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Wie 2 TR R B G % BPN v iR e 1 2 SR R s HRIEE
P ¥ i@ BPN i ﬁ@ﬁ:—t A A - T (R A I S TR m,erﬁ;
B SRTEATIR D 220G itk AR R L p kg 225(Nikkei 225)3R fT B 42 4p ﬁmaﬁ
FHEFAY T E R BPN -~ S8 (random walk) #5382 H s f * 2
Tiapm = 2-1 H # % T 35(simple moving average) % /|- & = 2 (wavelet frame)
Z ”}F‘/?J EEEFI R o FE S5 o AR 2.2 E T L_‘?F'/?J\éﬁ‘ili L AE%
i ﬂ@Fﬁi &L ORE i Y BPN SIS H - BEBHTIHZ | fi=
M4Eie @ PR R ISER] b S AT 5 M SR R dp Bk
Abstract: The characteristics of time series financial data are inherently high
frequency, noisy, non-stationary and deterministically chaotic, which render the
time series financial forecast extremely challenging. Owing to advantages in
building non-parametric and non-linear models, artificial neural networks (ANN)
have also been applied to time series predictions, especially for modeling
financial time series forecasting. In ANN based financial time series modeling,
one of the primary issues is the inherent high noise. It is an important but difficult
task to identify and alleviate the noise in order to build a reliable ANN forecasting
model. To minimize the influence of noise, we propose to conduct financial
time-series forecasting by combining the approaches of both independent
component analysis (ICA) and back-propagation neural network (BPN). The
combined approach first applies ICA to deduce independent components (ICs)
from the forecasting variables. After identifying and removing each I1C contained
noise, the filtered IC signals are then used to reconstruct forecasting variables and
applied to the BPN forecasting model. In order to validate the performance
advantage of the proposed approach, the Nikkei 225 opening cash price index has
been used as an illustrative example. The experimental results show that the
proposed model outperforms in forecasting accuracy the conventional BPN model
with non-filtered forecasting variables, the random walk model, the simple
moving average model, and the wavelet frame model.
Keywords: Financial time series forecasting; Independent component analysis;
Artificial neural network; Stock index
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B KSR L A R R L E ST R 3 A
N I R B N S SR s & A S “’WE'F - %"?‘\% LT AR o
WA IERPEY Y o Flm T MR B SRR D RIEDEFF E
Rmod %§$ﬁ,¢'r§ A R - AP "f{ﬁ]—f’t‘j‘ 77 ,ﬁ;% ~
Bk 2 ROPESE RS R E P R EMBEEF AL $ 34 F (high
frequency) ~ 3221 (inherently noisy) ~ 2t Z_fk (non-stationary) = ;& ;% (chaotic) % |+
i (Cao, 2003; Deboeck, 1994; Yaser and Atiya, 1996) - # ¢ 323 g ® EHEE 2
TRIRIHESY A 4 B & fie i (over-fitting) & fe if 7 & (under-fitting) e R 48 5 @ 22
BN P R EREERE A A R TR A g itgﬁﬁ“]f]&n B HC SN
2 FIEER o FlPt 0 MR R S| AR AF ST SRR AR R R > &
- j&=E ;};k« B R AR o
