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Abstract

Construction cost overruns and valuation disputes are common due to fluctuating ma-
terial prices. Accurate predictions are crucial for forecasting bid prices, contract manage-
ment, cost estimation, and procurement management. Despite advances in deep learning,
its use in predicting construction costs has been limited. Most studies rely on construc-
tion cost indices or macroeconomic indicators for short-term forecasts, which are time-
consuming and labor-intensive. This study explores the feasibility of technical analysis
indicators for more accurate cost predictions and management. It proposes a framework
using deep learning and transfer learning, specifically utilizing Long Short-Term Memory
(LSTM) networks with pre-training and fine-tuning to predict both short-term and long-
term construction cost indices in Taiwan. The research focuses on the general construction
cost index, the cement and its products index, and the metal products index as target do-
mains. Seven exchange rates are selected as initial source domains, and 14 source domain

selection methods determine the final source domains. The model is based on a two-layer
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LSTM architecture, with pre-training and fine-tuning enhancing prediction performance.

Results indicate that the final source domain for the general construction cost index and

the cement and its products index is the New Taiwan Dollar to Japanese Yen exchange

rate. In contrast, for the metal products index, it is the New Taiwan Dollar to Korean Won

exchange rate. Pre-training and fine-tuning significantly improve prediction performance.

Technical analysis indicators outperform macroeconomic indicators for the general con-

struction cost index and the cement and its products index. This study presents a novel

framework for predicting construction costs through pre-training and fine-tuning, marking

the first application of this method in the field. This approach allows the model to better

adapt to different markets, outperforming other machine learning models and providing

more reliable long-term predictions. The study showcases technical analysis indicators in

construction cost prediction, offering a more accurate method for cost management and

project success.

Keywords: Construction cost forecasting, LSTM, Transfer Learning, pre-training and

fine-tuning, Technical Indicator
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Fg,&ﬁ;e,ﬁ];ﬁ;?ujp;j i ?“ﬁ"”/ °

FERFESFETHRS > A FESRFRLAMAY SR SR &
FHRPIEP 2 FESF G - RAFPLFRAFFFRFFTEEIE I PA B2 22

g'& 2% u ;Jf;;%i;g;glj o B E Y RF A Eiﬁi_ﬁﬁﬁﬁ?ﬁjﬁ%ﬁ“ﬁ.;ljjﬁlﬂ A0 R

mis

;ﬂwﬁi SR i\/prr %—)@W}#}§§33 wﬂn %é‘,@\ﬁ g » T j ‘z__'”/b;f\j»ﬂ*ﬂk_‘ )71%1‘?5

- B2 :}i,{h‘/,,\ﬂ];fralﬁﬁ}_m‘; E“} o i3 Blrefper L2 ¥t fede l% J]L

WA R FMREZRT  RERAREY IR FE 2R AF TSR K
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EHELAGRENE LYY RSP E o 0 AP TR F B B S
aﬁs i@ﬁ%’fjﬁ'#T% ??J #\j\}%nb ];;LLLW sz} i ’Li;l,%f%ijfﬁfﬁ']i#?rﬁgﬁﬂ

ToOUBRBTRLERR  REYEE RS AT AT 220G 25 2

25 l% 7?/?'] % kLo 11/)é“‘ ’rd]'f"l%’% illﬁii?ﬁ« °

1.2 ZF% B &

FEP P TE RS EE A F 7 Flp Bmipply ey ek
# % 14 E (Artificial Intelligence, AI) 7 B B3¢ » fe &g 24 §IpR2 B* HiR

BAF A R R EREVTRYSF Y 2 )L FHER

SRR ARFZ - o B AR EBFY RATHRE LR O
O ERFY AR ES G o LRF IR AR ot Tl iR g

IR BRI L Y2 F R R AR E P2 B RS
RAETHI B IEIER S FR AR TRNPY LE D Y LenE -
B2 2 PRSI IR TS B - Rl 2 2 o N RSB R E TR E
AL o Mgttt AT R G PRI AR ~ B ¢ L PEAR 0 BT TR 2
FEPY - BRI - ELED YR R0 FENEF L AT R

doo AFTR R R T g

Lo#2 e B F Y AR 1A dp AR fe 2 o L M AR
FoR OB Tk BT Lealicdp L o

2. GFRIEH (1 #) 2¥d1 b i H4HPFIesaing* & 5

W

EETTICTT

3BGHEBE Y LY 1 A BRI DT T S0k g R
LS TRIERL S 5 P
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4. FFAAIH B - Rt d 2 P s $TAp IR RI Y @ 1 A B g T R E S

oo 3R AT AN IR R R R AL 6 TRk

1.3 wXR#

GERSEE SN YR NG R RS L E SR N e

41

SE
AR M TR AR ¢ S E R R R AR BB 8 Y 2
AR AUREZ B T REAFLRER R B2 R R A

PSR R Rl ¢ FABEY L FYREMD  THES 2k

-~

o+

W F 2 FA BRGNS mERD S AT SRR 2% &

>

&
gt

EE DA RAE G RGO R I R LR AR LA Bp

e

3

Flo T HREAKRZFTL > e BER
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F—_F XE 9

AT RSP F S RIER CFFESER S M2 BBEY B R FR

BeiFt o d ¥ AP GFRRELF RS S w0 I ER AR NS % F

Y

%ﬁ% FL2ZPEEAEFTER > 2R 2P RapR 2223k nud 4838

w

BHEY 2 PR

2.1 FRDBRAHR

FEFFIFRIZDZALT A ZEFR R A [0, 34-30] ~ 3+ A
[12,21,35,37,38] ~ # BE Y [23,36,39-42] 11 2 R E A [4345] 8w 52 2 - pF

BB ZLBAAAFESD TI5p A ﬁﬁ;‘ﬁ’__’ﬂ] ( Autoregressive Integrated
Moving Average Model, ARIMA) » H % p A w Eﬁ? ( Autoregressive, AR ) 73] & #
% T 324773 (Moving Average Model, MA) 2 % & > p 8= % i 518 AR 2 f2 fF
TR @ MA RBI& 24 chif Rl L o 20 ¢ > ARIMA 31 » £ 4 # 7 7 ER
5T 4E - ARIAM 2 gL 5 @ * 8 > t §HE 8. FiRP > ¢ 7 HE R
BolG 5T D HR R W AP G- EEAIL L SR p
b 13 ( Vector Autoregression Model, VAR) 1 % = & 3% % & $-3] ( Vector Error
Correction, VEC) o VAR 4 2 7 F i * > ¥ $#ccn AR B4 > w2 7 50 gt 2t
THRETFRZ| > U FHE AN TEFTR | VEC R4 7 £ &
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VAR #3] » F]pt H # ’*""‘ﬂ—lﬁfﬁl;’&f 7] o #8m » VAR ¥ VEC W aJd2 s M4 Rk % »
CPEFRINERETF VA ERERAMEE G - BEEY 253 F A bAoA G
#§ (Neural Network ) ~ & # % & # (Support Vector Machine, SVM ) % » i% i %

BEY Ay o R HFHERRS P HS B R o

FEI R RTEREES E I i o L FAAETEOER A X

-~

FRFIFRE F FRUL P HFEEE S RE 2 ATERIY S GG AP

2
F_&

Bog a0 A g2 A0 ARIMA 2 i fF A 474 0 £ 7 2L
B2 Mg vt AR 2 MR dF [22,23] 0 Ra o B B AR A E 1 AR A
FYHAZFATRSY - &5 T - BAARAL Y B ES Y I LFARAE Y A
FRIFEP G o

Williams[39] B 5 & B A (g B WA FERI A k- B 7 22 B A A4y
BRI o W PR E G A AR FRNF CAERIE T PR B
Rl o oA QR R Ry ] dp BT R AR R B R RT A S R R
&S Mg R IR 4 RE o SR W R dp T A L

R R L Al E e

Marzouk and Amin[23] 4% &) — fA R W 1§ 1 % (L B SR T AR 2
AR EER o TR A GRRIFR ARG RO A RS R
AR ETR P RE o AT I SRR 1Y g 8 s PP AP ch
Bos TR 1427 DR HA ML IAEY DA AT ARY ki~ gEH AR
AR LAY DI B AR e BT i R E %

RAZPEE S o Pt ZFET R PR Y R 2 & T R T L

R AL RETTR A k- B0 P Rl BREA 0 AN A

BlAR L o SR S {odi e  RCRIEEF AP R LR 0 Flr s AP A
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Jé €7 SR TR O RFEfY RFET A PEE S o B SRR DT 94

# 4 (Average Relative Error) L 3524p 4384 5 1.53% > # i i3t w E]T?A\ 7 e

Cheng et al. [43] # 71 ELSVM " 3gp] o ¢ 1 424 i dpdic > 2 £4 5] T

= A ¥ v £ 18 (Least-squares Support Vector Machine, LS-SVM ) fe £ &~ i& i 7 &

W

( Differential Evolution, DE) g & % & @ & o % LS-SVM % % 2 5] %
> Adpdc BB LM ko &% DE 0% LS-SVM B i 53k - ﬁiﬂ x5 17
Bovasrlel gi EF KT foicih o TR RS 7 122 B 2 Mg dcan§
ROEAH R e H R 92X TR A RIER RS 7 30EF
Ao BRI 0 RERTT FEOEIT o TR D PHEE] &35 13384 (Root
Mean Square Error, RMSE ) {v-L 3524 437 &+t 224 (Mean Absolute Percentage Error,
MAPE) - & FE-E A 5% - ELSVM L' RiE A2 P 7 RMSE fv MAPE 4~ %]
% 0.039 4= 0.027% © ¢ #b > p|EE A2 ? ELSVM 7 RMSE {= MAPE 4 % & 1.354

$0.915%

Caoetal[44] & 11 i¢ * p i BB ipiimw &R A S B AT % (Self-adaptive
Structural Radial Basis Neural Network Intelligence Machine, SSRIM ) ¥gip| - 8§ ¢ 1
A2t~ i 35 ¥ - SSRIM £_MARS (Multivariate Adaptive Regression Splines, MARS )
v A R S fkA 5 B (Radial Basis Function Neural Network, RBFNN ) 44 1 #%
% 8 2 (Artificial Bee Colony Algorithm, ABC) 78 & #-73] » 2 ¢ MARS #* »t:
o 5 é%iﬁ%]/\ T RBFNN 75 EFF Y E &= CCI-%i’ﬂi%]% iz B enid
% ; ABC #7% RBFNN chb i 4z 5 licie £ « :2m T % 17 BBEAE R PBF 2 (¢
PAAE O R R FIZE A S e (1) A Q) R~ (3) R (D) KR
Be B YRR B dch R A FET BRI F L@ % MARS kphu| i
"$ B e AR Y 1% fi?ﬁi?] M B F Rl AT R ﬁ%] ~ 4% RFBNN it

G2 ¥ 02 ABC 45 1 % it o RBFNN %#c o & * RMSE 2 MAPE ¥ 5 1L i
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A4 B e # - ¥ MARS ~ RBFNN - ERBFNN (¢ RBFNN fr ABC f & @ % )
it fk i ETEE (EL-SVM) ~ B &Mt w Er: #-%] (Generalized Linear
Regression, GLR ) ~ ARIMA i {7 vt $i o S % B om0 #7430 R & B3] A ipliRps

B8 7 f £ %% > RMSE 4= MAPE 4 u] % 0.976 4 0.676% > * ELSVM # * 17
By~ #Ffc @ SSRIM 2 @& % 7 11 % > & P ffc o L 37 CCI F##TF hpf B e
1R G REFE S AT ST L&Y 35% o SSRIM {- ERBFNN 2
Qo RAE T 0 LABS AR MARS o4 7 MAPE it it 4 18% o ERBFNN

22 RBFNN s vt e % 8o > 538 ABC # g = g o

Tangetal.[45] % &1 - A B T2 2 L E e £ (LS-SVM) fricigp 3 3#
# i i* (Improved Particle Swarm Optimization, IPSO ) &4 424 #3581 2 {1 #
LS-SVM #F§ # 7RI A8 T B RIEES » % A A AR
Bl o ¥ B I PSO chd i 1V BATF 5 Kar RN R{eS Bjcar o Flptsl T 15
B e o A % R Bt PSO & (7 :xie o 12 15 24 PSO ik 1 LS-SVM 2z B i3 42
FHic o Bois f1* MATLAB #0888 5 5084 17 > T 87 5 2 eh@ ) frd ™ 2ai i (7
SR o I ERGIAP > 1% B2 40 B0 hdw 5 F T IPSO-LS-SVM 3f
BIA K BT 4w SR R MAPE L 2.11% ~ 322 324 (Mean Square Error, MSE )
%244 Brerigw PSO 52 ~ &334 ¥ 1% (Extreme Learning Machines, ELM ) ~
#gRR s 5 M v §F (Multiple Linear Regression, MLR) e & /i 5[5EiR|:E {7
W I ZEEFIERERB et R L A iR B Flpt > T F 1

Bl dnP it ERPAITEGHEEFR Y23 92" §E-

Shihaetal.[40] 41 * & f & (Pearson) 4p B 144k T {274 f & (Spearman ) 4p B
M T~ & PR (Collinearity test ) 14 % 1% A 2 KR e X
T AR ;t;f;] i % ﬁg?] P e TR —*FT P 4n #i (Consumer Price Index, CPI) ~

4 )Ei S ErE - ( Producer Price Index, PPI) ~ %4 # % (Unemployment Rate ) ~ &
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4 & * %#f (Gross Domestic Product, GDP ) ~ *t ® &% # (Foreign exchange reserves )
2B 2 8% 5 (USDEGP) ek 4415 (Lending rates) % = i % #ic» & ¥ i@
* A 1A & it (Artificial Neural Network, ANN) % 2 SRR H-3] » ¥ 87 5 ~w &TTT
B ot B0 B R BT B T R R O MAPE 5 10.1% 5 (KR ¥ R AR RIS
#HEDMAPE 5 43% ° 5 A w iR s HE AL 0 ARG DR HT A

VIR o RC14% 3] 39% o Bt 0 ANN AR £ OR B0 5 2w Al o

Miretal [41] 4% & 1% ANN R T 2 s H DB % F O3] > 5 B
T + B %3 (Optimal Lower Upper Bound Estimation, # & LUBE ) = ;2 2"t ANN >
Flr PRSI AEEERAOT AN o BRI 0 R ANN hH B
AR I v §FAFE T A 2 enf 2% 0 & Optimal LUBE % 2 # e 4

i E T and e B [A2] R g AT R 19 BB PN L 2 B 0 2
fedt 13 /8% % 2 google 4B H TP F £ & - BT 5B 2 ha) 8 > ¥
R RS (R A PR YR S B SIS B i E S N AT
B %) A4 AR R Y B~ 25 A g (Convolutional Neural Networks,
CNN) & G REFERl = B 7 15 edh 5 B 12 o B % Bon » 22 24037 o
T E AR M T A ARER ST, a2 TRN AR iR B S 854% & B
o AT WA AR h83T% £ R THAEBIE L B, D
83.5% - FEMm 2 v ¢ 7R EMET FTHRZEIARI R G REFF ORF] 0 &
FEF 3 RASNBIHFT AR UBEFRARATHERLATAZE LT EF AL

TRt 2 PR M Gl d ST BRI A T LR AR L e -

Isikdag et al.[360] & & %?zéﬁﬁﬁ:i#gﬁ;ﬁﬂ;; Eof%0 a7 kA s

15 » & 4| ¥_Box-Jenkins (ARIMA ) = j# » 22t p w ETTT A & 4 % (Nonlinear
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autoregressive neural network, NARNET ) - & ¥ B % 7 - B 4% 52 (Grid
Search) Ml b 4 S8 fr- BHARBOHEWIE YHEZFR
NARNET o 55 5 3 end £ 2 4 o fc# 2013 & 8 7 3 2021 & 3 7 sz AL i
Tl i B @R A pAPM SBR 2 304 poAp O BBl 2 18 AT TR
f—éﬁ?ﬁi;}ﬁf}—f’ DB E 2013 & 8% 3 2019 & 6 F enpFEdp (71 BEBIE) @

Pl B & E 2019 & 7 7 3 2021 £ 3 ? chprsp (21 BELBIE ) & * 23 4238
Z (RMSE) fr¥ 2% #3354 (MAE) ¥ 5 #0325 el | ;fﬂ’f;f.- o 22 ARIMA -

4] (RMSE: 1.0157 » MAE: 0.8917) #p+* > NARNET #-%] (RMSE: 0.710 4= MAE:
0.585) e AR F M o B RRAP > ARFFAE TR AT foif felddeim >
NARNET #8it & 54 3 O ALY cnpr B dp i b 0 > 5 @ A Wi * ARIMA % &l

BA el ™ A3 7 A e

SEIERTPBEFVEFRIVAM Y RT UER . PR FRTY I

3

RIFES G LAPM Y g > 2 A SRR S W o S AR Y
o ATAMR R TR KRR R S BREATT L TR e i
CEREEREZ S RS s LEEEE 301 S ES S RS
Bz Ep YR o el R R EREYEET N A S BT
BHAG AR BERT - AT RRREY B AT EET AL AW

T PR R A ZITRRIZ AR ¢ R AR -

22 wWRARFIER

@’3 ﬁﬁﬂ?g /#&é ﬁ)—“q']‘ E&ﬁ&ﬁ-ilj’?? /? e Z’}t)% /ii}" ’ b/&ﬂ?fé‘
CFRATE [50,51] & AT BATE Y G A BARMATE o HY o &
4 R 2 PR R 7N AR R 22 #7"% TR B 2 AR > Fl A X WA $ﬁﬂ;r@ ( &) 43k
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FoBR) HFEF S RNATRLPFEAI 1S F LIRS B AR
ﬁK’ PlACR RS B OHEE RS R S o F P A 2 PR

B ZITRRIAR B 2 AR ST R R T £ AR e L B T R ZUSRR

WERAE DR R IIER G G 0§k /I?’?/)T:%q* WEEYEFAES Y #53
BXARRGEARIERF PR FHFIAIE LAY BEFV HFRAL Y A
EEFIRGAER > FEE T AF R R o g HOA) A8 4 1f (Random Forest)
[24-26] ~ &= B % 2 (eXtreme Gradient Boosting, XGBoost) [27,28] ~ L & w £
¥ [26,29] ~ & =P e h % (Long Short-Term Memory, LSTM) [22, 24, 27, 30] ~
¥ 4 5 % % (Convolutional Neural Network, CNN ) [22, 26, 31, 32] ~ 24 = $fFiie
¢ ( Generative Adversarial Network, GAN ) [33] ~ ™ 2 ;2 & 4] [52,53] % - #H #
’33‘:@/]?%%’*1 AL BTG (Open)-~ 58 § (High)~ & (Low) ~ fcd
# (Close) ™% &% & (Volume) %7 B %8> 7 IAFF ¢ £ v » Hilva 474p
%,w&@ﬁmgﬁwgiaﬁﬂ(w%ﬁﬁﬁ%)‘%%aﬁﬁ(w%ﬂ?‘é
PR -RGEZAZ AR AT AFEMNY 3 - SRR E (W) 7 ¥
i) ® o2 g mAaz f"cg'f | i (Wavelet Transforms ) [54] ~ 45 8™
FRAT[25] F 22 R TR LA R o R B Y R A

%ﬁﬂiﬁﬂ%moaﬂﬁﬂﬂ?éT—%@&iﬁﬁﬁéJ%\Tﬁi:ﬁﬂ

i

% oo 4

YA B E R A 2 v P > Obthong et al.[55] 2 Goutte et al.[56]

*
W
4%

pMFEREY R ERARBRBET VLG B RRE VY A2 BE - &
mzﬁ»%&ﬁ,owmgaa[]#ﬁ&ﬂ?éﬁ%@ﬁﬁﬁﬁ%ﬁé?%%’
BEXFAFSER AT W TER AR MEAT o B MR
BRI AP T A ALY RED e R R A BT E W
WEF Y 8] [24,30,56-59] -

BRI AR RS F E S BRI R0 A K W AT R PFR R S
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=}

LFGH P HER R E S E TR KA o 4

4
i

EFI S R Lo
Ao mF L b FREFEELIIFE - EX O3 250 L FR . FFFEE
30 A 4EPE > - & X K7 10,000 £ FHR o @ F RS B OTRPAPRRS > g
Fedr Waplch b > H 1991 # & 0 G D 2023 £ ke 5§ 396 L FL o F] o

ERAEE L PER R SITERIG 2B S AT 8 R WA L@ A RAR 2L

y
*’ﬂ%
\F“b
\‘Iv

=

ZrR2FHREIEIR R EFERASZERE ARG 2 82

b
x4
=

o
oA
-

734”' l% 1?‘ /?

