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ABSTRACT

Purpose: This study aims to predict the dry cargo transportation market economy. The subject of this study
is the BDI (Baltic Dry Index) time-series, an index representing the dry cargo transport market.
Methods: In order to increase the accuracy of the BDI time-series, we have pre-processed the original
time-series via time-series decomposition and data augmentation techniques and have used them for ANN
learning. The ANN algorithms used are Multi-Layer Perceptron (MLP), Recurrent Neural Network (RNN),
and Long Short-Term Memory (LSTM) to compare and analyze the case of learning and predicting by applying
time—-series decomposition and data augmentation techniques. The forecast period aims to make short—term
predictions at the time of £+ 1. The period to be studied is from '22. 01. 07 to '22. 08. 26.

Results: Only for the case of the MAPE (Mean Absolute Percentage Error) indicator, all ANN models used
in the research has resulted in higher accuracy (1.422% on average) in multivariate prediction. Although
it is not a remarkable improvement in prediction accuracy compared to uni-variate prediction results, it can
be said that the improvement in ANN prediction performance has been achieved by utilizing time-series de-
composition and data augmentation techniques that were significant and targeted throughout this study.
Conclusion: Nevertheless, due to the nature of ANN, additional performance improvements can be expected
according to the adjustment of the hyper—parameter. Therefore, it is necessary to try various applications
of multiple learning algorithms and ANN optimization techniques. Such an approach would help solve problems
with a small number of available data, such as the rapidly changing business environment or the current
shipping market.
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A 712ke] BDI Al A2 Figure 1.9 YeRiLE
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Figure 3. Daily BDI Time—Series during research periods
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Table 2. Advantages and Disadvantages of Seasonal and Trend Decomposition Using Losses

Advantages Disadvantages

- The seasonal component is allowed to change over time
- Robust to outliers

- Rate of change in the seasonal component can be controlled | + Only provides facilities for additive
by user decomposition

- The smoothness of the trend-cycle can be controlled by | + Unable to handle trading day or calendar
user variation automatically

- Handle any type of seasonality (daily, weekly, monthly,
etc.)

STL< Local Regressions &85t AAIES HEslet H 7212h8 gl 7MY 289 FEE wa o 5
dejo] AAE BE ST = gtk o] oW Felo AAE Ea= Wslely] s e a

1) Archived: WHO Timeline — COVID-19, World Health Organization, 2022\d 8€ 26¥ <,
www.who.int/news/item/27-04-2020-who-timeline---covid-19

2) Time Series & Graphs, Shipping Intelligence Network, 20221 08€ 26 %<,
www-clarksons—net.libproxy.kmou.ac.kr/n/#/sin/timeSeries/browse
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& = 5 STL 29 Hajslo] 48 & b webd B Ao ds 2o wghs 92 gojgE STL 28 7Hez
walet F, oAl i 2AYR HEYY] Y8 2] A8ee] AeEaE Aggitt Eeld AAES v
Figure 2.9 YeT)

Time-series Decomposition (Seasconal, Trend, Remainder)
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Figure 4. Time—Series Decomposition by Seasonal and Trend decomposition using Loess (STL)
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X = QT QT 3

Time-series Augmentation (Scaling)

Scaling
£y
= un

]
Ln

6000
4000
2000

Scaled. BDI

Jul 2020 Jan 2021 Jul 2021 Jan 2022 Jul 2022

Figure 5. Data Augmentation by Scaling (Gaussian distribution @ ~ N(l, 02), where = 0, o = 0.2)
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JitteringS Y& dlo]Eld] =o]ZE yalE o2 ANN ks B4 o] A X (outlier)ol] s 2o ZAXS
Folal $HdE K o] duksh(generalization) 59 S 7t 5 vk T W E v AR AR A
o7} XS wErtE 7P 38}k Gaussian distribution € ~ N(l, o) 8l grow Az g oS A
Aty AYPATE Fuste] Hit p= 03 EFUX 0 = 0.0302 ¥ S A5 o] Q& do|El jittering A
25 23Tt Figure 4. A 1HZE jitterings 13 A3 13} FFAxbol| whet A€ volgl ot} sht
T1e33= BDI AIAIE A o8l jitteringo. = A/ tlolEE §ditate] Agjale - o). Jittering 57