Y PATERE R R SRR TR Y cha B2 G 0T e 5
SRE e TIPS AR L ARG ERECFTHRIEY & ";H
Bivpr ey o F L AL ;EI; s;# (Delphi technique) ~ & % & L2 % 5 &
SRS R A Y ’#ﬁiﬁiﬁ&%iﬁ?ﬁgtiké
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ﬂumﬁuamﬁﬁgﬁﬁumw’ﬂﬂvaé Bt E A#H D
BIHC 2 2 4 3 E (artificial intelligence, Al) = &~ 2o § & enid 4L3p
RIBES 5 dp T2 (exponentlal smoothing) ~ F¥ & & 7| & 47 (time series
analysis) % it i ~* 17 (regression analysis) & » o * @ ALeIp RN T F B & 4
T2 B3K 0 Flm 4] 7 H 9 * M4 (Lee and Chen, 2002; Lee and Chiu, 2002) » 7]
WG ERA G F Y R B I E S R ERR F AR R
* oo
ERR A %grf‘ﬂ L@ A i e e (artificial neural network, ANN) & >t
Pep FNR MM % 3 3 BER TR OGBS E Y &k s
FoAedy N FOR Y ATIE 7 A & pi(pattern) s i (R H GRS 2R
TR A R B TR eIE R R ALY 3 AR eh 4 3R (Zhang, Patuwo and Hu, 1998) > ¥ ¥
RLcnfis B AFERAEE Y o @ R LAY > 2 B Rgs TR
(back-propagation neural network, BPN) & # #t 33 # 22 i¢ * (\ellido, Lisboa and
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Vaughan, 1999; Zhang Patuwo and Hu, 1998) o d > p4 53 B B 71| 3E P F° 2 e
AR R SRR T %"E‘ﬁfn;' BB IR R B IR Fp AT Y R
BPN i %#E?J TAPERE A J'J BRIEs o
M haE T%é?’le-ﬂé??& B PSRRI P B o T B %\i} LR AR R 7
TAte 3 3F % e (Deboeck, 1994; Yaser and Atiya, 1996) o d »tF AL ¢ 5 A
FEIPE > £ R FWARPIRC gAY F Y Fle RN aT oA A A ﬁﬁi
fedl 2 feil 7 KAOR AL v B RRERRE B A SRR kT Rl B
Flptdete BRI B & “f PAIRPER B 7 TR P arge i i 'E i< H 43 BPN myﬁtlj.sa
RO B T AR o )?u%‘ = ER O RA -
B = i» & 37 (independent components analysis, ICA)Z_ - & %fr;ﬁ HL B
f B2 BT 0 A B * 3 g 38 A Gk Uk 4 #(blind source separation) e R 45
(Hyvérinen and Oja, 2000; Lee, 1998)» H p «hf il § T @ § B HLIR & 4]
R T o R TR & %‘f{(mlxmg signals) ® 5 11 B A ek R B
(latent source signals) iz B kiR EL i ICA @ L5 b= = > (independent
component, IC)(Hyvarinen, Karhunen and Oja, 2001)- d ** p fF 5 7] eia32 31 F 3L
AL iEd BRI AR e EE - Fpt I ICA MR & s gl A
KR ELLS » BEELEF KRR AP A IR > B By I F Y g
Wod 3 ICA L F wabdrft, Flpt AF7 7 #]% ICA L5 R Tfﬁ%ﬁ*mq 3
;wﬂ T RS A ORRIS R
Foorat s AAT G o0 ICA ML BB AT A TAPER B A TRRI R KL o
ift:'v BE A 1TE B RN SRR A ﬁ»B"%F'*);w «F‘J%s—i 2
Li"ﬁf-ﬁ_ﬁr ’ p Jﬁ‘f ICA A3 Buih AL KRB (TH: 2 >) &
F 3 KT REAFTHE? R ShE R REFHE A PEEERFAEAF
5l ,T.;»x 2 R A & 1 BPN Vi esu 6 iR et i
ﬁ';ﬂ]ﬁ:—t o MFTE ATH T 2 AR 0 BPN RS FIX A g e A4
feif v feif 3 AR AT 2 BPN NSRRI % ol mAR o 5 RE TR
7 oox
h
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i#2 g it A ke p kg 225(Nikkei 225)3R f B dp il 7R BT
s X2 E fai * BPN 558 ~ 5E 0% % (random walk) 2 H i F # fé“fﬁﬁ 2 i
ﬁé % ¥ L ¥3(simple moving average) % -] j4 1= 28 (wavelet frame)z_ g | 5
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Wﬁﬁ%ﬁfﬁfKﬁﬂw\:“lﬁﬁipiﬁﬁﬂ; R R SR ]
Nikkei 225 43 #cPF Fdp it (TR B A7 > TP BB % 5 R %2 &pl 5 4
2 bthBaiE g o

