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Abstract

This is a three-year project. In the first year, the radial basis function network
(RBFN) is used to construct a rainfall-runoff model, and the fully supervised learning
algorithm is presented for the parametric estimation of the network. The number of
hidden layer neurons can be constructed automatically and the training error decreases
with increasing number of neurons. The fully supervised learning algorithm has
advantages over the hybrid-learning algorithm that has the trouble of setting up the
number of hidden layer neurons. Furthermore, early stopping technique is used to
cease training, which can avoid over-fitting during the process of network
construction.  Finally, the proposed methodology is applied to the Fei-tsui Reservoir
watershed to forecast the one-hour-ahead inflow. The result shows that the RBFN
can be applied to build the relation of rainfall and runoff successfully.

In the second year, based on the combination of the RBFN and the semivariogram,
a spatial interpolation method, named improved RBFN, is proposed. First, the
reference surfaces with prescribed semivariograms of different sills and scale
parameters are generated in order to evaluate the interpolation accuracy of the
proposed method. The proposed method as well as two existing methods (ordinary
kriging and standard RBFN) is then used in the restoration of these reference surfaces.
Among three interpolation methods, the proposed method has the highest
interpolation accuracy regardless of the arrangement of sample points. The proposed
method is performing well especially when the variance of the reference surface is
large. An application of the proposed method to the estimation of the spatial
distribution of rainfall also shows that the proposed method can estimate more
precisely as compare to the other two existing methods. The proposed method is
recommended as an alternative to the existing methods, because it has a clear
principle and a simple structure. In addition, it provides more flexibility adjusted
with stochastic property.

In the third year, a time-series forecasting model based on the combination of the
self-organizing map (SOM) and the RBFN is proposed. Traditionally the
positioning of the radial basis centers is a crucial problem for RBFN. In the
proposed model, the SOM is used to construct the two-dimensional feature map from
which the number of clusters (i.e. the number of hidden units in the RBFN) can be
figured out directly by eyes, and then the radial basis centers can be determined easily.
The proposed model is examined using the simulated time series data. The results
demonstrate that the proposed RBFN is more competent in modeling and forecasting
time series as compared to the ARIMA model. In addition, the proposed model is
applied to actual groundwater head data. It is found that the proposed model can
forecast more precisely than the ARIMA model. For time series forecasting, the
proposed model is recommended as an alternative to the existing method, because it
has a simple structure and can produce reasonable forecasts.

Keywords: artificial neural network, flow forecasting, spatial interpolation,
semivariogram, radial basis function network; self-organizing map; time series
analysis
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AL EF M RRES RPN B

RBFN 2 $£ 4 # 5 * 1960 & 4 4% ! (Aizerman et al., 1964; Bashkirov et
|, 1964) - Powell (1987)R % % s * RBFN % % 5 82 N L BRI
Broomhead and Lowe(1988)EI |32 R * > BB ITA N FEZ 4R 5 Moody
and Darken (1989)41* RBFN f#/+-#% & #ic¥ &2 F 4 5 Poggio and Girosi
(1990)'/ RBFN 2z 32352 = — i ATchie i % 1 5 Park and Sandberg (1991) R
FTE 0 RBFN f3/4— 422 i7 P82 - i7# K > RBFN & 5B A4 3t 2 ﬁé
AR o Glded i P HEFE(Zhao and Bao, 1996) ~ & At & (Xu, 1998) -
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£ (Sanchez et al., 1998) 12 2 X sk pg 5 325 (Tsujii et al., 1999) % -

a5 RBEN g * st 2 BN 36 SRR FHE V&Y - AL
Oz REARM e F APy RaEE - BSERBFN 2 LR @G 7
B dE st 0 L2 5 IRBFN #25¢ (Improved RBFN Model ) - 5 £ 5 & 7 %
FUH AN H R AT E S T2 e A R REAPEES R Sk
it e TR AR T E £ 2 R RBEN 55V 2 p £ R 5 07
A8 IS WS Y A “f’%é‘;ﬁ'u”tﬁ A A

228 % % ik

2-2-1 fgR AR S ERE
fotk A A S ﬁI#V(RBFN)F*“ % %] AR A e o H 35%] K grg
R B2 A S A 2 g3 B f#&r’%}Zl”T—r -RBFN & 3 = i
()G ﬂi"]” VIR Z @J*‘;‘: '..,ﬁ;i-_ (2)%] R d R T H
it e (3) R AR A I S o2 o A d ﬂi;—J FTRERZREN G w2
FEHLA- T o

Output layer

Hidden layer

Input layer

1 2-1 RBFN % 1
BB FREX S LARZ e E o X =[x, %, x] > 5 EHH 5

A2 BB TR S e B MG A S BRI LA g AR
FOR S E L AR R T BE O TR ] BERR A LA LT

14



Btz

¢(2) =z —c))) L2 M (2-1)

He

| 5 B 2 46§58 (Euclideannorm) ; ¢; 5 "R A A g1 2 ¢ g
(center) ; ¢( ) % ¥ Jis 3 # (activation function) ; M 4 " &k # & A #cp o

RITZRENERTFE 7 ARG F | BRAEEE 0@

e —ch AIF AR 5
%) BELPIBEY N 0 BIEGER B o

ﬁ’é—#’]‘%—" P VE R 2 g_g:;—h% BApR o 230 F k2 F1 e 3
55 > 4o B #7508k (Gaussian functlon) SE & # ~ multiquadric
function(MQF) ~ thin-spline function(TSP) 2 iy #c gc (‘exponential function )
FoAFTRIRY B G H 2 FEIEIEFAEAN S @S S H H AN

b A

L _
(X)) = exp( 2o ) (2-2)
O

HY b o B8ralzZ TRAE > vd TRRE:
dmaX (2-3)

J2N,
ﬂﬁ’¢W%EWﬁ%$ﬂ’ﬁ»@%@i&+&%oﬁﬁﬁﬁﬁﬁéiﬁ
A0SR 2 Ttk A K S Bl g % > £ g 2 0k (least squares method )
1\41539?4%11—}3%41%]]% g—_'gﬂ;, m%xz$%%4115%|11,[}*§—515,$
_Q’L‘

O =

825 4'/%] ﬁga Ve, LT
%=%+Z%%@) r=1,2, ..., Ng (2-4)
g=1
Yo G (Z) 5% q BEFEN A BN Y SR E KRR

Wy # BFEY % qRAEIHNAEY 50 fﬁtgzgjﬂz B2 L E S W, kA
(bias) & N & @4 i i 5B &7 0 B2 258 (2-4)7 4 3

Y =Wao (2-5)

H

15



W = Wy Wy o Wy, (2-6)
Wiy Wy Wn
@ = [¢1 ¢ Py ]T (2-7)

2-2-2 IRBFN #£5¢
> RBFN z_ % ’h&“‘"*ﬁ?«ﬁ]ﬁé 2z v EBLCE FABEOS BT R

AT B R A G2 B WABRK T IRAR A 2 P o A o
Wiz Baea s od 3 d @%%#é T2 B P B e Zrz plab B T
H RBFN B 2 FP4a G P RGBT A 5 - Biei £ 82 ik 28 &
REoH#HATFERF o2 THR o pFr 8 ”Lr)fﬁl“iﬂ'/m% ¥ 1B
Fol o TR R A S e F R e Rt ‘\‘%y B AERED
R2EE o ApFEH FoE AP RN E 2 &%%gﬁ”ﬁﬂ"ﬁﬁﬁ
R BFER TS o 3 35¢€ 3 S 474 i 4 (generalization
capability ) % 7 % iF (Oukhellou and Aknin, 1999) -

d 303 2N (2-3) 5 - B RN o AT B AR RN (2-2) T SR R o 2R
m oo P2 BB EBHEEMF RS G LAY A AR A
(covarlatlon analysis) ¥4 * ko B FEHRF 2L ApMfE - 2P > oL %
B = (experimental semivariogram) ¥ X S o {7pF2 - BER I E o F 5%
i%iiﬂ%?ﬂz;@%ﬂ%’ﬁﬁ?%iaﬁ$¢giﬁgg§@oi
Py ER B RBENE R A fE > - BATahz B EH55F 5 IRBFN
#-;% (Improved RBFN Model ) » 4 4

*IRBEN #3¢ 0 8 7 e fie 316 5 fpdied] > 4o 9

$,(x) = exp(—%) (2-8)

He o h:Hx—cJ.