221 REHGEER

e eRicd (THALSTM) Zp #pRFRF ARFIFFR Y 5 ¥ 22
A 2 A S RIRRG AL N LSTM 2 FE R A B H B F Y #07)
[24,30,56-59] « LSTM #3424 75k A Ss ke (T A RNN) %@ & > RNN &£
- BFEAFY I - SRR DA AR BN ST B2 (R 2.1)
Flot P ASLF A2 T30 i RNN S5 4o AR B2 R B4 TR P

WEF AL 2 hF M > Fpt RNN i 53 aAdl B 7| TR B Rg T gk & (H
22)° %@ » RNN & fefr B i 2 SR B2 B & 5L 2 B F o
F e 4 K TIRG] e Flg o G0 R RAE D AT N K e s iR ied] [60]

4 4 B A K R RNN 6 TRanhd AL > h 3 $0 R B ST R ke

LSTM E_ % 7 f2 A RNN # & i 4 R R i@ iR £ 2 R T F%a ko
LSTM 7 RNN sz @ b 4 » 7 28 H ~ (Memory Cell) £ = B (Gate) %1 -
& * sigmoid fr tanh % jiE Sk M E A F Ko B kg Tl
Vh o 5B ATH] 4o inip it B AE - LSTM i & 47 f2 5 RNN & Toe R i % R AT > & @
LSTM it #3 3 »xen& ¥ K 7(¢ h& B B 7% o LSTM $-3] 2 7% ’]‘#%lr'l%] 2.3 #T5%
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IR HAR A RS — R AR ARG
B 2.1 - i 5 e g TR A S R 2]

Y9 <

ht+1

© ® G

ht
Bl 2.2: HIA SRR 3]

I
—

>
L]

v
i

B 2.3: £ =P B 3]
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LSTM A2 & ¢ ZcfhE~ 3L (ForgetGate%ﬁ%])\ f* (Input Gate )
@?Jﬂ: ™ (Output Gate) = 7 £ > LSTM #- 3] enzc (B 8 ~ * f 2 H ~  f& (Cell
State) - H it 43 A B A 7] ¢ @R F > F]pt LSTM H-A4] & 43 45 £ I e > fL

MmfEARNN 2Z R AR H=x > 20 L3 LR DT U isd  Fpb

Flr B PFRE FRREZRAL ST R 0 WERFT DL AT BT BT

T

LviiBL AT c BEEYALPOEL o LSTM §0AI 7 1 # i ek 2% 7
fPfEL HFM o B2 o 50 LATE R F I i AT RE A
BATE Rk D el AP o MR WA G ER L ST RE A ap f o
J“F%ﬁfw“ﬂﬁﬁﬁ°ﬁdé’ﬂ“%ﬂz4@%%ﬁ-m@wﬁa4wzwsﬁa
el » foie B H A2 SR o SR P SRS EE Y L RrileRE
i 18 LSTM #2405t 49 1245 B 7% Je 304 5 B en i § fodl 73 0 1 {4 ahdf Fi

Bz ek dp kg B 2 o

BEFSEI ST AERE T ALSTM 3] 2 o g o B ARG 5 d st
FHEA AWy BRFTA2 e BT T - BE A B237 F3d 23 4 E

MR A H ARG o LSTM $63) 2 38 (eymfzde™ [60] :

I o T LSTM 3] i ieph ¢ L bzt FTa 2 3R - 248588
EogE U - B A R B BATH e ILG BIR A

LHE A ARTET -k o

ft = U(Wf . [ht_l,xt] + bf) (21)
2. BERATTA D MATT AT E ARG Y o AL R TA AT R
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(a) ﬁﬁ_&iﬁ-\:}‘lﬁ,{/i‘ LV}’K{I:__ ?‘é% ”'ﬁ%' ;?,J’J;ga%_ o

iy = o(Wi - [hy—1, 4] + b;) (2.2)

(b) £ #iF tanh o Sy Mo £ o b oma Ty k {ATH AR -

Cy = tanh(We - [hy_y, 2] + be) (2.3)

LRFEARGERLA PAT AT - B hBenk s f o

Cy= fi x Ciy 4y x Gy (2.4)

4 B A ARV FAZARE D c SEL - H L EF O % BIES K tanh

S ek RUH A T TR AR
O = U(Wo ' [ht—la xt] + bo) (25)
hy = o X tanh(Cy) (2.6)

BAFRFEP B2 AT R Y FREYHEAORFIZ- B FTHEE
PR REEZRIAEZEA  FAETRERCE TR EFLERR
SAE RN REFATFERER LA AILE  FLFEAFAT A E
HHEABEEY 782 PSR SRBECREZE 2 NP RAFRLR

IR

FAAFEFRAGE > ENRAHAM DA TR LRY T EER

(g
>~
A
I
(s
TR
i
o
(w
N
o+
0
N
3

FRFTHLET LA 2" {55+ PR Bv
Mo Bt AP YA EAFITHEE R K g2 v FRE Y 02 FlEE 0 Row R
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BAR R P REFT AR a2 3B EY 32

23 BREZLETREBFE

231 BEBZ2IEINE

EFF AL AEREFTHREARFERE B EF Y (Machine Learning ) =
SMATHREATE A IFELRY e $EEY I - BRETR HF

Y Ui eng iy R Pa e PRERBARS DFRT EFIER AL o

!
)
]
3

prss
i
¥
flm

!
B
1)
5

k8
>
§§:
S5
P

.
P
She
—

3
o
o

ARG WEFY 22 > EEFY (Supervised Learning) £ & £ 55 5 ¥
(Unsupervised Learning)) 2 & 5 ¥ L s f42 2 o & J%A o RCRUE AV
FAA > RE N SEITTHEFIFR S RERFSEY R AR FRLT R OER
T BB TR AN BB E RGN o gttt X RN E Y (Semi-supervised

Learning ) fv3g i* 8 % (Reinforcement Learning) » &b | £ 4R > o '*FT 2 &

"EF P $7iEH 0 BHF Y (Transfer Learning ) i® 5 — #7280 2 >
Baetet BABERE PFAREH - EBEY 5 &l* ¢ 3 e felisk » ¥4
et 32 il ip b PR R > A R B E Y rF fornk o A F R N F

F A S HRGL AL X2 A SRR P 2 SR IR F Aonk o

RN AR SR RN O T A L
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F R fr R R PR 0 T EAB A Y el AR

R FA P EFLEBEADFEMZFEDI PR - H e HERETAAL
&‘F'_FF%\‘ WEFFF%\Q{‘/ ]m}’p%\ K%‘#ﬁfﬁmllp;}p’]ﬂu@r w;"]

é‘f”'f’j"_ i °

TR ARMRERLE o RN TR AN TRETIRA S
B CHFHE SR TR CRREBEL LSS c RETREOSTEERE L

TEE I CL=EE R

=l
e
=
=
g
|\
R
S
=
=
i
i
3
o
@f
i
i
|
F
A
RalS
&

f o REHFTHRES GRS

B A AR BN TS R R SRR TR T

PRI AT B RS RAT ALY B v BB AT ¢ BT R e

P E o dFendF i R F 3 B WA e3p Rl 4 e o

=
s

A ETRER A S E (Training Set) foipli & (Testing Set)
7 PR e desk#w £ (Validation Set) o U * S HCAID R > BRI E * TR

,_—r_,p s 5& g » _,/\fwﬂ!]i&%:(g{g% EF-T °

CERfV R PR NS FRELER LGB R Y ¥ 2
Ao f W PIHUE R AP 0 XSS AT SR ] Sk ¢ )

WA BB R G RYIIRFR -

CHEARER R R EFERHAISMER AL ERY > ¥ atRig ik
¢ 3B rr % (Accuracy ) ~ # Fx & (Precision) ~ Z w & (Recall) ~ F1 4 #&
(F1Score) % ; tewfFEatd » ¥ % a2 4pthe 7 T05 ¢354 (Mean
Absolute Error, MAE ) ~ L' 353 ¥+ 7 4~ + 24 (Mean Absolute Percentage Error,
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MAPE) ~ $53 & % (Mean Square Error, MSE) ~ 352 {33 % (Root Mean

Squared Error, RMSE ) » 13453 % % % » se | chip y frecie 2 1 o

8. WA E Ao/ ¢ AL DTEH (S > BENE I IR REY ik

FITRIA R o VR AL AT S KBS R B RIER o

0. FET v 1 HANFL > FEHI EFHFFEE o mEFE AT ER
PR LG cEFRR S TR T g AR s Tt & 2

ATkl AT R LB ATR R -

232 BBEINK

AR Y RTESF BRI LA GRS cp i A Gk k{Te g Y
MADRTEL BRI e blde MAERF YR EF Y 3 HER 7 2 41* 4
YAy Btk Rk F gy - A AFV R gm s Y ¥R R
e et o Gk AL L AE VY RAKIFE B €0 e HhB RN EE
R T ER R T T RS TP R
B4 - B HF Y (Transfer Learning ) ,T*u{i TR A Y 2 N aeE A B e
B[4]e 0% br s BTV RY 418 T LAR L BEBEY A o o4 F R W
ot ? PR AT G A2 SRR DA T g A - B A
B w Al Rn (o o) & 6 3 R L i) S 0A] Y R B T R
BINFRDEHEA P o dopt ¥ RS g IRE g ¥tk (Computed tomography >
CT) B HFH TF 10— B F 2o R ¥ - Ja ¥R 0 Tkt
ERAod h o B Whest o AED BUAR N E B 2 E L FRLGT R R
FP B RES TS R T TR AATFED SR P ek AP S
- B AEREF R TR DR ORF] T I e B e RH B
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DI E D S E AN ERY ko TR EGOESTTERTH L PR

- e B R ARE R 0 A S <R T R rtkirena iR E e

ARG OP BT Y AN A BERXTEGF > WIRF R PR
TAHOBEIFAR D A HR o R o PP T2 RAREPER Tk
— 0B R B e U R R 1{ P ARSS G A AN PR - BB

AR T TR I DTRECA] > AR R EAIRY A7 R RiEZirE o FRFLE

N
Ev
s

FACBR T B A G Mg XD LA T e Fpflr o8 #

_—

Mo FEBBE Y SEE- B B EIAaRB SR AR

=

AT O PR ERPE Y o G VR CRGEY Y AR S @A G A
[4,5,61=64] ¢ F]pt > 4eBl2.4577 » BAPBEP L3 nE - Tn A BHEY
PR 8 4 chaoh T es B J skenf@ ik RTeny S enR AL [02] - BB F Y AT
BeoooAa g Y @il i kR (Source Domain) 5 IR A& f# A PATHE 5
e R RER AL G P #53¢ (Target Domain) o F]t > B & § 2. p £ 45 hE v

Wiy p gy 4]

LR o

Task 1 Task 2 Task 3 Source Task  Target Task
AA
AA
A
Learning Learning Learning Learning
System System System Knowledge System

B 24 2HEFY 5L E[4]

¥ (Domain) D ¢ #Fpc% & (Feature Space) X 11 % "4 5 & % (Marginal
Probability Distribution) P(X) #rie= » 2 ¢ X = {z,...,2,} € X ° bl4vg & ¥
AR s S E Bk (Pixel) T35 - B, 70A X £973 #ik
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TR ERENELRGOE B E X I - BETHEYRA S
BRIV EGF A RnPFir B3 BB ri - 8y ap
D={X P(X)}> @5 (Task) BT ={),f(-)} > ¢ ¢ s A ZHF Y &P
78 ] 3 B (Objective Predictive Function) f(+) » f(-) 2R FHE ¥ ha 7
FEBEEI e B2 TR {o,y) P FREHES A e Xy €0
f() &g Arehr copfiz - 00 RIERIE P EH B OERR y o F s F 2 R
flo) 7 B 1% Ply [ ) o % @3 LW G s o 2 prehiE i LT A5 § it
A PER R IR RIEE ”“F‘i‘mliﬁni*m Tapapl o 4 ,j*xﬂ?—ﬁ‘?"ﬁjﬁ o FIP B EY A
AL P - A G DL TR D v EY i3 Ts ~ P i:# Drfrp £ 5
YiEiTr  BHFYF LAY Dgie T ? i flesecit Dy ¢ p 5B S8k
fr(-) &Y » 2 Do+ Dpo & TgA£Tre H°¢ R 2 p a7t ke 7 3587
F ~ ##cs  (Marginal Distributions ) 7 F ~ 4% F ~ 4 54 # (Conditional

Probability Distributions ) # F [4, 63] »

higher slope higher asymptote

!

--"'."'

------ with transfer
—— without transfer

performance

higher start

training

Bl 2.5: B4 8 ¥ $HC3 0 2 B8 [5]

BHEY TP ERE Y AT RSZ B 6 (F25)0 ¢ § A e 44
CHAC AR M AR S AR [S] TN BAE Y AR AT Z B
W
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o T FE
o L4 (Label) t2s Flk ~ Jop% ~ T34

o ¥4 1 (Generalize) it # & f

e DRSOl g BF R TEBEY oy oonlh > § RSP RE DK
ZREFE LG 2oyl W BEEBRABOICBL AR TR
B A AR [S] e £ ¥ 2 A E R RSO M s HEp B FY oo
FIHET TBESY L Fao@d oy sl 2 f 84 (Negative Transfer) 73
% [61, 65, 66] > Shimodaira[67] Z M % A &2 p B g o G4 FEF > p iz
BRI A IRA it o F Aot > FBBRNIARBBEY - PR
[4,5,63]  f @B ZIg A E Y hiv gz RS PRSI AR 22 g M
PR HA] A T[4, 63, 68] - Weissetal.[63] #-f B# 2 & 5 P EEHTp » &
® % Dp " RERIEY B fri() e * Dr e Dg 5 & @ § 4 2V Ui i)
BYE fro(c) » % fra() RIS froc) chiac BF > L5 f B H o Flpt § RE

B EIE PR AR o N F BB A s I B R T RIEBE
YV €T EEaain )I"‘EL‘\ PreniaeisaB f [4, 5, 68] 0 f R g 4
Pt B F R F FREACD B B adp b~ A BB RS omai 4 2
(8] @ d f o BAh> 28 7 AV PHRERPFERMBILIELST T 7
B R R B R ERES EH R GRS AT E S IR N

EHE S B RE EiAE R R % [4,5] ¢
Bt BAEYE LB Z BRI EB A AR BH S R P ARG
FoTBBHA ) AEmME BT AL TR AT R ERZFES ) TomiB s

PIEE I A2 s 124 §evdg T el ) PlEbzs® AP AERTE

ey

_1

oA o PR PR U RES PRER BN R T R
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BHEYLLZBARNS P BMABBABIEEY 2 2 7 23 A2.1[4] ¢

1. Inductive Transfer Learning : /2532 p £ T 4:7 F > RS fop 1R 7 10 4p

Il S

2. Transductive Transfer Learning : /R 7% p iR x4p b > & £ RS fr P &6

AR oo

3. Unsupervised Transfer Learning : /R =7+ p {2537 e i jphf > @ R &2 p

TRy R o

3 2.1 BHE Y AR [4]

SEEF & BB B AR BAEFS S B ARAEH
FERTEE IR i ke ip e

Inductive Transfer Learning iR F A0 e 12 4p R
Transductive Transfer Learning % 40 Fp e 4P Bé bl

Unsupervised Transfer Learning * AP e e 4p B % #p e 4p BB

RPN T U & R R VR RE SR e O

Ry SRS ADE

1. A9 b eniB 4 § ¥ 2 % (Instance-based Transfer Learning) : 3K /i ? ih

&

—‘—\-

FEFHT UEFEATAEN - LT R R REPGLABR TN
S

T R T RS

4%

9o

2. ¥tk o i34 2 2 (Feature-representation-transfer Approach) @ i% i #7 4% jic
Fo 3 E o P EERE L R SR F R o BdrERE P R e ik

PRI FRIFE 2 o

d
9%

#ciB A% 2 2 (Parameter-transfer Approach) @ BX iR Eixfrp T it % &

IR

b St B A S o
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4. B % acsiB 45 R 42 (Relational-knowledge-transfer Problem) @ 3K /s fr P &

BT B b R G Tl & R i LR B el o

e
X
3

I L o BBEY ARY e T A G BN 2 T AR
Epp a4 8 Y (Neural Network-based Transfer Learning ) ~ 23t B E #2708
# % (Bayes-based Transfer Learning ) ~ #4138 # & ¥ (Fuzzy Transfer Learning )
R AN E g B B 8§ Y (Applications of Computational Intelligence-based

Transfer Learning ) [62] °

233 BHRZHRBEN

BBEY AR SBREFIFAT AR c FRBEBREA BB E YN
PARFED 22 TP TR PR A L A PR R AAPM TR AR

[09] = F kP i@ ™ 403 % A > FRARE - 25 AT VAR RS

BHEEY R* PR AEZ? g > Ribeiroetal.[48] B * BB F Y bz A
TAFR AR PPN AL DT TR HARHE CHEELFTROEASES
ANRERBBOT A IR o B P RER TR > NEHd R AR AA
Zak 0 o D) { FrpenIg Rl o ¢t #h > Ribeiro et al.[48] #& * 7 Hephaestus » — &

FEEMEEEAFABEALRFROBBEY 2 Z o ZF T AP > R

LN

PRHRFAE @Y G FA il Hephaestus Ap it o AR AR 2T 1B ER Y

)

Hois Fieargse T BE RO MR ERAERS T 11.2% - Wang etal.[70] J&
PRBBEYNRULERENMNE FIRFAIEREL YT AT RN - AL F AT
AR A 5B R (Error-feedback Recurrent Convolutional Neural Network,
eRCNN) chiE R 8% %k » » @ F 2L @ RIFR - %% 4P » eRCNN i 59 3
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Pep AR MR BN i R TR BB E o P LR B R
¥ eRCNN R 5 £ X FHRE%HEP T AFRLF RFERF L HU P
B #-H JperiE L B A 5251 ~ eRCNN e} »ct - eRCNN = FIFE 20 = %

‘r"\"i%$°7~]¥.'£(f'”"?€;/_ iik%_/#)’i?ﬂ BoA % 2 $é%7f 5

énhn

TErS
TR Aol v KRB A R R R REE o Shaoetal[71] B B E Y &
I ERF ERER o AT HRDT - BANFRERY SRBEY OB ELRRD
$TE2E > e R BHE Y ABEF EAV IO o BEE T RN R
R P aE R e { % @ o Raghu et al.[50] £2 Strodthoff et al.[51] #-:8 43
Y R® 2 FH 0 DR BAe#-EEG PR R R (TR %
A SR mﬁ%] oo 3 SR AR ] [50] - & &A% o R B ¥ 5 ResNet (Deep
Residual Neural Network ) 2. % ) I BA %5 FF 25 %7 [51] © Cen and Wang[72] J& *
BHEY I RB BRI - FZFL P R EmP R (LSTM) B35 E R §
BodR- ALK aBnTHES L2 o BEH TR DR DIF RN A
BT 0 BT AL EATY % R (West Texas Intermediate, WTL) fo# 5 4+ &
7 (Brent Crude) enigip[»x %871 FHF T » B 5HP 7 3282 g% - Du
etal.[46] B # #7enid@ # 8 ¥ 2 /2 — AdaRNN (Adaptive Recurrent Neural Network ) »
AdaRNN & & B fcle e » 5% - BHCef pFRF A it (Temporal distribution
characterization) » 12 { ¥ 2 FBRF A 7P o GFA > ¥ - BEEFIFFL
7 fie ( Temporal distribution matching ) » © g > FFRF B 71 ¢ ehe & fie > &% 2
WA SRR GO FRFREFTERIECE] AL RE Y kRS A KRR

