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Using ARIMA and CART Hybrid Model to Predict Baltic Dry Index
Zi-Yu Liu
Tsung-Wei Shen

Department of Transportation and Communication Management

SUMMARY

International trade mainly relies on maritime transportation. The Baltic Dry Index
(BDI) is an important indicator representing the freight rate of the dry bulk shipping
market. However, analysis of this trend and the seasonal fluctuation patterns of the
BDI have long been considered challenging. This research seeks to predict these
elements by combining traditional time series model and data mining techniques into
the hybrid model. Specifically, this work employs Seasonal and Trend decomposition
using Loess (STL) to decompose the time series data into three components: the trend,
seasonality, and reminders. The trend is predicted by an Autoregressive Integrated
Moving Average (ARIMA) model, while the remainder is predicted by Classification
And Regression Tree (CART) model. These two techniques were adopted because the
ARIMA model is useful for trend prediction and the CART performs well when
predictingnon-linear time series data. BDI data collected between 1998 and 2016 was
used to train and test the performance of the proposed method. The results show that
combining the CART and ARIMA models enhances predictive performance not only
with regards to the trend, but also to the fluctuations of the BDI. This was verified by
the mean absolute percentage error, which showed that the overall prediction effect
was good. The proposed method will provide a strategic analysis tool for dry bulk
shipping carriers that can be used as a part of their greater decision-support system.

Key words: BDI, prediction, ARIMA, CART, hybrid model
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INTRODUTION

The dry bulk shipping market is a major component of the international shipping
market, and of great interest to stakeholders such as ship owners, investors, and
shippers. The Baltic Dry Index (BDI) reflects the dry bulk shipping market’s
characteristics of seasonality, cyclicality, and high volatility, as well as its relationship
to macroeconomic shocks.

For stakeholders, accurate prediction of the BDI’s frequent fluctuations is a
non-trivial task. However, because the BDI has been considered a non-stationary and
non-linear rate series (Goulielmos & Psifia, 2009), the prediction of future rates is still
challenging. From past to now, there are two key methods of predicting the BDI:

traditional time series model and non-linear or machine learning model.

Traditional time series model is to estimate the future value based on the past or
current value, Autoregressive Integrated Moving Average Model (ARIMA) is the
most common method of traditional time series. It can precisely predict the short term
(such as daily or weekly), but is not accurate enough for long-term prediction (Ho,
Xie, & Goh, 2002). In addition, ARIMA is useful for predicting stationary/linear time
series data, but has trouble in non-stationary/nonlinear time series data. However, the
BDI is non-stationary and non-linear; therefore, the stationary and linear conditions

are not met.

Non-linear and machine learning methods are gradually gaining the attention of
researchers (Zeng, Qu, Ng, & Zhao, 2016). In the field of machine learning, Artificial
Neural Networks (ANN) and Support Vector Machines (SVM) have been used in the
analysis and prediction of BDI. Li and Parsons (1997) applied ANN in an

investigation of the short-term and long-term prediction potentials of the tanker
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freight rate, as well as a comparison of the prediction performances of ANN and the
Autoregressive Moving Average (ARMA) model. The final comparison showed that
ANN was significantly better than the time series model, especially for long-term
prediction. Han, Yan, Ning, and Yu (2014) found that although ANN has good
nonlinear approximation ability, its model structure is difficult to determine and easily
affected by over- or under-training. Therefore, wavelet transform and SVM are
proposed for predicting the BDI. Bao, Pan, and Xie (2016) also combined SVM with
Correlation-based Feature Selection (CFS), which adding important factors related to
BDI in SVM; the prediction accuracy produced by using SVM with CFS is better than
when using ANN alone.

In the past literature of predicting BDI, traditional time series and machine
learning methods perform well for linear and nonlinear data, respectively; but they are
not all suitable for all problems, thus a hybrid model comes out. A hybrid model is
proposed for solving complex problems with linear and nonlinear data, serving as an
effective way of improving prediction accuracy (Zhang, 2003). In stock price
forecasting, Pai and Lin (2005) used the hybrid model with ARIMA and SVM for
predictions, and found that the hybrid model of ARIMA and SVM is better than single
ARIMA model or single SVM model in the prediction performance. Faruk (2010) and
Cadenas and Rivera (2010) also used a hybrid model with ARIMA and ANN to
predict water guality and wind speed, and the hybrid model can better capture linear
and nonlinear than single ARIMA model or single ANN model . All proved that the
hybrid model performed well for their predictions, but in predicting BDI, to the
authors’ knowledge, there is still no relevant literature using hybrid model.

This study mainly decomposes BDI by season and trend using Loess (STL),

analyzes the seasonality and trend characteristics of the index, and constructs a hybrid
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model using the Autoregressive Integrated Moving Average model (ARIMA )and the
Classification and Regression Tree (CART) to predict long-term (one-year) BDI, and
then evaluates its prediction accuracy using the Mean Absolute Percentage Error
(MAPE) calculation. Finally, the results of predicting BDI using the hybrid model
proposed in this study are compared against the single ARIMA model and the single
CART model used on their own. The results show that the prediction accuracy of the
hybrid model is higher than the other two, and the prediction results can clearly show
the characteristics of seasonality and trends in the market. The proposed method will
provide a strategic analysis tool for dry bulk shipping carriers that can be used as a
part of their greater decision-support system.
MATERIALS AND METHODS

First, pre-processing BDI time series data. Because most economic time series
including BDI have trend and seasonal cycle characteristics, if the trend and seasonal
characteristics in the original data can be separately extracted and used for analysis
before the model is established, the accuracy of the prediction will be better than the
direct use of the original data (Angelopoulos, 2017). In order to propose trends and
seasonal periods in the BDI time series data, the STL decomposition method will be
used to decompose the BDI into trends, seasons and remainders. Second, because
CART cannot predict the trend, ARIMA is used for forecasting trend, while CART
will predict the remainder. As for the seasonal part, it does not predict but finds the
important variables that affect the seasonality of BDI. Finally, the predicted values of
the various parts are added together to become a complete BDI prediction and the

prediction results are judged by MAPE.
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RESULTS AND DISCUSSION

1 2 3 4 5 6 7 B 9 10 11 12 menth
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Figurel. Comparison of prediction results of three models and real data in 2015