; i L‘. ﬁqé_]ﬁé 7‘u7 %)’ilg o ’E'—j—% 75_’\ '}>/\

PHCN Y B F RS TRET AR D S 4250 (2-2) 7 2 F S0 dcR
iR ZTRE -

dpdicdl 2 LR AT k2 2 475 1 (Kitanidis, 1993) ¢

c(h)=C(0) exp(—E) (2-9)

16



Hv¥ > C(0) % %2 ¥ (variance) ;a % & & %# (scale parameter) ; C(h)
SEESh 2z E %8 Sifce 72 2ROV AE B
Ch) _

cO) - (—-—) (2-10)

S AR (2-8)% 2 AR (2-10)7 AR R 2 A o T g R R Sl 2 pF s Rlo

Al g+ 'l?ﬁtﬁf‘*f’w/;‘/—_&,ma’d WA R B RER A 2
R ESIPRF - F] 5 FEFEF - B %R

At R GREPE S AT TR TR B F Y o d TR
Wz THEdies i A2 o Flt o F TR k2 £ 5B EAL L
IR MR e 50 A R AT LB AR U E R A
$ A2 R F15 VT 0 p 64T 2 (Chiles and Delfiner, 1999) -
BREAZANT AT AT
y(h)=C(0)-C(h) (2-11)

B AR5 (2-9) 1%~ 2 Az sN (2-11) 0 W F Fldp el 2 LR A
h
y(h) = CO)[1—exp(-)] (2-12)

B COF = PHEE(Sill) - 25 HF7 12 a~3a# 2 (Kitanidis, 1993) -

B AR (2-8)8 2 A2 (2-12) 7 AR 2 Al o T g A X R E e o
AP Fd > RN REFEREMN G2 FTRE- KA FZ R - BX
REAE FIPEF OEREMN G TIER G - BRTLFRE M
hod L PR AFA et TRETRE TR CEEEFZIFL )RR
2R B R 2 B - BATERAEA S AR Beh 2
S SUIN EUS

ﬁi’%*ﬁj%@ﬁﬁﬁgi’ﬁ%?%@asﬁﬁ&%
(neighborhood) » Afe3- B4 G~ ¢ B H AT T8 p TR B2 T 3aE

rd PR RN CARTRS  H TR - 2(d /2)TRET B

HEALFREHY o F A BEHITLFLL - AT L L Aok
BT R0 5 BA G A BT TR B (T T B RB A T

e

e ) RIS S BEREA G AL T RES, F3NE JBAH G AEH &

AR - Lo LK FANT RS AT BE & A R - 2 pF

pw)

AT L TR IERAMMEIZ LS REREM S AT RESF

17



2-3

WL T e — X

wRE

A B R M2 g3 (random field) 4% kiplE 257 7 ik
AR 2 fFmd o gtsgdsF I 4 HYDRO_GEN #%5%(Bellin and
Rubin, 1996)#7 & # > y* 3 i i ¥ P rreng 4 < MR 2 S ¥ R
@ %L2_ turning bands method % fast Fourier transform (Bellin and Rubin,
1996) -

- BREEH G 10x10 2 & 2 A5 dt 0 £ 3t 5 100 B R Bl o R 1S REHE
MHE P2 250 Pﬁfé%iiﬁn‘f"i?“wﬂ’?f B H AR TS BRRLEL Y 2
B3t RS R ET T BRI wEE B ER 2 LR EES
B2 g o M0 2 7 2 B8R P E S8R 2 % At 4o

T
1. 3#5%- : C(0)=1, a=1
B 2-2 5 1% & f258(2-12) 9722 = 2 %g 3> H C(0)2 a2 w395 1o
@ZBW{??@ZZﬂW??%%%é:i%%i%ﬂﬁhﬁ@23?%’
LB RE AL AL AP (CO)=1aml) o &5+ A ul R 2-2
2100 BaefEh? > NS EE 25 BBl > BT 10 KR o

B 2-2 % 2 % # (C0)=1 % a=1)

18



=
»
]

14 1 .
=12 .
\Sg ’o’ ¢ "t " i o o * o ¢
% 1.0 4 MRS Y . ¢ :00“: “e o “0
D08 L, Ty e ST TN
go06 /, ’ '
S04 /"
0.2 -
0.0 T T T T T T T T T T T 1
0 1 2 3 4 5 6 7 8 9 10 11 12

Distance h

Bl 2-3 #%L%EBGE%R-)

¥R 2 E 5% 0 135> £ (root mean square error, RMSE ) 3 38 2 0
FER 2 dp ke

e p=l yA

p

~ 2
Nl Z —Z
RMSE = iz{M} (2-13)

He o N G B2 8P 5 Z 25 pBRRE2R3FEZ S5 pBe
2B b2 FE o RMSE /] 2 M £ 2 W H A id2 3 jF o

¥ i€ 5.4 £ 72 (Ordinary Kriging; i # OK) ~ %% RBFN #c5* ( Standard
RBFN; # # SRBFN) 2 IRBFN #:5¢ (Improved RBFN Model; i 4 IRBFN)
FzBZEIE S L G 10 =R% N 2 RMSE E( 3 2HER] 2-2
VRS ) BrIEat A 1 ¢ o HY o, Bt SRBFN 2 el St B B r 3
238 (2-2)iF 5 Fphdfior I AIH AR HERAMN SAZ KR E A

7 2-12. %% +¥ 33 > IRBFN 2 RMSE /€ 0375 & 0511 I * 5 & | 2
RMSE i& - T35m % » H g4 9 OK 2 SRBFN & f& = ;2 *% i< ) 19%2
weh s H

20% - %13 10 B #% % % 74 R IRBFN % 7 § #i] 2 RMSE &
RMSE &2 & it 7 H # & fa> 2 5] » 0 % %% 1 IRBFN 2 £ %% -

-
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#2-1 =48> 230 10 K E% P 6 5352 RMSE E( 53 2L R 2-2 ¢ T8 B )

Pattern RMSE
IRBFN OK SRBFN
1 0.375 0.442 0.405
2 0.423 0.627 0.552
3 0.447 0.479 0.485
4 0.411 0.485 0.663
5 0.451 0.543 0.628
6 0.414 0.483 0.488
7 0.457 0.562 0.482
8 0.427 0.520 0.716
9 0.418 0.615 0.483
10 0.511 0.612 0.549
Mean 0.433 0.537 0.545

2.z = 1 C(0)=1, a=2

SPEMHCO)E> 1 2 B 4Had> 22 FHH4cRE 2-4 77 » B 2-5
PIEAIY B 240 975 FALBE 222 R LEBR -d B 24740 B2
RRFP &R AL AP (C0)=1 2 a=2) - #3ksk - Ank o UL
Bv SIS EE 25 B R BT 10 S iRE o B R Rk 229757 o d £
2-2 ¥ 4> IRBFN 2. RMSE & a# ¥ ¢ @ B = 7% % /) (0.292 % 0.418) o g
b # T goE 4 b OK 2 SRBFN & 46 % 78 145 19%% 26% - d it
21 % IRBFN 2 N £ B3 HmARY *ha B2 25 i o

20



418 380 308 233 362 434 376 399 371 318
413 347 286 329 469 395 283 335 35656 356
400 304 289 325 361 384 323 299 312 3.09
415 386 241 344 257 323 323 336 282 243
398 523 448 340 427 248 299 208 3563 225
300 388 365 412 385 254 3y2 332 322 354
319 451 480 365 346 313 287 260 340 313
263 379 322 384 43830 215 198 130 198 291
31 2b6 183 187 216 O0Oy1 094 157 15653 183
360 370 2389 226 222 199 219 189 2¥8 232
Bl 2-4 #F% - 2. "g¥3% (C(0)=1% a=2)
1.6
1.4 . .
= 12 - .. e
= ° .
E 10 1 * S * c .
E * & * * *
2 08- * POREIRNER .
S 0.6 - ST e ’
E s e : F RS .
(C,D) 0.4 K PN . * .
021 /o *
0.0 T T T T T T T T T T T 1
0 1 2 3 4 5 6 7 8 9 10 11 12
Distance h

Bl 2-5 %L %L BGEE%RS)
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% 2-2 =457 220 10 K @#E% P 36 G2 RMSE B( 5 3 8LiE B 2-4 ¢ "F8:E B )

Pattern RMSE
IRBFN OK SRBFN

1 0.363 0.381 0.411
2 0.330 0.348 0.456
3 0.329 0.381 0.344
4 0.327 0.420 0.487
5 0.418 0.602 0.446
6 0.367 0.385 0.440
7 0.326 0.469 0.391
8 0.353 0.422 0.490
9 0.407 0.619 0.835
10 0.292 0.308 0.432
Mean 0.351 0.433 0.473