2@%?&

21 Bz =iz ar

3&r%ﬂHﬂEMﬁ*b%i@“*%%%%@ﬂ‘%%ﬂ%ﬁﬂ‘
By P2 A s yeasan i 48 ¢ (Bartlett, Movellan and Sejnowski, 2002;
Beckmann and Smith, 2004; James and Gibson, 2003; Jang, Lee and Oh, 2002;
Jung et al., 2001; Kim et al., 2004; Lin et al., 2004; Vigario et al., 2000) - Ikeda
and Toyama (2000) /& * ICA *tg4kiE B (MEG)F 4L » 1 * %% 4 47 (factor
analysis) i > @ EdRiE B A ELEARR 0 £ 1% ICA N EiE W AJR (S 2
A FIEFESETEABE AR ot B RA A S SRR RBEL
FEM A A I MELANAF PR N Ak A B h e Y s A dE lhﬁ?’%‘uﬁ L7
& & a3 4, o Déniz, Castrillon and Hernandez (2003)% & ICA & L Ew £ 1%
(support vector machine, SVM)ig {7 4 i 338 » L4 % ICA $30 R iz 3+ )
Bz 2o Tz s A 2 (8 41* SVM & = A fFHet i
{7 A 5 & 3 o Visser and Lee (2003) 1 * ICA 35 3 Hi 5 b » BB LA
d % § =k 3 (background noise) ~ + 4§ % /m(interfering point source) % % ¢ X ik
25 (speaker  signal)#riR £ @ 2 0 RiF i ICAXEZR AP B Db 25 o
Foafhr A BT KR % RSN R - ;;:ﬁ % B 14 Jp) (speaker
activity detection) i3 vf FRwkd > METFERH B Do

TR ng&? s |ICAALE Y *“*m%*;%@w % #rﬂ;:%%;gkzﬁé;'ﬁ s @ BT A FR
TERAR 32 2 vﬁ%ﬂ |43 & s 2B - Back and Weigend (1997)
&t ICA 3¢ A> 1 4 gmﬂ‘%‘b e i (¢ ICA Jfg_;\ PP AILE R B e
W28 K PR P e B R R | TR b A oL S RT R p S
PRETERE PHRESET R AT 2 A i A e e o
Kiviluoto and Oja (1998)/&* ICAH ;AT E R 2 EF M A& E LT
F oS HPpI AR TS FEFRESENIZILIEREBED ~F &
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2 H @7 & E L R - Oja, Kiviluoto and Malaroiu (2000)41] #* ICA 3¢
EREFIER AT ICAH#HEFTHREFTH: L5 L ERPEZESM
MR Rb S S P e 2 (S A 4 iv b (autoregressive, AR) 5% 3R
BT -HERARE RETEIERZHE PR KA T - PR
FRRE 25 TLE AREZICAZ R ESReER* AR 5 if

2.2 WA SRR

A SRR EAP v BB ARG o- PER P LD LA
Bo e EETE4 s TRER ¥ FE  MBTEZ LD B [ A SRR
% (Andrisevic et al., 2005; Lee and Chen, 2002; Lee and Chiu, 2002; Lee and
Chen, 2005; Tsaih, Hsu and Lai, 1998; Yagci et al., 2005; Zhang, Patuwo and Hu,
1998) o @ FEpAd e ps 8O aniN ¢ o g @R A SRR (BPN) R R B
i e3¢ (Zhang, Patuwo and Hu, 1998) » & ® 4245 Vellido, Lisboa and Vaughan
(1999)45 #1 p 1992 3 1998 # B » i¢ * FpAd SRR KAPM AL Y o
BPN 2+t 5 B iE 78% > Flpt 247 3 7 #ie * BPN 2 4R33P 7 B 730 RHC
7% o Grudnitski and Osburn (1993) r2 b ik 350 & & 5 ~ & | ?%’ RS a0 S
EAR P B AR A R RT FENz 0t FiF L BPN 2 ﬂia‘]
Fhco ¥ S&P500 &% £ A KE B P i A B REFIER AL REHF
7> BPN 1> 3R] ™ B 7 S&P500 fr & 8 f i %6 > & Wid 3] 75%fr
61% e > » & LB p 5 5 17.04%F- 16.36% - Greg (2001) i * %
B4 £+ 54 £ 5 £ (yield spread) ~ 90 = 7 # 4 £ 41 3 (90-day corporate
paper rate) ~ & & £t & p R (M2 and M1) % 55 5 2 5 #7300 KR 4
#c(Toronto stock exchange 300 index) it A ii%l 8 1% BPN ~ stfhie b
TR H AR 2 gl T A TR 4 £ 4 FIP 2 A L 3(GDP) A £ 4 > 31
1968 # % - £ 3 1999 # % - F2 THEFFHE > S5 K7 > gpF 5 GDP
S E R SERAHERIE ST  ATER= & GDP = £ FpF > BPN 2
TRRLE % PR RS PR R SRS e