7'M #2412 AE YeRd o Stk

Q

O

X,:xl+61""’$i+€i7"'7w1+€[ (4)

Time-series Augmentation (Jittering)

Y
.JH'“_ i \ _}Hll
ﬂ*qﬁwfwﬂ 4 - M‘\J‘“f\'f/%\"\
i i
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fd EcY
(=] (=]
=} =]
a o
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Jittered BOI

Figure 6. Data Augmentation by Jittering (Gaussian distribution o ~ N(l,a2), where = 0, o = 0.03)

B Aol AREEE B E dolEe 2AYe] AL 927 ANN R¥Ee] sh48 B 33817] 98] min-max nor-
malization® 2 X2 gk 5 Sl5oll AFESte), allE A AE diol8 & A5Ea2 A A 4ES 5 g2 dolH
E37} ulR7FA 2 min-max normalization®.®2 Ax]Este] ANN &0 ARt A|AE dolgd ALxHE=

min-max normalization< U 21(5)9} o] Yeld 4= Qi)

—min(x,E,y)

- mazx(z,E ) —min(z,S,y)

()

where

xX; =x&t = (xquz’ ---,xn>
_ . :

z; = 1" mormalized data point

Al AE 5‘3]1 2 ooy S4 71 e] A-&o] ANNS &85 BDI AAE oS5 Bg=] nA= &S vl
sh7] 98 shsd ANN 2dlo] A5s Hrlels XEEZ APATFES #1359 Mean Absolute Percentage
Error (MAPE), Root Mean Square Error (RMSE), Symmetric Mean Absolute Percentage Error (SMAPE)E A}
&gtk MAPE® 0~100% W9 gto2 vepur 0ol 7Ph-e5 o5 A3 4957} 535 onjdth. 229
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Sakat AAgke] Aol AUgtS FHalwomM AR A7)l &AM UEhds o] i& Aelsher] &l
3t} RMSE+ Mean Square Error (MSE)$} @] AA =210 A|H A& sto2M QA5 Afol7) AW S5
2 HEgE F= olo] o] FaAelA AA Bloju= QAFES] Aol tiel] Felattt. e ¢k FAl #2171 2
U st Avte] YR} 2SS on|@th. SMAPEE MAPES] 54 2digt Feje] el 3zt £, 7} 25
F7h5]o] MAPEZ} @443kS AAgto = YAtk SMAPES AAI#k} ol S55ke] Hyt o2 Umo a2y bS5 oSk

o o2l FHE Wrt. MAPES] 4 dlolElel] 0 B 0ol 238k = glo] ST o oF&o] g=¥ o] et
o 9)\*‘3] SMAPE® ©o]2]g MAPE®] ©4lS S5ste] ef=r& B & o Q= Akolth. 24 A% 742
] o 26, (7), ()3 Zo] vepd 4= Stk n& 3h5H ANNS Fal 59 AAE vlolee] Aojolr},
A=t A4 deleloln FE ShkE ANNS B3] =g (279 gholth,

100% |At_ﬁt‘
nooy= A,

MAPE = (6)

RMSE = 2 (4,— F) (7)

SMAPE = % Y. (8)

oA ARRE ANN 222 Multi-Layer Perceptron (MLP), Recurrent Neural Network (RNN), Long
Short-Term Memory (LSTM)©|t}. ANNE] 853} o &2 25 R Programming®l Al 37]4] 7/#ALEo] A|Fsle
H7| A& &3t} A-8-5 F7]X] & Fritsch et al. (2019)9] ‘neuralnet’, Quast (2022)2] ‘rnn’, Kalinowski et al.
(2022)9] ‘keras’, Falbel et al. (2022)2] ‘tensorflow 5-°]th. LSTM2] 7% ‘tensorflow’ #7]%]& backendZ A}

