24 .475P,_, ~ 2.446 P, + 0.720Q,  ,
W S ondar 290747 | 0.295 |0.956
o =—0.010Z5+0.214Z;, ,+0.226Zp, ,—0.022Zp, +0.719Z,,
dized }
Normal | @,= 12.868 —7.036E, + 18.516 P, + 17.250P,_, — 0.750P, + 0.752Q,_;
A g 175561 | 0341 |0.941
DHNCAT g e 0.028Z,+0.221Z,  +0.206Z, , —0.0092Zp, + 0.7512,,
dized !
Normal | @,;=3.975+0.015E,+ 8.431P, ,+2.976P,_, +0.205P,+ 0.821Q,_,
D g 211543 | 0394 [0.920
; d‘l}7e é‘r Zo = 0.0001Zx +0.232Zp . +0.081Zp ,+0.006Zp + 0.821Z, |
Normal | @,=—6.798—6 .340E,+ 22.468P,_,+ 22.833P,..,— 1.579P,+ 0.728Q,_,
WA [ 286295 | 0315 0950
oy Zo=—0.014Z,+0.223Z,,  +0.226Zp, ,—0.015Zp +0.728Z,, ,
dized
Normal | ©,=89.009 +20.663E, + 17.359P,_,+ 17.267P,_+0.101 P, + 0.663Q,- ,
WD 548771 | 0604 |0814
Standar
‘ Zo,=0.048Z,+0.169Z;,  +0.168Zp,  +0.001Zp, +0.630Z,,
dized ¢ !
Normal | ,=2.852 4. 490E, +15.713P,_y+ 12.160P;. |+ 0.6662,+ 0.780Q,_
AD e 173246 | 0363
; d?;e 4| Zo=—0.02126+0.217Zp,  +0.168Zp, ,+0.009Zp,+0.780Z
wa | Normal | Q,==36.104 — 1.260E, +21.526P,y+21.212P; = 0. 149P, + 0.738Qs- [
D | Stmdar 294311 | 0324 0947
t Gred | 2o~ 0.003Z4+0.222Z, +0.219Zp, , ~0.002Zp. +0.738Zo,.
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Table 8. Correlation matrix for the training data at Jindong station of the Nakdong
river basin(WAD data)

E, Py Py P, Q-1 Q;
Daily pan evaporation, t 1.000 0.053 0.007 -0.077 0.050 0.089
Daily precipitation, t-2 0.053 1.000 0.482 0.135 0.471 0.549
Daily precipitation, t-1 0.007 0.482 1.000 0.482 0.240 0.402
Daily precipitation, t -0.077 0.135 0.482 1.000 0.158 0.201 J
Daily streamflow, t-1 0.050 0.471 L 0.240 0.158 1.000 0.753 ,
Daily streamflow, t 0.089 0.549 ‘ 0.402 0.201 0.753 I‘OOOT

Table 9. Results of statistical analysis of the validation data by MRAM

Statistical Index
Data

s(e)(cms) s(e)/s(y) cC

W 563.544 0.487 0.901

A 277.909 0.497 0.921

D 254.112 0.511 0.903

WA 354.213 0.379 0.911

WD N 567.231 0.601 0.823

AD 289.700 0.456 0.902

WAD | 296.546 0.356 0923
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Fig. 7 Comparison of observed and simulated
streamflow hydrographs from the
validation WAD data(MRAM)

]

R A )

LRPe dfee]l dREddel sloM ¢
Holgjar Abstgink o Fig. 78 A4
skl iste] chgElTIEA el oaf Kol

Sde T ARAWAD) Amel Q) HEFRD

BEXKBERSERE



A Al Aa

E 1%0}
1966146

AgPELe] UPHE EAHEA &)
fOABFRSE AR R A%%ff-m ZurA Eo

lﬂo}oﬂouq )\]/guo_xg_‘ Tg__
Foadi e dgas 41908 51!.»:— 2
vhERstch E3E 5] e mEe Tl
A AR Sy g EARAAnE Bdw sl
SCGBP &ie]#8 7k CASE 122 Aol o,
CASE 29| 9% F2AMS Alglshed Feliz 9
o} CASE 19 4$9-Rrhs a3t "ol Ao
Tkl

(2) AEwrge) F-d s AAE

AT B ‘-imm ?4_%%%“% 2

I—]Or‘

W dgda) zho] AR sg_}x s] APHL&] =8 71zl 2}
o o

W FHARE o

#gol HFv AR A4 T -
2 uepkod) s dad S AlQe BEE0 &
G ARUES UREHE AR A2 U
ek olsfe WAYEYS] YEUshe e

Liﬂoﬂ (=) .
3 2 < rLoﬂ*ﬂ Wéa ).\173“&.‘?_35‘94 052438 1)

k] Siekd tiEsl

nﬁ-
1{1
oﬁ
('». la]
J Py
ofo
_QL
2
o
£
[0l
ol

el FAARE o)
Ahasel lfEEe Al ER AFYREe)
G olgdel ol dRE R
wgele] AAwmgel dFAss musdch 1
Ho} dgwmael szt tgalarsEge) s

H33 A5%k 20007 10)]

AR o $EE AEE Jelln s AR o
Epr),

ujepr] Bode] AARREe 5ol Pdo] 7hA
alan, Azl @k =)Ao B3 LEARER FA

nas & g g

ol8gk AN fi3 , =

9} FHHgdg ’&Zé s %‘i’iw"%ﬁ& 58, el 25

ARA4 s 93 K&EHJ Al Hed s

A,

References

AN DER SR FAN1999). VIEY ETEE
S AN - SETA)RIA.