Ilan, Min and Sadowski (2001) 2 7 — #§ (one-step) & = #cp (multi-step)
LT 4 @?J » s 1% BPN ~ R #74p 8T 2 (Winters exponential
smoothing) ~ ARIMA %2 % ~:it ET" PN TEpl 1978 # 17 3 1995 £ 4 £ W E
B¥2 ) FEGF ST A RTDEAEET o w il pﬁ#i@‘ﬁf‘-’\



Chiao Da Management Review Vol. 28 No. 2, 2008 193

BPN #-5% 3g i % LB i - Kanas and Yannopoulos (2001) 2 %412 = % £ it 5
ﬁi%lz\ o it * BPN 2 auitir jFHcst > 7ip] 1980 # 1 7 1 2000 & 12 » i
% 4p #(Dow Jones index) £ & g P 4R 4p #c(Financial times index) - %z % &%
BPN & 7% F en3g Bl Rt + % 5 & iE o3 Pl % % - Cao, Leggio and
Schniederjans (2005) & * = 7 4R f¥ ~ 2 F 7 E > b & 4p tk(beta) 2 te o -P (L
(book-to-market) i* % ﬁs?] » g ﬁﬁ?ﬁ BPN #3587 AT8 3 HL EFE
FER T2 1999 &£ 1% 3 2002 & 12 P 367 R H @3 F AR E L AT
AP B EREFT RS S TR BPN A Rl b Y Y R IR
Bk o
d TR R AR RN AREE B > ALY BPN SRR 2 R
;LM = gi & fgss, Fot feaE g BPN TR P o SRR R P Aok 3 t+_
LR AEE B o B~ bR LRI AR R Ak 0 Flpt s caalaﬁiﬁfrwﬂjg
ﬁvi;'i?ég(Chen and Romagnoll, 1998; Chen, Bandoni and Romagnoli, 1998;
Christensen and Pearson, 1992; Mufioz and Muruzabal, 1998) - Yu, Wang and
Jiang (1996)4; 1 & BPN e ¥ 427 > 4% %;ﬁﬂé'ﬂ'riﬁiﬁ?ﬂ WREY
REFHBEFEHRRAES AEREF G AR TR E
(threshold)# &1 4+ 4373 £ ezt di 4> & 5‘3 ViEfeAs s FHRAZ PHE
TAhd FPERE Y AR MR ﬁ RPN X AR
FE 5 5 Park, Joo and Choi (2000) #]41 * i3 & % B /% Jg*4 5 R % #cp cgen o
AHPRFHRHELHERE L ﬁ@'i ‘,/f [N T] /?J _’gi”g, RN R i
B T)iE R (S 2 TER R RS R BPN 2R f R SRR F SE 2
FRRBS > RS BB ERFAEATHREFFTEAY S5 FRGED i
9 3g R S Bica % F BPN endp Bl r S o

\‘?é,mﬁli

3. B g

31 B =ixar

£ X=X, Xy, X I B0 X572 R A S MxN(MSN)iR &35

B B X SRR IXN R B 7S - BA A ICA 558 F 10 &7



Financial time series forecasting using independent
194 com i ifici
ponent analysis and artificial neural network