B2 F & Foet TEfoML 1 TR FEGERAR -

Maetal[73] & * BB E Y2 § SFpp - AR FRAEY 28
BEVIEE > NRTRERC ] Z FREE BB IR PR c AT I B
R

v £l RS Y PM2.5 Gk Foam LR G X TR R R
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Mo [ FREREFEF IR @S- A - GPFEFI NGRS o H
FEET TS EERAAMANTET Y S S BREAP o I IS A B

IR D @i - 2 - PP E% > - A PR =% 2 RMSE %
7 36.85% — xR =4 2. RMSE ™ " 17 42.58% o — ¥ pF R =28 3T IR P &
M2 FI - A PRI 2 i A AR F] - R 2 T e
R G B FIEBE Y nFIet & o 2 gt 322 ZRIESH B B
3l > ¢ 4 ARIMA ~ L 4+ & §F (Support Vector Regression, SVR) ~ 1 & & = i3
i # (Gradient Boosting Decision Tree, GBDT) ~ # %4 5 % % (Recurrent Neural
Networks, RNN) ~ # #2# % & ~ (Gated Recurrent Unit, GRU ) ~ § i & ‘28 35 &
#4] (LSTM) r% f# 40 ‘5% %-LSTM (CNN-LSTM) ¢ ek 3 » fis* 552 2
M B PFRAZE 2 ol Pl s PFRE2E > 3 2430 % 8 e & ' Rl

Bk AR T IR RN A

AR BBEYR S RBF P RFT ARIZE blhoe AFES

»

RAIT S ALME > & IFLMER 2 &y (74 27 F e R [75] % -

WREEE RS G L 2 RIAREECE [76,77] R RE o BB F Y RF ERE

F_k

}'1] —}’E /?IJ = ®m

IR AN S B ALY AERR Y BT Y

FESIERIYEF B2 AT o

24 XRG4

EYEHF GRS BT RAEVLAANMPIRS P H I g 2
EHZE e Sl I FEr Rdpde s MR R P FEE S A
RS %ilfm%]%%fﬁto”m SN R I SR )
Fo o B F TR L FB BB 0 RV P RTRI- E P b B A
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—}E/P]rr'ﬁﬂ7 |% o FRAm v - A1 fRZz HpARL - E L > F]p :L,,FI_Q”‘F 2 43 en
EWAER > A R Fe o
BPEERZRRIC G 0 ERRARE G T REE A SRRIARM Y g T Y 2R

BREYHANZER L K ’;%WAF' 2 SEBREFERLIFLTH b4

BoomEE s e Ay p g M F AR R T A BB LR K

PR GITERIAPM S 2 B2 R 2R TS S R LIER AP R RATHEER
SRR IR T e EE SO TR TR L S R R

BBBEY G 0 HAR RN RF T AL ERETRARE ER o B
RIS L ARAR L PR R FITRRIRIAP SR o 2L AR E Y el B R Y

FrYEL RAER e gt Maetal [Tl RO IFRE Y BBV ARE > 0B

TR R 2 TR B TR 2 R R o
AFLAN P HEEATY R K2 e FEATHERS A SRS Y I
LR A F R FREVHALEBBEY 222 TR ERS L
F“} BV RIEREA] 0 R A :Fg‘\ L od b 2 ,%, B FﬁgA—}ig; BT A
o ARRIF ES Y o e HAER A TR o Maetal[73] % 2 Rt 2 p R

AApl kiR ERFEEIR  BEAFT2Z L8 AFFT2ZFEHF BT
- @Y ZERAEIE o Flpt g R YR 2 TRIT LIRS TR T
BREYHARFEY 2 i G SEFEr ML THREESKAE > 20
FRIFEF G o o0 AT RIATRIE D FEF G > DA FoEs 41 4p Rt g

Adp e MRS TR ERFRF  TRFIFREAR -
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AR IFREEYHAME BBEYIRRY RS Gk AL F
2 BBEY AR R 31 T 0 XV L LT BIMA 0 F (- ) LEREED
T (2) FRESZ2ET(2) "3 REEE] ~ (2 ) et ~(3) Bl
Gt AR DTWLI BB IRFEBEYLAR FILFREFRPERF
FHEDTIRIER - ARAFTRZRBEPEELS > T Qe HRE L ZE P LR
2L p TR EFAAREIIL ) ¢ FRBETEE S GEFTREAS
B X EEBFHEPANEFER AR IR > NEEEFHRLEPRE 0 &
Bl FB T HAETREEAS e FHEZ D AIER A T SR
VRS MR B HIEE N BB EY 2 P YIRIEVRIEAI R Y 2 TR
FLABTRE T IREFRLEIAF  BEFN RS TREEKAFYR

Bl X LA AR S B I PR BEFRREI VP RER DR o

32 BHBLEEFE

BHEY 2 P LS E RS R P ER Y c BBE Y F L2 2

o

5 é%/\% > rﬂx%ﬁ;? ¥ 3 ’}%fr{% T iBAE Kﬁ'{*gﬁ;” PESRNIDED S Y B Y s
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B 3.1 A7 AR S R

BBB R[] AT R FBHES S 22

E RN B AR Bl R SR Bl SRk kil (- E: RS
'R AT I
HEE BRI {55 P R A 4 {5 RS
BEE A \ ) THEHTE oy TR
1 UL IR |
l BRI E l l
/ﬁ 1< = Kﬁ
e 1] HHRR S FRHE S B e
~— BRI - )
l EHIE
—
R ]
RE BT
o/ o/ o/ N \_/

- g (Pre-training ) £2 e

(Fine-tuning ) » * 22t SERl @ 1 424 Bdp e BRI WEFFVFRILR - 2 L
P B ANAH GRROBBEY c FYREMA LT LI PREY IR 2
P4 B s~ Bl A $E Y F R e ResNet50 22 VGG £ .73 5 p ARF 7 /g2 v o
BERT ( Bidirectional Encoder Representations from Transformers, BERT ) 3£ 3 #-3] &
TEFFADRFOEA] > BF P T EERDEARIEBRT - AL EI VR
Tk LT R L TR LYRICA > A T LR S PR AL S D T
(Pre-train Model ) ; At 2o %3 5 1% P 38 22 TALE- A B 35 2 ) 2 30 e 3

EE U= E N

TR EE

4

EllE UM | RO
EISERIE |
G TR | B

Bl 3.2: FE 3 R e 7 A

FURIZ2E o AEPTRAAR AU RS TR B E A RO TR A e 0T
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27 H SEEERA LT > PRI AR THEEEFRE NERVRR
RS2 WA AR o YRR A AR A AT Y Y ARSI RECA] - e Adp 1l

BFEAE O S VREAE F R & o 0 PR A b Sl AR
PACAI 2 Sl B 2EREAC AR Sl HFIY P RSB TR BRFREE . TR

PR R 1S 2 A £ IR

33 RARBRIRILB IR

PSS TEL £ ?#%’W’@iaaﬁpﬁ;?‘ﬂm#’»%

AEBEY P NP AR o A2 PR A LIRRIZ dplie o AR B

)
N

1§ @1 Ad § fadp i
AR ER 2R SRR Sl SR T EEE S

3. ¥ A fidp el MR A - £ RS

B @1l ldpd g BENMYEAE P RARNET 0 ¢ 7
MRS Y RER A CHEV LG A BT R RS R RAE
Flpt AL s RIS BRI ARS P Ap R MY s didnd ¢ FoRE 2 AY R
Wil 2 RS apdp e E R - B AT SERERS S0 BHE
¢ afdpde e F 1 AR fap i Y A dp R £ A0 R 31 T o

B RPN A o A B e ptdg DB E I U RS R L | B e 2
[4,5]c { EBenE > A cnRBERT A BFEBEY 2 £ [66,78] - H. Xu
etal.[00] A T BEm AR M AR B > R e P B E R B R EARAp 12 0 1B
BEY gL BA%] 0 B RARERE o Lietal[78) R 5 @42 WA ER RS
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3L F@da s §ii— L (0]

%) HEB (%)
(=) kirz 2@l &u 141.065
CHF T 5 BpelE 21.142
(=) LK 13.911
(r) &2 %55 233.420
()~ 2 2@ 54 24.002
I EL L 19.554
() Wik g Ex 9.302
(M) BT RE 120.193
(L) BT 2 EASN 19.067
(+) 3 :E i 57.581

BEET O RFOERERFEABEY AR FIP AT EENT Z B
FEFTRFER (B33) ¢ ZATRY 2EH S 2 - FERE - 2ALERSE -

WUl R 2 B SRR T R o

Step 1 - Step 2 - Step 3
MEE B TR THIE Ay

B 3.3: i EH AL

331 FHERRBRBEES X

TEFA[O]FRY 13EGEA B2 B 4p 0de & &> 72 > ¢ 7 Manhattan
Distance ~ Euclidean Distance ~ Chebyshev Distance ~ Mahalanobis Distance ~ Maximum
Mean Discrepancy (MMD ) ~ A-Distance ~ Kullback-Leibler (KL ) Divergence ~ Wasser-
stein Distance ~ Cosine Similarity ~ Jaccard Similarity (index ) - Pearson Correlation
Spearman Correlation ~ Kendall Correlation < # ¢ > Maximum Mean Discrepancy ( MMD )
FAa@BEgY & F @ %32 o Manhattan Distance ~ Euclidean Distance ~ Cheby-
shev Distance ~ Mahalanobis Distance ~ Maximum Mean Discrepancy (MMD) ~ A-

Distance -~ Kullback-Leibler (KL ) Divergence - Wasserstein Distance *| %74p i 42 &
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2 R L e im A% ] & 57 4% 4p 1T ; Cosine Similarity ~ Jaccard Similarity (index) -
Pearson Correlation ~ Spearman Correlation ~ Kendall Correlation 2| ¥74p 12 42 & 2. &
BELFEARK LT ARAPIT o %27 it § L2 2 % > Fawazetal. [80] 4R B 7 »
# 11 Dynamic Time Warping (DTW) = 2 mMiE#F & G hs TR - DTW ¥ 2 - 2
g ] > &% & f5 23] (Dynamic Programming ) # 45 B & chpF 5 7] 7
foor MPEA BEEFEAGIpNARESDS 2 c AR gR* EFEINERT I o

TR NFSPERES TR GldoF I E o BRARG F S EN R
Tt iR ER > L ARBEY R OIER B STERIZ AP VIJ%“ B A8 Q‘),?%
B2 EJRBP DN B GAEF S E o TP AT I FA [79] FE2 13
RS AAT A DTW £ % 14467 2R FE RSB PRS2 Faipit

2R o

332 FEERI

B FEEEE A B AR AR D 145 2 2w k] E R RS G

PR R SEREE - 2B - BEARTO FPRRNE RPRET
BERIFET GRS  RRF S RSB R -BHEFEERE
PRFAFHGLE A S R EESEE . PRI SR AR
B Q1] 2 FARET o RE BF BHE HBES 2023 280 B E
PR o BY B Rer F R ae s FUEHEV IR, FEI-F R
Fanb oo Tt FRFRAEE . b S FPN - RE F L BRI o 1
BARE BT R 2N T A5 b 1M SN A A K R R4 s ¥ ORI [82] A
o AE2020 Efednt AF S 20958 F W B R AL 60.6% 0 TAEE A
¥ 394% 0 ARBRAGHBRLZILE R IBHE > AR ErEEr > FIHLE 7
TR M A e (TR RO R Y o Adedkier £ 5 33658 oep 0 F ARG
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32 hEH D2

7k Fhk FIBTAL

Manhattan Distance B BRI E A Rk b 2 5 HphEE | AR] AR4F
W

Euclidean Distance " BERY B AFEYE AR | AR

Chebyshev Distance BRI E & R kb2 gk R | AR ARdE
.

Mahalanobis Distance p* AL ek g R ey AR AR

Maximum Mean Dis- | % 2 (Kernel) & ¥ = 2 » £ p] | 4% ] 4845

crepancy (MMD ) reproducing kernel Hilbert space
xlo] __‘!:.‘&E',_,»}'ﬁ'_

A-Distance EERELGFEIE LS B | AR AR
hinge 4§ %

Kullback-Leibler (KL) | =& & B8 & & % B chiEdg AR | ARG

Divergence

Wasserstein Distance e S B S A P apedy > £ | A% ARdF
7 B o] & A

Cosine Similarity ERA BB AR E L | ARK ARLT
& HAp it

Jaccard Similarity (in- | €85 B & & &~ ] B E & | 4% % 4x47F

dex) AREAN = S TLN T IR f}f‘i Hjp i

Pearson Correlation TpS TR M MARR | AR AR

Spearman Correlation | % H 3 S8 & 0|5 B S Hcendp | A% % 4%dF
e

Kendall Correlation RS B HCE R R D e TR | A% ARF
HAp i

Dynamic Time Warp- | #- %P 5 743k 1 k2 4p i B | A% 4845

ing (DTW) TR
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HE 4% B9 p A RECED39% 0 A F - o INFEA TR - Sk
PR ARG SRR E R E 2§ 2023 £ R 2 ¢ £4F [85] Km0 2022 &
BN KR EEE 1,350 F 2 0 @ 80 KR 45 B s M A3 5§ 2022 £ B B i D
CAFREET S 340 F oM [R1]0 b K 25% o fE b P TR T L E ey i
HLIRA T EPARiE T o @ B2 RAELRIE 2T > FR R AR HRP Y

bl 3 NI A (G
LAY

FORRAPM G FRECBEIRFS M pre iyl
B o WU T NEFRAREERGET LTI B ERP S - 5 - BA
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i if (Donchian Channel ) o s/ 47 4p Tl p 4o T o
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= )%a‘ﬁ ’]‘ﬂ (Williams %R )
kil ( Bollinger Bands )
BH = ; ( Donchian Channel )

« f§ H # & T2 (Simple Moving Average, SMA ) &_fi4F w pF R 41 #3247
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o 4vfg A d T 3o (Weighted Moving Average, WMA ) & 4% € 8 #1232
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signal = EMA{DIF} (3.10)
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getitern input: | (17144, 12, 50)
depth:1 output: (17144, 50)
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| |
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I : I
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| |
| |
| |
| N |
I output-tensor I
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L e e - - - - - - ___ |
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CosineAnnealingWarmRestarts - ReduceLROnPlateau &_3 35 & #7 7 & € 2 ptkp
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Learning Rate
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Learning Rate Schedule
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Leamning Rate Schedule
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B 3.17: CosineAnnealingWarmRestarts 7+ %, ]
% 3.11: #3442 28
42 | Model 1 [ Model 2 | Model 3 | Model 4 | Model 5
Optimizer AdamW
Activation Function RelLU
Batch Size 8 \ 8 8 1 1 ]
Epoch 500
Early Stop 50
Dropout 0.2 0.5 0.2 0.9 0.9 0.9
Learning Rate 1E-04 1E-02~1E-03 1E-04 1E-02~1E-06
Weight Decay 1E-03 1E-02~1E-03 | 1E-03 1E-01~1E-02
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x 100% (3.17)
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1 2
MSE== (4 —w 3.18
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Model 4 3.14 2.89 1093 | 3.31 e % = K LSTM k&
Model 5 1.46 1.35 440 | 2.10 e % - & LSTM k&

FAERIARY 1230 2 F 1§ dp e (£421) ApRAT- BB ES
¥ 2% (Model 1) 2F 4% I RS A 2.3 2 0 A % - & LSTM &
FF (Model 5) H gl 4 BB it > B i 59 % < 2% 5 MAE ~ 0.03% 7 MAPE -

9% = MSE ~ 5% 51 RMSE -
24200 % 1237 F1 ey § B (G0~ PR~ THE D)

k%% 12188 | MAE | MAPE(%) | MSE | RMSE Description
Model 1 2.08 1.91 4.80 2.19 i#* CCI & &73'% LSTM
Model 2 7.75 7.11 61.53 | 7.84 i % e o) B AR CCI
Model 3 2.17 1.99 4.86 2.20 e BB A
Model 4 | 342 | 3.3 | 12.10| 348 % - k LSTM &
Model5 | 2.05 | 1.88 | 435 | 2.09 | /&# % - &k LSTM &

@ 12 R ik TR

FRFFTHEZFEFEREL I 2 PRBTRES SRR HETEER
BIAKE TBY ~E3BY ~H 6B 2% 1260 nyd1idy fa

2. % he 422~ 2423~ 1424~ £425%75%

BORRIARE 1R 241 B A e (422) Aot - BB EFY
*2 (Model 1) *F3 #* g2 fied 22 = 2 (Model 3) &t 53 "% 1 53%
e MAE ~ 1.18% 7 MAPE ~ 53% 3 MSE ~ 32% 7 RMSE » & & ¥ iz % - &

LSTM 4 p¥ (Model4) HIp Rl £ A > pfAIT- SPRFY 22 > H i 43
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"% 14 53% ¢ MAE ~ 1.19% 1 MAPE ~ 74% 7 MSE ~ 49% 1 RMSE o
2422 % 1B ¥1 b A@mFEE s TrED)

A%&% 118A8 | MAE | MAPE(%) | MSE | RMSE Description

Model 1 2.45 2.25 6.78 2.60 ¢ * CCI & £3" 3% LSTM

Model 2 4.86 4.49 2531 | 5.03 | @ * R 7] 2 #&5E B CCI

Model 3 1.15 107 | 316 | 1.78 e B B 10
Model 4 127 | 118 | 376 | 194 WA ¥ - & LSTM &
Model5 | 1.15 | 1.06 | 1.74 | 1.32 e % - % LSTM &

BORRIAKRE 3B 2 F @ Aed  Rdp e (423) pRot- KB EFY
S 2 (Model 1) » AFT 5 4 FE3 RS M 2 3 2 ° Wik ¥ - § LSTM &
¥ (Model 5) # 7l % A it > # it 43 " 14 52% 9 MAE ~ 1.28% 7 MAPE »

69% £ MSE ~ 45% ¢ RMSE ©
20423 ¥ 3B FR1AkHAhi( 2 ETEE  FREED)

%% 3/8A | MAE | MAPE(%) | MSE | RMSE Description

Model 1 2.68 2.47 7.80 | 2.79 g * CCl & &3 LSTM

Model 2 5.57 5.13 3391 | 5.82 | @& * AE 7] 2 &35 R CCI

Model3 | 2.09 | 192 | 546 | 234 e B B
Model4 | 3.04 | 280 | 1042 323 WA % - K LSTM &
Model 5 | 1.30 | 119 | 2.40 | 1.55 3 % - & LSTM &

FAARAKRS 6B " 231t Bdpde (424) Apfot - P EF Y
=% (Model 1) > AR5 4% E R Hed 2= 2 7 e - & LSTM A
P (Model 5) H Fgpl & B i » H 5 53 %% 1 59% 7 MAE ~ 1.38% 7 MAPE -

79% 39 MSE ~ 54% ¢ RMSE ©
2424 5 6B FRaA P R (1 XFEFEE - TRED)