3. %= : C(0)=2, a=1

Wik ¢ o A (C0)=2; a=l) 4- B 2-6 % o H A1 FALER
iR 2 R FRRPE U R 27 0 B 27 T At ESHR S R
SRR TERE o MY 10 KRBk B P A B[ AT L 23 H B Ektamg B B
Z%Ap e o IRBFN 7 #% v 3 385%39F | 2 RMSE & » 2 H T35 7 4 w1t
OK 2 SRBFN & 483 ;% ' 15 % 30%% 33% o

d PHZ BT PR L E%REET o gt OK 2 SRBFN & 422
i A erihz IRBFN 4 i 2 B3 HAER o 2 7 > 7 LA A
B2 #EHHN RV LMMRPEES X H R EARAP IRBFN 2
RMSE i 4p >t OK 2 SRBFN 7§ #ic+ 2 "% i tg & > 7 7 IRBFN »t % B 1241
S ZEEE o HARBRY S ;@_F\ B s R

22




435 351 448 408 251 0.84 183 264 219 1.50
368 440 702 462 305 282 365 314 257 240
363 405 4656 497 370 367 320 373 301 271
479 563 283 428 339 202 184 277 3.02 297
576 521 185 3.06 357 089 331 474 348 491
2.29 141  2.39 268 3.10 1.47 248  2.56 278 3.8
0.43 1.16 1.45 2.86 142 -010 161 0.99 3.04 362
268 0b4 398 3b1 302 443 1.36 1.95 207 3.69
3.63 231 580 507 333 452 245  6.08 3.16 3.13
3.26 4.15 2.41 2.49 5.59 423 181 0.44 1.92 457
B 2-6 @#Z% = 2 %% (C(0)=2 % a=1)

3.5 4

3.0 .
E?: 25 b ¢ 0‘ 1 . ’o
E 2.0 . ‘0 ‘e “ ') * : S ‘“ -
8) o o . ‘“’0«‘:
% 15+ . . : *
= os &% ¢
£ 1.0
n

0.5 -

OO T T T T T T T T 1

0 2 3 4 5 6 7 9 10 11 12
Distance h

Bl 2-7 #LEREBGFR=Z)
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% 2-3 2487 230 10 X #% P #6532 RMSE (8 (f5 - LK R 2-6 @ ST 1835 Br)

s RMSE
R IRBFN OK SRBFN
1 0.898 1.150 1.356
2 2.667 3.024 3.655
3 0.545 1.001 0.741
4 0.837 1.136 1.193
5 0.697 1.226 1.329
6 0.553 0.950 1.240
7 0.594 0.949 1.256
8 1.734 2734 2.088
9 1.584 2.858 1814
10 1576 2.393 1.911
Mean 1.168 1.742 1.658
2-4 ¥ B

ARSI RP B Ea FRAF AT H Y ARk T
Pou B 5 45 BEBIRE G HF NS 2726 T 22 5 JRipph £ 4 55 B¢ 4
Fhhzd Bk By o G4cB 2-8 977 - B3 644 A TR
¥ # OK~SRBFN 2 IRBFN -\ $ = /6= 2272 a3 o

Taiwan
N
N*} :
20 [ 20 40 60 80 Ki
— S

Bl 2-8 H-Rkipinsa ERIEL G RE

2 R Bz : (Cross-validation) # * 42 OK - SRBFN % IRBFN #-;¢ &%

24




2-5

:ﬁﬁé%&@*w 2 2R BEFAALAET- B2 £R
Al A A Fpebz BRIEHR G R ERE > Td A R 2
EL/PI B H RMSE &> 2R3 5 & Biplsb2 RMSE B &g+ 10T

#3 bl 2 RMSE ¥ %3 &&\4Wﬁr%k°%*3ﬁi@ﬁ%%%

4 64 £ PFEA DR TE2L RMSE AL 4 240 d 47 4o

IRBFN ~ OK % SRBFN 2 * 35 RMSE &4 & 5 0.525+0.746 % 0.793 - 4p #ic

% OK %2 SRBFN & #&= ;# » IRBFN 2. T 32 RMSE 4% <7 30%% 34% -

827X IRBFN *+ 4 &  F M 48 352 RMSE . 2h b | » e SR A 5 o

RWNA4@¢LG¢£r§ PR LR EHEATT R IEPE
2T AR o

R B E Rk

WAL - BREGKARIBERERE G2 7 BN B
#az = o fiz. 5 IRBFN #25¢ (Improved RBFN Model)  t 458 45 f§ 8 2 4
@gﬁa%ﬂ; ARG S SR SRR o
WP R A Z TR RBAF AT REZETER L0 RBESLHSP
B2 HEE AFT2 2T 227 FREAPHEESL R S 82 v 3%
T PLPIRE o Z PR B RA T 0 Az AP B (IRBFN #55¢ ~ 7 41
72 2 &% RBFN 4{3_ 59)¢ > IRBFN -5 3o H s & 83 25 B 2 w3t
BrER o0 FEAEP R LR TH R A TR AT #
PP s Bz pFEERE -

25



2224 D RZFHRGZ2HEH EFTHEPERI2 RMSE &

, RMSE , RMSE
% \RBEN |OK SRBEN |  [|RBEN |OK SRBFN
1 0535 0591  [0.650 |33 0495  [0.899  |0.602
2 0485 0506  |0.894 |34 0345 [0522  |0.653
3 0437 |0555  [0.682 |35 0723 [0.807  |1.142
4 0504 0758  [0.699 |36 0815  [0.935  |0.835
5 0400 |0570 [0.638 |37 0563 0913  |0.714
6 0948 0957 |1.350 |38 0522 |0.688  |0.691
7 0439 0456  [0.683 |39 0621  |0.838  |0.606
8 0438|0412 [0588 |40 0366  |0.660  |0.688
9 0623 0709 [0.905 |41 0400  |0566  |0.632
10 0937  |1.140  |1.459 |42 0383  |0.606  |0.535
11 0492 0696  [0.854 |43 0309  [0.360  |0.496
12 0636 0844 0948 |44 0425  [0.474  |0.605
13 0339 0371|0595 |45 0253 [0.244  |0.510
14 0469 0808  [0.838 |46 0275  [0.283  |0.512
15 0422 0503 [0.709 |47 0324 0523 |0.503
16 0489 0877 [0.804 |48 0355  |0.358  |0.503
17 0482 0481  |0.656 |49 0251 0231 |0.579
18 0678|1175 [0.848 |50 0299 (0426  |0.495
19 0442 0480  |0.642 |51 0312 0657  |0.501
20 0447 0474  |0.607 |52 0404 0469  |1.009
21 0452 0535 [0.700 |53 0439 [0.734  |0.808
22 0537 |0.618 |0545 |54 0631 0979  |0.830
23 0591 0622 [0.944 |55 0713 [0.905  |1.442
24 0766 |1.738  |1.670 |56 0637 0737  |1.303
25 0690 |1.662 [0.801 |57 0512  [0.807  |0.702
26 0733|1144 [1.033 |58 0716  |1.159  |0.878
27 0621 |1.079  |1.109 |59 0632|1573  |0.584
28 0712|1941 [1.220 |60 0410  |0.494  |0.680
29 0857 |1.010 |0.684 |61 0694  [1.011 _ |0.700
30 0474 0799  [0.929 |62 0810  |0.883  |1.645
31 0342|0436 [0.706 |63 0383 [0.414  |0.624
32 0494 0595 |0.786 |64 0687  |1.046  |0.590
Mean |0.525 0.746 0.793
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FZF P TRRIERZFAY

3143

#pA e g (artificial neural network ) % 8LiToAc 2 Fr4 3234 > s -
ﬁ%ﬁ—lﬁ Do A e kST k2 FURIE E SL S b R
ﬁi?l 2B BT §f WEw RE- k7| FTod 3N TR T F4HA

mlF&?l“? e B NE 2 V%7 prﬁﬁf\§33£ﬁ"t§1f%?’
HiEzantz > ‘W‘B?&% Koy Flpt v BHARL S - %éﬂri‘f’%’ e AR
B sz St TR 228 pFodom F IR A vz B 4p g
i@oaﬁ#+%vm&<@%% PEREALGR IR ERBY R R
WA G2 F YRy 2 4 ﬂnaﬁl RAF LA B EAHF B
HHS X2 @ E BV S 2 RS B T T E R
AU e BOAR AR R %?B%EF’FMJ FRIF SRR Ve T RPES -
P2 EFEREIERILE oG o A SRS - A e st*.f%'g&— il
LA 2 472 Hi 4 B (Cybenko, 1989; Hornik et al. 1989; Hornik, 1991) - » ¥
SO RELR BEA SRRV UEAEZ LR Y F f LM 2 BP 45 (Granger,
1993) o gt ¢k > F T RS TTEN A GRRATEAPFEFR A g 2
&% (Kuan and Liu, 1995; Saxen, 1996; Kohzadi et al., 1996; Zhang et al.,
1998) -