7F8H1993). “AAHLE o] &at HFELE
SR oo #wyk o ERAEleEE, o
sloysti

A, DRI, “FEUEAN FERUF
o 28 3k A AAYRFe] AL EE
2atal=2x gIEESS] A 199, Al-13,
pp. 67~78

Demuth, H., and Beale, M.(1998). Neural

network toolbox : for use with MATLAB
user’s guide, The Math Works Inc.
Fletcher, R.(1975). Practical methods of
optimization, John Wiley & Sons,
York.
Fletcher, R.,
“Function

New

C.M.(1964).
conjugate

and  Reeves,

minimization by
gradient” Computer Journal, Vol. 7, pp. 14
9~154.

Hipel, KW. and McLeod, A.L(1994).

series modeling of water resources and

Time

environmental  systems, Development in
Water Science 45, Elsevier.

Isobe, 1., Ohkado, T., Hanyuda, H., Oda, S., and
Gotoh, Y.(1994).
forecasting system of the water levels of

of Japan

Vol. 7,

“The development of a

rivers by neural networks.” J.
Soc. of Hydro. and Water Resour.,
No. 2, pp. 90~97.

Kim, S., and Lee, S.(2000). ‘“Forecasting of
flood stage using neural networks in the
Nakdong river, South Korea.”  Proc,

549



Watershed Management &  Operations

Management 2000, ASCE/EWRI, Fort
Collins, CO.

Liong, S.Y., and Chan, W.T.(1993). “Runoff
volume estimates with neural network.”

Proc., 3rd Int. Conf in Application of Al to
Civ. and Struct. Engrg. Neural Networks
and Combinatorial Optimization in Civ. and
Struct.  Engrg., BH.V. Topping and
A.LLKhan, eds., Civil-Comp. Press, UK., pp.
67 ~70.

Minns, AW., and Hall, M.J.(1996). “Artificial
neural network as rainfall runoff models.”
J. of Hydr. Res., Vol. 34, No. 4, pp. b37~
548.

Moller, M.F.(1993). “A
gradient

scaled
algorithm for fast supervised
Networks, Vol. 6,

conjugate

learning” Neural
pp. 525~533.

NeuralWare, Inc., Computing(1991).
NeuralWorks  Professional  II/Plus
NeuralWorks Explorer, Pittsburgh, PA.

Nguyen, D.H. and Widrow, B.(1990).
network for self-learning control systems.”
IEEE Control Systems Magazine, pp. 18~
23.

NWS(National Weather Service)(1996). National
Weather Service River Forecast System
(NWSRFS), US. Department of Commerce,
NOAA, National Weather Service, Office of
Hydrology, Silver Spring, MD.

Neural
and

“Neural

Raman, H., and  Sunilkumar, N.(1995).

550

“Modeling  water resources time series
using artificial neural networks.” Hydro.
Sci., Vol. 40, No. 2, pp. 145~162.

Rosso, R., Peano, A., Becchi, 1., and Bemporad,
G.A.(1994). distributed
hydrology, Water Resources Publications,
Littleton, CO.

Salas, ].D., Smith, R.A, Tabios M, G.Q. and

Advances in

Heo, JH. (1999). Statistical computer
techniques in  water resources and
environmental  engineering,  Unpublished
text book in CE622, Colorado State

University, Fort Collins, CO.

Smith, J., and Eli, RN.(1995). “Neural network
models of rainfall-runoff process.” J. of
Water Resour. Plng. and Mgmt., ASCE,
Vol. 121, No. 6, pp. 499~508.

Thirumalaiah, K., and Deo, M.C.(1998).
stage

“River

artificial neural
networks.” J. of Hvdro. Eng, ASCE, Vol.
3, No.l, pp. 26~32.

Tokar, AS.,
“Rainfall-runoff modeling

forecasting using

P.A.(1999).

using artificial
neural networks.” I of  Hydro.
Eng., ASCE, Vol. 4, No.3, pp. 232~239.

Zealand, C.M., Burn, D.H,

and  Johnson,

and Simonovic,

S.P.(1999). “Short  term  streamflow
forecasting using artificial neural
networks.” J. of Hydro., Vol. 214, pp. 32~
48.

(7259 £:00-021/7 95:2000.03.30/ 4 A+ £ 5.:2000.07.3D)

HEKARYERE