A& % 6/8A | MAE | MAPE(%) | MSE | RMSE Description

Model 1 2.57 2.35 7.79 2.79 g * CCI & £73" % LSTM

Model 2 6.41 5.90 42.60 | 6.53 | i * Rt oA B #23E 8 CCI

Model 3 1.40 1.29 2.51 1.58 g gy
Model 4 3.17 291 11.26 | 3.36 Vi e %3: A& LSTM &
Model 5 1.05 0.97 1.64 1.28 J%ftp - & LSTM %

FARRIA R 1237 2 ¥ 1 m R (425) ARt - BB EF Y
4% (Model 1) 0 %A 5 # % SE9 38 Heh 2 2 2 ¥ WfcH % - & LSTM &
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FF (Model 5) H3gipl & i iE > H i 43 "% M 25% 7 MAE ~ 0.47% =7 MAPE -

43% 1 MSE ~ 24% 7 RMSE -
2425 % 12B 7 ey fidpdc (1 AR~ TR ED)

A% % 12/8H | MAE | MAPE(%) | MSE | RMSE Description
Model 1 2.08 1.91 4.80 2.19 ¢ * CCI & £33 LSTM
Model 2 8.03 7.37 66.07 | 8.13 i * Rk B &R CCI
Model 3 2.77 2.54 7.76 2.79 455(‘:’% B T
Model 4 339 | 311 | 1283 | 358 Heh % - & LSTM &
Model 5 157 | 144 | 275 | 1.66 e % - & LSTM &

s

HiE L HIERIY 21 RS § gL B % 0 ¥ 20 R Model 3 2SRRI AR Y

v Model 1 2. FFiRI % I 2 4% > 8o A7 7 JI* SR B B E 2 BEAITE R A R
Bt - MW EEY 2R E oA e S Z Y > Model 5 £.H P i A d e

A HARE G2 s F oo gt b U IR Model 2 E_ 5 fAHCA] ¢ R A IR
BAo FIZARFEYEPE P RBOT T H A REL - B4SKE T §
RSP AT S 30 A4 PR TR S A AT R T R R R TR AR E

125 2 314k ahBfRlss - P B RAFT T EPTFRIZ AR

3§

o £ 8 8 Model 5 2 FF iRl R B 2N AT 0 B AR TR 22 24

i

Rl e

442 FEARKREREDRBIEEER

(1) 30 ~ &8 pF 4228 ~ A FT 4 1R T AL B
FREFTAHELPFTIRELZ 0O & P PRBTHEL RS THETHEE
BoTERIARS 1B ~53B2 5637 25 122 9rkiz 245
Bdn ez % 402426 ~ 2427~ 2428 24297 o
BRI ARS 1B 2k 2 B WS apdndipd (£4.26) 0 Apfat - SR
g9 272 (Model 1) » 28 7 % FE2 &2 et 22 = 2 (Model 3) it 53 "% i<
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TARARE 2MEAZ BRI RMELRIEH (30 psEREL - EHE—)

m

110

109

v]

108
107

106 /—/:
105 /

104

103

\\

102

101

100

2023-01 2023-02 2023-03 2023-04 2023-05 2023-06 2023-07 2023-08 2023-09 2023-10 2023-11 2023-12

e TRUE Model 1 Model 2 Model 3 Model 4 em===Model 5

45 % 1207 2 g1t §idpdic (30~ @BPFFE ~ T E-)

54% = MAE ~ 1.01% =1 MAPE ~ 80% e MSE ~ 55% ¢ RMSE » fe §_# e %
- % LSTM & p¥ (Model 5) BRI A RE G > ApfR>T - P EFY 22> 4
it #3 "% ™ 70% 9 MAE ~ 1.30% <59 MAPE ~ 88% 3 MSE ~ 65% =7 RMSE -

#4260 % 1 kil 2 B Q&S84 8 (30 2 P ~ TR E-)

%% 1/8A | MAE | MAPE(%) | MSE | RMSE Description

Model 1 2.14 1.86 6.75 2.60 & * CCI & &7 3 LSTM

Model 2 4.35 3.70 19.94 | 447 | & * ket oA B &35 8 CCI

Model 3 099 | 085 136 | 1.16 e B B A
Model 4 109 | 095 | 212 | 146 WA % - K LSTM &
Model 5 | 0.64 | 056 | 0.84 | 0.92 3 % - & LSTM &

FAERAKRS 3B 2 kR 2 B RAE A e (£4.27) PRS- BB RS
¥ 22 (Model 1) 277 45 * FFV MG A2 > 22 a5 - k LSTM &
% (Model 5) B3Rl & B & » H it 49 "% 1 50% 7 MAE ~ 0.62% " MAPE -~

61% =7 MSE ~ 38% 7 RMSE -

BARRIA KT 6B 2 okik 2 BE Rapd e (£4.28) pRt - RBES
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%427 % 3 kR 2 AP SR (30~ BT IEE - THRE-)

* %% 318 A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 1.48 127 326 | 1.81 | @& * CClZ 42" % LSTM
Model 2 5.29 451 [ 2940 | 542 | @ * mu HCAE 988 CCI
Model 3 1.83 1.58 539 | 232 e B B A
Model 4 0.88 0.77 146 | 121 e % - & LSTM k&
Model 5 0.74 0.65 126 | 1.12 A % - & LSTM k&

¥ 2 (Model 1) 2§ 4% 0 REHH 2.2 2 7 §fcd 5 — & LSTM &
B (Model 5) H 5|4 A i » B i 43 % 1 45% 0 MAE ~ 1.13% 7 MAPE -

31% 9 MSE ~ 17% 0 RMSE -
2428 % 61 kR 2 R At (B0 ~ B ESE ~ TR E-)

A2 % 6/8A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 3.04 2.58 12.43 3.53 i#* CCl & #&3"%» LSTM
Model 2 7.62 6.44 62.59 7.91 i * Rk A B &R CCI

Model 3 234 | 201 | 1993 446 e B A
Model 4 332 | 282 | 1530 391 fe % - & LSTM &
Model 5 | 1.69 | 145 | 854 | 2.92 A ¥ - & LSTM &

BAERIA RS 12 B0 2 kiR 2 B RaEdn epE (£429) ApROT- BB RS
¥ 2% (Model 1) AFF 5 #* SEDRBL A 2. 2 2 WA % - & LSTM 4
P (Model 5) HAgipl 4 i & - B it 53 % 1 30% 9 MAE ~ 0.73% 7 MAPE »

19% ¢ MSE ~ 10% 7 RMSE -
%4200 % 12 7 kiR 2 H YU E B B0 A PRV E2E ~ THE-)

k%% 1218 A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 296 | 247 1023 | 320 | #* CCIE #&3"% LSTM
Model 2 1131 | 942 | 13445 | 11.60 | & * i 3] &5 p] CCI
Model 3 393 | 327 1755 | 4.19 e B B R
Model 4 3.84 | 320 19.67 | 4.43 M % - & LSTM &
Model 5 208 | 1.74 829 | 2.88 i % - & LSTM &

(2) 1~ PFRA=ZE ~ Fpws frdg R B
FRBTHREZFTERZL 1R > 2 pERSETEE LSRR T R
FRIARS LRI ~F 3B % 6B ~ 25 1280 arkir 2 24244
2 % 4c£ 430 2431 £432 £433957 -
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FARRAKRS 1B 2kk 2 BR Sidp e (£4.30) 0 A5 - S B
¥ 22 (Model 1) 27 3 & * "R E M 22> 2 (Model 3) it 43 "%
52% -1 MAE ~ 0.97% 5 MAPE ~ 71% 7 MSE ~ 46% -7 RMSE » & &_i i %
Z % LSTM & p¥ (Model 4) HFF R £ b i > RO - KPP BE Y 22 > 2
it 53 "% 1< 75% 7 MAE ~ 1.40% 5 MAPE ~ 92% -7 MSE ~ 72% 71 RMSE

24300 % 1B k2 A Rapdplic (1 A P22 ~ TAHLE-)

A% % 11818 | MAE | MAPE(%) | MSE | RMSE Description

Model 1 2.14 1.86 6.75 2.60 g * CCI & £3" 3 LSTM

Model 2 4.51 3.86 21.21 | 4.60 | i * R 03] B #2388 CCI

Model 3 1.02 0.89 1.98 | 141 M T A

Model 4 0.53 0.46 0.54 | 0.73 A5k LSTM &
Model 5 0.65 0.57 1.03 | 1.01 HA % - K LSTM &
BORRIA KRS 3B 2ok 2 AW Ragip e (£431) Aot LB ER

¥ 205 (Model 1) > 2F7 5 4% FE3 R M 2= 2 © e % = & LSTM K
¥ (Model 4) 35l % A i » H i 53 % i< 43% 2 MAE ~ 0.54% 1 MAPE -

52% ¢ MSE ~ 31% -7 RMSE -
2431 % 3B kR 2 ARl (1 A PR - TAE-)

A% % 318 A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 1.48 1.27 326 | 1.81 i * CCI & 7" % LSTM
Model 2 6.15 5.25 41.01 | 6.40 | ¢ * R3] 2 2558 CCI
Model 3 1.47 1.26 3.18 | 1.78 F&F’% R
Model 4 0.84 0.73 1.56 | 1.25 A % = & LSTM k&
Model 5 133 1.14 2.17 | 1.47 B % - K LSTM k&

FOERAKRE 6B 0 2 kir 2 B AR BepF (£432) 0 ApRoT - S E
By 2% (Model 1) » AFF 4 3% I3 &2 e 2 > 2 (Model 3) it 47 "
67% 7 MAE ~ 1.71% 7 MAPE ~ 82% 7 MSE ~ 57% 7 RMSE » ¥ H % § i} 2.
BoAl > B Y- KA ¥ - & LSTM & 2

FARRAKRSE 1200 2k 2 AW SR EpF (£433) R - S ES
¥ 202 (Model 1) AF7 3 F* TRV MBI A 2= j2 7 Wl % - & LSTM k&
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#432: 6B kR 2 AP SR (1 X FEFIE - FHRE-)

* %% 6188 | MAE | MAPE(%) | MSE | RMSE Description
Model 1 3.04 258 | 1243 | 353 | @& * CCIZ &3 % LSTM
Model 2 8.95 757 | 91.01 | 9.54 | @ * Jmi Al 2 4988 CCI

Model 3 1.01 0.87 227 | 151 At BB 43

Model 4 3.67 3.14 [ 2568 5.07 AR % -k LSTM &
Model 5 1.83 1.55 461 | 215 e ¥ - & LSTM &

P (Model 5) H g4 i & » H it 57 % i 71% 9 MAE ~ 1.74% 7 MAPE »

84% =7 MSE ~ 60% ¢ RMSE -
2433 % 1237 kiR 2 B At B (1 A R - TR E-)

k%% 1218 A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 296 | 247 1023 | 320 | & * CCI & #3"% LSTM
Model 2 1414 | 1176 | 209.12 | 1446 | & * s fic3] 2 42 98] CCI
Model 3 382 | 3.7 1462 | 3.82 e A B H0A
Model 4 6.91 576 | 69.82 | 8.36 e % - & LSTM &
Model 5 0.87 | 0.73 1.63 | 1.28 P ¥ - & LSTM k&

(3) 30 ~éapE =2 ~ GAGIRT A A
FRBFTHELPFTIEEL 3044 ¥ PHRBTHE QARG ETREER
RIARS LB ~F3BY % 6B &% 1260 ki 2 B WS4

B2 B % 4cR 434~ 2435~ 2436~ 24375757 o

FAERARS 1B Y 2 kR 2 B A Sadnfepr (£434) 0 fpRt - B E
B4 25 (Model 1) 28 3 & * IFRE A 2. 2 2 (Model 3) it 43 % i
63% = MAE -~ 1.68% =7 MAPE ~ 74% 7 MSE ~ 49% 7 RMSE - & ¥_¥ gt %
~ & LSTM & p& (Model 5) H 5Fipl £ b i > Apft— B EH ¥ = 2 > o

it 53 "% ™ 64% 9 MAE ~ 1.72% 59 MAPE ~ 69% 7 MSE ~ 45% 7 RMSE -

FOERA RS 3B 2ok 2 R R (£4.35) 0 Apfot - B E
¥ 22 (Model 1) A8 3 4% 302 e 2 2 2 (Model 3) it 43 % i<
43% e MAE ~ 1.19% 1 MAPE ~ 71% 7 MSE -~ 46% 7 RMSE » e §_i# i3 %
- % LSTM % p¥ (Model 5) BRI A RE G > AP - BHPEFY > 2> #
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2434 % 1B kR 2 AP (30 ~ &R T2 ~ THE )

*#%% 1184 | MAE | MAPE(%) | MSE | RMSE Description
Model 1 3.18 275 | 12.02] 347 | #* CCIZ £ LSTM
Model 2 3.94 333 | 17.98 | 424 | @ * Jms A 4598 8] CCI
Model 3 1.19 1.07 317 | 1.78 e B B A
Model 4 1.67 1.46 415 | 2.04 e % - & LSTM k&
Model 5 1.14 1.03 3.68 | 1.92 A % - & LSTM k&

W0 53 % 4 59% 1 MAE ~ 1.62% = MAPE ~ 79% 5 MSE ~ 55% 5 RMSE o
%435 % 3B kir 2 2 QR (G0 A AP C TR E D)

A%% 318 A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 3.27 2.78 12.86 | 3.59 | i¢* CCI 2 #3"% LSTM
Model 2 4.86 4.10 25.77 | 5.08 | i * kA 2 #5E R CCI
Model 3 1.86 1.59 3.79 | 1.95 P B R
Model 4 1.82 1.55 3.67 | 1.92 A% = & LSTM k&
Model 5 1.34 1.16 2.64 | 1.62 A ¥ - & LSTM k&

FARARY 6B 2 kiR 2 AR Ragdn e (£4.36) 0 Apft - SR
BY¥ 272 (Model 1) 28 3 & * IF2RE A 2 22 (Model 3) it 43 "% =
33% # MAE ~ 0.80% 7 MAPE ~ 49% 47 MSE ~ 28% 7 RMSE - it §_# 3 %
- & LSTM & F¥ (Model 5) H g Rl % B it > Apf st - P BH Y 5 2 - d

i 33 M 50% 7 MAE ~ 1.22% 9 MAPE ~ 66% 51 MSE - 42% ¢ RMSE ©
24360 % 60 k2 B E R H (30 AP TIEE TS D)

%4 % 6/8A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 3.02 251 1135 | 337 | #* CCIZ %75 LSTM
Model 2 7.20 6.06 | 5247 | 724 | i * LAl 2 4598 8] CCI
Model 3 2.01 1.71 583 | 241 T B B
Model 4 2.69 2.28 848 | 291 WA % - & LSTM &
Model 5 1.51 1.29 3.87 | 1.97 AH % - & LSTM &

FAERAKRS 1280 2 kiR 2 B QR acps (£437) fpfct - s B Y
¥ 22 (Model 1) #2873 5% FEV B e 20> 2 0 W pked % - & LSTM &
pF (Model 5) HFg B & B i » H 50 43 %% 1 32% - MAE ~ 0.77% 1 MAPE -~

51% #MSE ~ 30% 7 RMSE -

(4) I%EEEF"!‘&%E—?‘IE Y 'q,_/bll&#ﬂ%ﬂ?‘} g;
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2437 % 12 7 kR 2 H YU Rt G0 A @22 - THE D)

k4% 1218 A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 2.90 2.40 875 | 296 | @& * CCIZ2 &7 % LSTM
Model 2 10.02| 833 | 103.52 | 10.17 | @ * /i 2] 2 437 8] CCI
Model 3 371 3.09 15.14 | 3.89 A B A
Model 4 3.34 2.78 1482 | 3.85 P % - K LSTM k&
Model 5 1.96 1.63 432 | 2.08 HA % - & LSTM &

PRBFTAELFFEEL LR P P RBTREIERpETEER T
BlAKXF 1B 53R -5 6B ~B2% 123° 9kE 2 @lrﬁ:"#‘_;}pgﬁ

2. % 402438~ 2439~ 2440~ £4.41%77

EARA KD 1B 2 ki s B Sad lep (2438) > Ap st - s E
B4 25 (Model 1) A8 3 & * SERE A 2.2 2 (Model 3) it 43 %
69% 7 MAE ~ 1.88% 7 MAPE ~ 86% =57 MSE ~ 62% 7 RMSE » * H % & i 2
WA T s 8- K & % - & LSTM K 2 17 -

2438 % 11 kR 2 A Rapdplic (1 A pFR=2E ~ TALE D)

A% % 1/8A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 3.18 2.75 12.02 | 3.47 g * CCI & £33 LSTM
Model 2 6.72 5.72 49.56 | 7.04 | @& * o] B EIE R CCI
Model 3 0.98 0.87 1.69 | 1.30 e BB A
Model 4 1.01 0.90 1.84 1.36 e % = K LSTM %
Model 5 1.14 1.01 2.33 1.53 e % - K LSTM %

BOERAKRE 3B 2ok 2 B WS R (£439) 0 dpot - B R
g4 22 (Model 1) » #4733 % FE2 3 fiesd 2 = 2 (Model 3) i 49 ' 4
56% 1 MAE ~ 1.54% " MAPE ~ 74% 7 MSE -~ 49% 7 RMSE > fe £ i #
= K LSTM & F¥ (Model 4) H gl % b i > AR - B BEY = 2 > 4

iv 33 "% ™ 72% 9 MAE ~ 2.00% =59 MAPE ~ 91% 3 MSE ~ 70% =7 RMSE -

FHERART 6B 2 k2 AT A iF (£4.40) 0 ApdRat - SR
B3 22 (Model 1) » A8 3 % FE2 R e 2. 2 % (Model 3) 5t 43 "% 4
45% 57 MAE ~ 1.11% =7 MAPE -~ 68% 7 MSE -~ 43% 7 RMSE - fe &_¥ iz %
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#439: 3B kR AP SR X FEFIE - FHRED)

% 4% 3184 | MAE | MAPE(%) | MSE | RMSE Description
Model 1 327 | 278 | 1286 359 | #* CCIZ 3" % LSTM
Model 2 7.05 597 | 51.90| 720 | @ * i HCAl B 4 g8l CCI
Model 3 1.45 124 | 338 | 184 R B R
Model 4 | 0.91 0.78 114 | 1.07 Mea % - & LSTM &,
Model 5 1.30 1.12 217 | 147 P % - & LSTM &

- & LSTM A& F¥ (Mode 5) H gl 4 b it » Apd3t - AL BH ¥ 5 2 > o

it 33 "% ™ 66% 77 MAE ~ 1.64% 59 MAPE ~ 84% 7 MSE ~ 60% =7 RMSE -

2440: % 60 k2 A Rapdpdic (1 A PP ~ TAHLE D)

A& % 6/8A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 3.02 2.51 11.35| 337 | #* CCI 2 #3>"% LSTM
Model 2 9.51 8.00 90.81 | 9.53 | @ * R H-A) 2 #&3E R CCI
Model 3 1.65 1.40 3.68 | 1.92 e B B A
Model 4 1.14 0.97 1.72 | 131 HA %= & LSTM &
Model 5 1.02 0.87 1.80 | 1.34 A % - K LSTM 4

BARRIARE 1200 2 kiR 2 B R (£441) 0 ApROT - B E

B3 22 (Model 1) » 28 3 3% FE2 & e 2. 2 % (Model 3) 5t 43 "% 4

45% 7 MAE ~ 1.06% 7 MAPE ~ 47% 7 MSE ~ 27% 7 RMSE » * H % & if 2.

oA RIS B - B &% - & LSTM & 2 #3) -

%4410 % 1237 RE 2 EQRGLE(l ABFEE - TRED)