Tablel. Comparison of MAPE in 2015
4 4-13 2015 % MAPE &yt dze

a SARIMA model | CART model « Hybrid modelr

MAPE~ 21% 92%~ 16%+

BDI

1200

1000

1 2 3 4 5 6 7 B 9 10 11 12 month

real SARIMA = - = CART ====aHybrid

425 ZMEAEMNSREREEH 2016 F4 b

Figure2. Comparison of prediction results of three models and real data in 2016

d0i:10.6844/NCKU201901898



Table2. Comparison of MAPE in 2016

& 4-14 2016 5 MAPE &bz~

a SARIMA models CART model » Hybrid models
MAPE« 34%e 59% 20%e
CONCLUSION

The hybrid model is used to predict the decomposed BDI time series for one year. The

trend is predicted by the ARIMA model, and the remainder is based on the seasonality,

trend, and the previous period of BDI and the same period of last year as the

classification factor of CART to make prediction. Seasonal factors are repeated values

for 12 months (one year), so CART is only used to find important variables that affect

seasonality without prediction, and learned that the international iron ore price index

and the international steel price index are important variables affecting the seasonality

of BDI. In 2015 and 2016, MAPE is predicted to be 16% and 20%, respectively, and

the forecast is reasonable and can clearly see the seasonal and trend characteristics of

BDI.

d0i:10.6844/NCKU201901898



et

Py BEREFA 2P 2 RS B R mY AR MR E

EE AR KT MGA Y AP - RINH Y DR A AR I RS A s
g el PR EERE S e P A RAFR IR B R A SR AR R

S B REERDGEOHL G RMRFLF 0 TR AL

Foir L ek i g 4 b%;;ﬂg,,gm { AR B o

-
o

hipd & F R B PER YR EET ] STk § 3 PR L G R R

1

AN

\\\Xr

1R RS R IR A R L g% i T e
Bfds RE R g RSP THEN > A REHPF LA Aa il i B0
RUMZ B hoodfd THEE Ry o G0 T PR AR E g

ﬂ]fr'b"{-J)a 1 N e R

FlEe s
W= =x 18 ’Q;@»g;gl_;figmr

S ES 108 & 8

d0i:10.6844/NCKU201901898



B B B e 1
LI AT 5 4 B BB oo 1
A T OO 3

(R e N i 2RO 4
E o ?}]?\‘-VP/E? ................................................................................................................. 6
2.1 BDI 2o BE 8] B oot 6
22BDI 4% 2 F o~ ST et LA e 00 8
23BDI 2 3R] /2 Bl ok 3 oy B 9
24 1% e RN 12
IR FTI 33 T e B BB, 14
T = OO 15
B2 ST A B 2 e 15
L3 AR A e e 16
B A R e et a e a e 19
TR T e s PR P TP PPRPRUPRS 20
3.6 FIETIRRIEFE R 2o 30 HF 21
I PPN 22
AL TR I B oo 22
i

d0i:10.6844/NCKU201901898



4.2 SARIMA FEATFE BT BD .o 23

820 FHEE] F oo 24

£.2.2 FEATZE B oottt 25

£.2.3 FE TR eeovveeeeeeeeee e e et 26

4.3 CART FITE R BDloovveooeeeeeeeeeeeeeeeeeeeseeeeeseeseeeseseeeseseseesssessesssseeessseeessrees 28
B.3.1 AT o ovreceierreeesssesssss s s s 29

3.2 TR eeeeeeeeeeeeeee ettt 32
e O 35
A.8.1 72 STL 2 8 BDIFE R B 51 eoovvooeeesoeeesoseeeesseeesesseeeseseesesessesesss s sesssesenees 36

442 B BE G F B F]E e 36

4.4.3 72 ARIMA B TERIABE ooooovooeeeeeoeeeeeeeeeeeo e 37

444 12 CART oA TEBIFIAE oo 38

4.4.5 ARIMA+CART 23 & B] oovveooeeeeeeeeeeeeeeeeeeeeeesee e 40

A5 LI oo e et 47
A.5.1 FEA]EE B L B oo 47

L Lk 50

B R ST OO TOTOTTOI 52
Bl EE 25 oeeeeeeeeeeeeeeeeees e e e e et 52
2R OO 53
8 2 R e 54

i

d0i:10.6844/NCKU201901898



d0i:10.6844/NCKU201901898



Bl L1 BDI ABE ] covvooooveeeeeeeeeeeeeeeeeeee e s eeseeeeese s eeee s es s eee e ee s s s s 2
RIS e 3 14
B1 32 CART 2 A BB coooeeeeeeeeeeeeeseeeeeeeeeeee s eeesee s sseeeses e ae s ess s eeesrens 19
Bl 4-1 1997 £-2016 # BDI # TEF AL oo 22
R Y= o [ e - 24
Bl 43 %1 BDIEE 17— 20 £ A BUL oo eee e sseees st 25
Bl 44 2015 £ BDI FEIBISE S oooeovvereessesessssssossssssessssssesssssssssssseseessseseasssesesseseeesssens 27
Bl 4-5 2015 & ARIMA FERI 5 % 228 55 000 oo seeesene 27
B14-6 2016 & ARIMA FFRIAE % 570 55 08 oo 28
Bl 4-7 2015 & CART o] 1A BT TERIE B oo 29
Bl 4-8 2015 & CART Fifl 22 2 HUAL cooooovooooeeeceeees oo eeese e eee e 30
Bl 4-9 2015 & 3 £t CART H52] chA 878 FERIE % oo 31
B 4-10 2015 # 33 £ 15 CART Fifl B2 21 UL oo eeeeeeeeeeee e 32
Bl 4-11 2015 & CART FFiBI5 3 278 55 1 B 33
Bl 4-12 2015 & CART FF i) % &9 % 80 (2012 & 7| 2014 # % 20 500) ... 34
Bl 4-13 3 o PR BB B BDI i E B B LB oo 35
Bl 414 41 BDIAE 17 STL A R ooovveeooeeeeeeeeeeeeeeeeeeeeee e eseeseeesese s 36
Bl 4-15 2015 & F50F G2 F B BB oo 37
R =] ) It SO 38
iv

d0i:10.6844/NCKU201901898



® 4-17

R 4-18

i 4-19

iRl 4-20

Rl 4-21

] 4-22

iRl 4-23

) 4-24

iRl 4-25

2015 & CART H-A] A HEET TEIB] it 39

2015 &= A £ (s CART 23] A S TR IR S o, 39
2015 E R A HAITERISE F B B B 41
2016 E R A HAITERIE F B F B B 43
2003 # 7 & FA) TR B F EF B B 44
2004 &= B SHCAITERIE F B F B E L B 45
2005 & B A HATERIE F B F EE L B 46
ZAABAIERSE R B RREEAT R 2015 £ O e, 48
ZRABEAFERIE S EREET AL 2016 F v B 48
v

d0i:10.6844/NCKU201901898



3-1

e

3-2

e

4-1

e

4-2

e

4-3

D

4-4

D

D
.
(@) ]