% (Hyvérinen and Oja, 2000) :
M
X:AS:ZaiSi (1)
i=1

Hea TR MxM AR & a9 (mixing matrix) A 7% i B 7+ 8
(column vector) > w £ 5, 2. & M xN m%frilﬁz:ﬁ"f—;(source matrix) S e % i
i 7] % & (row vector) » 7= g 2 o R & ELaErE X 73 LR B K R
’%’i" BB RIRMELS, 7 5 kit b m'rg T L iE2ts o ICA 3
H - BAEMxM hjEa & s (demixing matrix) W - :szrﬁz?@ HuR &
MEBEEEXEFENE AL AR MXNagEelY » 7n

Y =[y,]= WX 2)

St

v ’y.{iﬁ“iYﬁﬂﬁv%v*ifﬁ;f'Jr?E_oré'g_yiiﬁ“:!»fﬁfg
s E AR 2 S (IC) o ¥ R LB W SR A B A SE BEpE

E:'FW:Ail’ J‘}:j&" 1:,\'] ;Lz_"‘l’;f-r’\l’—l"J-lgﬂ /}El TL%{,

4 = i 4 45 (principal component analysis, PCA) # 4 * % 27 ICA it

#eo ICA ARAL 5 B PCA st > 2d 3 B4 o e ¥t 4 & A5 % o
§_ - pp ezt £ (second order statistics) > ] * £ R R ErE kS A AL
(principal component)» i % 4 é3 B2 » 5 5 FHRFE S L 3 weq ICA
plE_ * 3 ks £ (high order statistics) > 1% A 1 A E & S if i 0 2
Kz &5 b A g e LT REB EE A e o G- B
X FAAS F s R L ME S PCA B w L EAS B AR B
(REE X )A ICAZFEE > 2R 2 FA3 B R v (b i X )o
7 B PCA £ ICA M 2 e » ¥ %< Hyvdrinen, Karhunen and Oja (2001 ) -
ICA #5545 - BAMDBRK & UH] > FE 2 2 EF QN
(Hyvdrinen and Oja, 2000) » 3L & ¥ if B3k 3 7 % & LB T| et 5L W% %
FFH ;i?&*oﬂ&,mA?uﬁﬁﬁ$—%&%ﬂW%’%ﬁ%*
S irafhs HERE > P SR Sd RFitaEaS N EREELW e T
TofEREELWT 2d - BT (unsupervised)m;‘iﬁ"ﬂ F AT R
e p T E R IC Bzt jha i s od 3 IC £ 5 223 214 e
(non-Gaussian distribution)>*£ 7 % IC 2. &F 3 % %t = (Hyvarinen, Karhunen
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and Oja, 2001) » F]t IC 2. 2£F #7344 (non-Gaussianity) ¥ # i ICA /& & /2 eh
Piedifice m v * 30 PH = 23 f-"r%—*r'rh DRI 0 K L B
3+ & 72 (high order cumulants) » £ ¢ ¥ 3t ;2 (mutual information) % § % /%
(negentropy) » H ¢ x v g Gk ﬁﬂh‘ﬁt ﬂ‘;n”n_»i’ ¢ * (David and Sanchez, 2002;
Hyvérinen, Karhunen and Oja, 2001) -

B Lk WIS P Y (entropy) sh R ik e 2 0 AT R
HYHE - TR EE o LA T ER YR AR AT AL %‘f
ER R BN AR L ARG (AR E TR A AR SRR By

Box % R & & o op(m > My S H T o & i

H(y) = Ipy(n) log p, (77) d77 (Cover and Thomas, 1991) » 4345 T 3235 » ot

FEFARRREEBOEW AR 0 R RETA RO HEE S G B g o Tt
FRELEZE AR MW EERE LG B EA F kg ] (Hyvdrinen,
Karhunen and Oja, 2001) o o ptze i > 7 ¥ H che & - B & §F (7253 87
SRR B o W H Beisehr AL S £ % J (negentropy) ¢ #_& 4o (Hyvérinen,
Karhunen and Oja, 2001) :

J (y) =H (y gauss) -H (y) (3)

B? Yo 2T fry £ F AR R R g 21w £ o f W HEAT S f E
TIWY)20 - E Gy LiBErARMIY)EE] € ZE T2 ICA G 5
i B £y f % T MaximizeJ(y) -