A%% 12188 | MAE | MAPE(%) | MSE | RMSE Description
Model 1 2.90 2.40 8.75 2.96 i * CCI E #&7"3 LSTM
Model 2 12.26 10.20 152.74 | 1236 | & * 3] 2 &30 CCI
Model 3 1.60 1.34 4.63 | 2.15 Vi o B
Model 4 337 281 18.84 | 434 M ¥ - & LSTM &
Model 5 299 | 248 10.88 | 3.30 P % - & LSTM A

AR IE R KR 2 B A e % o BRI 1 1 ARd ) A Bodp e L

¥ 125 3 Model 3 2 FE i1 % L% v Model 1 2 FE | 2 245 » & 7 A= 5 1% 3

PIRLH D F WA ORI A BN - B APBEY 2 DR E oA iR S

Al ¢ > Model 5 £ 2 ¢ i o)

doefid] > H AR A2 Stk b oo gtk
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Model 2 £_5 fa -3¢ Rl A b L Fla i3 E¥ TR M EBahFa
FI VT U RPIHEAREEEL c B4 T RABFFIZE S 1 X ~ P ERB T
B e g mTALE P SRR R R 12 B 7 2 okR 2 B Ry Bon i R
o VNUBRAFTL N EDIFPRIZ AR AL o £ H F_Model 5 2 FER|EF E B
WRRAT 0 Mor AR TR D D E 2 LFIERMEAT o 2t b > Model 2 = > &2 4 Fok
2 Wi e AR o A RAC Z R o

BRARE 2BAZARREAEE BEisH (1 REMIESE - EHE—)

122

120 o —
118
116
4 /
112
110
108
106
104

102

100
2023-01 2023-02 2023-03 2023-04 2023-05 2023-06 2023-07 2023-08 2023-09 2023-10 2023-11 2023-12

e TRUE e Mo del 1 Model 2 Model 3 ~e===Model4 e===Model 5

Bl 4.6 % 1201 2 ki 2 B mapdndie (1 AR ~ THE- )

443 TFERLEERBIEEER

(1) 30 & 8P B2 ~ 4Lieh 74 B TR B

FRBFHRELBEFEEL0A 4 P P RBTRE L HNES T RHETE S
PEOTERIARE LB CH3B F 6B 2% 128 e UL
Bz B H A 442~ 2443 ~ 2444 ~ 24459757 o
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FORRAKS 1B 2 £ HASFA R (£442) pdor- BB EFY
> 72 (Model 1) » A7 7 3 * FE " R piesd 22 2 2 (Model 3) ¢ 43 "% < 5%
0 MAE ~ 0.15% ¢ MAPE -~ 3% ¢ MSE ~ 3% 7 RMSE » i & & e & - &

LSTM k& & (Model 5) HFgipl & A id » PRt - B BEY 3 32 - 23

W
<

!
% 1 6% 9 MAE ~ 0.20% 7 MAPE ~ 5% 57 MSE ~ 3% =7 RMSE -

%442: % 13" £ HASHAHB GO A @PFFIESE ~ THE-)

A% % 11818 | MAE | MAPE(%) | MSE | RMSE Description

Model 1 2.75 2.63 11.30 | 3.36 g * CCI & £3" 3 LSTM

Model 2 6.71 6.55 5192 | 7.21 | @& * REEH7) 2 &35 CCI

Model 3 2.61 2.48 10.72 | 3.27 Vg g
Model 4 2.75 2.62 10.05 | 3.17 M % = & LSTM k&
Model 5 2.57 2.43 10.73 | 3.28 M % - & LSTM k&

FAARMAKRS IR 2 £ RUSFHERF (£443) PR - LPpEFY
2 (Model 1) » A8 3 4% FE2" 52 e 22 = 2 (Model 3) it 43 "% 9% =
MAE ~ 0.36% 5 MAPE ~ 6% 5 MSE ~ 3% 7 RMSE » ¥ H % & &2 #3] > i§
WM - K A% g LSTM & 2 #3) -

2443 £ 36 £ BUSHERHEGO S BFRIE  FRE-)

%% % 3/ A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 3.82 3.63 2074 | 455 | #* CCIE 473" % LSTM
Model 2 7.98 7.76 68.28 | 826 | i * Jass H-3] B 42388 CCI
Model 3 3.46 3.27 19.58 | 4.42 P BE B R0
Model 4 4.12 3.95 2134 | 4.62 #B % - & LSTM &
Model 5 4.56 437 26.40 | 5.14 A% - & LSTM k&
BORRARE 6B 2 £ USSR (£444) ppor- LB EFY S

iz (Model 1) » #F 7 4% & e 22 > 2 (Model 3) it 43 % 18% ¢
MAE -~ 0.53% 7 MAPE ~ 21% s MSE ~ 11% «# RMSE » * H % & &2 #7) »
A B - & & % - & LSTM & 2 53 -

FOURRAKF 1207 2 £ USRI (£445) pROT- BPEF Y
% (Model 1) » #77 § 5 * T & e 2= 2 2 WHH ¥ - & LSTM & /&
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1444 5 6B £ RUSTHEGO A BPFEFES  FRE-)

* %% 6188 | MAE | MAPE(%) | MSE | RMSE Description
Model 1 2.95 290 | 11.69 | 342 | @#* CCI 2 2% LSTM
Model 2 777 766 | 69.28 | 832 | @ * Jmi Al 2 # g8 CCI

Model 3 | 2.42 | 237 | 924 | 3.04 Mo K B A
Model 4 | 431 424 2332 483 Hed ¥ - & LSTM &
Model 5 414 | 407 | 20.64 | 454 A ¥ - & LSTM k&

(Model 4) H3gipl & i & > B i 45" 1 4% 7 MAE ~ 0.08% " MAPE ~ 10%
e MSE ~ 5% 7 RMSE -

%445 % 123" £ B UL B G0 A EEFTIE  TAHE-)

% 4% 1218 A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 1.94 193 | 457 | 2.14 | @& * CCI Z #3"% LSTM
Model 2 6.12 | 609 | 48.14| 694 | @& * Jai H7 2 #2908 CCI
Model 3 1.97 195 | 472 | 2.17 e I A
Model 4 1.86 | 1.85 | 4.10 | 2.03 A % - & LSTM &
Model 5 252 | 251 834 | 2.89 M ¥ - & LSTM &

2) 1 X R ies ~ s Fh BT

FRBTHELBERERL 132 P RE TR AR ETRER
FRIARS 1B 8362 566 2% 126 i BHU Sk

B yr 446~ 2447~ 1448 2449907 o

FHEAARS 1B 2 &AM (£446) fpfr- S EFY 2
= (Model 1) » &= 5 $ % FE 2" 2 e 2.2 72 (Model 3) % 43 "% 11% ¢»
MAE ~ 0.25% =7 MAPE ~ 23% 7 MSE ~ 12% 9 RMSE » ¥ H % & 2 i3] »
Bt WM B - K &% - & LSTM & 2 #53) -

2446 5% 1B §HUSF (A XAFFEE S TRE-)

A% % 1/8A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 2.75 2.63 11.30 | 3.36 g * CCI & £33 LSTM
Model 2 5.65 5.52 3649 | 6.04 | @ * Jax oAl B £&5Ep CCI

Model 3 | 245 | 238 | 8.68 | 2.95 e B B A
Model 4 | 3.19 | 3.04 | 1474 384 HeA % - & LSTM &
Model 5 260 | 251 9.15 | 3.96 A % - & LSTM &
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FERARE 3B 2 & B ARG I (£447) AR - P EFY
32 (Model 1) » 287 7 $* FF R fch 20 2 2 2 W % = K LSTM A
P (Model 4) #3gipl 4 b & # it 59" % 18% 9 MAE ~ 0.60% £ MAPE -

41% ¢ MSE ~ 23% 7 RMSE -
2447 %38 £ HASELE( AFETIEE S FTHRE-)

* %% 318A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 3.82 363 | 2074 | 455 | #* CCIZ £ % LSTM
Model 2 6.44 627 | 4753 | 689 | @ * i fCal 8 495 CCI
Model 3 3.46 329 | 1696 | 4.12 R B A
Model 4 3.12 3.03 | 1229 351 a5 - & LSTM &
Model 5 3.72 356 | 17.91| 423 i % - & LSTM K

BAEAAKT 6B 2 £ HEUSFI B (£448) 0 pp - P EFY S
i (Model 1) » 7= F 4% * FE3" 5% ficsd 22 > % (Model 3) it 33 " 29% 0
MAE ~ 0.88% 77 MAPE ~ 36% 7 MSE ~ 20% =7 RMSE > ¥ # % & it 2 #-4]
Bt WA S - K &% - K LSTM & 2 #03) -

%448 % 6B £ BUSMRE(Q T FTEE S THE-)

* %% 6/8A | MAE | MAPE(%) | MSE | RMSE Description

Model 1 2.95 2.90 11.69 | 3.42 iz * CCI & £3"%% LSTM

Model 2 7.46 7.36 62.11 | 7.88 | & * Jait#73) 2 $&75p| CCI

Model 3 | 2.09 | 202 | 747 | 2.73 o B A
Model 4 346 | 340 | 1604 | 4.01 M ¥ - & LSTM &,
Model 5 257 | 252 | 945 | 3.07 P % - & LSTM A&

FAEAARS 128 2 ERUSFREPF (£449) pfsr - LB EF Y
%2 (Model 1) > &7 3 45 % S50 52 fiezd 22 = % (Model 3) i 43 ' 7% &0
MAE ~ 0.15% 1 MAPE ~ 20% 1 MSE ~ 10% 7 RMSE » * # % & it 2. 7] »

BT A F - & &% & LSTM & 2 03] -

30 ~ & PE R~ AN IR TR &

FRETHE BTS20 A4 P P BB THE LR ETREMS

FRARE LB S H 3B 5667 ~ 258 1267 5k filsghike
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%449 % 125" £ B AUSELE( A EFTIEE S THRE-)

% %% 1218 A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 1.94 1.93 457 | 214 | #* CCI % #3' % LSTM
Model 2 6.53 649 | 5191 | 721 | @ * jni il 8 &0 CCI
Model 3 1.80 1.78 | 3.64 | 1.91 M B B
Model 4 3.88 3.86 | 18.45 | 429 M - & LSTM &
Model 5 1.81 1.79 3.66 | 191 A % - & LSTM k&

FEE 404450~ 2451~ £452 - 2453575 o

FERALS 1B 2 & B AUSGFipEp (£450) 0t - LB EFY
%2 (Model 1) > A8 3 3% TR &Mt 2 2 2 2 W e % - K LSTM 4
¥ (Model4) H gl & i » H a9 % K 19% 59 MAE ~ 0.38% 7 MAPE -~

62% 5 MSE ~ 39% ¢ RMSE «
%450 % 13" £ HRSHAB GO A @PFRIEE ~ THED)

A%&% 118A | MAE | MAPE(%) | MSE | RMSE Description

Model 1 2.74 2.53 1824 | 4.27 g * CCI & £3" 3 LSTM

Model 2 6.05 5.81 4393 | 6.63 | @ * A B 3R R CCI

Model3 | 279 | 259 | 18.17 | 426 e B T 1A
Model4 | 223 | 215 | 6.90 | 2.63 WA ¥ - k LSTM &
Model5 | 3.02 | 279 |22.75| 477 e % - & LSTM &

FHERART 3BT 2 £ BEUSFHEP (£451) 0 PRI - SPEFY
2 (Model 1) » 2F 7 H* FE R e 202 2 2 W ¥ = K LSTM A
P (Model 4) H gl % M & » B i 59" 4 19% 9 MAE ~ 0.52% ¢ MAPE -

42% 7 MSE ~ 24% 3 RMSE -

2451 %367 £ R USSR GO A EPFFIEE  TRED)
A% % 318 A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 3.03 2.81 18.77 | 4.33 #* CCI 2 £23'% LSTM
Model 2 6.14 5.86 5133 | 7.16 | @& * RidHA) 2 #2558 CCI
Model 3 3.98 3.70 29.84 | 5.46 P BB R
Model 4 2.45 2.29 10.84 | 3.29 A %= & LSTM &
Model 5 3.32 3.10 22.01 | 4.69 He % - & LSTM 4

FUERAAKRY 6B 2 AU (£452) 0 R - SPEFY
*2 (Model 1) > *F7 #* "2 fied 22 = 2 (Model 3) &t 53 "% X 20%
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¢ MAE ~ 0.48% 5 MAPE ~ 10% 9 MSE ~ 5% 7 RMSE » it £ % #c3 % - &
LSTM k& & (Model 5) HFgipl & A id » ApROT- B BEY 3 2 5 25 53

"% 14 39% 1 MAE ~ 0.93% ¢ MAPE ~ 50% 51 MSE ~ 29% = RMSE -
%452: % 6B £ HUSH B GO BPFRIEE C THES)

% %% 6/8A | MAE | MAPE(%) | MSE | RMSE Description

Model 1 2.46 2.37 9.39 3.06 iz * CCI & £73" %% LSTM

Model 2 4.81 4.71 3202 | 5.66 | i * kA &3 R CCI

Model 3 1.98 189 | 844 | 2091 P R B
Model 4 1.88 180 | 893 | 2.9 W % - & LSTM &
Model 5 | 150 | 144 | 470 | 2.17 % - & LSTM &

BOERA KT 120 2 £ B S e (£4.53) RO - BB EF Y
2 (Model 1) » 272 7 3 * FE2" R fiesd 22 > 2 (Model 3) it 43 % 14 39% 1
MAE - 0.44% =1 MAPE ~ 62% 1 MSE ~ 38% 7 RMSE » * # % . @& 2 #4]

Bt W - K &% - & LSTM & 2 3] -
1453 % 1280 £ RUSEHE QGO ABETIE « FAES)

k%% 12188 | MAE | MAPE(%) | MSE | RMSE Description
Model 1 1.15 1.12 2.08 1.44 it * CCI & &3 % LSTM
Model 2 3.85 3.82 16.50 | 4.06 i * R ﬁ:‘_’i“]g F3g P CCI
Model 3 0.70 0.68 0.79 0.89 e BB A
Model 4 1.07 1.07 2.27 1.51 M % = K LSTM K
Model 5 1.23 1.21 2.05 1.43 M % - K LSTM &

@ 12 R ik TR

FRBFTHRELFFERL LR 2 PRBEHEELS A ETEER
RIAKRS 1B ~53B7 -5 6B 2% 1287 2 FUSFhks

40454~ 2455~ 2456~ 2457457 o

FERAKE 1B 2 2 BUSE P (£454) 0 R - BPBESY
*2 (Model 1) > *F3 #* g2 e 22 = 2 (Model 3) #c 53 "% 1 18%
&1 MAE ~ 0.37% 7 MAPE ~ 51% 3 MSE ~ 30% 7 RMSE » & & & k3 % - R

LSTM % p¥ (Model 5) HIpRI £ A iE > AP - LPREY 22 > H i 43
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"% 14 22% 0 MAE ~ 0.48% ¢ MAPE ~ 59% 5 MSE ~ 36% 1 RMSE o
2454 5 1B A SR 2 pFREE - FRES)

A%&% 118A8 | MAE | MAPE(%) | MSE | RMSE Description

Model 1 2.74 2.53 18.24 | 4.27 ¢ * CCI & £3" 3% LSTM

Model 2 5.66 5.39 45.07 | 6.71 i * Jhi A B & TR CCI

Model 3 2.25 2.16 9.02 3.00 P B 1 B3
Model 4 2.69 2.50 1537 | 3.92 M % = K LSTM K
Model 5 2.15 2.05 7.57 | 2.5 M % - & LSTM &

FOEAMAKRS 3B 2 AU S R (£455) 0 R - BB EFY
23 (Model 1) » 27§ 3% FE VR fesd 2.2 3 2 e % - & LSTM &
P (Model 5) H 3gip 4 M & > H i 57 % 14 20% 9 MAE ~ 0.53% 7 MAPE ~

40% 7 MSE ~ 22% 1 RMSE -
2455 %36 £ RASEHEQ I FEFIE  FHRED)

%% 3/8A | MAE | MAPE(%) | MSE | RMSE Description

Model 1 3.03 2.81 18.77 | 4.33 g * CCl & &3 LSTM

Model 2 5.10 4.79 48.31 | 6.95 | i * it A B 358 CCI

Model 3 3.68 | 351 | 1746 4.18 e B B 0
Model4 | 3.69 | 347 | 2428 493 WA % - K LSTM &
Model 5 | 244 | 228 | 1133 | 3.37 A % - & LSTM &

EAHA K 6 B0 2 2 BUSH AR (£456) dphoi- P ELY
= (Model 1) 28 7 % FERE A 2. > 2 (Model 3) st 43 "% 14 39% &
MAE ~ 0.94% 3 MAPE ~ 52% 3 MSE ~ 31% 7" RMSE » ® # & & & 2 #-73] »

Bt WA ¥ - K & % - & LSTM A 2 #£4] -
2456 % 6B £ BUSFHEQ I FEFIE  FHRED)

A% % 6/8A | MAE | MAPE(%) | MSE | RMSE Description

Model 1 2.46 2.37 9.39 3.06 g * CCI & £73"%% LSTM

Model 2 3.39 3.28 21.11 | 459 | @& * Jme#73) 2 $&75p] CCI

Model 3 | 1.49 | 143 | 453 | 2.13 K B R
Model 4 | 248 | 243 | 939 | 3.06 Hed % - & LSTM &
Model 5 1.69 1.64 | 449 | 212 P % - & LSTM &

FAHERARS 1260 2 & HAU S ERE (£457) R - SPEFY
*2 (Model 1) > *F7 #* "2 e 22 = 2 (Model 3) &t 53 "% 1 35%

98 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

51 MAE ~ 0.38% 7 MAPE ~ 53% 7 MSE ~ 32% = RMSE - fe £ i # % - &
LSTM A B¥ (Model 5) H SEip|# T ik > ARt - S4B BE Y 5 2 5 H 3 5

% 14 36% 7 MAE ~ 0.40% 3 MAPE ~ 67% =7 MSE ~ 42% 7 RMSE -

2457 % 12B7 £ HUSFEQ APFREE - THRED)

A 4% 1218 A | MAE | MAPE(%) | MSE | RMSE Description
Model 1 1.15 112 | 2.08 | 144 | #* CCI2 #23"5% LSTM
Model 2 307 | 3.02 | 1048 | 324 | @ * jmi Al E &R CCI
Model 3 0.74 | 074 | 097 | 098 B B
Model 4 266 | 2.63 7.69 | 2.77 M % - & LSTM &,
Model 5 0.73 0.72 0.70 | 0.83 A % - & LSTM &

EAER & B A S B %% 2 5 0 7 0 3R Model 3 2 FE R & 3% 1t Model

1 23R £ T 24T > A7 FEVRE A 2 F 2 WA IR AR BT - BB R

BY 2903 % o/ iz SHAKRA 2P > Model 3 & Model 5 & #2541 ¢ enficd] >
HAMB G2 b 5 - BEFALR DA 2R AFFRIF B A2d § Bdpdic kiR

2w S 4p 2 245 %’ié}’«éﬁﬁ o Model 5 % 5 & R i ] o i3 4
PERF R Z 5% 0 ¥ TR Sk 2 EHmAp o ¢ > Model 2 £.5 fE A ¢
FREFREL D FZHR3EYErE P RBOTH FrH LA RELS &
FRARR o RATHT 5 RBFFIEE L 30 248~ P IRF TR E L EARRIETH
B SERIAAS 1287 2 § HASFRHBEOTFRESE - 7 UFRAFT T LD

AR BT AF Y

ETNS

T2 443 > £ H § Model 3 2. FER| & F % @2 4B% 5
arde S Gk 2 AFIERIMA o @ Model 4 ¥7 Model 5 #2873 % 2 ABH Y X IR AP
o e HEE P anE L s o gt s Model 2 = > & E A H A ﬁﬁi}ﬁﬁti%&
oo BTIRAKLTE S ERAERZEE N -
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FARARRE REAZLBEE mHEEHR (30 »E&HHERE BHED)