BEXCapA SRR FHEFY 2 5 FFIHGE AR
2P oo x wigl@yRaga 5 g (back-propagation neural network ) &1% 3
RAvZ2 % o KA o BB SRRV RELY €T F 5 R AE

(Wasserman, 1993) - & £ » v % % fcacF] spi* B B e ﬁi > T ?'m% i# % 4p
P2 T RFAR g AL N 2 B o gt %ﬁ*‘§”x?)§if1§iu; R
Bt ham s AH 3 R40E o f5k A K Sl i (radial basis function
network; i # RBFN) r] PR ORREHF I CEVEALEZ H ARE
PR R ERE PRt R AR SR R I F R Y
S BA A BRI ROk &i@;ﬂi&]“' ‘{E,;f;é_ PR R Ak om ok
2 J ZEFRIATARL - fRAF ez 24 % ko F]pt A 7 ¥ 22 RBFN
Z 2R R RIE o
RBFN z $#% 4 # % £.d Hardy (1971)#74& 7} » & % Powell (1987): + #
B 7% 1 > Moody and Darken (1989)R|4]* RBFN /4% g & ¥t s 2 B
%% » Broomhead and Lowe (1988):#-H jig * >t @ @7 M B2 R o @ {8
I L AEAT 02 et 42 RBEN 49 S 3% 91 o 8 F 5k A A 3 B i
ZEEERE G ARSI R Y BRI oS 2 ik AR SRR
I AUH T E G PR A A4 B2 BT E - Mikko et al. (1996) % 1 5 5 A & 3
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Bl s A# > BLp A ﬁﬁ(autogresswe) BLA R > T2 T 3
PERF B 745N 2 TR0l b 0 @ F RBFN z % rx4:% % 48 autogressive model
threshold Autogressive model % & & £ 7 & g * # ( back-propagating
multiplayer perceptron )

a3 "RBFN 2 24427 A BELH Ao - B2 TEREN S
~Z BHEcEHY L Y- BE —‘iaxz@% gi,; R R 2 ﬁg@o&_my\g‘
FiERP AR ZRTEANE - BAHIR m! S N e T
RBFN 2. - @& 5 € & 2 B 40 - & ff H 134 —\ﬁfq\m i ;J",ﬁﬁ?ﬁi?xgj
TR gAY o fRm s i H AP Eaig: s £ H F’%"‘”"“ﬁpﬁ‘ﬁi%ag%"ﬂ
$oo iE 3 B 4 7 (cluster analysis) ¥ 4 % Kk i—a RBFN z_# & =@ gL
(Moody and Darken, 1989) -

FEAE - A RBp TR a7 A FRERS -
ﬂf’ﬁﬂ%%ﬁip T2 R F AL TR RN EERIL L BEE R
- #EY 25 F AR235- 1 (homogeneity) » # F#H & @ &5 P &gn
S A (heterogenelty) o BIPEE AT ART A LR S (hierarchical)
e B A 472 Ao H - 4 2 (single linkage method )~ #4g, ;# (Ward’s method )
% étr”b & 3% (non-hierarchical ) 5% f & 4772 4 K 3218 /2 (K-means method ) -
R o PR R AR SRR T H fmf;z G 47 1 A Rk B
?TE” TR E O HIEM AT E EEATEE B 2 AR
ﬁm;"ﬁ?g 3 5 g o 2h s ﬁ]a-;g;/,}ﬁ,zxa' ¥T2aREstrzmig g
el Ra A RaEEeY € ERLBES LTSS o $3Y RBFN
z ko M LFH a?lzﬁi‘?’ FAFEMGE oA wag g o g A kP
2 - ERPRA o 7 EN Y AT BRI p R SRR
('self-organizing map; ?;? H# SOM) &k fzid-igdt R 3E o

SOM gt & 4 Kohonen (1990)#7#& i » 3¢ 2b g A3 2 i L § Y 1
GeRL ] o B A AR AR DR T w_&_.ﬁa}i el AN LN
APPSR B TOR N S SRR LAY ST L AR
(Orwig et al., 1997; Tokutaka et al., 1999; Michaelides et al., 2001, Tennant and
Hewitson, 2002) - Zhang and Li (1993)#% 4! 7 41#* SOM fegt4s &) Fale &
Mz RN a2 0 2 5 p B B R E A 15 © Mangiameli et al.
(1996) % ‘vt i SOM e fe g @ 22 ¥k A 4772 > 5 % 1981 SOM PG i
F2 ¥ &~ 474 % - Vesanto and Alhoniemi (2000)F]* SOM #gie {7 7 =
HFR2FRE L AT o fASET SOM R~ 17 e TR FRASTRAR P 54 1
SR WAPE R R R0 RS - R
(featuremap) » 1% pt = HF|A 47T L S F L ERBURD Z &> 2 7
< hg R M R A 470 F 2.3 B PR o Michaelides et al. (2001)i& * SOM g
AATE R SR I U EF EHRA R > % AT SOM R R
PR EHEAITZ L g s R R baowms o

Y I

¥
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?@J BTt > AFTE ek 2 - B4 & RBFN 2 SOM 2 B A 737 ip

5 SOM-RBFN #£3¢ « § & mﬁ* % #-4+ RBFN 2 SOM z_
;«,\fﬁi YRR = A5 f 2 B2 PR A 7RI L 030 2 0
g 4o Bl o AR N R TR R SRR L o e B
ARIMA 5% (F1 g

32/ %

3-2-1 HHk A & S e

f5 kAR Sk (RBFN) At % /é1 FUERA SR g~ )é] &
R T2 AR 2P W B g {H\rﬂi’u-l AT oRBFNf =
B (1) % N IEEE gi%] I R L‘*fﬁ . (2)%?”"@5 %= >d AP EIE
H At (3)&3«%%&3& Fow o~ 1"*’@%’%# S
2 JE3pA-€ o RBFN 2. 3 & iRBEZ s #2"Uk A 20 Tl Gk SLE Rl 3t
g%} PR S ;g LT EHFE T ﬁ%ﬁ%}gﬁ:{ Pz e AR RANDIR
PRAECPEZR T3F 5 i S8l o Pl DR F R TIRIB G IFEETE > A
RBFN ﬁ#aﬁ Mo 2 LA K SRR a B o

Output Layer Bias

Hidden Layer

Input Layer

® 3-1RBFN 7 ]
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B3k RBFN 2 4@ > 5%% YR Pfﬁﬁa?]%%’*&f‘ TALZ RH
£Z=[z2,2,,,2.] @;%]‘AK% DI ;wugz,,J»ra, ,.)é,;fd v
Z BT LA S AR R 2 g 0 F - RRE A LA 2w by =1
2, .., ¥ g s Bk 2

#,(z) = #(|z —c;) #1200 N, (3-1)

b

| % % & 2 € # % (Euclideannorm) ; ¢, 3 A4 512 @ gk
(center) ; ¢( ) % ¥ & ¥ (activation function) ; M % "E& A& 4 & A dcp o

EIFZEPFERF VARG F ] BRRIEEE 0@

X —ch B ¥ AR &

$j%ﬁ%%*"#w%#%’ﬁ%

BB ERR L RRAE K iR 20 E Ra WS
3 % ABAT > 4o 275 #c (Gaussian functlon) » 348 g~ multiquadric function
(MQF) ~ thin-spline function (TSP) # 4; # 3.8 (exponential function) % - *
GEIEAE S-S SR EIEE S Y EUCECER T I R IR

e 2= _
§2) = expl-~ 2] (3-2)

HY Hh o Z 38382z T RAE > Fd THARE

— max 3-3
ﬂqmm (3-3)
oo Ay i BV o B2 bk R P G e B4
AE 2 Rk A B Sl g & 0 £ AU ] T2 2 (least squares method )
o :%“?‘% "E’ﬁ?*% Rz gL E Em ;lz—@@%%] DA BREE T
v Jﬁ*% B, o bR

%=%+Z%%@) r=1,2,..., Ng (3-4)
q:
290 g ()5 5 qBEFFL SN E Y GBI B K BRNE;

