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Abstract

In this study, Radial Basis Function(RBF) Neural Networks Model, a kind of Hybrid Neural Networks,
was applied to hydrological forecasting in a small watershed. RBF Neural Networks Model has four
kinds of parameters in it and consists of unsupervised and supervised training patterns. And, Gaussian
Kernel Function(GKF) was used among many kinds of Radial Basis Functions(RBFs). K-Means
clustering algorithm was applied to optimize centers and widths which are the parameters of GKF.
The parameters of RBF Neural Networks Model such as centers, widths, weights, and biases were
determined by the training procedures of RBF Neural Networks Model. And, with these parameters, the
validation procedures of RBF Neural Networks Model were carried out. RBF Neural Networks Model
was applied to Wi-Stream basin which is one of the IHP Representative basins in South Korea. 10
rainfall events were selected for training and validation of RBF Neural Networks Model. The results of
RBF Neural Networks Model were compared with those of Elman Neural Networks(ENN) Model. ENN
Model is composed of One Step Secant BackPropagation(OSSBP) and Resilient BackPropagation(RBP)
algorithms. RBF Neural Networks Model shows better results than ENN Model. RBF Neural Networks
Model spent less time for the training of model and can be easily used by the hydrologists with little
background knowledge of RBF Neural Networks Model.
keywords : Radial Basis Function, K-Means clustering algorithm, Gaussian Kernel Function,

Centers, Widths, Hydrological Forecasting
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F 1. K-Means 28 2a|Ee] o AMnly

procedure K-Means
Initialize the cluster centers u;, i=12,-m ;
repeat

for all x; do

endloop
/* Compute the sample means. */

for all #%j do

-1
i T A4

endloop

/ * typically these are set equal to the input layer samples = /

/ * Group all patterns with the closest cluster center * /

Assign x; to O ;. , where u;= min |l x;—

until there is no change in cluster assignments from one iteration to the next

u,-,-H ;

; end ; { K-Means }
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29} 2ol 19803theI4 19904T W7 107he]

HeAEE FANZ WSk o1F F Case 15
Ve ABmEde Fdel olgdsien] Case

6 104 AAEge] P2 olgskdnt & 2%
E AoA HAZ oA 7L_?_;<]ﬁ:}\]7}» Hoyt
AR 9 F9Ye] B4S Jehglon, B Ans
?:xﬂ ZALAYIHP) HNEFS A7zARTAE 2}
Q183 Aojr A WEY, 1982-1992).

2 ﬂ%“ﬂ*i—t— FEETAFL 3759 RBF
2 ENN _c,r_z‘igg,] ?Ja—lz.___& s K
o, 9YFr=e] HYPARE TREYe) AR
43} feddEgtdsl Beaddel wAduedg
el AP AASTE B AG SR w
AlRgrae] F&Ed A
Case 1-574/9] Ag2& olgslglen 2 A=

: Self-Recording Rain Gauge and Evaporation

L]
M Self-Recording Water Stage Gauge
O : Self-Recarding Ground Water Stage Geuge

No. of Station
1. KUNWI(S) 7. SHINREUNG(W) @ MUSEUNG
2. HYOREUNG & EUHEUNG BYEUNGCHUN
3 DAEYUL 9. HWASU @ MISEUNG
4. KOME 10. HWASAN @ KoNO
5 WOOBO 1L SEUKSAN © DONGKOK
& SANSEUNG
I3 2. A folxe} 2t Ax49 x|

I8 3a)-(e)9 2ok 1Y 3a)-(e)ol Ystd /9
B $ESe] wAPdRASE Case 191
Az 5AZE Case 2004 84]7% Case 3ollAiE 54
7t Case 4%} Case 5olME 6A17F Aol Huigk
S iR Qloh oA dAle] F4fEwke] WAk
AT Hdigtel dldshs HaATE el o)

# 2 2 oo AEE Z2PAKE Xjgre] M
Rainfall event Date RD(hr) MRKmm/hr) TR(mm)

Case 1 83/6/20 00:00 — 83/6/21 05:00 30 12.633 106.592
Case 2 84/4/18 04:00 - 84/4/19 12:00 33 6.948 84.712
Case 3 85/8/17 01:00 - 85/8/18 00:00 24 12.082 94.189
Case 4 86/7/21 07:00 - 86/7/22 07:00 25 12.054 48.321
Case 5 87/7/14 19:00 - 87/7/16 11:00 40 16.470 135.969
Case 6 88/7/13 18:00 - 88/7/15 16:00 47 17.929 211.428
Case 7 89/8/21 11:00 - 89/8/23 02:00 40 17.162 91.647
Case 8 90/6/19 17:00 - 90/6/21 20:00 52 10.869 55.021
Case 9 91/7/07 07:00 - 91/7/12 21:00 135 7.520 95.036
Case 10 92/7/12 06:00 - 92/7/13 22:00 41 15.988 89.356