106

105

104

103

102

101 /\

100

99

98

97

2023-01

Bl 4.7:

4.5

~K

2023-02 2023-03 2023-04 2023-05 2023-06 2023-07 2023-08 2023-09 2023-10 2023-11 2023-12

= TRUE

$12% 2 £ RSk (302 BT« FRE )

Model 1

Model 2

TRIBE I AR SR LR

Model 3 ~e===Model4 e===Model 5

BRBTHRLBERES G AELHE 0 A MY | L EE L 58

RS AR ERIS TR 3B 6B F 12

A a0 RV BEREERGEETRRS TR R

4.59 ~4.60 ~ 4.61 ~ 4.62 ~ 4.63%777 -

%458 BB FHEFERIEE R (FRE- ~ ¥ 125§ A4

(RS W RN

&% hr44.58 -

o A AN N s

1 i7" 3 i 6 i * 12 i@ ?
Timeframe | 30-min 1-day 30-min 1-day 30-min 1-day 30-min 1-day
Best Model | Model 5 | Model 3 | Model 4 | Model 3 | Model 3 | Model 4 | Model 5 | Model 4
MAE 1.54 0.91 2.16 1.30 1.30 0.88 0.36 1.34
MAPE (%) 1.42 0.84 1.99 1.19 1.19 0.81 0.33 1.23
MSE 3.30 1.96 5.82 3.71 2.16 1.32 0.19 1.87
RMSE 1.82 1.40 2.41 1.93 1.47 1.15 0.44 1.37

B 24581 24632 FHUBFRFRBFTREZFFIEZEL 1A L

100

doi:10.6342/NTU202401182



http://dx.doi.org/10.6342/NTU202401182

5450 REFASFEEE LR (FRES ¥ 28§ 8dh%)
EASpIRT R #
1 i7" 3 6 i * 12 i@ ?
Timeframe | 30-min 1-day 30-min 1-day 30-min 1-day 30-min 1-day
Best Model | Model 5 | Model 5 | Model 5 | Model 5 | Model 3 | Model 5 | Model 5 | Model 5
MAE 1.41 1.15 1.54 1.30 1.39 1.05 2.05 1.57
MAPE (%) 1.31 1.06 1.41 1.19 1.27 0.97 1.88 1.44
MSE 3.71 1.74 3.16 2.40 2.46 1.64 4.35 2.75
RMSE 1.93 1.32 1.78 1.55 1.57 1.28 2.09 1.66
%04.60: R FAERTIRE R (FRE- kit 2 8 QU nad i)
ﬁwﬁﬁﬁ%p#%
1 i7" 3 i 6 i 7 12 i *
Timeframe | 30-min 1-day | 30-min 1-day 30-min 1-day | 30-min 1-day
Best Model | Model 5 | Model 4 | Model 5 | Model 4 | Model 5 | Model 3 | Model 5 | Model 5
MAE 0.64 0.53 0.74 0.84 1.69 1.01 2.08 0.87
MAPE (%) 0.56 0.46 0.65 0.73 1.45 0.87 1.74 0.73
MSE 0.84 0.54 1.26 1.56 8.54 2.27 8.29 1.63
RMSE 0.92 0.73 1.12 1.25 2.92 1.51 2.88 1.28
461 B FTHEREIEE R (FRES ~ K2 B S88)
GALET R R
12 3B 6 i ” 12 i *
Timeframe | 30-min 1-day 30-min 1-day 30-min 1-day | 30-min 1-day
Best Model | Model 5 | Model 3 | Model 5 | Model 4 | Model 5 | Model 5 | Model 5 | Model 3
MAE 1.14 0.98 1.34 0.91 1.51 1.02 1.96 1.60
MAPE (%) 1.03 0.87 1.16 0.78 1.29 0.87 1.63 1.34
MSE 3.68 1.69 2.64 1.14 3.87 1.80 4.32 4.63
RMSE 1.92 1.30 1.62 1.07 1.97 1.34 2.08 2.15
2462 RBTHEREEE R (FRE- -~ 2 A S48
EIA A BT B
1 i 3 6 i 2 12 2
Timeframe | 30-min 1-day 30-min 1-day 30-min 1-day 30-min 1-day
Best Model | Model 5 | Model 3 | Model 3 | Model 4 | Model 3 | Model 3 | Model 4 | Model 3
MAE 2.57 2.45 3.46 3.12 2.42 2.09 1.86 1.80
MAPE (%) 243 2.38 3.27 3.03 2.37 2.02 1.85 1.78
MSE 10.73 8.68 19.58 12.29 9.24 7.47 4.10 3.64
RMSE 3.28 2.95 4.42 3.51 3.04 2.73 2.03 1.91
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£A63 RETHEEEEE R (TR~ £ DUSHE)

SR RTA

R 30" 6 i ” 12 i *

Timeframe | 30-min 1-day 30-min 1-day 30-min 1-day | 30-min 1-day

Best Model | Model 4 | Model 5 | Model 4 | Model 5 | Model 5 | Model 3 | Model 3 | Model 5

MAE 2.23 2.15 2.45 2.44 1.50 1.49 0.70 0.73
MAPE (%) 2.15 2.05 2.29 2.28 1.44 1.43 0.68 0.72
MSE 6.90 7.57 10.84 11.33 4.70 4.53 0.79 0.70
RMSE 2.63 2.75 3.29 3.37 2.17 2.13 0.89 0.83

AR R e kR 2 AR 2 S RS L AR

AF > ¥ o R FlAeT oo

c AN FREDBTERPPAS o | 2 PR E E pRE (2004
£ 32024 # ) @ 30 A 4RcpE R4 R E chE (e (2022 # 52024 E )
Flpt o~ P22 s g { 5 F R R B AR et A & o 02 B
WA e 8 Eodpiic ) { RO o (i Fme 5 @ L AEE e

FH MRS o Ra o BPF R - LROFRELARAULY

s higz | AFEREEFRYRERCARRRS - BERI48 - B4.97 IR

FREFEE L 1A A0 b2 BEHPRREK25T 4 Ka o R

124 5 30 A 4aPF > HoV B 2 S RAE TG 41 3 470 Fpb o s
Bz 5 1 R P22V TR > W5 3344 820 3346 4 > 2 F L H 2% g

LRERR O FIARARG R L LB TR B Yok

_fi'?%\»IE_,°

s 2 30 M REE X DT ERG PR 1 A EREE D RE

FALE (3344 5124 3346 £ ) Apvt > 30 A B PFRIHEZE 2 DT IRF R § £ 17156

-3

R 17045 EFH FP ARy b LTI TR RS R T HAIZEY &
Rk [99] o A & DPFERIZE LR F LR TOTH > B0 0w Pk B

forfe § HEAERIBCR R o Tt i A 8 AR A e R B R -

2y
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TWDIPY

TWDIPY

47
46
45
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43
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4.1

Mar 2022 May 2022 Jul 2022 Sep 2022 Nov 2022 Jan 2023 Mar 2023 May 2023
Date

Bl 4.8: P e dE 30 A 42 3 B R AR

2.5
2008 2010 2012 2014 2016 2018

Date

B 49 FRI=2 | X 22" EFHP 2R

103 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

et RE PR AR R 1 AP § dp e kiR 2 B R
oo 2 ERAUEFLEMAR{E  EVAATIvERT RPEREGY

7€
/
=

BR

Pt

M TR R ek B 0T RS B b BT TR

BT AER R EERE  S R EFARE SR 4 RYAT

S~
L-
iy
1%
It
o
/Hl'
1+
‘.\:"_‘53
i
=]
fi
P
(\
=
=N

B ek o BHARELZEET R

4.6 BAREHFER

B

F_k

R
-

FEZG > AFTHET T ETREE AN LS TR ETE

B(FRE-) 2R ETre (FREZ ) BRFRFEF RNt 3

S
=

\_

A" SRR TT S WA~ B BB GRP R AF AS TER
GRHA = o F ALY IS PR BT R EA R LT R R
PR A4 ARG c BB RIFPARSIB? ~F3B7 -5 6B ~&2%
120" 2 g1 gl VAFFRALS 1B ~53B -5 6B -
AHRI2B 2 kR 2 BRI R VAFRARF IBY R 3BY 5606
PoEn 128 2 £ R RS FpEORGD] Qa0 BRATARRGES
PR Y RS B kR 2 B R 22BN S 8

% ek 4.64 ~ £4.65 2466977 o

% 4.64: AR TR ot GRIRLY @ 1 A28 § s i)

g i R REE S R & %73 | MAE | MAPE (%) | MSE | RMSE
516 B Hr¥542 | Model 3 | 0.91 0.84 1.96 | 1.40
HANp IR Model 5 | 1.15 1.06 1.74 | 1.32

530 &%ﬁf}*ﬁ:}%#}? Model 3 | 1.30 1.19 3.71 | 193
SANp R Model 5 | 1.30 1.19 240 | 1.55

56 B B Hr¥542 | Model4 | 0.88 0.81 1.32 | 1.15
HANp IR Model 5 | 1.05 0.97 1.64 | 1.28

512 B0 B Hri542 | Model 5 | 0.36 0.33 0.19 | 0.44
BHANp Model 5 | 1.57 1.44 2.75 1.66

104 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

% 4.65: P R TR R (GRRIKE 2 Bl Radn )
kiE 2 28 5y dic FTHE % = #4] | MAE | MAPE (%) | MSE | RMSE
1 FE #5354 | Model4 | 0.53 0.46 0.54 | 0.73
SAdh Model 3 | 0.98 0.87 1.69 | 1.30
3 FE Mo 3542 | Model4 | 0.84 0.73 156 | 1.25
SR Model 4 | 0.91 0.78 1.14 | 1.07
S 6 Ha 1740 % | Model3 | 1.01 0.87 227 | 151
I g Model 5 | 1.02 0.87 1.80 | 1.34
$ 120 E Mo 3548 | Model 5 | 0.87 0.73 1.63 | 1.28
5N Model 3 | 1.60 1.34 463 | 2.15
% 4.66: P B FTHE R GRRl & HE S HE)
S THE % =4 | MAE | MAPE (%) | MSE | RMSE
C 1 Hia174n % | Model3 | 2.45 2.38 8.68 | 295
B BISAL Model 5 | 2.15 2.05 7.57 | 2.5
© 3 Hia 174p % | Model4 | 3.12 3.03 1229 | 3.51
B BIGAL Model 5 | 2.44 2.28 11.33 | 3.37
S 6 Hia 174p % | Model 3 | 2.09 2.02 747 | 273
B E IR Model 3 | 1.49 1.43 453 | 2.13
$ 12 Hia174p % | Model 3 | 1.80 1.78 3.64 | 1.91
B BIGAL Model 3 | 0.70 0.68 0.79 | 0.89
BRI A Rl 6 o R HEA TR R TR IR A R
U RIERKRE 2 A Al G0 R A TR T B 2 TR A R

FRIEBASFERE 6 > Y CALETHEZFRAREL 2

ZER R LR SLANUE LS NS R R L

AR USEI BRI EFET L EHE Fl AR

f—?%fg;@]? it { & 4}, 3L o

s BEexHMUFZ I AV FAALIETH Ao AR DR ER L .

EANp IR g F pEANE R o T Ry BARY o KA e
B fetp Bl (7 E R RE G RAF IR 4 o
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@oenko o TRY B 1 RS A ik 2 B S depE o R 7 B A
Wi TR 2 TERS R o dp sty o RIER & B S B o 1 Ay
TFME 2RSS AP FE AR FLARMEART R P PRS > S0
fheic §ooxk phin F R frb A B o Bl 0 EE GRS 2 RS
FUEHEF o Frord o d N AR FESREIIIOPETEZ FET B T

BIRRPERGEOTHLEFEL Do

4.7 AL

BAET TR BSEY R LEEP R 2 E B BEREY
Al i ¢ 7 A 1A e (ANN) ~ A& K+ (Decision Tree ) ~ 5§ &
(Random Forest) ~ & & +- & # < #+ (XGBoost) ~ K-17 #%:#% & 72 (KNN) ~ % # %
B4 (SVM) &2 s ¥ L2 #3 c NI AP R332 23 R

BELYHATFRF S, Gt A0

BEAATT 2GRS EE Y A 2 R T A5
FEAFET RN 2L EAARDPEEY R DY S G IR G i
oo FRRIFBIARY Y M:}ﬁﬁx BEAr£4.67~ 2468 £4.69~ 2470~ £4.71 ~
%472~ 2473 ~ 2474957 o AT I P2 IEVRE B EVRE ®
Wie AL TRl AR BN - B EF VA o ATRIAKRE 1B KA kN3
B2~ AKF OB ~ ARS 1207 231y § R8> 5 i 5yt S50%
1+ e MAE > 113 50% 12+ eia MSE £ 30% 12 e RMSE © 81 A8 AT 3

E 2 F AT o

TERRKR 2 2 B B fAp 2 B % 4o & 475~ 2476~ 2477~ 2478~ £4.79
4480~ %481~ £4.82%77 o AT HBLEIFFVRE A 22 LR
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RkE 2 B S AR B - RSB YA AR A RS 1R
AREIBY CAKRF OB ~ARF 126 2 k2 HASHEHE 6 0 L5
"% 14 60% 14+ h MAE » 11 & 80% 12+ ch MSE # 60% 12 + h RMSE » g* & % 8§

TAET RN AR ENREAERFEF 2 LE L

| & fg},@ir‘;éﬁa‘ﬂ B2 B % o 2483 %484~ £485~ %486~ £4.87~
%488~ 4489~ 2490977 o AT E* FIRE A D ZIRE B R
Ao g PR TREIEARETEEF  ERRARF OB &% 1267 g
Pz 2B - P FF Y BE] 0 w49 K 20% 1 A MAE 0 10 R 30% 12t
s MSE 2 15% 1} e RMSE » B0 A 7 #7138 4 2 2 &2 £ m i e R IR B &
HEBUSFI R VAo KA > ARARY I BT EN3B 2 45U

SR dp B o B S B Y RO 2 TR A R -

RRFE 1S 1n - ST R S ) ﬁ§£1 oo B EIFEVIRE A

ER B AR ARL NS B RFT e 45T BEL L

c R REY AR AT A L e B AAULER A AT G 2
FRF RS o UG i P F AR M OE A o o R TR S { B

SEITIEE T IO

s FEVRBCA RB FTAL L BT LA I VIR FI R T R A A S
B " AR BN A ER O T T AR E A AL EE G

e P AR TR B KA B R ERR

BIEREBU S RE S 6 BAPBRYHULFREY P HF 1B o83
B2 Ap AR AFTRG BT R AT BEY P IR o BB R
B9 WA G SRR ] T TR B e 7R FEIREDDOER A
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ki KPR A gZFER R SITR S 6

LR o U

LI o A TR REATIR B0 RAF A A s Sl BT (S I el o SRR

FO o BAELE A AR e T A AR E AP A @ L T

W5 B S fhdn BOE R Y P E U4 ek o

2467 Al (¥ 1 b bl FALE - - MAPE)

MAPE (%) AKE1IB? | AX%E3B? | AXkB 6B | A%k% 12B7
ANN 3.40 422 1.76 1.95
Decision Tree 1.60 3.15 3.93 3.10
Random Forest 1.68 3.20 3.70 3.78
XGBoost 2.67 4.63 6.93 6.23
KNN 3.10 3.65 4.14 3.69
SVM 2.56 3.07 3.44 4.58
LSTM (Model 1) 1.95 2.14 2.12 2.76
Transfer Learning LSTM 0.84 1.19 0.81 1.23
468 A i (Fd b § ddpd s TR E- ~ MAE)
MAE ARF1IBY | AR%3BY | AKkF 6B | AX% 12H?
ANN 3.69 4.59 1.91 2.13
Decision Tree 1.74 3.42 4.25 3.37
Random Forest 1.81 3.48 4.01 4.12
XGBoost 2.87 5.02 7.52 6.79
KNN 3.36 3.96 4.50 4.01
SVM 2.77 3.33 3.74 5.00
LSTM (Model 1) 2.12 2.32 2.31 3.01
Transfer Learning LSTM 0.91 1.30 0.88 1.34
# 4.69: A (P AR § idpdi s TR - - MSE)
MSE AXRE1IBRBY | ARFE3B? | AKkF6BY | ARkF 127
ANN 18.07 25.38 5.47 5.94
Decision Tree 391 15.07 31.73 23.17
Random Forest 5.64 16.12 19.47 19.62
XGBoost 16.60 31.63 64.29 53.86
KNN 13.15 19.16 23.02 19.25
SVM 8.60 14.08 16.83 26.17
LSTM (Model 1) 5.40 6.52 6.22 9.71
Transfer Learning LSTM 1.96 3.71 1.32 0.19
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% 0470: HEAl g (F 1 Aed i Adadcs FALE - - RMSE)

RMSE AKE1IB? | AX%E3B? | AX¥ 6B | A%k% 12B7
ANN 4.25 5.04 2.34 2.44
Decision Tree 1.98 3.88 5.63 4.81
Random Forest 2.38 4.01 441 443
XGBoost 4.07 5.62 8.02 7.34
KNN 3.63 4.38 4.80 4.39
SVM 2.93 3.75 4.10 5.12
LSTM (Model 1) 2.32 2.55 2.49 3.12
Transfer Learning LSTM 1.40 1.93 1.15 0.44

2471 HCI R (F 31 A A T E S - MAPE)
MAPE (%) ARFIBY | AKF3IB? | AKF 6B | A%k% 12B7
ANN 2.47 4.05 3.48 2.78
Decision Tree 3.10 3.54 2.92 3.07
Random Forest 2.74 3.01 2.82 2.99
XGBoost 3.88 3.18 2.87 4.25
KNN 2.15 2.29 2.21 2.61
SVM 2.06 2.95 3.33 4.29
LSTM (Model 1) 2.25 2.47 2.35 1.91
Transfer Learning LSTM 1.06 1.19 0.97 1.44

2472 4R R (Y #3AR B Rbi TS - MAE)
MAE AXRE1IBRBY | ARF3IB?2 | AKkF6BY | ARF 12 H7
ANN 2.67 4.41 3.80 3.04
Decision Tree 3.36 3.85 3.17 3.34
Random Forest 2.97 3.28 3.07 3.26
XGBoost 4.20 3.46 3.12 4.63
KNN 2.33 2.50 2.41 2.84
SVM 2.24 3.21 3.62 4.68
LSTM (Model 1) 2.45 2.68 2.57 2.08
Transfer Learning LSTM 1.15 1.30 1.05 1.57

£ 473 Bl o (F B 1 Aed § R4 TR B S MSE)
MSE AKE1IB? | AX%3B? | A% 6B | A%k% 12B7
ANN 10.15 22.55 19.19 13.44
Decision Tree 16.00 21.81 17.06 14.24
Random Forest 10.08 11.61 10.37 11.03
XGBoost 19.49 14.14 13.77 22.52
KNN 6.37 7.15 6.68 8.38
SVM 5.73 10.93 13.53 22.23
LSTM (Model 1) 6.78 7.80 7.79 4.80
Transfer Learning LSTM 1.74 2.40 1.64 2.75
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474 A R (1A Adiscs FALE S - RMSE)

RMSE ARF1IRB? | ARKFE3BY | ARF 6B | A%k% 1237
ANN 3.19 4.75 4.38 3.67
Decision Tree 4.00 4.67 4.13 3.77
Random Forest 3.18 341 3.22 3.32
XGBoost 442 3.76 3.71 4.75
KNN 2.52 2.67 2.58 2.89
SVM 2.39 3.31 3.68 4.71
LSTM (Model 1) 2.60 2.79 2.79 2.19
Transfer Learning LSTM 1.32 1.55 1.28 1.66