Wor = EFK 7 % qBAEXIHMAK? Frp@iEi g ee: wimi
(bias) ; Ng ;ﬁﬁj
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% RBFN 2 %7 » FEa 4 g a2 @ o gl § 8 @Ak 2l
FN(3-4)F 2 EE BT AN B} TS RF AT P Mg % SOM 3
Bk ROERE A S A2 Bep 2 ¢ w8 A HENAEZ 5 SOM-RBFN #23¢ -
B+t SOM Mebh2 2 HE5 5 ¥ & i Bl 3T & o

3-2-2 p lmdhph i e B
pleskph ) (SOM) Bl fsfd! SR BATE ¢ £ - fhir b e B
A 0 B R AR 3-2 477 o SOM gt 32 g AV (unsupervised
learning ) it > H g v igd SN FY 2R o MENE Y22 REAL
F VH A A v W F RS BEE S A S e e B X
Pl 2 8~ pafAefi2 5 daf 2 £ (winner-take-all) - %@ > SOM
PREGOZ RINFYZALIAR VA THT R LML RETS
SO E 2 TR E A A B E A AR o

Output Layer

Input Layer

] 3-2 SOM B 2 H: ]

SOM 3™ #-ix £, /& 2§ » & £ P: 54 1 #4cH] (feature map) +
Yol 3-2 4777 o #7r0 SOM MR 7 AR G iy » R A LU T )
PodA g AR e BB A DAL RS ERR AR
B A R BT F O AL B TR A e BTG L F A
B R Rl L E AL AR DAL B fh o 1T X > SOM
PR AT PR BURIL B A3 AT SRR U REFR AT e
WHBH L~ FT F R0 AP RET FF BTAMI

SOM et cn¥ ¥ iz ¢ 7§ 4254 (competitive process) ~ & (F425
(cooperative process) 4 % 34 & 42 B (adaptive process) % = # € & chfe & >
HiF By EARACE AT
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FRAGTHZEG pBEAR»» 8055 Bl r o Baman
5 pBEADEAoT T

X _[Xpl' p2’Xp3! lXp,m]T (3'5)
PRZAGABECERE TR AR M A ¥ ] BN SRR

ER A A0

W; :[Wj,lywj,z’Wj,s'---’Wj,m]T /1,2,3,...,1 (3-6)

Fl oo~ R B R - Ko Bt~ R £i+ﬁﬁ}w¢f%
ETRHAEFEIR2ZBEM G o % p BHRARFE 40T

b= (3-7)

27 AR o

BRI~ R AZFES R AR EX TR EX SR

Ik

W, 2 ®osCEEAE )

|:Z (Xp i J i :| (3_8)

2o p,.—»%]%ra X, %1 BArE W, s v EW, 5 i1BALE -

SRR AEaY =t N RIS 3 et
%%ﬁmﬁuﬂéﬂwﬁﬁﬁﬁﬁiﬁﬁéiz

w;(n+1)=w,(n)+n(n)h; (n)(x(n) —W, (n)) (3-9)

2o w(n+l) 55 EERER [ ATPRED R ()53 BT H B
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Sl p(n) A EY @S e
7. £AFHAII I 60 F T & ﬂi%]%ra»giﬂbt’%éira»ﬂb'-ﬁqﬁ SR S
(o A A AR I F S
8. Hjrw B ATF PR AN WP I R 2 B bR -
B~ eSS g G - anp o e B R T e PR )
7»}%%?]?\1%;“;'7’13&%1’;;0
PREE B E el ~ RS R DR e Y T R R
A& B (density map) - j&® ¥ 12 %F’frﬁ%}%ﬁﬁ R BATE A o g 1
kyﬁ"*?_‘yifpu/mif*‘ﬂ’ﬁgyg HARBF - B DTS AR
F"*miﬂﬁﬁﬂ s x._?r‘)ibglpml* R SR TR S ia'ﬁﬁaa]

i R R LN T LS L
BT R AR AR T EEAL -

33 AR T

AR TR A SRR LF R EE A LR RS
ARIMA #5812 R tEdete 2 5 1 w % 22 B3 487 5 2 ARIMA(p, d, q)
#-7% (Box and Jenkins, 1976)%3._%3:,— B R ST = BRREZ R R IR
742 A e T e

1. The AR(1) process

Y = Yia T &

(3-10)
2. The AR(2) process
Y, =VY,,—0.6y,,+& (3-11)
3. The ARIMA(1, 1, 1) process
(1-B)y, =0.5(1-B)y, , +¢&, +0.5¢, (3-12)

H¢¥ > g 50 w5 (white noise) o

titz R EAF R Ak iEEY o= %EB??F"*E;IJ‘%JF
AL 100 BREFTAL o PR FAAL T 11z 2 RBFN 2 fepLE4p 2 i E
ARIMA %H - Sl s PR ALRIAR * RIRERES 20 R A

1 Bt 2 BRm T2 ARIMA 0502550 9 5 2 v Bt L 05N 1k T2
ﬁﬂ o 23 ARIMA #5820 S8 b T3 3208 o gt eb s A7 50 %
WA AR 2 R A R B A B ﬂuﬁéjﬁgﬁﬁ%fq%% :
1. Mean square error (MSE)
1&g 2
MSE == [9, - vi] (3-13)

t=1
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He » § IR U2ZIpRIE y, PRt BmplE T 53R 2% -

2. Median absolute percentage error (MdAPE)

91 — Y

x100 (3-14)
e

MdAPE = Median(

B g MSE S bW AR® * 238 dpih o Ra > v ¥ X DIF ST
(Clements and Hendry, 1993) - Gardner (1983) % &- ¥t t & fédp & =0 iR
Wi 2 Fl4e P o MAAPE ¢ MSE ifd% @ 543t s # 7 (Armstrong and
Collopy, 1992; Fildes, 1992) -

B> RBFN 2 ARIMA H058 $430 = e B/ B 5| dse w2 3= @it i
o R E A 31K 310 ZE £ 33od gt A2 BETFR
RBFN z g p] & 3 ARIMA 5% 5 i o gt oh > gt = w32 5% T4 > RBFN
warFoREER A R 2 FARR P Ak PRI E YT G2

BlE TR o

4 3-13mah R4 AR(D)HSS 2 SOM-RBFN #0358 2 34 5 % &

S PRFA R TR
IR A i P i
PRl MSE MJAPE MSE MJAPE
AR(L) HE5 1.084 0.762 1.009 0.601
SOM-RBEN #£5¢ 1.026 0.749 0.965 0.528
2 32 3REA R ARQHC 2 SOM-RBFN 4 2 3+ 5 % %
- DR HETR
Bl A aila
PRIt MSE MJAPE MSE MJAPE
ARQ) 0.990 0.660 1.041 0.709
SOM-RBEN #£¢ 0.969 0.535 0.901 0.626

4 3-3 384 427 ARIMA(L, 1, 1)#-5% 2 SOM-RBFN #3823+ 5 & &

o e 1 2 B L PR T
B 5N P P
R s MSE MJAPE MSE MJAPE
ARIMA(L, 1, )5 0.228 0.298 0.259 0.387
SOM-RBEN #£5¢ 0.220 0.302 0.260 0.384




34 ¥ b

341 F 7 FHR
Mrf;,ju D BRI H L AR TR R AR H P T T
k4o B 3-3 #7oF o TRk 4504 1982 £ 1 2001 £ ¥ 20 & FAL
¥ ii’aym};a%ﬁi o H ¥ 5102 FEFALIEL DR > ¥k 48 %:%ﬂ‘iif%:%
RIE e

Head (m)
N
(6]

20 I I I I I I I I I I 1
0 20 40 60 80 100 120 140 160 180 200 220

Time (month)

Bl 3-3. 4 Hhiplab 0 T3 T OoREER B A

3-4-2 ARIMA H-3¢
o Rded TOREEE A S| p A4 M a8k (sample autocorrelation
function; ACF) % #% p 2\ 4p B 3 #c (partial autocorrelation function; PACF )
Al R E ek 3-4 9055 o d £ ¢ W ar o ACF By 12 1 7 PR

BME FLZEBpIE12B7 2 44 6(F&BLA) PA-BY)Z, -

Bt % & Z AP A 5|2 ACF 2 PACF RIE 42 3-5 57 o d 4
v ACF % 3R— P Bg 2. sine-cosine 53¢ » @ PACF **pFff - B 7 p¥

¢
BED LR ML EREIENAT AT S

(1-®B)(1-BY?)Z, =6, +a, (3-15)
He » Z SRtz TRk B 5 {643E 8 3+ (backward shift operator;

BZ,=Z,_) ;6,5 %% a ivsks (whitenoise) o35 ¢ & Bk
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(1-0.69B)(1-B*)Z, =-0.09+a, (3-16)