D
'R
(o]

% 4-9

% 4-10

% 4-11

%+ 4-12

%+ 4-13

4 4-14

# 4-15

# 4-16

P &

BDI 2o B2 A8 F]E ittt ettt et 7
ARIMA FE B TR 2 e rr e e 17
MAPE FERIat 2 2 3 m BE eceee 21
R B =~ R 23

2015 45 ABE 5 T fEovvrescsoveessessssssssssssss s ssssssess s s s 40

2015 £ % AR FY FERIIEFE B 1 B ooioeesovee oo eeeeieeeeeeeeee e see e 40
2015 £ BDI £ 284 FERE ~ FERIEE B ¥ oo 41
2016 & ABH 5 I B ersssesrooonneeeeneesneneeseses st 42
2016 £ % ABEFF TERIEFE I P B oo sseeeseceeseeees e eee e 42
2016 £ BDI £ 284 FER|E ~ FERIE S F 2 oo 43
2003 £ BDI £ 284 FERE ~ FERIE B F % oo 44
2004 £ BDI £ 284 FERE ~ FERIE B F % oo 45
2005 £ BDI £ 284 FERE ~ FERIE B F 2 oo 46
2015 £ MAPE L B .oooveoooveoseveoseeeeeseeeesseeesseeee s essseeesseeesse s e 48
2016 £ MAPE L BK..oooveoooveo s seeeeeseeeesseeesse e s eesseessseseesseesssesesereon 49

Vi

d0i:10.6844/NCKU201901898



L1 FESE R ed

AT S LA FR R R FLFOR S R rL AR R PER 0 LR
2 AL PE R F TR R ERAEEAY pI R G ARET S L 3 AFA

EEEFTR R AR R EF R 2RISR
SRR rcis  SAMee R R A aue g F %L > 2R FFLAEFRER 5
B¢

B pARMER M F R DL RE T b DR Rl pgdved e L2 p B3 &

HERFLORF2 LR ERPFRES ER (% > GIAE L HD FPEFH G
desh & BUGAE  LETHRE B o

Bt T ko EFERHEA NRTR & REAT MHB 0 % 23RS

Rk

g AR A RFRMRY A ARFEE A R BRPES Y L RELGER LA
TR R TR 2 LR E LD FNBEAE R T AL (IMF) 1996 # o
vt 2P AP AL EREATIE B 56.8% 0 H P fiEant b5 314% 0 A f

Y B AEEE LR 0% 0 T AR RET A A T 0 R AP L&

A RE AR N A B E s T HE e T S T SuF ) B I
FRERBLAPPEIERZSE 7 AR PR RE > Has{oiih € F
AaF > TR FL A4 > B g ANIRRZ - L3 ETEY o8 3 T
BRI R EERCEG P (Aol F ~ R R R A M E) e e G4 0 R s -

W frid e o 2ARF R L F &8 T g

3R R EACE S E FOREED B i v et He - ATk ERL 2
dv b B Hp ;]:E]LL,*Q;;‘;'*}; '}]"im@,%g\,ﬁ ﬁﬁr{dﬁﬁﬂ R kg s ¥
1

d0i:10.6844/NCKU201901898



ﬁ~ﬁ*%¢i%iﬁ%%&ﬁ%i%/@?%m%ﬂ’rﬁ“%Aﬁ CECERE AR -
WA F - HA > BEAEFFERLIINFBLAEARTF D ERARTEE V5
GWERFER - AFGHEARF ~FI BT B BRL P EARR Y
Ko BA R0 g pUs BT RE XL RRATR AL AR
TERE R R R FEAROREAREIFET G E Y A RER

BR D B ’/fg‘"“,fﬁl%iﬂi?]% & RF R P~ KT
Fdk s PEREY - T g AL BT P FT R BT FPPE TR
F U ERPAED SE Y L B (R~ R AT 2014)

B33 Y REFACRAED B2 FFAREH <> HFHURmFh et 3 5 AR
%183 THEUT G TRIRCE Ok ' 7 rr T (Veenstra & Franses, 1997) b @ i B e0jd 55 4¢
E:}g #iz( Baltic Dry Index , BDI)RY| & pt 1 38 i b & {o 55 B G 4c b 7 HFapfkin ;ﬁ“g} R
BDI chsg it » v fa07 THATEBED FF § i L 2K TERLLRFG

iptk > B 1-1 &or 2014 & 3 7 <o BDI 2. % -

2500
2000
1500
1000

SO0

a]
2014172 2015/1/2 2016172 2017712 2018/1/2

B 1-1 BDI 3%

%1985 & > L Becra 3 BB AL F E P S’é"}ﬁjiglgt ( Baltic Freight Index » BFI) >

d0i:10.6844/NCKU201901898



i A 23 AR AR AT RS 0 B 1099 # o ARG BB goAT A 4y
#( Baltic Dry Index , BDI)#7B~t% o — B 45 BFI £.d = B3 3 Horie > A w0t B
7 & w418 1§ 4 fic( Baltic Capesize Index , BCI) ~ it Reeioid = £ 5 45 "UA] 4538 1§ 4 #ic
( Baltic Panamax Index , BPI)feit % ciis g if 34518 i 4p #c( Baltic Handysize Index ,
BHI) - 2 {5 » 36— BKPFRF e % A BDl e Hipdafe vz <) > A L B33
B ikt 5k Beehih A 4408 W p #(BCI) ik e chis = £ 5 4R PR 4538 1 4y (BPI) -
A Be A AT 4T W 4R U] 45 18§ 4 B(BSI) foid Recias g 1 34538 § 4p #i(BHSI) -

A B ehoh TR R A B 1T G Ap W SR A TR oA TR A X TR e R PR k3
W FOREIERIARE F BRI HUEE D FF F o # o E5 BDI
THACEBRED Fa 3 £ 7 Nk Am o BErippl BDI A & ad_e $Hin L fote 4y
ARG IHRE PR o Flgt o AP RaE 2R & BRI BDI s dek i § o EE Y o