Koo f B Ol %ﬁ*‘u%\?ﬁ AT PR R TR R RIEAE
W FR G YOS TR R S8k f(y) o 57 f2A-E B A AE > Hyviérinen
(1999)%F & 1 f “F et i S i

J(y) o< [E{G(y)}- E{G(")}]* (4)
He v T8 PP %R 8: Lag iRl W%k Gv 5 xm2to
=x > 3 He(non-quadratic function) » F15 G F 5 = =t Sk J(Y) % 5 &

o
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RS kK2 ICA H3N i B 2 ¢ - Hyvarinen (1999) 73 21 FastICA
WEEd N E T “’%‘msﬁ Bong o 0 R AJ8 ICARAE Y ¥ & % enjf B2
LR e 2 AR R T S &

3.2 5] @ yhAEAY TR

A GRRORSEEE AMER T o K2 F ¢ A 5 2 (neuron)
*}]%_337}9 e — LRI A GRBP M ST el F e Sapr o &
B R m@l > EiRAPHE & M7 B LS fEHg(weights) > Sr B i 5 d A 5
7 ¥ e S fig(activation function)d& 3 0 @ (¥ 1] - ﬁia:J HiE s HApsgdeR 17

5o

X, Wiy
Waj

X3

. Yj
an

Xa

M1 g
ALY X =120 B RE AR W, R R

g

Wi

Z, =W, x X, & 3 4 fe s £(Z,) RIALA % - s Solies B i Y, R

"I” .EIJ.‘_ o
WA SRR SR R cheie Al i 2 Y iy ;H’év ™ A
3% 2_ — (Vellido, Lisboa and Vaughan, 1999) o i i@ iE4g4¢ & it 2 4% 0

8 ¥ (supervised learning) g i fio5¢ ch— fd 0 B FOR AU "’ﬁa(forward)

=\

_EF
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2.2 e Bike— ka3 F BRI SRR B 7=
layer) ~ *£ & & (hidden layer) 2 éi%] 21 & (output layer) » # @ "5

Bt 5 R o ol B84 o A G Al PO S AP T e R R
OB AR P A B % R e bt el 0 o - B H ) gl
BB SR T TR 2 -

& +8 - & (input
éfl

ER SUGEVE S

P-4

# #
IS jll
8 8

PR £ L R A RSt L R
i’ .
F

BRGEID T - AP H L RE(W,) > A E L TE AR

B BEREA SRR YT AR d ﬁﬁj R T B R R e
BB eamEaipes o Py BRERAE 2 B g

VBB E R EuES AR 0 B PBGERE A
DA feard B2 0 Gk o i) BIRARAY AT B O R e S iR
Sigmoid function » H 43¢ % f(x)=(1+exp(—x))™" » @ B ¥ * o FuE AL L
st 3 "% % (gradient steepest descent method) » & % k3 B E R # g R

AW. » 11585 4 5% ¢

1
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AWij = _n(éE/Mij) (5)
BY naiB8Y ¥ E ZU—A) LSBT FIRE S A SRR
M e
LAF"—Z‘Q “5‘_“#&%.%%“%‘&@&’%4}3 ﬁ{-’& = x E] d }i ) / _&r’—g\]z Eﬁ: JAS +,_fr_grk ml“‘l
#10 P F R PR~ B R L AT g et /é > R Py

LES Rk & SR R B S Sk S ’%fm;&ﬁx S m‘%@%ﬁtp .
‘i"%’%"%é SEeE NS )& ﬁjgrsg IDEN ¥ X XL

Pl g e RGE 0 TG - R p‘iﬁft IR R = SR ,’E'_»%é
A SRR 2 e Rt ¥ 44 Anderson and Rosenfeld (1988) £ Tang
and Fishwick (1993) % 4 2. ¥ i¥ -