475 At Ckik 2 Bl S agda s TR B - - MAPE)
MAPE (%) ARFIBY | AKF3IB? | AKF 6B | A%k% 12B7
ANN 3.91 5.43 7.20 10.27
Decision Tree 1.56 3.20 2.65 8.57
Random Forest 3.15 4.76 6.84 10.16
XGBoost 2.13 5.66 8.85 9.28
KNN 3.69 493 7.34 10.89
SVM 4.51 5.60 7.50 11.91
LSTM (Model 1) 1.86 1.27 2.58 2.47
Transfer Learning LSTM 0.46 0.65 0.87 0.73

% 4.76: A g (kiR 2 B @ sgdp e T E- - MAE)
MAE AXRE1IBRBY | ARF3IB?2 | AKkF6BY | ARF 12 H7
ANN 4.54 6.34 8.52 12.34
Decision Tree 1.78 3.69 3.12 10.30
Random Forest 3.67 5.57 8.09 12.22
XGBoost 2.46 6.62 10.47 11.15
KNN 422 5.73 8.68 13.08
SVM 5.27 6.56 8.88 14.31
LSTM (Model 1) 2.14 1.48 3.04 2.96
Transfer Learning LSTM 0.53 0.74 1.01 0.87

477 A Gk 2 Bl S aidadc s TR - - MSE)
MSE ARF1IRB? | AKFE3BY | AkF 6B | A%k% 1237
ANN 24.23 45.68 81.42 165.02
Decision Tree 4.88 27.61 14.85 111.44
Random Forest 16.43 37.04 75.02 152.21
XGBoost 9.66 54.62 129.99 134.67
KNN 27.05 47.55 90.78 184.81
SVM 31.38 47.99 87.97 216.88
LSTM (Model 1) 6.75 3.26 12.43 10.23
Transfer Learning LSTM 0.54 1.26 P4 D5 1.63
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2478 At kiR 2 Bl &

j_;-v‘

TH#c FHE- ~ RMSE)

RMSE AKE1IB? | AX%E3B? | AX¥ 6B | A%k% 12B7
ANN 4.92 6.76 9.02 12.85
Decision Tree 2.21 5.26 3.85 10.56
Random Forest 4.05 6.09 8.66 12.34
XGBoost 3.11 7.39 11.40 11.60
KNN 5.20 6.90 9.53 13.60
SVM 5.60 6.93 9.38 14.73
LSTM (Model 1) 2.60 1.81 3.53 3.20
Transfer Learning LSTM 0.73 1.12 1.51 1.28

% 4.79: LA vk (PREEH ’r{»llr%#éﬁsf;] #~ FHE- - MAPE)
MAPE (%) ARFIBY | AKF3IB? | AKF 6B | A%k% 12B7
ANN 4.16 5.39 6.54 6.44
Decision Tree 5.49 6.70 4.30 7.74
Random Forest 5.62 5.68 4.32 5.73
XGBoost 5.18 5.75 5.31 7.72
KNN 5.83 6.50 7.44 9.14
SVM 2.40 2.75 5.98 4.33
LSTM (Model 1) 2.75 2.78 2.51 2.40
Transfer Learning LSTM 0.87 0.78 0.87 1.34

% 4.80: HAIv e (CRR 2 H R RAEdpdc s TALE - - MAE)
MAE ARF1IBRB? | AXF3BY | AXKF 6B | AKF 122
ANN 4.87 6.38 7.80 7.76
Decision Tree 6.50 7.97 5.12 9.32
Random Forest 6.66 6.75 5.14 6.90
XGBoost 6.07 6.82 6.33 9.29
KNN 6.91 7.72 8.86 11.00
SVM 2.82 3.23 7.14 5.21
LSTM (Model 1) 3.18 3.27 3.02 2.90
Transfer Learning LSTM 0.98 0.91 1.02 1.60

#ASLHEA e e Ckk 2 R LS4 TS MSE)
MSE AKE1IB? | AX%3B? | A% 6B | A%k% 12B7
ANN 29.82 47.85 68.73 70.05
Decision Tree 52.03 75.39 27.78 87.52
Random Forest 52.57 51.06 27.09 48.09
XGBoost 39.99 50.38 41.35 87.60
KNN 56.09 65.66 79.63 121.22
SVM 9.86 11.88 52.10 27.63
LSTM (Model 1) 12.02 12.86 11.35 8.75
Transfer Learning LSTM 1.69 1.14 1.80 4.63
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% 482 WA B Okn 2 Sk i T4 % - RMSE)

RMSE ARF1IRB? | ARKFE3BY | ARF 6B | A%k% 1237
ANN 5.46 6.92 8.29 8.37
Decision Tree 7.21 8.68 5.27 9.36
Random Forest 7.25 7.15 5.20 6.93
XGBoost 6.32 7.10 6.43 9.36
KNN 7.49 8.10 8.92 11.01
SVM 3.14 3.45 7.22 5.26
LSTM (Model 1) 3.47 3.59 3.37 2.96
Transfer Learning LSTM 1.30 1.07 1.34 2.15
483 AR (£ B &dpdc s T B - - MAPE)
MAPE (%) ARFIB? | AXKFE3IR? | AXKFO6HY | A%% 127
ANN 3.38 431 2.82 6.17
Decision Tree 2.15 2.54 422 2.29
Random Forest 2.35 2.71 3.28 2.58
XGBoost 2.40 6.84 6.09 3.29
KNN 3.14 4.26 3.16 2.01
SVM 2.83 3.61 2.92 1.33
LSTM (Model 1) 2.63 3.63 2.90 1.93
Transfer Learning LSTM 2.38 3.03 2.02 1.78
2484 Al (£ B &adpdc s TR B - - MAE)
MAE AREL1IBRB? | AXRF3IRF? | AKFO6BY | ARF 12 H7
ANN 3.54 4.55 2.91 6.32
Decision Tree 2.24 2.70 4.32 2.32
Random Forest 2.49 291 3.34 2.60
XGBoost 2.57 7.34 6.29 3.33
KNN 3.33 4.57 3.28 2.05
SVM 3.03 391 3.04 1.36
LSTM (Model 1) 2.75 3.82 2.95 1.94
Transfer Learning LSTM 2.45 3.12 2.09 1.80
2485 A B (£ BESHHE . FHRE-  MSE)
MSE ARKFIB? | AXFE3B? | AXF6B2 | A%% 12B7
ANN 18.71 31.66 17.23 56.45
Decision Tree 7.31 12.32 36.82 8.28
Random Forest 10.49 15.87 18.06 8.37
XGBoost 16.10 108.08 64.52 17.50
KNN 20.09 45.71 18.88 6.35
SVM 20.41 35.78 18.24 2.57
LSTM (Model 1) 11.30 20.74 11.69 4.57
Transfer Learning LSTM 8.68 12.29 7.47 3.64
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% 486 Al i (£ B A S T4 E- ~RMSE)

RMSE ARF1IBY | ARE3B?Y | AKkF6BY | AXF 12
ANN 4.33 5.63 4.15 7.51
Decision Tree 2.70 3.51 6.07 2.88
Random Forest 3.24 3.98 4.25 2.89
XGBoost 4.01 10.40 8.03 4.18
KNN 4.48 6.76 434 2.52
SVM 4.52 5.98 4.27 1.60
LSTM (Model 1) 3.36 4.55 342 2.14
Transfer Learning LSTM 2.95 3.51 2.73 1.91

487 A (£ B & adpdic s T B - - MAPE)
MAPE (%) ARFIB? | AXKFE3IR? | AXKFO6HY | A%% 127
ANN 5.18 6.05 5.55 7.93
Decision Tree 2.26 2.08 3.37 1.65
Random Forest 1.92 2.40 1.80 1.19
XGBoost 2.23 2.71 2.04 1.41
KNN 3.51 3.40 2.26 0.90
SVM 3.90 3.95 2.47 1.46
LSTM (Model 1) 2.53 2.81 2.37 1.12
Transfer Learning LSTM 2.05 2.28 1.43 0.68

488 AR (£ B &Mdpdc s TR - - MAE)
MAE AREL1IBRB? | AXRF3IRF? | AKFO6BY | ARF 12 H7
ANN 5.37 6.28 5.69 8.04
Decision Tree 2.35 2.16 3.47 1.70
Random Forest 2.04 2.55 1.87 1.23
XGBoost 2.32 2.93 2.12 1.44
KNN 3.73 3.65 2.36 0.91
SVM 421 4.24 2.59 1.51
LSTM (Model 1) 2.74 3.03 2.46 1.15
Transfer Learning LSTM 2.15 2.44 1.49 0.70

% 489 Al f (& BRSEHE S FHE S MSE)
MSE ARKFIB? | AXFE3B? | AXF6B2 | A%% 12B7
ANN 39.43 57.12 42.72 75.64
Decision Tree 8.84 9.01 21.26 5.69
Random Forest 7.59 10.62 8.18 2.73
XGBoost 9.25 18.95 8.26 5.77
KNN 21.97 26.15 11.84 1.13
SVM 36.96 32.62 14.11 4.87
LSTM (Model 1) 18.24 18.77 9.39 2.08
Transfer Learning LSTM 7.57 11.33 4.53 0.79
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% 490: A (£ B S5dpdk s T - - RMSE)

RMSE ARFIB? | AXKFE3B? | AXRFO6H2 | A%% 127
ANN 6.28 7.56 6.54 8.70
Decision Tree 2.97 3.00 461 2.39
Random Forest 2.76 3.26 2.86 1.65
XGBoost 3.04 4.35 2.87 2.40
KNN 4.69 5.11 3.44 1.06
SVM 6.08 5.71 3.76 2.21
LSTM (Model 1) 4.27 4.33 3.06 1.44
Transfer Learning LSTM 2.75 3.37 213 0.89

48 AR RIEH

FE R AR h? VR el s R > ARl Y B 1 A2
- P RRLAP > 2 A AFRIY RIS G R Rk 2 B S
&R RS 5 R BIEPRHCE (Model 3) i ipl £ RIDIEHE
FAF P AR TR R EF R A (Model 1) > Bom 35 2 & HIcd 607 72 i 59
HERDE 2B daippltii o 2= > & Model 1 £ Model 5 ¥ > jigh & 1B

PRBA] (Model 3) ¥ Waed s RHA| P 7% - & LSTM & 93] (Model
5) chd b ik Sded § o TR T AN - BRI R LR G

ol

AT AFERARFIBY ~F 3B ~F 6B fox 12B 7 g1 Ad
Boidpde s okik 2 Bl Rapdp ey R &R S A S &R Tty
HE AL (MAPE) %1% 2% RiE 71 28 % AFERIPF > & LaE L
BB AP ™ i 53 F 3% Db AR R KA e - kG TR A &
- fﬁjﬁﬁifﬂﬁﬂ%lﬁp\ ’ J‘Jﬁf,&?ﬁiﬁ]f‘%% e j;,rf v Fr o AN e f2IE P o
FHOGELFRT G TR o i ¥ i g 2R A A 5% 0 IR
FAATEREY R RERfAN o Niprilaa k124 | 02023 & 11 7
15p 3372 (TARERZQFEA) 10017 $ 565 T8 22 8dEE ) Br o
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AFTRD - AN I RE MR > B E & ED R (LSTM) HA5 R ¥
Ef gl 2 E > NRA YRR PA BT E? LKA AR
REY RN B LY S 2L nzd «c AFTEHE 4TS B
B2 FApNARR O FEHFERBEFATV RS K TRAGER TR RSP
SRS STEE FER T E X SUSER RES o Y N R e Ll
BB ER 2 BEET AR EB 6B REF TR ATLRLD flomF
eyt Bidpdn 2 kiR 2 B SRk S AP S A RT S R RS

e

Ll

Ff & B A Bk S AR L e B R TR R OB T A 5 30 A e ]
Ao EEAP S @Y | AFEFEEORBETEEHSEENSERARL & o
PHREBFTHES G AT AW JEs T R TR F e S TR E o Y
PR ATI P B LY R P L Rt P I P R R g R

FTHACEMFE A 4 Ak S REFR > F¥ H a5 175 FTAE R

1Aed Al kR 2 B QR AR R Y AN IR T B2

Ao Ka o AR EBHUSFRHES G > FERLZ IS Z LI FRZ- R
FRRIAMEH D FEFEEEF R T AR & B US> 1

AR T S TR AR A R

119 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

AR T 2GR Y £ ey el (LSTM) > 29 ¢ 74 & LSTM % >
s 2 EA  WATERIEEET O ARG BT A BRDPBE
FVY ARy Sy 2mo iRy @2y dp ekt 2 2 fsagdp
HepF > 3 DR SR K 50% 2. T2 G L (MAE) o H ¢ Bei B B3R U
B TR - K LSTM A 2 3] enifipl & b i o 236 A 6 fE 18 &
FY AR > AT TR LR ARRE BEa It BBEYIIRFERE

VHAIFRIFEF G 27 R -

Renk> AL 5% - BRI P REMEA L E L wP R4

FES FNUIERFES R ALY o NfRAEAY B RS BT T R
2R DRI PEFV R NF SRR AR A Ehept o AT HE

AR FRF VAR LD FEF G LT F 0 o A ELTTRIE Y
EH AR gLt iE o RAARF S LR SRR LARE 20
A E PGS TR AR B L TR R FR R L4 R

ot AT HD T - TBAIFTS 0 S A KAPMA T BEC ATHLE o P
AFPLREFTERY ML 32200 > » SFEERKRET { B
fef A hnd fo QU A SRR FSHRFDFRIFLHRL G ER DR G E

RS AR P o oK fr# o

52 Btk

ARG 2% G B A KT AHHER e T LR A L8 -

. R E U

120 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

- ERRBTRE AFLEY RS

=

Foom A A

«r‘i-

THAT 2
TARKR . DA T RS E o AP AR H - R

mAhF R * 5 Lk (Multi Source Domain) ¥H5Eip|2 7 74 o

- AFEIHEYZLRBERSZFTIAARFLIFERAIER  F SR E Y
1At PApkz BREAEIER  GERSBEVNERFLZFEFIEE G 1
B oom 3RS NDRIPEIREA 2 30424 1 R 2 FRFEE
FPr EERETE BT L304488 1 A GERES R

4R AR o

Fy AAv it iy s PFE RS FERaF e BlAciTE 2 F 247~ AN S
o BLTEEETARE]F R ESSHBLEL L

-ﬁﬂﬂﬂ:ipiﬂ’ﬁWﬁﬁﬂﬁaﬁﬁﬂﬁﬁ%%%&E%%ﬁ—ﬁ’
AR A R ERTRE T hF E 1 o 2t b o IRV R & 1 A en

HS AR 0 BT R TR IR AT o R EE A 1Y 2

P B g R A AR AR o g b Ay R Y LSTM #°3] » @
AR HBPBESYHISFRAFY I -
AP ERYTIEYRE LA - ABEY 2 E o AT RE LT %

BB E Y 3 BlAc A0 F 6B B 8 Y 3 2 (Instance-based Transfer
Learning ) ~ # #c# 7= 1% 4 > /2 (Feature-representation-transfer Approach) % -
TAEH - P Va0 BB EY PN AT R R FA T g ok

R AR 2o HFREHBEY AGRIY RIS §ipEY TS -

Fhotwk o GEEBATRN IO FX A - AR ey 4y

121 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

FAR RN TR o e ARG R BEANL T R 4 B R R £ G ]

TR BT Jorit o

53 RRBRF A

AL AR RREABTY BT Y EF BRI BHEF T AR

R EFE o A FEHARFE T REER

s hEESE AR MRS ER 2 #’F@’wv&r & ERZ I ST
A RFPRAREER S ZREEF NEFRA TR L FES l%«‘j‘ﬁg{o F W4
Bl S ARBAT PR B BB A TR A

IR, o

CBAER VT EIRFET A EHEATERARZEE ¢ R
FEE T A EPEELFE LT A od RS TR G 0 T LT
FPinffick B8 78 F o I8 W dgde » FHER > IR A AR
perh o RS Ae A T TR PR B IR 2 B Bldee TR A 17~ A

*tﬁ'_:f‘ B f!l\!:'tL ’?—F\% y 1l %TEM, —;Fl S ‘{’r’ﬂ?:}ij‘j % ;}‘3‘5‘ fi_% %—ngz?'l'ﬁ—ﬁ o

o B{AIRRIPER DV AT e F R ATERIZPERT 0 T A HIOSH 2 2R

MR LR R 2 E 2 F b T 26§ (G R

° %‘,L IFL;: ﬁf_’«m %_ ﬂ‘ﬁﬁ;ﬁ—iﬁ;m]ﬁb)¥mﬁij , fé ég‘ﬁ%‘: ;Iv-g-; z%‘}? Lﬁ;;ﬂ,“-jﬁ;
RS S S XS SRR

R ARFEAEYHI VU ERE A R ERSE Y A S R E R
G 0 B4 T 0 E 22 R * CNN ~ CNN-LSTM -~ Transformer ~ N-BEATS ~
GAN 2 #°7] - L A RAE PR B LY FTERBFTHOFTEE A

122 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

)’@';f % p;qg\ﬁ}gas SR O S uf%'y ! pﬁmxg\%y?ss =k /]}]Jv&f';;g/a;"‘z—‘;},%[
B hRE TR SFEAMEL I R E N EFEE  REABTH
R ER R RS R L P R FEY o AR R

AR B B T4 b P E S S 2 o

Be* ~ 5% (MetaLearning) - %% 1 &* @B F Y 21> ~FF 2 L@FE

A ABYEE AL BiEAL EY > @ BN A LIS R
i B R AR DB foi Lt a4 o KA SRR EAR K G nmfRas
0T RAFY NG LT IR ER SRR T RS G R

£ B A AR A E R L TR o

MBS T Sk AR B ok 0§ eotie- A

frrd FEr QapRlaipFa g o

123 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

doi:10.6342/NTU202401182



http://dx.doi.org/10.6342/NTU202401182

[1] Focleish e ¥ @3 424 § 4p Kk, 2024,

[2] Akshay Tondak. Recurrent neural networks (rnn) tutorial: Rnn training, advantages

disadvantages (complete guidance), 2023. June 23, 2023.
[3] Oinkina and Hakyll. Understanding Istm networks, 2015. August 27, 2015.

[4] S.J. Pan and Q. Yang. A survey on transfer learning. IEEE Transactions on

Knowledge and Data Engineering, 22(10):1345-1359, 2010.

[5] L. Torrey and J. Shavlik. Transfer learning, pages 242—-264. 1GI Global, 2009.

[6] Focleiz e W= 2P ¢ ¢ 1 428 § 45 8. Report, 7 Fcfe i 3+ g

2023.

[7) 4§ %0 AP HER YRS HES ABBLTT U KR BT

sl

Thesis, B = ¢ < < £ 2007.

[8] #wesf. F& AL F FEPFATL A, F 23, 430:30-36, 2018.

[9] S. Hwang, M. Park, H. S. Lee, and H. Kim. Automated time-series cost forecast-

ing system for construction materials. Journal of Construction Engineering and

Management, 138(11):1259-1269, 2012.

125 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

[10] Bent Flyvbjerg, Nils Bruzelius, and Werner Rothengatter. Megaprojects and risk:

An anatomy of ambition. Cambridge university press, 2003.

[11] Abdulelah Aljohani, Dominic Ahiaga-Dagbui, and David Moore. Construction

projects cost overrun: What does the literature tell us? International Journal of

Innovation, Management and Technology, 8(2):137, 2017.

[12] J. W. Xu and S. Moon. Stochastic forecast of construction cost index using a

cointegrated vector autoregression model. Journal of Management in Engineering,

29(1):10-18, 2013.

[13] M. A. Musarat, W. S. Alaloul, M. S. Liew, A. Maqgsoom, and A. H. Qureshi. Inves-
tigating the impact of inflation on building materials prices in construction industry.

Journal of Building Engineering, 32:14, 2020.