[Note] RD : Rainfall Duration, MRI : Maximum Rainfall Intensity, TR : Total Rainfall
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I 3(a). OSSBP-ENN Z2@o| XA} HAM|E

X Input Variables and Weights
Hidden Layer  5r o T 50 5 [Pe-d) | P | PeD) | Plel) | QG-3) | Q) [ QD) | uput Layer
Node j | Bias B1 | Wi Wiz Wi Wiy Wis Wis Wi7 Wig Wig Wi
1 -0.284 | -0.894 | 0.084 1.037 | 0.748 0.518 1.228 | -0.329 | -0.115 | 0514 0.860
2 0.819 0961 | 0.248 | -0.502 | -0.623 { -0.599 | 0.126 0.371 0939 | -1.167 -1.180
3 -0525 | 0701 | -0.170 | -1.020 | 0454 | 0420 | -1.012 { -0.909 | -0.110 | -0.553 0.292
4 -0.288 | 0.223 | -0.393 | 0538 | -1.051 | -0.392 | 0.110 0.183 0.351 0.178 -(.265
5 0.059 0673 | 1.293 | 0.732 | -0.187 | 0.382 0908 | -0.707 | -1.053 | ~1.953 -1.656
6 ~0450 | 0.885 | 0979 | -0.243 | ~0.045 | -0.737 | 0624 | -1.670 | 0.661 2.156 2.277
7 0.111 -0.612 | -1.670 | 0.204 | 0.245 | -1.042 | 0.679 | -0.992 | -0.909 | -0.795 -0.864
8 -0.239 | 0.851 | 0958 | -0.599 | -0.053 | 0.966 0.106 0.839 0.627 | -1.054 -0.609
9 0.047 -0.806 | 0.498 | -1.084 | ~0.798 | -1.305 | -0.015 | -0.100 | -0.258 | -0.402 -0.642
Bias Bg -1.241

I 3(b). RBP-ENN 29| HMHAZ T} HAME|

; Input Variables and Weights
Hidden Layer 505 505 | Ped) | P(e3) | P(eD | Pl | QG-3) | Q) [ QUe-D) |oput Laver
Node j | Bias Bi| Wi Win Wi Wia Wis Wi Wiz Wig Wis Wy
1 -1.190 | 1.265 | -0.453 ] 0.980 | 0.195 | -0.506 ; -0.252 | 1.439 | -0.545 | 0.011 -0.578
2 1.242 | -0.079 | 0731 | -1.200 | 1.245 | -0.825 | 0455 | 0.378 | -0.268 | -1.332 ~-0.379
3 2138 | -0.864 | -0.744 | -0.489 | -0.458 | -0.079 | 0.322 0540 | -1.242 | -1.105 -1.383
4 -1.981 | 0939 | 0311 | 0.740 | -0.687 | 0.716 0.848 | ~4.498 | 0.347 0.313 0.862
5 0.932 | -0960 { -0.700 | 1.513 | ~1.050 | -0.745 | 0.165 | -1.008 | ~-0.598 | 0.895 0.854
6 0548 | -1.547 | 0410 | -1.215| -0509 | 0.471 1.102 | -1.138 | —0.199 | -3.542 -0.611
7 0.390 0563 | 0.345 | 1.340 | -1.051 | 0.040 0.098 | -0.545 | -0.386 | -1.193 -1.767
8 -0.420 | 0599 | 0934 | 1.219 | -0.085 | -1.197 | 1.255 | -1.276 | 0.372 1.363 0,935
9 1817 | -3211| 2882 | 0926 | -1450 | -0618 | 0542 | 33495 | -1.880 | -61.605 -0.573
Bias Bo -0.515
Input layer Hidden layer Output layer

B

P(t-1) — _,,$@

g BN
Q(‘_])__,@ A
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07 6. ENN 239l Felo| off gaxgeAel sy

I 4. RBF AMdun s OSSBP-ENN 2 RBP-ENN 2&e| Zidnlof tist SAHE4

Stzfi‘ - OSSBP-ENN RBP-ENN

e , o ,

N omte) | oste) | ste)/ | Ruax cc mle) sle) 1 ste) | Ruax CC rife) sle) s(e) | Rmax cc
Even {ems) | lems) | -s(y)1-:(%) tems):+ ems)- L sly) (96) tems) | (ems) | Faly) 1 (%)