-Ll»':*
A-

“J

4. % & ICA ¢ BPN fE Rl #5224

FraRI-2Eh2rA 78 5@ igs SRl Mpil R 7

g /?'J%sr‘\ o LIRS L B4R T A A 1% ICA SRR B F R e e
2o % @ % BPN 22 E Rt (8 chip R R BE AR B 304 o g A
ICA z_ % g2 38 4 » - M BaR 5 IxN gl fkex, 2R &Ll
F1# ICA HNEAEE X P B3 M BAaR 5 IxN afhz = i (y,)2 2k ;5
MxMeefzREEEW o ¥ > S H It Lenadfpzp 25 %
Cheung and Xu (2001)# ! z_ip| 38 # % ;# (testing-and-acceptance, TnA)¥t b =
AR F AR AR FER o TNA AR F 4R & (data
reconstruction) erigt B = ;2 (ICA ¥ B R e 3540 & 58(6)#777) 0 & * relative
hamming distance(RHD):ﬁ» RFZ2E 3tk FTERREBOAEITEE MR
PR AR g Ap A2 & o RHD EA% ] & & B 5 7| Tt 2 A5 Akqp o2 > § 8%
Rr-RFHELZO0 2 2F R 40

R TNA BRASHBEAPES - BRI P ) EFBRESR
4T A2 F e RHD 20 5 &) RHD Eefp 2 = > B o 53 4 53 R 4s B 7|
TP ARARF G 2B FIRRER G5 - B RFRPRE S -
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BrApEdanheAnad psd- v LxeFRRILE RHD
B k7 E] RHD Eerjpr 2 et R 2 mbEamie s P RS
— e R Y - B AR RE Y b A Mt £
r LB R R RERRE 0 - IR - B A B aubs
>R R o

BHIZP B35 4B ARIDEIXTIMAPAFEPER R 7208 -1 2 &
MR L AxTIA R LB 1S 0 I ICA FEN 3R AR S > T 1Y
B34 BAR L IxTM N L0 g 4 Bl 2 (ICL-ICA) i 2, B 51 7
R4 B TnAZH 4 B 2 P2 e F 5 2 1 5
TNA 22 R EMRDRHD B R L@ 2R EALLHLBIC 2u:ERh o
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A M
X=Yay, 1<k<M (6)

i=1i=k

He X:[Xl,Xz,...,XM] waE MxN g R gp BHEL > X\ AR R

R ¥H a, 2R EEL AE i B 7w £ (columnvector) » A=W >y, £

i B A KE AN Lz adhs 25 BHko

%1 B Jvé‘*ii‘)k 2P EE A HRHDE R Fﬁ-i m

P =T #ic BhzZ B2 (IC) RHD R R %4 &

IC1 1.7531
) IC2 1.8528
% 1=

IC3 1.9779

IC4 1.9044

IC1 ~ IC2 1.7137
52 IC1 -~ IC3 1.3346

IC1 ~ IC4 1.7373
) IC1~1C3 -~ IC2 0.7662
% 3%

IC1~1C3 -~ IC4 1.4294*
¥ 4= IC1~1C3~1C2 - IC4 0

*h§ Z St s o 4o r ICA B R 47T RHD B REL B F BB - S0t Rep i B % (ICL S IC3)2 314 %
% (1.3346->1.4294) ; £ 2 » fute » IC2 13 #7719 RHD B R £ & P 15(1.3346->0.7662) » ¥ 4 IC4 %

320 F|H 4~ s RHD B REL @A 55 4 o
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P~ RHD Bens v #-Hd 9l et B om EH B P 5 % RHD & 5 B
Bz At BRELE2ZTREFERES X AT - B e 3R gk
FEETA > > BRETEZRBRENGL LTV RG> P71t - 2
PR AR 2 Sajhr d Rkt Rt & Ree TR g F 2 0 % RHD
BAE BB X BRESEEE TS B - b XN AR R
P & AR “rﬁo Btz b 23 M BB AR PI FEEM-1BD
R R %@:t‘ 31 ZARR R A A A gEH - BB AT
PRI S ) N ATFRREY e F L MHRRE R TR e
(Deboeck, 1994; Yaser and Atiya, 1996) -