[14] A Uchechukwu Elinwa and Silas A Buba. Construction cost factors in nigeria.

Journal of construction engineering and management, 119(4):698—713, 1993.

[15] Factas £ 1424 B €. ¢ #7535 T4 111, Report, (7 fcfa 2 £ 1 424 § ¢,

2023.

[16] & . S 1f2& 49 & § A K412 B 4087 5. Thesis, B = 5oin = &,

2009.

[17] Mzki, R 2, and BT 2. 1 RE 99 FE L AP LR 2T Hhat— 1

FAEFBAFZLIRL T s () R E,249:110-113, 2023.

[18] Mizais, M 2, and BF v 2. 12 ¢ FER{ AL H2Z EF 34—

FRFUAEZLRL Y (7). FREE,250:94-97, 2023,

[19] 5 4 and MR &. § 2 3 B ¥ LR A AT 2 429 45, 2008,

126 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

[20] Fldto. AR B 215 4 0 33 554 3. ¥ 2 4o, 401:45-49, 2016,

[21] S. A.M. Faghih and H. Kashani. Forecasting construction material prices using vec-

tor error correction model. Journal of Construction Engineering and Management,

144(8):12, 2018.

[22] M. Hiransha, E. A. Gopalakrishnan, V. K. Menon, and K. P. Soman. Nse stock
market prediction using deep-learning models. In S. Singh, V. K. Asari, R. B. Patel,

and P. Sidike, editors, Procedia Computer Science, volume 132, pages 1351-1362.

Elsevier B.V.,, 2018.

[23] M. Marzouk and A. Amin. Predicting construction materials prices using fuzzy

logic and neural networks. Journal of Construction Engineering and Management,

139(9):1190-1198, 2013.

[24] Pushpendu Ghosh, Ariel Neufeld, and Jajati Keshari Sahoo. Forecasting direc-
tional movements of stock prices for intraday trading using Istm and random forests.

Finance Research Letters, 46:102280, 2022.

[25] Luckyson Khaidem, Snehanshu Saha, and Sudeepa Roy Dey. Predicting the direc-

tion of stock market prices using random forest. arXiv preprint arXiv:1605.00003,

2016.

[26] Sidra Mehtab and Jaydip Sen. Stock price prediction using convolutional neural

networks on a multivariate timeseries. arXiv preprint arXiv:2001.09769, 2020.

[27] thtrst. 2P i 2 b KB 4 N Y F o £ 4§ 4 5 Thesis,

Bl A a4 8, 2023,

[28] PHAM TRAN BAO QUYE. Multiobjective-optimized construction stock portfolio

127 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

investment strategy based on profitability prediction. Thesis, B = % #*f1H ~ &,

2023.

[29] Yue-Gang Song, Yu-Long Zhou, and Ren-Jie Han. Neural networks for stock price

prediction. arXiv preprint arXiv:1805.11317, 2018.

[30] Sidra Mehtab, Jaydip Sen, and Abhishek Dutta. Stock price prediction using ma-

chine learning and lstm-based deep learning models. In Machine Learning and

Metaheuristics Algorithms, and Applications: Second Symposium, SOMMA 2020,

Chennai, India, October 14-17, 2020, Revised Selected Papers 2, pages 88—106.

Springer, 2021.

[31] Ehsan Hoseinzade and Saman Haratizadeh. Cnnpred: Cnn-based stock market pre-

diction using a diverse set of variables. Expert Systems with Applications, 129:273—

285, 2019.

[32] A. Maratkhan, 1. Ilyassov, M. Aitzhanov, M. F. Demirci, and A. M. Ozbayoglu.
Deep learning-based investment strategy: technical indicator clustering and resid-

ual blocks. Soft Computing, 25(7):5151-5161, 2021.

[33] H Lin, C Chen, G Huang, and A Jafari. Stock price prediction using generative

adversarial networks. J. Comp. Sci, pages 17,188-196, 2021.

[34] Ching-Hwang Wang and Yong-Ho Mei. Model for forecasting construction cost in-

dices in taiwan. Construction Management and Economics, 16(2):147-157, 1998.

doi: 10.1080/014461998372457.

[35] Chi-Young Choi, Kyeong Rok Ryu, and Mohsen Shahandashti. Predicting
city-level construction cost index using linear forecasting models. Journal of

Construction Engineering and Management, 147(2):04020158, 2021.

128 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

[36] U.Isikdag, A. Hepsag, S. I. Biyikli, D. Oez, G. Bekdas, and Z. W. Geem. Estimating

construction material indices with arima and optimized narnets. Cmc-Computers

Materials Continua, 74(1):113-129, 2023.

[37] ERacsy. & * iﬁ;‘@ﬁﬁﬁéﬂ}#%gﬁﬁﬁ@—;)@ﬁ R RN Y e ) R

B3] 2008.

[38] T. Moon and D. H. Shin. Forecasting model of construction cost index based on

vecm with search query. Ksce Journal of Civil Engineering, 22(8):2726-2734,

2018.

[39] Trefor P. Williams. Predicting changes in construction cost indexes using neural

networks. Journal of Construction Engineering and Management, 120(2):306-320,

1994.

[40] A. Shiha, E. M. Dorra, and K. Nassar. Neural networks model for prediction of
construction material prices in egypt using macroeconomic indicators. Journal of

Construction Engineering and Management, 146(3):16, 2020.

[41] M. Mir, H. M. D. Kabir, F. Nasirzadeh, and A. Khosravi. Neural network-based in-

terval forecasting of construction material prices. Journal of Building Engineering,

39:13, 2021.

[42] W€ fpand iLde . S EFREY 2 MEFHOFHRART L 44 5 7%

B g2 3Rl P B2 AR 425 T, 33(8):595-604, 2021.

[43] Min-Yuan Cheng, Nhat-Duc Hoang, and Yu-Wei Wu. Hybrid intelligence approach
based on Is-svm and differential evolution for construction cost index estimation:

A taiwan case study. Automation in Construction, 35:306-313, 2013.

129 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

[44] Minh-Tu Cao, Min-Yuan Cheng, and Yu-Wei Wu. Hybrid computational model for

forecasting taiwan construction cost index. Journal of Construction Engineering

and Management, 141(4):04014089, 2015.

[45] B. Q. Tang, J. Han, G. F. Guo, Y. Chen, and S. Zhang. Building material prices fore-
casting based on least square support vector machine and improved particle swarm

optimization. Architectural Engineering and Design Management, 15(3):196-212,

2019.

[46] Y. Du, J. Wang, W. Feng, S. Pan, T. Qin, R. Xu, and C. Wang. Adarnn: Adaptive

learning and forecasting of time series. In International Conference on Information

and Knowledge Management, Proceedings, pages 402—411. Association for Com-

puting Machinery, 2021.

[47] Ngoc-Quang Nguyen. Short-term Prediction of Regional Energy Consumption by

Jellyfish Search-Optimized Deep Learning Models. Thesis, National Taiwan Uni-

versity of Science and Technology, 2023.

[48] M. Ribeiro, K. Grolinger, H. F. ElYamany, W. A. Higashino, and M. A. M. Capretz.
Transfer learning with seasonal and trend adjustment for cross-building energy fore-

casting. Energy and Buildings, 165:352-363, 2018.

[49] Haixiang Zang, Lilin Cheng, Tao Ding, Kwok W. Cheung, Zhinong Wei, and Guo-
giang Sun. Day-ahead photovoltaic power forecasting approach based on deep con-

volutional neural networks and meta learning. International Journal of Electrical

Power Energy Systems, 118:105790, 2020.

[50] S.Raghu, N. Sriraam, Y. Temel, S. V. Rao, and P. L. Kubben. Eeg based multi-class

130 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

seizure type classification using convolutional neural network and transfer learning.

Neural Networks, 124:202-212, 2020.

[51] N. Strodthoff, P. Wagner, T. Schaeffter, and W. Samek. Deep learning for ecg

analysis: Benchmarks and insights from ptb-xl. IEEE Journal of Biomedical and

Health Informatics, 25(5):1519-1528, 2021.

[52] Hyeong Kyu Choi. Stock price correlation coefficient prediction with arima-Istm

hybrid model. arXiv preprint arXiv:1808.01560, 2018.

[53] £+ Fand Avif 5. P& IRAA SRS FEEFHFS L e 200G E

Bl F I E I 4R, 29(4):303-333, 2022.

[54] W. Bao, J. Yue, and Y. Rao. A deep learning framework for financial time series

using stacked autoencoders and long-short term memory. PLoS ONE, 12(7), 2017.

[55] Mehtabhorn Obthong, Nongnuch Tantisantiwong, Watthanasak Jeamwatthanachai,
and Gary Wills. A survey on machine learning for stock price prediction: algo-

rithms and techniques, 2020.

[56] Stéphane Goutte, Hoang-Viet Le, Fei Liu, and Hans-Jorg von Mettenheim. Deep

learning and technical analysis in cryptocurrency market. Finance Research Letters,

54:103809, 2023.

[57] Sidra Mehtab and Jaydip Sen. A robust predictive model for stock price pre-
diction using deep learning and natural language processing. arXiv preprint

arXiv:1912.07700, 2019.

[58] Mahla Nikou, Gholamreza Mansourfar, and Jamshid Bagherzadeh. Stock price pre-
diction using deep learning algorithm and its comparison with machine learning al-

131 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

gorithms. Intelligent Systems in Accounting, Finance and Management, 26(4):164—

174, 2019.

[59] Marc Velay and Fabrice Daniel. Stock Chart Pattern recognition with Deep

Learning. 2018.

[60] Sepp Hochreiter and Jiirgen Schmidhuber. Long short-term memory. Neural

computation, 9(8):1735-1780, 1997.

[61] S. Ben-David, J. Blitzer, K. Crammer, A. Kulesza, F. Pereira, and J. W. Vaughan.

A theory of learning from different domains. Machine Learning, 79(1-2):151-175,

2010.

[62] J. Lu, V. Behbood, P. Hao, H. Zuo, S. Xue, and G. Zhang. Transfer learning using

computational intelligence: A survey. Knowledge-Based Systems, 80:14-23, 2015.

[63] K. Weiss, T. M. Khoshgoftaar, and D. D. Wang. A survey of transfer learning.

Journal of Big Data, 3(1), 2016.

[64] C. Tan, F. Sun, T. Kong, W. Zhang, C. Yang, and C. Liu. A survey on deep transfer
learning. In Y. Manolopoulos, B. Hammer, V. Kurkova, L. Iliadis, and I. Maglo-

giannis, editors, Lecture Notes in Computer Science (including subseries Lecture

Notes in Artificial Intelligence and Lecture Notes in Bioinformatics), volume 11141

LNCS, pages 270-279. Springer Verlag, 2018.

[65] Jason Yosinski, Jeff Clune, Yoshua Bengio, and Hod Lipson. How transferable

are features in deep neural networks? Advances in neural information processing

systems, 27:pages 3320-3328, 2014.

[66] H. Xu, B. Xu, J. He, and J. Bi. Deep transfer learning based on Istm model in stock

132 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

price forecasting. In ACM International Conference Proceeding Series, pages 73—

80. Association for Computing Machinery, 2021.

[67] Hidetoshi Shimodaira. Improving predictive inference under covariate shift by

weighting the log-likelihood function. Journal of statistical planning and inference,

90(2):227-244, 2000.

[68] F. Zhuang, Z. Qi, K. Duan, D. Xi, Y. Zhu, H. Zhu, H. Xiong, and Q. He. A com-

prehensive survey on transfer learning. Proceedings of the IEEE, 109(1):43-76,

2021.

[69] E.Otovi¢, M. Njirjak, D. Jozinovi¢, G. Mausa, A. Michelini, and . Stajduhar. Intra-
domain and cross-domain transfer learning for time series data—how transferable

are the features? Knowledge-Based Systems, 239, 2022.

[70] J. Wang, Q. Gu, J. Wu, G. Liu, and Z. Xiong. Traffic speed prediction and conges-
tion source exploration: A deep learning method. In F. Bonchi, J. Domingo-Ferrer,

R. Baeza-Yates, Z. H. Zhou, and X. Wu, editors, Proceedings - IEEE International

Conference on Data Mining, ICDM, volume 0, pages 499-508. Institute of Electri-

cal and Electronics Engineers Inc., 2016.

[71] S. Shao, S. McAleer, R. Yan, and P. Baldi. Highly accurate machine fault diag-

nosis using deep transfer learning. IEEE Transactions on Industrial Informatics,

15(4):2446-2455, 2019.

[72] Z.Cen and J. Wang. Crude oil price prediction model with long short term memory

deep learning based on prior knowledge data transfer. Energy, 169:160-171, 2019.

[73] J.Ma,J. C. P. Cheng, C. Lin, Y. Tan, and J. Zhang. Improving air quality prediction

133 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

accuracy at larger temporal resolutions using deep learning and transfer learning

techniques. Atmospheric Environment, 214, 2019.

[74] M. Kraus and S. Feuerriegel. Decision support from financial disclosures with

deep neural networks and transfer learning. Decision Support Systems, 104:38-48,

2017.

[75] K. Mishev, A. Gjorgjevikj, I. Vodenska, L. Chitkushev, W. Souma, and D. Tra-
janov. Forecasting corporate revenue by using deep-learning methodologies. In

Proceedings - 2019 3rd International Conference on Control, Artificial Intelligence,

Robotics and Optimization, ICCAIRO 2019, pages 115—120. Institute of Electrical

and Electronics Engineers Inc., 2019.

[76] Q. Q. He, P. C. I. Pang, and Y. W. Si. Multi-source transfer learning with en-
semble for financial time series forecasting. In J. He, H. Purohit, G. Huang,

X. Gao, and K. Deng, editors, Proceedings - 2020 IEEE/WIC/ACM International

Joint Conference on Web Intelligence and Intelligent Agent Technology, WI-IAT

2020, pages 227-233. Institute of Electrical and Electronics Engineers Inc., 2020.

[77] T. T. Nguyen and S. Yoon. A novel approach to short-term stock price movement

prediction using transfer learning. Applied Sciences (Switzerland), 9(22), 2019.

[78] Y. Li, H. N. Dai, and Z. Zheng. Selective transfer learning with adversarial training

for stock movement prediction. Connection Science, 34(1):492-510, 2022.

[79] 2 F A F B 51 S0, ¢ 3 10 8R4, 2021,

[80] H. I. Fawaz, G. Forestier, J. Weber, L. Idoumghar, and P. A. Muller. Transfer
learning for time series classification. In N. Abe, H. Liu, C. Pu, X. Hu, N. Ahmed,

134 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

M. Qiao, Y. Song, D. Kossmann, B. Liu, K. Lee, J. Tang, J. He, and J. Saltz, editors,

Proceedings - 2018 IEEE International Conference on Big Data, Big Data 2018,

pages 1367—1376. Institute of Electrical and Electronics Engineers Inc., 2018.

[81] & P4 Fc3n bl 72 % . 5 %P4 can Bl a2 % % B i€ 1) ¢ %35 4, 2024. May 01,

2024.

[82] BAFc3N. Ak % R 4ok 42 % i ¥ -k 3. Report, M4 538, 2023.

[83] v F kiF1 £ R £2¢.2023 2R S8 % Kik1 £k %2 ¢ &48. Report,

SAEKE I ERED 6,203,

[84] skif % and P53 F. F @ 1Ay BB BP < 3 FE £ gdgdcdp B

3, 2014,

[85] Py . F i1 424 G dp BTpRIZ A7 T -1 S B A 4T 105 . Thesis, ¥ & < §,

2015.

[86] Mehar Vijh, Deeksha Chandola, Vinay Anand Tikkiwal, and Arun Kumar. Stock

closing price prediction using machine learning techniques. Procedia Computer

Science, 167:599-606, 2020.

[87] J. Patel, S. Shah, P. Thakkar, and K. Kotecha. Predicting stock and stock price
index movement using trend deterministic data preparation and machine learning

techniques. Expert Systems with Applications, 42(1):259-268, 2015.

[88] HS Hota, Richa Handa, and Akhilesh Kumar Shrivas. Time series data predic-

tion using sliding window based rbf neural network. International Journal of

Computational Intelligence Research, 13(5):1145-1156, 2017.

135 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

[89] Shan Zhong and David B Hitchcock. Sp 500 stock price prediction using technical,

fundamental and text data. arXiv preprint arXiv:2108.10826, 2021.

[90] Baabak Ashuri, Seyed Mohsen Shahandashti, and Jian Lu. Empirical tests for iden-

tifying leading indicators of enr construction cost index. Construction Management

and Economics, 30(11):917-927, 2012. doi: 10.1080/01446193.2012.7287009.

O1] 25,2 4, and§ 2%, ¥21 18y Ei PR 574

F i B 4%, 31:193-211, 2009.

[92] Abimbola Windapo and Keith Cattell. Examining the trends in building material

prices: built environment stakeholders’ perspectives. Manage Construct Res Pract,

1:187-201, 2012.

[93] Vladimir Braverman, Rafail Ostrovsky, and Carlo Zaniolo. Optimal sampling from

sliding windows, 2009.

[94] Jin Yang, Hugues Rivard, and Radu Zmeureanu. On-line building energy prediction

using adaptive artificial neural networks. Energy and Buildings, 37(12):1250-1259,

2005.

[95] Ralf-Peter Mundani, Jérdme Frisch, Vasco Varduhn, and Ernst Rank. A sliding win-
dow technique for interactive high-performance computing scenarios. Advances in

Engineering Software, 84:21-30, 2015.

[96] Jui-Sheng Chou and Thi Truong. Sliding-window metaheuristic optimization-based

forecast system for foreign exchange analysis. Soft Computing, 23:3545-3561,

2019.

136 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

[97] Akash Deep. A multifactor analysis model for stock market prediction.

International Journal of Computer Science and Telecommunications, 14(1), 2023.

[98] Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky, Ilya Sutskever, and Ruslan
Salakhutdinov. Dropout: A simple way to prevent neural networks from overfitting.

Journal of Machine Learning Research, 15(56):1929-1958, 2014.

[99] Yitong Duan, Lei Wang, Qizhong Zhang, and Jian Li. Factorvae: A probabilis-
tic dynamic factor model based on variational autoencoder for predicting cross-

sectional stock returns. In Proceedings of the AAAI Conference on Artificial

Intelligence, volume 36, pages 4468-4476, 2022.

[100] Focke> k1424 | €. 1A 9~ (112.11.15 2 & ) . Government

document, {FFcfe > £ 1 424 f ¢, 2023.

137 doi:10.6342/NTU202401182


http://dx.doi.org/10.6342/NTU202401182

	摘要
	Abstract
	目次
	圖次
	表次
	緒論
	研究背景與動機
	研究目的
	論文架構

	文獻回顧
	營建物價預測
	時間序列預測
	長短期記憶模型

	機器學習與遷移學習
	機器學習介紹
	遷移學習介紹
	遷移學習應用概況

	文獻回顧小結

	研究方法
	研究流程與架構
	遷移學習方法
	定義源域與目標域
	確定源域選擇方法
	預選源域
	決選源域

	資料集建立與處理
	源域資料集建立
	目標域資料集建立
	資料集分割
	最大最小正規化
	滑動窗口技術

	預訓練模型與微調
	建立長短期記憶模型
	超參數調整
	模型評估指標

	結果比較方法

	研究結果與討論
	源域與目標域選擇結果
	資料集建立與處理
	源域資料集建立與處理
	目標域資料集建立與處理

	模型訓練與驗證結果
	預測結果
	預測營造工程物價總指數結果
	預測水泥及其製品類指數結果
	預測金屬製品類指數結果

	源域資料集時間框架比較
	目標域資料集比較
	模型比較
	研究結果分析與探討
	實際應用操作流程

	結論與未來研究方向
	結論
	研究限制
	未來研究方向

	參考文獻