£ % > #5' (1-0.69B)(1-B™)Z, =-0.09+a, 2 7 £ ACF 5>+ % 3-6- o

37 L ACF il 12 0 B s B » 99 & MBS 5 ARIMA(L
O, O)X(O, 1, 1)12 .

(1-®B)(1-B*)Z, =6, + (1-OB")a, (3-17)
He » Q@ Li#F T4t CHFBEL AT A7 40T 0

(1-0.68B)(1-B'*)Z, =-0.03+(1-0.91B")a, (3-18)

Z 3-4 A ARiPlEE s T oREER R 5|2 ACF 2 PACF

(@) ACF p, for{z};(Z =25.89, S,=1.29, n =192)

K 1 2 3 4 5 6 7 8 9 10 11 12
Py 0.73 055 0.40 0.22 0.08 0.00 -0.01 0.00 0.09 0.12 0.18 0.25

Ste. 010 0.12 0.12 0.13 0.13 0.13 0.13 0.13 0.13 0.13 0.13 0.13
K 13 14 15 16 17 18 19 20 21 22 23 24

Py 0.21 0.14 0.08 0.00 -0.08 -0.16 -0.14 -0.09 -0.04 0.00 0.10 0.18

Ste. 013 013 0.13 0.13 0.13 0.14 0.14 0.14 0.14 0.14 0.14 0.14
K 25 26 27 28 29 30 31 32 33 34 35 36

Py 0.16 0.18 0.17 0.19 0.15 0.09 0.08 0.06 0.05 0.07 0.10 0.13
StE. 014 014 0.14 014 014 0.14 014 014 0.14 014 015 0.15

(b) PACF ¢,

K 1 2 3 4 5 6 7 8 9 10 11 12
D 0.73 0.05 -0.04 -0.14 -0.08 0.01 0.10 0.07 0.14 -0.02 0.07 0.08

StE. 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07
k 13 14 15 16 17 18 19 20 21 22 23 24

¢?kk -0.09 -0.09 -0.02 -0.04 -0.03 -0.10 0.10 0.08 -0.01 -0.04 0.13 0.07

Ste. 0.07 0.07 0.0/ 0.07 0.07r 0.0r 0.07 0.07 0.0/ 0.07 0.07 0.07
K 25 26 27 28 29 30 31 32 33 34 35 36

¢3kk -0.08 0.08 0.04 0.16 -0.04 -0.05 0.06 -0.06 0.00 0.08 0.00 0.00
StE. 0.07 0.07 0.07 0.07 0.07 0.0/ 0.07 0.07 0.07 0.07 0.07 0.07
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% 35 A kBl F LA PR A 7|2 ACF 2 PACF

(@) ACF p, for {W;=(1-B*)Z}; (W =-0.05, S,,=1.59, n =180)

k 1 2 3 4 5 6 7 8 9 10 11 12
Py 0.70 0.55 0.42 0.30 0.17 0.10 0.01 -0.11 -0.15 -0.24 -0.34 -0.50
StE. 010 012 0.13 0.13 0.13 0.13 0.13 0.13 0.13 0.14 0.14 0.15
k 13 14 15 16 17 18 19 20 21 22 23 24
P -0.34 -0.32 -0.29 -0.29 -0.26 -0.27 -0.23 -0.15 -0.13 -0.11 -0.03 0.02
StE. 0.16 016 0.6 0.16 0.17 0.17 0.17 017 0.17 0.17 0.17 0.17
k 25 26 27 28 29 30 31 32 33 34 35 36
Pi 0.05 015 0.22 0.31 0.34 034 031 0.23 0.17 0.15 0.09 0.06
StE. 0.7 017 0.17 0.18 0.18 0.19 019 0.19 0.19 0.19 0.19 0.19
(b) PACF ¢,

k 1 2 3 4 5 6 7 8 9 10 11 12
%« 070 0.13 -0.01 -0.05 -0.10 0.01 -0.08 -0.15 0.00 -0.13 -0.18 -0.30
StE. 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07
k 13 14 15 16 17 18 19 20 21 22 23 24
%« 0.36 -0.03 -0.07 -0.18 -0.04 -0.04 -0.06 0.02 -0.02 -0.16 -0.02 -0.13
StE. 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07
k 25 26 27 28 29 30 31 32 33 34 35 36
%« 028 011 0.05 0.03 -0.05 -0.08 0.00 -0.03 -0.05 -0.03 -0.01 -0.04
StE. 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.7 0.07 0.07 0.07

% 3-6 (1-0.69B)(1-B*)Z, =-0.09+4a, 2. A £ ACF

k 1 2 3 4 5 6 7 8 9 10 11 12
Pc -0.03 0.09 0.16 -0.09 -0.08 0.03 -0.09 -0.12 0.08 -0.04 -0.04 0.00
StE. 008 0.08 008 0.08 008 0.08 008 0.08 008 008 0.08 0.08
k 13 14 15 16 17 18 19 20 21 22 23 24
P 0.07 0.01 0.05 0.04 0.03 -0.07 -0.03 0.02 -0.10 -0.11 0.02 -0.36
StE. 008 008 008 008 008 008 008 0.08 0.09 0.09 0.09 0.09
k 25 26 27 28 29 30 31 32 33 34 35 36
P -0.09 0.11 -0.07 0.10 0.17 0.04 0.06 0.07 -0.15 0.00 -0.01 0.01
StE. 0.0 010 010 0.0 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10

3% (1-0.68B)(1- B*)Z, =-0.03+(1-0.91B")a, 2 7% £ ACF | sm -t £

3-7-7 % ACF E4p %
RARRE R uSU g e I

—r,};,};fi:

it
¥

=\l 21
4\‘ %:&g{? -t

&
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Z,=0682,,+2,,,-068Z, ,+a, -091a, ,,-0.03 (3-19)
% 3-7 (1-0.68B)(1-B%*)Z, =-0.03+(1-0.91B*)a, 2. & % ACF

k 1 2 3 4 5 6 7 8 9 10 11 12
P« -0.03 0.09 0.10 -0.09 -0.08 0.03 -0.09 -0.11 0.08 -0.04 -0.04 0.00
StE- 008 008 008 008 008 0.08 008 008 0.08 008 008 0.08
k 13 14 15 16 17 18 19 20 21 22 23 24
Pi 0.07 0.01 0.05 0.04 0.03 -0.07 -0.03 0.02 -0.10 -0.11 0.02 -0.36
StE- 008 008 008 008 008 008 008 008 0.09 009 009 0.09
k 25 26 27 28 29 30 31 32 33 34 35 36
pc  -0.09 011 -0.07 0.10 0.17 0.04 0.06 0.07 -0.15 0.00 -0.01 0.01
StE. 0.0 010 010 0.0 0.10 0.10 0.0 0.10 0.10 0.10 0.10 0.10

3-4-3 SOM-RBFN -3¢

1945 ACF 2 PACF 2. &% 7 v % kb2 7 T30 T L&EH - B4~
1200 2 A3 0 2 kB APMAL FI AR 00 2 B ST AT
% SOM-RBFN H3¢ 2 #i » i« 3 % > g 98,000 = #fk ¢ & 15 » SOM 2
14x14 %A RTHE= 2+ 4oFl 3457 - d SOM H AR w0 £ 74
1A A5 B RS AT IR ERFTRET S & 15 BHEHE o Fpt o SRR
BV P 2 B G Adkp F 15 BomH A2 CEETT AR T

31 | 2 2 12 (8 |1 2 2 |1 0 |16
2 (0 0|00 |1 0 1 0 0|2
1 0 et — 0 0|2
2 10 0 |1 0|0 |00 |O0]O 0 |1
S < “ e + 0 |1
1 0 0 0100 |1 2 2 |2
2 [0 0 0|0 |1 2 0 o0
4 10 0 QG % 0 |1
2 |10 1 1 1] 4 010 0|2
210 0 0|0 |0 0|1 0 {3
o 0 0|1 115
3 10 0110 - e 0|2
1 0 0|10 2 100 |0 1 2
6 |0 1 6 | 1 2 |2 |1 3 0 |26

B 3-4.SOM = ‘&% & B
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3-4-4 &% Bt

B >> ARIMA 2 SOM-RBFN # #5835 7p] 5 & BB B 2 Vb #0585 4 B4
B 3-5 % B 3-6 #77r o d B 3-5 % B] 3-6 ¥ &r > SOM-RBFN #-5' 2 g pl % &
Ay 24 B EARIMA Ho82 sEplB SRlp£d % o —‘F% » ARIMA %
SOM-RBFN 7 fi-3% 3303 ™ /K 2 3F ] 2 3= Fdp i 4 L E 1] 32>t & 3-8 3¢
WITRFALD > SOM-RBFN #5422 MSE 2 MAAPE 2 &4 %] 5 0.06 %
0.38> 32/ ** ARIMA #3% 2. 1.15 2 2.390 gt #b» 3+ R F L ¥ > SOM-RBFN
B8 2 MSE 2 MAAPE 2. &4 %] 5 0.26 2 0.91 > 732 > ARIMA #5538 2
042 2 146 d F iz %7 4v> SOM-RBFN #55¢ cumde s i 2 R A