AB% i O L rAR IR A Db e SRR F T B TG 2

\\?{r

+ o

12 =5 B eh

Rppmdz A FFEdE > AT LR P i

1 B4 % H- A2 20 ER A TR EHT > QABRR A 22 R
YL BB T AL BB RN - R E 2 (Hybrid Method) » 7

0 31 AR E 2 XY A T A B3 ARIMA 2 CART i g R3] -

BEEI R B ARIMA B2 RS Y

2. VAR TR 2R S
CART #3) 2 FE il % o
3. REPPFREAL B E F I Ao 4 R e DRSS K IFL

LR g BEED HF2 A o

+ £
-Qdfv

d0i:10.6844/NCKU201901898



AE Rt CART & (7R RIPF > ¢ 4o~ 22 BDUAP M 2 F1% > ¢ 32 W R a4 f4p
oo BRSO A B S 2 A R R RREHO ik
R G edp i fo? MBS EF ok P MERSEFIETR AR LT
Ao KA AT TR 2 TR 4R 5 0 BDI 2 T F R S B TR T
ol FRETG FEHRMEFL LT PR 24l o LU RET R AT

F

TEFER ) Rl BT 2016 # 12 0 5 RS- B 2 FOR
l4API P B

AEF D LT T RIS r’ﬂi&_qt:

PECRFIFREFB AT DAL ERAE LN F I AR
Ho AR ELHETT R L S AT L RER 3 LY REICEAED L B
¢ e BDIF % ¢ o & T AL R AL T H AT L 0P S g R4 R
2. ?‘)%J%‘}")é}f

AP R R ST 0 ¢ 3 BDI 2 B FF% - BDI 4% 2 % #iifc BDI 2 7f

HP AT AR F 2k ¢ IR R P~ f2-STL 4~ f#;% (Seasonal and Trend
decomposition using Loess) ~ & & # & L i=2p v §F 13 (Autoregressive Integrated Moving
Average model, ARIMA) ~ & g g2 w &Fﬁﬁ; (Classification and Regression Tree , CART)fr -

355 $3% £ & (Mean absolute percentage error, MAPE) z_ =58 22 i # o

d0i:10.6844/NCKU201901898



4. FES AT

#* R EcH - #-w & 32 BDI ?fiﬁ:«] ~R¥ » #0USTLAf22:2F7FERFE 5|
AR LS BT A A ARIMA o FORE R P 2 & 8T e fF AR
(Classification and Regression Tree , CART) Z_ 78 & #-A]: 8 T3P e fe N R HF L T2

(Mean absolute percentage error , MAPE) = fg iR cniE g B o

RFFREATE L% BEFIL . DA K2 Ap M T F D2 5R
5

d0i:10.6844/NCKU201901898



2.1 BDI 2. g%

PEBDI Rt 2 F 3G N5 2 5 EFF AP I BRIDIERY FSAT F

S SURNES 7 VTS [ IRIE I - INLE: UNPTSLENG TRl - SN SNE

RZhEFt 2Bl A 1388 279 > jyp ~RE 2 WE LR DR 5
B @ NE R AR AR R HD S Bk L2 T LR

O enPe ~ HarE v kR s PERY - FEE A BT P T R

EHEAEDFEF 2 FB(HRE R LG 2014) e S FF P

T~ Fe R XL s PRI RSB 2 WE ARt R T
MR ;L“ F 4v 14 #;;—j o

Papailias, Thomakos, and Liu (2017)% & 7 %% ~ 4% ~ % 3¢ » Tﬁ T (BT )

T FRERY EBEE RS E Al 1082 2 E P ERRGFEF

25

2 LB ERE P EME S A0 L 2 BDI 2 # R £ ik o Bofs 3 e BDI

ERAVELIERELORE L R F - RB B

EOEE (2008) R4 MATAAED 1 T R A B TR E R R E & 0T F
FF e AT HBEEAE e TR R B BRSNS R
Pt RN T Sl FEH S 2GRS E S fo? KRS LR REA 0k

BRFFER S TERN G 2REARS L F 4 H A BDI ¥ L ER

NN

R oo
El

% (2006) 4= BEBDI 2 FlE A ST B G o e B ipen g K A R

%'h*;’ ;ﬁg T‘fr—ﬁ i Fﬂ% ’ '&L"%\» 2-1 L

d0i:10.6844/NCKU201901898



# 2-1 BDIzZ B¥7F%

F1 & i v ERE

G | R AT AT AR 2 P E T ST AR R B

445

G | SRR R

Fres | EERREFERT  EE R GRe Y

=)
=
‘3&

% 4 (2006)

B 2-10 TR P LI HE AR KR [ H e REFHH R HE A
ARRFEASEEEIEE Y B T E ko REAEERE WY R AR RN

Peng R S REF A5 P Racdc fER G el R PRS-

Alizadeh and Nomikos (2003) & * GARCH-X -3 4 47 = Fizdch 457 37 B

AE2LE B2 BB G FRERBCEGIP G HFELE A F D4

BVt v ped e P BDI TR FA S GHCETS G R % R
oA ) R (R 1 R EAE R R e
BAG ) BEBGRNE T R ) F R MR (RRERSES R

EAREF)feicic b deR g R 2R Fe s E) e

d0i:10.6844/NCKU201901898



2.2BDI 8% 2 % &4

i
ks

PEFPELEP CARNEEE GRS LA aF £ PG Aok sl

X3P OELF d BEDRIP P HETEREDRER FFFIATATER

4»@
=

-

Tt o d N EUE D Fen Tk VT2 S GO o 2 s SAGR R Ap AR
B FEH LT 5 EHE eich 3 S At c BUERY A GFEF T E BB E g
PP HFTEERBERLEE U T EHEPRF FIFT B EFRI P F
Bia® (4h% > 2014) - RypdiTermT g 450 > & 1993 £ 3 2015 & (" 5 F4) o &
7 BDI T3k # 5 3 3 5 # (Papailias, Thomakos, & Liu, 2017) - ¥ #} » Chisté and Van
Vuuren (2014):% i& Hodrick—Prescott filter (HP filte) A& 5 3x B~ 42 472 » R ig g 7 & /4
W JEI 5 A A B gk )0 et AT § 7 IR BDI »t 1990-2012 # B E F -

B AL EFTYABS o

BRI R RS PR R B BT R LR 2 L

o

% E W 8 B engide o Tt BDI #4227 59 3% %7 4p B (Papailias et al., 2017)

k

A P EERTRSELF BRI EEEL s b 12 ABSF T L TS
H TR 0 B ipd F ST G ¢ BT fo i # (Kavussanos & Alizadeh-M, 2001) -
¢t » Denning, Riley, and DeLooze (1994)% ik R ihj% i& § dpfic (BFI) @ 33 e &4 5]