1 -0.3155| 1.2799 | 0.0113 | 100.2 |0.967| 0.2089 |28.3076| 0.2489 | 105.3 |0.936| 5.6292 134.3915| 0.3024 | 103.4 |0.925

2 0.0613 | 2.7317 | 0.0710 | 100.1 |0.967{-11.3948|15.0728 | 0.3920 | 86.0 |0.936| 6.7194 |14.9516| 0.3888 | 103.7 |0.926

3 -0.0834| 1.7253 | 0.0057 | 100.0 |0.958| -8.5258 | 53.2299| 0.1769 | 91.2 |0.944|-13.4691|61.9634} 0.2060 | 864 |0.938

4 ~0.5703| 2.6378 | 0.0579 | 100.2 |0.958| -3.4405 | 23.8707 | 0.5237 | 1185 |0.835| -1.7504 | 25.6465| 0.5626 | 109.8 |0.878

5 0.5926 | 3.1523 | 0.0115 ] 100.0 [0.975| 20.6001 |35.3887| 0.1286 | 100.8 |0.971} 7.0438 |20.6009| 0.0749 | 96.2 |0.973
2 BEMEglon E3] RBF AAYYHe 79 242 (OSSBP-ENN ¥ RBP-ENN E3e] FHAlA
A 35405 FEDAS st ARske Ae® b Jeld ZMTY RBF AAREZ o HEEAHL
ERdth wEbd EBARMZAdel F4FE 4829 OSSBP-ENN % RBP-ENN EFe| HFZEFHHT}
A48 Esle] B At A3 RBF 41734 ﬂ.ﬂﬂr S48 AuE UehleE Aeg BAMERLL uehA
OSSBP-ENN % RBP-ENN E#& 943 wyo B e Z4skdFA $3f9o4 RBF 21739
2 Jehgdor B3] RBF A49RES o] F 2 2 23 FEIH 5L o 5% AFE ¢
o}l o4 mgow Ushdtk Telw RBF A7 Elie ez Alg®rh a9 8(a)-(e)= RBF 24
weE] HZes BEe] Fas Bule Y wiy]  WE¥Es OSSBP-ENN ¥ RBP-ENN =& #HF
W|amel 24 Z JAZE 2 #PHE, ENN 239 Ade] tigh Akt 2 A2E FrrE FEFUE 4
HAEoe A7 2 HANEE o835t wala vk 53] RBF A74wudd o8 AMNg &
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200 s ., : :\: 50
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(c) Case3, &4 (d) Cased, ¥4
9% 1 Case 5: Training -
- AL
i / 0 ;
3w 5
i
i © g
o w0
. uuuuuuul""l-l-#“—'“'—‘/ 1o
N p o s n,.:..r, » M M M
(e) Caseb, &9
a8 7. ETRE T34 v
# 5. RBF AMAY2# 3 OSSBP-ENN 2! RBP-ENN Z23eo] Sl tfst SH 24
Stati- RBF OSSBP-ENN RBP-ENN
BeSlmley | ste) | ste)/ | Ruwx cc | ™M@ | s |8 | Rua| oo | me | ste) / 0
Evonts (ems)- | lems) [ sly) | (%) (cms) | {crns) | sly) (%) {ems) | {ems) ) B8] T
1 0.2400 | 1.8946 | 0.1580 | 100.0 | 0.959 | 23.6880 |67.8942 [0.5299] 90.0 | 0.865 | -2.5249 {39.1297 | 0.3054 | 93.3 | 0.933
2 -0.3700 | 1.8677 | 0.1890 | 100.0 | 0.965 | -7.0127 | 24.9665 [0.1958| 90.8 | 0.958 | -6.4729 | 224783 | 0.1763 | 93.8 | 0.963
3 -0.4100 | 1.6927 | 0.1610 | 100.0 | 0.961 | 2.7951 |18.0726]0.4198| 98.8 | 0.910 | 0.0807 |15.0044 | 0.3486 | 96.7 | 0.922
4 0.1100 | 0.2350 |0.0780 | 100.0 | 0.973 | 1.1242 | 8.3851 {0.2789| 94.8 | 0.954 | -0.0433 | 7.4311 | 0.2472 | 92.2 | 0.962
5 -0.4300 | 1.5199 | 0.2134 | 99.9 | 0.956 | 0.2034 |19.5200[0.5034| 77.1 | 0.857 | -3.1750 | 19.3422 | 0.4986 | 71.8 | 0.856
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