ZE R

4 3-8ARIMA % RBFN 4% % thabs Tk = 3f Rl 2y b4 R

Method Training data Testing data
MSE MdAPE MSE MdAPE
ARIMA Model 1.15 2.39 0.42 1.46
RBFN 0.06 0.38 0.26 0.91
30
29 -
E 28 . . ’ ) - . )
% ¢ - : Bt * -
L? 27 f:“‘: :‘:‘;?:: - .
. "" 1‘:, - :o - ¢
26 e onitpe™ 2
IR % S o o 0:
25 “‘\ . ¢

25 26 27 28 29 30
Observation (m)

B 3-5. ARIMA #5877 ip] & &7 gruip] E 2 v 1)
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* *|
29 -
*
. >
=
*
E28 .
3 ¢ b
R
8 IS4 *
o
Q27 NP g
‘ * *
DN~k SR
- ‘0.
26 2 oAl
[ *
> 0‘
*
‘0’0 ¢
25 /Y Il

25 26 27 28 29 30
Observation (m)

] 3-6. SOM-RBFN =3¢ 3¢ jp] B 22 BLip| B 2 - i

35 BmEE R

-%;\7

WA - BEHLG KR SRS e e SRR 2 TR
FIFEIRIEE AR E = o fE2. 5 SOM-RBFN $o5% o o 20 i 2e2 fg 5k AL & S fice
Bt  HERAA Sadp 2P B2 ARG - BEFRALRAL T
AT RN B RRRE S D AR AR Y AT Sk &
P B BT RIES BV 2 FRRA 4 0 A L ARIMA RSN R = e pE R
B o] FAL > & izt FokR1:2 SOM-RBFN #5574 22 @ 52 ARIMA H55% 2. 58 3R
HAR - S%EFLFRES T REZTFRMHAR - L0 2T %
SOM-RBFN H#5VJs* »t 5% 380 T % R TR imxp2 30 TRZPER A7)
R T EF & ARIMA 55 2 FER1S % (T o % % Bor SOM-RBFN
R kR

~
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ANONLINEAR COMPUTATIONAL UNITS CASCADED
MODEL FOR FLOOD FORECASTING

Gwo-Fong Lin, Chun-Ming Wang, Ming-Chang Wu, Guo-Rong Chen
Department of Civil Engineering, National Taiwan University, Taipei 10617, Taiwan

Abstract

To improve the forecasting of flood, a nonlinear computational units cascaded
(NCUC) model is proposed in this paper. The NCUC model can overcome two
traditional problems of the ANN (artificial neural networks)-based forecasting
models. These two problems both result from the construction of the memory of
the rainfall-runoff process. The proposed NCUC model is embedded with an
automated calibration method. A popular and robust optimization technique, the
simple genetic algorithm (SGA), is introduced as the basis of the automated
calibration method for NCUC model. The NCUC model is quite flexible to meet
the modelers’ requirements. Modelers can freely choose the number of the
cascaded NCUs and the configurations of the NCUs to build the NCUC model. An
actual application of the NCUC model to forecast the one-hour-ahead flood is also
presented in this paper. The results show that the performance of the NCUC model
is outstanding. The NCUC model is expected to be a useful model for flood
forecasting.
Keywords: flood forecasting; nonlinear computational units cascaded model;
artificial neural networks

Introduction

Currently, two types of methods for flood forecasting (FF), which are
respectively based on conventional rainfall-runoff (CRR) models, such as the
TOPMODEL (Beven, 2001), and the artificial neural networks (ANN), have been
applied for flood forecasting. However, problems that need to be solved exist in
actual applications of these two types of methods.

Typically, methods for flood forecasting, which are accomplished based on the
CRR models (abbreviated as the CRR-FF methods herein), as indicated by Beven
(2001), involves two sequential phases, and the data requirements are different
during the two phases. The two phases are the calibration phase and forecast phase,
respectively. The kernel of the CRR-FF methods is a CRR model which is
employed to represents the rainfall-runoff process. Therefore, the first phase (i.e.,
the calibration phase) of the CRR-FF methods is to adjust the CRR model, so that
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the CRR model can appropriately model the rainfall-runoff process. It should be
noted that the CRR model mentioned herein constructs the current-state relation of
the rainfall and the runoff.  For clarity, the following equation is used:

Q(t)=CRR( p,(t) i=12,...,9g (1)
where CRR( ) is the CRR model, p,(t) is the rainfall of gage i at time t, and g is
the number of rain gages, Q(t) is the runoff at time t. In this paper, p,(t) is treat
as the input and Q(t) is treated as the output of the CRR models, respectively.

For CRR-FF methods, flood forecasting is made at the forecast phase, and the

data requirement is different from that at the calibration phase. At the forecast
phase, it can be found from Eq. (1) that the CRR-FF methods require the rainfall
forecast as their input so that the future runoff can then be forecasted. For clear
explanation, the following equation is used:
Q(t+1)=CRR( p,(t+1)) i=12,...,9 2)
where p,(t+1) is the rainfall of gage i at time t+1, Q(t+1) is the runoff at time
t+1 and others are as defined above. The CRR-FF methods needs additional work
to acquire the rainfall forecast to enable the forecast. This additional work
increases the burden of the hydrologists who employ the CRR-FF methods.
Furthermore, the precision of the rainfall forecast obviously influences the forecast
accuracy of the CRR-FF methods.

The forecast accuracy of the CRR-FF methods is another notable matter and is
influenced by two crucial factors. One, as aforementioned, is the precision of the
rainfall forecast, and the other is the modeling accuracy of the CRR models. From
the present viewpoint, the accuracy of the CRR models, which highly depends on
the appropriateness of the model parameters, is perhaps not comparable to that of the
methods for flood forecasting based on the artificial neural networks. The
evidences regarding the accuracy of the CRR models can be found, for instance, in
Todini (1996) and Franchini el al. (1996). The CRR-FF methods are difficult to be
applied without an ACM, because the manual calibration of the parameters of the
CRR model does require much time and can be done by experienced engineers only.
Therefore an ideal CRR-FF method should have an ACM. Moreover, the accuracy
of the CRR-FF methods is improved, if the CRR-FF methods had ACMs.

Artificial neural networks (ANN) nowadays are widely used for flood
forecasting. Papers discussing the ANN-FF methods are quite numerous (Anctil et
al., 2006; Aqil, 2007; Baratti, 2003; Bruen, 2005; Chang et al., 2002; Lin and Chen,
2004). The foundation of the ANN-FF methods is the relation between the future



runoff, and the current rainfall and runoff, and the previous rainfall and runoff.
The future runoff is the output of the ANN-FF methods. The input of the ANN-FF
methods is the current rainfall and runoff, and the previous rainfall and runoff. The
ANN in the ANN-FF methods is the mapping of the input to the output. There are
many categories of the ANN-FF methods, and their differences are the ANNs that
are used to build the input-output mapping. In the ANN-FF methods, the ANNs
employed evolve from the feed-forward networks (Anctil et al., 2006; Aqil, 2007;
Baratti, 2003; Bruen, 2005; Lin and Chen, 2004) to recurrent networks (Aqil, 2007;
Chang et al., 2002), etc. The strategy adopted by the various ANN-FF methods for
flood forecasting is identical and hence they have common shortcomings. The
strategy and shortcomings are explained using the following equation, which is also
the general description of the ANN-FF methods:

Q(t+1)=ANN(p, (t), p,(t-1),..., p,(t-k).Q(t), Q(t-1),...,Q(t-h)) i=12,....,.g (3)
where ANN( ) is the network used by the ANN-FF methods; p(t) is the rainfall
of gage i at time t, pi(t —1) is the rainfall of gage i at time t-1 , and so on; Q(t+1)
is the runoff at time t+1, Q(t) is the runoff at time t, Q(t—1) is the runoff at time
t-1, and so on; k and h are the numbers of time delays of the rainfall and runoff,
respectively. From Eq. (3), it can found that the strategy of the ANN-FF methods
is to take all available rainfall and runoff records as their input.