%> FLBDI A R HARR L B

SRR R ¢ 45 BDl e FAREZ FE R o F o F A 2 0T
w0 A R AR “ﬁ% ARF 2 FEMUFIELEFTAT HIFREmE SR BT A
4 “ﬁ% %% 2 £ § 0 2 5 i (Angelopoulos, 2017) - H ¢ > £t Loess & ficend & -45% o
f32 ;% (Seasonal and Trend decomposition using Loess, STL) % # #& @& * >t T3 B~ | 4%
& F &3 eh % > Pao and Sullivan (2017)02 STL ~ 25 RF b R+ 34 & 82

BRI F A 5

4

AR A R = & & 127 (Autoregressive Integrated Moving
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Average model, ARIMA):E {738 p] > 5% % 80 B IR RIS b 0 R4S FORFER & o gt
Hodrick - Prescott filter (HP filter)(Chiste & Van Vuuren, 2014)4v ¢ 5% -3¢ & f#&(Empirical
Mode Decomposition, EMD)(Angelopoulos, 2017) ¢ % if * »t 48 B (2 > T A B R

BER Z0Ap B OR Y AR e

2.3 BDI 2 3 p]* i

2 0 S H A v £ BDIAERIZ BT @ HAER S 2 agie v U % E

SEiR] W AAEE I B 7 TR IR A2 s (non-linear) o 7R EE W 2 2 TR o 5 %

ks
<y
my

L7
TR TP RBKRITRI P R P O A B D] Y N R it E
B e 45 IR o

WFEATE S REIRAEA R BF R0 2 T it T BB LTS
Mo X2 R ) RECKTERIF L F R FARDD e 245 12 BDI B P R
B Menp REY > RFEHBEE CRERD EH CRFEFERE - EHOEHE
BoAe ~ IR B T FedRdp B 2IRDEAS K I 2 ) RS & FOERIL Rehis godc i

L

EH IS AEP > REFRFRFLE O AAT REET Y BERS L
B R BT B Rt G a8 At B E R (E H145,2008) - £ 0 it
NBRBARR HBT FEERFHT 2 AR BDI» & ¥ # F(Papailias et

al.,, 2017) - ¥ ¢t ”@#’3%?{%:@:%# BDI 5 T % £ FF R P {R5¥ % > s 3 4= BDI

it

@ —:d— ".El’?“'#]gt » BCI ~ BPI ‘fr' BHMI j\xif—‘r '3;' )F] E’_’g:jq_’# BDI 'FJJP B 2. ’fﬁ-""]xéf’r
LR PR REFR AR EEAdi? > CRU T nidp s CRB R £ ¥

FEBDI > 22 HM T BRI ok ik (5 4, 2006) -

fioks o B AR A B AR ko v b B ELEEE Y T A
15 R RIE RS FTAL R AL - Bt F AT SRR FA TR P s S AT HE

A I NTE au—%" TEBPIEEEN G ER2ZEEI0 > Fd 0 F 7}—'—1&‘ &fr@“’pﬁm
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A A B F B RE AR A SRR g S B AR LR
FF AT ¥ Ao E 40 2 Capesize 45 3] 2 ATid 4 fe 2 Panamax 4; 3| 5§25
BDI i # 5. & & 2 F]% o dgt R FFIF R FRIHG Y -7 BT i X gy BD

(#1422, 2006) -

BAPER A TR T WA PR R A B 5 g B RIER A KR A 5| b g
FRG ARG RETER > G AR REIGER P R A E Y A
b #5 § T 32 £ 07 (Autoregressive Integrated Moving Average model, ARIMA) & # 44 *

»> BDI e 47 223p 0] ¢ o

ARIMA E_ @ 5pr F B 2 [3E R ¢ B F 48 K3ERIBDl e 2 » F] 5 v a7 & enfofd
gt o T R AER] o puag (2006) % ARIMA frdp BT iz 2 A SEiRlag = BDI
ZLAER 0 TV R A RIRRIFERERORRER c AT ER D IR 0 11 ARIMA #&
F o OHTEIERIE P SRR U ATER GM(L D) A B iE 0 A HAINEIERS 5 0 AR
SER) GM(L LAt e % 03] 5 2 2 20 X2 HAER S Tz 0 o

% BDI T4z EHIERIF 5 H BT o
d 3G ApE R R S|ag % SN T npE PR 7 TR (Stationary Time Series) > @ 7 @
WAL AED ¢ > BDI § AAk 5 2448 2 enpF B T4 ( Non-Stationary Time Series) » *
BDI ® & § ¥aodde ki 295 B0, TP 20 BAPRR A 7|2 2 2 2 (dodh it hifie
2 ARIMA) i -7 5t % g2 37 2| (Pao & Sullivan, 2017) o g >yt > 2Lstft (non-linear) =

W EE Y (Machine Learning, ML) = j#:i& o 37 7 dﬁz ene AR(Zeng et al., 2016) -

A EE VALY > A4 3 A g ek (artificial neural networks , ANN) ~ £ ¥ % £
(support vector machines , SVM) ¥ © 4 % *t BDI 4 4722 358 - Li and Parsons (1997)
Je* A 1A e gk (Artificial Neural Network s ANN)#E 34 48 #6338 5 cved) ok 8 3R] o0
BATPREFIANEREE R et 3247 ( Autoregressive moving average model,

ARMA) PR A 7 H3) 2 BRI vt i Bfs v B S H7 > M SR epP HE

10
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)

BRI A2 E £ 8RR o Hanetal (2014)% Al (e 282 B 5 45 chzb s
Wizay 4 0 e BN e kAT B 2§ B X TLER DR VIR R T
# 4ok 3 (wavelet transform)fo i 45 5 £ 54+ BDI 2 (735 0p) > & #2352 2 ehid & &2

ALIAGRREFTI LR SRAP 0% 25 R EmA 0 b > Baoetal. (2016)

1.3

SRS £ 18 27 2L 4p B chdF #ciE 3% (Correlation-based Feature Selection ,CFS):g {7 %
EoF P L ERAEe B aIERN A BT BN SRR R BE AP

LA A A AR eIE R R 2 6 35 RAF AR o

B AR e 0 (LR PR BERPPBDI T > e * ANN A & £
SVM #23) p g & 4% —-;]z HEM 0@ A ﬁﬁﬁﬁﬁﬁﬁ(massification And Regression
Tree , CART)R|# 1 f2 B 2 BDI (%% > CART A% 2% 4 45 2 i {o2b T 38 T e
FBWEFY 22> v ¥ ANN °? et 48 > » ¥ 02 SVM Al FEE
APAESN AL P CART S ¢ SRS 57 0 & BATE &FE2 5 o ALY %R