VB4 A BB A B 2 RREEE S - Tb 2 > (7 ICL)>
VB S (TICL 2 IC3) P m e B = > (T IC1-1C4)s» RHD & - &
i RHD &7 72 & TnA j2 et B i ee (4 17 )F5Ls (Fe-d B 57 5w RHD
BERGER Y- BIER AR ICHEP T F B R 4ot > d D i E S
Bdbofscnfh o > 8 SR RET Y R o Flpt w2 Bgb 2o (T
ICL~IC3 2 IC2)#k #* kX AP FHc? chl & %%%‘L..‘%T# » R B S e 1C4
Pl & TR ey afeaite o SR AL B ICER Lz IC A
BRESFI2LE RO MEM2Y X, W 20l BEAMBELIH BRAELE
4B 40 IC(F ICL~ IC3 % IC2) 1 % & 4 g3t cn IC(F ICA) 2 % - o ]
67 ugEm BRICLNIC3 2 IC2 ehi % € &2 R4n35i(Trx )l & AB% 2
% (shape) t 224 4piT @ * & fe3n 0 IC 1&%&%%% ToARE 2 Rdsi
B2 R I R ST R AR PR G
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(trial-and-error)i&-_» F]}* 2% 3 %% Lee and Chiu (2002)% Lee and Chen
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ShA
MAPE T
MAPE = i=L
N
N
MAD Zfﬂ A
MAD =1L
100 < 1 (A-A)T-Ti )20
DS="—"—x>"d
oS X.Z‘ ' { otherwise
- >
cp =203, - 2 LT >0 (8- AT 20
R otherwise
N >
CD CD:@xzdi (T ~Tix) <0 and (A -A_)(T-Ti4)=0
2 iz otherwise
R SAFY  TRAREE  ARATRIE N S A T g Ny A R RS

fo o Ny 5 2 F AT B de -

BAEREEIA > FALAERBPNR A 6 - d AT Y 4 B

PRI B Flt BPN o » K & B8Rl s 4o @ R VA 0 R H - LA
© K 34w wtAf Feanzban itk 5t (Hornik, Stinchcombe and White 1989; Zhang,
Patuwo and Hu, 1998 ) » F]pt % B — £ 5k 3% % "L A N 2 § BlicE - T
i R A5 7 1395 Lee and Chen (2002) sizE 3% > 1 * 2n+2c7™ 3ViE
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Frit i SAERE SREERIB/EY F5A% 15/ Sl & KiplE
B BPN #5¢ o ARBRE Y 202 5 > 424 Leeand Chen (2002) i 2% -
HoEE O BicE? T RE A28k Sigmoid function 2 B r sl 'E 2 0 32 =t #ie i 10000

K o

%23 EREBPN &% F S8 s THiERES

MR SE BV S 4UE & RMSE*  jpli#H 4 RMSE*
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9 0.025 0.004141 0.004052
0.030 0.004142 0.004152
0.020 0.009236 0.009428
10 0.025 0.004163 0.004171
0.030 0.004161 0.004218

PR RFER A RMSE ¥ 5 P B L AT R 1[0.15, 0.85]F 2 & %
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Faey R AA Sads 9 P EY X5 0025 i) iRlEFT A RMSE
@ B9 % BPN S 32 % ~2 RMSE 424 ) > d B ® ¥ & »
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RMSE &8 10 5 % & ICA & BPN #55% & & #5589 sk ~ 22 RMSE 4% B>

d B¢ 74 b BPN B35S 2 »Jzﬂ'ﬁhﬁ:w»f T REREY D AR E
ICA &2 BPN 5% e it Sdicie & o

24 BEHENAT R SEELTHIFRESE

2k o Bk gy X PR &~ RMSE B2k & RMSE
0.020 0.005507 0.004437
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0.020 0.007640 0.006525
7 0.025 0.005499 0.004383
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9 0.025 0.005771 0.003905
0.030 0.005465 0.004177
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10 0.025 0.005485 0.004364
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FPIRERFER A RMSE ¥ 5 P HR®EEL AT R 1[0.15, 0.85]F 2 & %

25 "TWEH - ERBPN 2 BEHFrERIZFR AL

A

SR e RMSE MAD MAPE DS CD CP

% & ICA 22 BPN 5% 67.86 53.05 0.52%  86.25% 87.77% 84.47%

E # BPN 75.64 57.45 0.56%  78.51% 80.32%  76.40%

A 137.85  105.77 1.02%  50.43% 54.26%  45.96%
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