Two shortcomings of the ANN-FF methods, which are caused by the required
data, are the memory (i.e., the temporal dependency between the input and output)
(Haykin, 1999) construction within the networks and the requirement of the runoff
data. The first shortcoming results from the evaluation of the memory length (i.e.,
the degree of the temporal dependency between the input and output). That is the
magnitudes of the variables k and h in Eq. (3) must be carefully determined. The
procedure to evaluate the k and h in Eq. (3) is called the system identification. The
system identification can be done by trial and error (Luk et al., 2000)
cross-correlogram (Sajikumar and Thandaveswara, 1999) or the corner method (Lin
and Chen, 2007). The second shortcoming is the requirement of the current runoff
and the previous runoff as the input. As is well known, it is dangerous to measure
the runoff during a severe flood. The requirement of the runoff data also results in
the difficulty in applying the ANN-FF methods. These two shortcomings confine
the usability of the ANN-FF methods.

The purpose of this paper is to propose a method for flood forecasting based on
the nonlinear computational units cascaded (NCUC) model which is embedded with
an automated calibration method (Lin and Wang, 2007a, b). The concept of the

3



proposed method is simple so that hydrologists can employ the proposed method
without difficulty. Moreover, the aforementioned shortcomings of the CRR-RF
methods and the ANN-RF methods are overcome by the proposed method. Actual
applications of the proposed method are also given in this paper to demonstrate the
capability of the proposed method.

The NCUC model

The NCUC model, which is firstly developed by Lin and Wang (2007a, b), is
originally used for the rainfall-runoff modeling. The building block of the NCUC
model is the NCUs (nonlinear computation units). There are four different types of
the NCUs. The configurations of the NCUs can be selected arbitrarily by the
modelers. The NCUC model is built by cascading several NCUs. A specific
ACM which is based on the simple genetic algorithms (SGA) is also proposed to
facilitate the modelers obtaining the parameters of the NCUC model. The
modeling performance of the NCUC model is outstanding. It is concluded that the
NCUC model is an effective and efficient tool for the rainfall-runoff modeling. For
detailed explanations of the corresponding ACM and the modeling performance,
please refer to Lin and Wang (2007a, b)

The method for flood forecasting based on the NCUC model

The method proposed herein is for flood forecasting and is based on the NCUC
model. Therefore it is abbreviated as the NCUC-FF method in this paper. The
flood at one hour ahead is forecasted. The data requirement of the NCUC-FF
method is quite simple, and is unlike that of the CRR-FF and the ANN-FF methods.
The following equation is used to explain the NCUC-FF method:
ED(t +1)= NCUC(P(t)) (4)
where P(t) is the areal average rainfall at time t, NCUC( ) is the NCUC model,
and ED(t+1) is the equivalent depth at time t+1. The core of the NCUC-FF
method is Eq. (4). P(t) is the input and ED(t+1) is the output of the NCUC
model. Unlike the CRR-FF and the ANN-FF methods, the NCUC-FF method only
takes the current rainfall as its input to produce the forecast of flood. Therefore, its
usage is simpler than that of the CRR-FF and the ANN-FF methods.

For conforming to the common unit of the runoff (m%s or ft*/s), the equivalent
depth at time t+1 should be transformed into the proper unit using the following
equation:

ED(t+1)A
T

Qt+1)= t=12,....q (5)



where A is the watershed area, and T is the time interval for sampling the data.
Q(t+1) is the runoff at time t+1 and is the final output of the NCUC-FF method.
The units of A and T should be carefully selected according to the unit of Q(t+1)
for the dimensional homogeneity.

The NCUC-FF method has an ACM, and therefore the model parameters can
be easily obtained. The objective function used in this paper to calibrate the
NCUC model within the NCUC-FF method is the simple least square (SLS):

SLS:g(Q(t)—Q(t))Z ®)

where Q(t) and Q(t) are respectively the forecasted and the observed runoff, Q
is the average observed runoff, and n is the number of data elements. A smaller
value of the SLS implies the better performance.

Study area and data set

The study area of this paper is the Shih-Men Reservoir Watershed which is the
third largest reservoir in Taiwan. The area of the study watershed is 763.4 km?, and
the total length of the streams in the watershed is 352.63 km. The annual average
rainfall depth is 2,444.4 mm. Fig. 1 shows the study area and the locations of rain
gauges and one water-level station. The original purposes of the water use of the
Shih-Men Reservoir are to provide the water use in agriculture and are for flood
control. However, due the transition of the society in Taiwan, the main purpose of
the Shih-Men Reservoir is now changed to provide the municipal water use. In the
area where the water is supplied by the Shih-Men Reservoir, the population grows
rapidly and the demand of water increases consequently. For better operation of
the reservoir, an accurate flood forecast is of great demand.

The information of the data set employed in this paper are four typhoon events.
The data set is divided into two subsets which both have two typhoon events. One
subset is used for the calibration of the NCUC model within the NCUC-FF method
and is called the subset I. The other is to be forecasted and is called the subset II.
The hyetographs of the areal average rainfall of the subsets | and Il are depicted in
Figs. 2 and 3. The observed hydrographs of the four events are drawn in Figs. 4
and 5.

Results and discussions
The optimal pattern of the NCUC model within the NCUC-FF method is
determined by the strategy given in Lin and Wang (2007a, b). The optimal pattern
selected in this paper is {D2, D2, D2, D2}. Regarding the notation of the model

5



pattern (i.e., {D2, D2, D2, D2}), please refer to Lin and Wang (2007a, b). The
NCUC model of the optimal pattern is calibrated respectively using the objective
functions SLS. The corresponding 1-hour-ahead forecasted hydrographs for the
calibration and for the forecast are drawn in Figs. 4 and 5. Form the figures, it can
found that the 1-hour-ahead forecasted hydrographs closely meet the observed ones.

For quantifying the performance of the NCUC-FF method, four frequently used
performance criterion functions are used. They are (1) Error of peak runoff, (EQp),
(2) Error of total runoff volume (EV), (3) Coefficient of determination (R?), (4) Root
mean square error (RMSE), and (5) Efficiency coefficient (EC).

The values of these performance criteria of the results derived from the
NCUC-FF method which is calibrated using SLS are summarized in Table 1. It
can be seen from the table that the performance of the NCUC-FF method is
outstanding.

The hyetograph of the last typhoon event is a relative complex one, because it
has two significant peaks. The other hyetographs are relative simpler to that of the
last typhoon event. Though the NCUC model within the NCUC-FF method is
calibrated using simpler events, it can be used to forecast more complex events.
Furthermore, as indicated by Anctil et al. (2006), the ANN-FF methods require
runoff records as their input to well produce the rising limb and recession of the
hydrographs, because at that portions of the hydrographs there are many zeros of the
rainfall depth records. However, the NCUC-FF method can excellently produce
the rising limb and recession of the hydrograph with taking the rainfall depth records
as its input only.

Conclusions

The shortcomings of the CRR-FF methods are the requirement of the rainfall
forecast and the absence of an ACM. The shortcomings of the ANN-FF method
are the requirement of the system identification and the current runoff as the input.
The NCUC-FF method proposed in this paper does not needs rainfall forecast as its
input. The memory between the input and output is involved within the NCUC
model and thus the job of the system identification can be seamlessly done. Since
the memory is implicitly constructed within the NCUC model, the NCUC-FF
method requires only the rainfall data as its input. Moreover, the NCUC-FF
method provides the flexibility that allows hydrologists choosing the model patterns
to meet the characteristics of watersheds and has an ACM to help hydrologists
obtain appropriate model parameters. Actual applications for flood forecasting

using the NCUC-FF method are conducted in this paper. The evaluation of the
6



forecasting performance is also given and the results show that the forecasting
performance is outstanding. Especially, the rising limb and the recession of
hydrographs forecasted by the NCUC-FF method are quite excellent even without
employing the runoff records as its input. Therefore, it is concluded that the
NCUC-FF is an alternative method of great potential for flood forecasting.
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Table 1 Performance of the NCUC-FF method

Subset Performance criterion function

RMSE EV EQ,
EC R?
(m*s) (%) (%)

I 0.99 103.90 -0.63 -2.26 0.99

Il 099 8286 -0.82 -8.02 0.99

*The NCUC model within the NCUC-FF method is
calibrated using the objective function SLS.
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Fig. 2 The hyetographs of the areal average rainfall for the

subset I.
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Fig. 3 The hyetographs of the areal average rainfall for the

subset II.
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Fig. 4 The observed and 1-hour-ahead forecasted

hydrographs for the subset I.
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Fig. 5 The observed and“ -:I-hour-ahead forecasted

hydrographs for the subset II.

The NCUC model within

the NCUC-FF method is calibrated using the objective

function SLS.