AR b T A (R, 2011) 5 A AR G 0 CART RFERIMELFG (R

2012) 5 X F 2 o 0 FEfoR B P AIRRI(HFIE 0 2013) 5 A E R G 0 THIEE
chig g 1 B FE R (Lin, L-H., etal., 2017) » fe (o242 % & * CART A7E & 4 45 BDI th

e g

d PEwRET o AR REFEREWSEEY 22 L p oA bR g
LA A AT BAERION A T 0 v I 2L 2R * > F]gt Zhang (2003)
#37 ARIMA £ ANN 2 & 53] > * 22 AR fo2b U TR e 22 R0 3L > 89 3
P e BRI R 0 HTE G AU ettt A B SR g Re R AT R S HCA] R - B
B IERIMA ehF ok 2 o AR L FER] ¢ > Paiand Lin (2005) 2 ARIMA 4= SVM iR & $i
Al K IR B IR BT E - ARIMA #2142 B - SVM $i27] - Faruk (2010) 4+
Cadenas and Rivera (2010)~ /& * ARIMA {= ANN /2 & #°3] » Sl $-R ek @ # ok i@

BEAIFFR  BFET AP R EFA T L E - ARIMA #2324 H - ANN #23) { 473

11
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AP r 2B S HESS o R AT Y NP TR E IR A R > e R E G

PpohR g A R K ene i R LA

2.4 )%

dYREREE ] @ REEERCEHEBAYDE)  FEE R AL AR
PR S b F 3 R) A S S o R LAY R)iEE F4 5 % BDI
B FIA Y B2 2 B K A4 £ o) BDI L £ E oAb g gk 21 b g

. F)E L Ak FBDl 2 e HE B F)E 2 T ApR T o

% BDI FEip|2 ¢ 0 T 4 KA

B % %F 0 (B R R 2] SE R 2L 5014 (non-linear)

ETIS

frF AR > 2 TER) o FIBDI Bt 2 g e B AL A B AP A AITERY > B4 ¥
i * e IR e ARIMA @ SLps B 7| B3 B a0 R il (7 U cnps B B Z AR 0 e §
AR OPET R 7P SRR 2L B g R TR 0 A RARE S 2 Ae i Y )
Bb AT B A IR SRpfoi e B B e Hakd o H
WA R TR LT RAE SRS BRI - R R RARET A5
BAlEH L BEREY 2 2l EHARRG FREDIFRIERAE LN 4 -
FoALEE s ¢ 2 g fEAHCART) G B 2 b i i feigpl § Fia s i 4 02 ik
Frapgprfodl Fo B Pt d o L1 W TRERALG P R EREE Y Em T
WSS RO A A Fe R 5§ BARIET P RORIL Lo gl
BRI R G 0T A SRR 0 7Aoo F1R LSRRI P RN E & R0 © A 2 T I fR0R
PIZ B0fRfE > P b e BT SE3F SAEE 0 LGB iE S 6 0 BAA T KAERA 47 BDI o
FEM Y FF o ARy L BDI B 2 K E TR AAER R F eI R

R

A I BEE Y P ol CART j 8 2 43 BDI 2 14830 4 38 {7

TR XL AR R S0 ARIMA FERIABE IR A B 0 3k i 45 iy L o

12
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~

B
&

A A R e TREAERF TG BT TS Ho ez 5T o

13

d0i:10.6844/NCKU201901898



Y= EL3

ARG IR ERCRIFERIR B (- £)BDI AT g & | eh 2o @ 35 A LOESS &
Yeen% & (A% 4~ 2% (Seasonal and Trend decomposition using Loess, STL) -~ # & # &
T 32p w §F -] (Autoregressive Integrated Moving Average model, ARIMA) ~ 4 4 &2 3¢ g
##( Classification and Regression Tree, CART) ~ & & $-3]{o¥ 35 Bl E /B 2 w’r:m‘ £
I 32% %4 & (Mean absolute percentage error, MAPE){r35= $23% % (root mean square

error, RMSE) » A §8 /w424 @] 3-1 #7771

BDI &5 k) /& 7]
STL 4

Stepl < l

- A4 5 Aot ) &4
Step2 YA ARIMA DEUE T E 24 CART

) ip 2 B & i)
L 18 %] T &) &5 R 48 Jo
Step3 - l

Bl 3-1 A= % = % in szl

14
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B 3-1°¢ ' - I A IEBDI PR AT F1 5 ¢ 45 BDI A p s § gk
FREEIE G AR o &P FIpt o ok R TR Y B o S 40T U A
AleE 2oz B R BT o eI R] B AR D RS E R R TR
(Angelopoulos, 2017) » % 7 44 BDI pFREF A F|FAH P i $feF Ll > B¢ i *
STL » f#;2 3 BDI F# 4~ f# 5 4% ~ £ & {of4r = B84 (Cleveland, Cleveland, McRae,
& Terpenning, 1990) - & # 3= ¢ > d »* CART & ;2 5g pl4&% > F|pt & * ARIMA &7
FEiR > @ CART H#AFRIFI4RIA » 2 F & P00 7 2 F3pRla 245 1 2 2258 BDI
Fap £k Flco Bid AL IS Z IR EAp AT RS L - BRESBDIFFRE B

#H B ¢ o #ALRE S 1 MAPE - RMSE |87 8 SE R g &

31l @31kl

F-EEd By ¥ 4 https://www.r-project.org/ & ¥ R N . £ A

AETRY RFT ARSI RFT A 20 R Fenkit-rg+ fokin
o)
e

Wi Bl oI AFNB AP EARMEY FHE S EH AT NS EY P HERhE R

j\igf,a s TR H AT A Q‘;fié‘,{ﬁ;z SR Sk Al;ar%fpp;j S LT E A %ﬁl 0
3.2 STL A 2%

A% Loess & ¥cen® & 14k % 4 f2 2 (Seasonal and Trend decomposition using Loess ,
STL)E - B * %o A fRpER B Iefit > 2 > Vi - BE SRR A 7|4 25 2 BT
A ARR S F ol Bk R A S TR ARRINA ~F H 0L fof |30 BN d VT,

St'ff'Rt j\%\ T o0 2 ot=l E'J N > EIIJ

H=x»STLAZRF & S pxElfotte B 27 paw Bl & & pABE e fok & 430
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https://www.r-project.org/

ety o At Bl EERAERIMEL -

Febo STL§ 1T gt i E:

2. RFFEUICAERREL > X DR FT
3. AR A TR T LA @ Ky
4. #* FHAFET g RS R TR E R YRR § PR v E

GALIA ST 0 g B PTIF I

(Cleveland et al., 1990)
3.3ARIMA

p i fF 5 6 L 398 £ 03] (Auto Regressive Integrated Moving Average of order (p, d,
O 5 ARIMA(p, d, 0) 5 R tede ¥ * ol A SIRCR2 - - 2 p A w 705 (Auto
Regression, AR) ~ £ » 2 78 (Integrated, 1)f=#% # T 3545% (Moving Average, MA) #7 & = »

H & A d (Box & Jenkins, 1976) #73% 41 » F]4t x # Box-Jenkins FE B[ H-A] 0 — dendk w50

v

v .
=

Ve = 0ot D1V 1ty ot A0pYi—p

t&-0161 — Or&p — = 0584 1)

g LBt gL

pr~d-q&2tf ik

16
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P& p AW EF g AT R
056 Tong L KT AfAlY LR ELA A
d &4~ [

ARIMA 5% & = 2 4 5%

APET L RHEEFILARLE o dBETRLA ML E A S AEEE & SN A
FEE R A PSR- S

FI* & & 2. p A 4p B S Bic(Sample Autocorrelation Function , ACF) & i p 2\ 4p B Tk
(Sample Partial Autocorrelation Function , PACF) &k 2| #%rp 22 q 2 Fi#ic - %518 ACF ¥ {8 &v
LEEALGHETI02 PF - Gleq 2R LGS T2 5 LY 8 56 PACF
PIv Bl 22 p Ap 2 B8 GicpRl 342 p A2 E L8k £ 315 plg
B2 FE 2P B TR o

# 3-1 ARIMA [ fic 2| 745 2

) ACF B7} PACF #7;
AR(p) E ) 4 AopREts T A 4
MA(a) BoQFs s Tm R 4 E b 4

ARMA(p,q) Sl i o

41 * AIC(Akaike Information Criterion){= SBC(Schwarz Bayesian Criterion) = £ #

17
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B WAl 2 28R R - AIC g £ 3= p 2w FHCA] 0 SBC RIfRg £ 20 R R §
AIC 22 SBC g A& » (" & H feif BARE o

WEWAZALZAT P ED Y /THJL W2 RAEABEETRIp Nl 282

BT e IRl 0 £ 2 B €47 E 3 F 117 Ljung-Box(1978)# #1213 1 Q 53 F 4

Qi =m(m+2) X5 _ (T —n) 1 pi(n) ~ Xi_,_q (2)
HY omi B7 2 BRI
KE3-E2 A4 p Nk ERik
P& QB2 ik
FQ>XP , o PATALR AR GBE L > FHA A il 0 FEAR o
5. 5

A RS S EERE S S et = L RE SR EN = R

»

mES M A N ﬁrﬁ #% B T 12 & #-7) (Seasonal Auto Regressive Integrated Moving
Average of order (p, d, q)(P.D,Q)m > & # % SARIMA(p, d, q)(P.D,Q)m) % & 5 F & 45
ARIMA » i AR+ % &P B B 5 10A] o 03] chpsdfoq 5 28F & s
mP-Dfr Qi ZF&MEines @ - HIFRIEHL R ﬁf’};]?ﬁ% s 22 ARIMA #i7 o

18
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3.4 CART

A 47 & 3¢ §5 pf(Classification And Regression Tree , CART) &4 i itiia— faiw & i » o
Breiman, Friedman, Olshen, and Stone (1984)#7#% ) o H - T A+ &y5 7 b afk j5 > *

Nif-then” shHLR] ke A S B BRI N4 o v

ik

SR T EY LU R
R SR AFRIM B ERM F5 o RE 0 PSR

CART & - 46 =~ 4 Zj(binary)en= 2 » F &85 A 5% £ > 2 GiniIndex %k ¢ 74
B B ARG B EP > BA T R BACR 3-2 A 0 B E sk

A F e Gini Index #_& 5

Gini (P) = 2* P *(1-Pp) (3)

B 2k
(node)

Pp

(node %~ %l iN L TR (node % %] Z N 7 %)

Z Bp Bk % B 2k
(V) (Ng)

B 3-2 CART = =~ & 3|31

i(6) =20 —y)? (4)
He P ATt EBY 2 ATI0E - m Y 5 AFEL P AT

BF oLt ghaa B (impurity) 0 4 - B A 2B @ S EEL LSS B

19

d0i:10.6844/NCKU201901898



& BEN, foNg » 2 & 2| Bhernt 8 5

i(t) - i(t,) - i(tg) 5)

bk AR FREFEBT L@ AR feif (overfitting) - 2 Sk § F L
THF BT Ea e FART A2 Ll a2 £ 5 0 4R 87 ¥ Lhgiich
Lo AR ER  FHFRE IS URERR B 2 £ o F BT R LA L HE
2 FRBERR > T2 23 S ARSI FRIESB - G BT T RS A SR

I FE I o

3.5 &’ & #7F

d 2% BDI R A2 65 S~ ARS rd "R F Bz R L B
BDI 17 5 7 % 4% ¥ - #73] (4c ARIMA 2 CART) & - 8225 ARIMA 4= CART -4
A et S AT Y AL UAT S (LT PR A B IR T R o F 0 B
oA i 4 GuR & 0T EER| BDI R R Al e mE o A v BN o £ R
4 ¥4 ARIMA #5340 CART #-3] #re & » H 47 d T 5] 2 58 #p e

Y,=L,+N, (6)

B LN AARBINLS > Nt & 2ERMEIRA o 5 - B ARIMA #23] 8% > icgsm s
845 F]t BDI g g3t 2 d ARIMA @ > 2812 BDI B g 2 B 2eh% & fiqfed &
HASE B 264 15 0 A L8 & 5 Bt s e B VR & 0 GPER B

SRR E 0 @ e E_ARIMA B3] &R t e £ > B 250 L
et = Yt - Z,t = St (7)

205 LA ARIMA B3] Gps fF t s crifipl 6> S, 0% S L AP t phenie » A £ 0]

CART ki #0310 FEIRI 2 AU B 15 e 4 o
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K GrIR R B AL R 2 J}ﬂﬁr

MAPE

T

H-

2/ ¥ | &+ %4 (Mean Absolute Percentage Error , MAPE) i3k A #£4 5 3+ 8 3F

uﬁ"\?

BEEREE2 LFERTLIRRERE > H O et

1
MAPE = -3,

Y=Vt
¢

*100% (8)

FELGHE AT FEEFRIELE 221 ) P L EREDIETA F 2 B eh

o 4395 Lewis #7537 § 22 3= 4B > 4 MAPE S Bl FE R A 5 = 48> 404 3-2

#75T
% 3-2 MAPE g p|ic # 2 =i &8
MAPE & TE R A 4
<10% B R
10%~20% 2 4F
20% ~50% £
>50% 7 I FE
RMSE

#5 §22%- 4 ( root-mean-square error, RMSE) ¥ - &% * chip| E @2 L £ > &7

PR T > - BEEREAREIFR 4 > B Dot

RMSE = 251, (9, - 3 ©

21
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Yrg @A

41 FHEE

AT W E T 1997 &£ 1% $) 2016 # 12 7 E p BDI FfL > ® & E p TR § P
€F FotdkA o FPBE N TF Ly P Bl 4-1 5 1997 & 17 3] 2016 £ 12 *

#1BDI 7 T 3aE g .

BOI
6000 8000 10000
| |

4000

2000

0
I

T T T T
2000 2005 2010 2015

Time
Bl 4-1 1997 #-2016 # BDI * T =33

“%’J BDI & p Fflea f > ppre w72 BDIApM 2 F]% » & & k* CART #

Al F AR ¢ R EME Y A FE R R R dp s WE S 2 R R Apdk

BIRAEThP)  tedp e~ BI'R 2 Bt dp B BIR 20§ Redp licfe? B & 5 0p

PREARIEF L E e By S E P ks T 2 BDIERERAR ¥ §

BA TR T L R o 7] BDIl 4ph FlRiE2 TR R fedkT] 2017 £ 6

oo Fgt 2Ry R W B3] 2016 & 12 7 o
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EAFTY 0 EHFTHEFLA L AL PREE PSR E PR E S TR A
duE g o @Rl e DFRRIALY ¢ E R A AR FARR] 0 B E higAT R P B S
¥ ¥ ¥4 % > Papailias et al. (2017) % /£ 1993 # & 2015 # »BDI chT 32 5 3 1 5 # >
I AL E G- BRWREE o m I Res UbE G- BAE XAALIFTY R
PR RN e 2 P e o

# 4-1 "W plEk e

DR P e e
1998 & 1| 2002 & 2003 &
1999 # 3| 2003 # 2004 &
2000 & 31 2004 = 2005 #
2010 & 31 2014 & 2015 #
2011 # 3] 2015 = 2016 #

F12007 & % 2008 #3 4 7 2 AR A 0 5 0 B LEART 2R ED TR I Ry
iR o FALEA 4T TR € vh B 27k & b 0 15 (2006 £-2009 ) H ko kAR
A 4775 8] 2015 & 40 2016 # > & & %2003 & I 2005 & i& {7 A 4730 0 v R0 A WA B

s H—”E&F'&ﬁ,\m} ]"} o
4.2 SARIMA #:-3| g iB] BDI

ME &g A fE# d T 304 £ 03] (Seasonal Auto Regressive Integrated Moving

Average of order (p, d, g)(P.D,Q)m - # #- %= SARIMA(p, d, q)(P.D,Q)m)%+ BDI p= & & 71 &

73 0 e * SARIMA FERIFFR B 7w » F £ 3 & SARIMA #-7] ehik ’f’r“ Y
R AERE RS AH IS L
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421 FAHZ

GdpF- @ 0 SR 2G50 5 e (2010 £ -2014 & )eh BDI B A 5 FAL(F 4-2)

A_F AR T 1 J-A5 ¥4 ik % (Dickey-Fuller Test) i€ 5 2] %72 /% o

BDI
1000 1500 2000 2500 3000 3500 4000

I I I I I I
2010 2011 2012 2013 2014 2015

Time
W42 35U BDI R A ST A
b AR R%Y 0 RRBRRETHY LR TP H2BRDE TRLETH
§ pvalue 0 a0 RUES & & B R 2% TR R - $ BDI BT 2 T
T Tfs 0 # p-value & 5 0.4999 > + 3 a=0.05 Fp HTHFTH L AR FEFL
$BDIFEF AR AL EIE L 7f 5- BlERL o - BlkE & R+

FEPAER LT RERT A S EE S TROET R B 43587 LA P
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RAZ > VI F I FAe G A & AT g A L0 TAxR o Fp T o Hu)
l’f“‘_i@. T - = g—_}n |9( ) ?7},'-24 %{%"‘i f’r bl Ztk Kﬁﬁ)’: 5%;;'; , _‘[E p_va'ue f——é,; ;‘_:1 0.01 > ’J‘

S =005 F T 0 H R F A AL

500 1000

BDI

-500
|

-1000

I I I I I I
2010 2011 2012 2013 2014 2015

Time
B 4-3 ¥ BDIl:2(7—- =t £ & &J2
422 HEH

B P ¢ Sz auto.arima p B 4 S IERIBCA]  auto.arima ¢ p kIR 2EF H 1
R4 (p,d,q)fr % & 424 (PD,Q) i % fiE # » f2 & enfird] @ 12 AIC(Akaike Information
Criterion) 5 i 4% . if $7] h2$HE - # AIC AR MO R A H i BAR o d 427 >

11(0,1,0)(1,0,0)[12] 7 AIC & % %] » Tt 4 (0,1,0) (1,0,0)[12] % H i #:7) -
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%042 BopiralE

#2](p,d,q)(P,D,Q)m AIC &
(2,1,2)(1,0,1)[12] 874.6027
(1,1,0)(1,0,0)[12] 875.2073
(0,1,1)(0,0,1)[12] 874.5327
(0,1,0)(1,0,0)[12] 874.3729
(0,1,0)(0,0,1)[12] 874.8817

4.2.3 3|

B 150 12 B $5731(0,1,0)(1,0,0)[12] %4 2015 # 52 BDI & {7 58 8| (8] 4-4)° 2B 4-4 ¢ »
Fo ML ERES A RRATREREDBNEHERT > a EDFREFEF L F
A RN FILEFRF R TR A SRR RRRT > A F R ED
AL AR AR

Bl 4-5 % TR Pl & 2@ v i % (2015 & )ch¥d BB 0 A B PV 0 R 1 SARIMA H-%
ST AT ARR 2 FE R R R F SR 0 B R R A
FRRGEL S NggAtE P H S A S > - P fon? DHRE S (e i 2015 4

;N E-EeER J}F]lgtﬁhrﬁ e > o 12 MAPE E#2|%7 > 2 MAPE & 5 21% > SER| & 32 -
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Forecasts from ARIMA(0,1,0)(1,0,0)[12]

(]

o |

(o]

=T

(]

o |

(o]
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