6}01 ‘keras' & SH5S st MLPE ANNS #H 2 AT ¢ HAEE(perceptron) S 243 (hidden layer)
23 A ) o] F(layer) o & 7S RHE XOR AV 718F B33 2415 dS 7hs A & 2ol
RNNE 307 e] 718 RdR o) k5 AlF 9] 2859 ke the 8hs AlAY 8359 #ew ddste &
g fril(context unit)e] HHA o ® EAgth g REe 5 daEFe AATT] F2E Wil o] #A¢

SAE v THEA O e FEE rAA oA ANN dare]5e] 7] 719 9s vlokA o g e o gl
 2Elo] A Yol dlofE] 7he] I H= AHKAS 2= Ao A, AIAG oS T dlolE wAd &

t}. LSTM2 RNN sk darg]&e] aAIEe] 7] &7] &4 T ¥ E4)(vanishing or exploding gra-
dient problem)'& 7§43 mdo|t}, 7]&2] RNNol| Alcell)d Alo]|E(gate)] 73] F71Ew 7147] 224
HAE EAE Al AT Ho] 7] 7o g S SR 2 Al A 83 E ANN ZES
AEF T WE glo] 71 BES ARR-E vk A At ghs darelFol ok v Al BE Yol
early stopping rules F7}ste] REle] gh5o] AR H S v HAE ol tisiA TS 5= ol A4S
Atk ANN 2Ho] 8<% 715, H2E HolH "ﬂEg] H&2 70%, 15%, 15%= 1&gttt A5 t%d AAIE b
Blo] 7171 '20. 01. 0748 '22. 08. 267HA = ¥ 6614elth. 8k dlol8 AE2] 7|7 '20. 01. 07 ~ '21. 11.
020]3L 715 dlolg AlE9] 7|3k '21. 11. 03 ~ '22. 03. 30°]% H2E doJg AE<] 7)1k '22. 03. 31 ~
08. 25|t}

o
P'
jaks

[‘_

=

i

T
—W .
£

o fr 12 flf

o,



Han & Yu: Forecasting Baltic Dry Index by Implementing Time—Series Decomposition and Data Augmentation Techniques 711

2 Ay
3&e] doly AAg % A9 71E7PEE v o' ANNS| 853t ¢+ 1 A3 AAE o=
A&t ANN 22 Z(layer)? =E(node) 59 hyperparameter 2L & At} G4 A4 (Han & Yu,
2019)‘:" FHardto] trial and errorell wheh Sh5S wHEEk REl H3b-o] gRyel] g, o5 et f-of vl Al
S Ho|X| &S u7bx] wHEGIT) LSTMe] 7$- Kang, Cho, & Na (2021)9] 7oA s} iR/ X2 A4 9%
*}015% galste] o] oS A5 g Fots WHE AT 2 Al Al LSTMEERE o2} o e} ANN
ANN 2dE9] gl thafl A ¢ — 19 sliding window ZAWE 53] sh5S
© 7} ANN 2 T2 43S 98] 443 FQ hyperparameterst 37 the

4, 23

& ellA=

o

W A3 s g 9le) BE
Qg olof met 4% 27
Table 2.6 YepiTt.

}-1:1

Table 3. Result of the Artificial Neural Network Prediction Accuracy

ANN Model MLP RNN LSTM
Hyperparameter Univariate | Multivariate | Univariate | Multivariate | Univariate | Multivariate
2 Stacked
. 1 Stacked Layer
Input Hldee“r Quiput | 4 5 1 | 5-3-1]1-8-1]5-38-1]| Layer | cellsand
ave (1 cell) 3 cells for
each layer)
L . L Hard Sigmoid /
Activation Function Sigmoid Hyperbolic Tangent
Back-Propagation Truncated
Learning Algorithm Back-Propagation Through Tirlr)leg(BPTT) Back—-Propagation
& Through Time (TBPTT)
Loss Function Mean Squared Error (MSE)

Table 4. Result of the Artificial Neural Network Prediction Accuracy

MLP RNN LSTM
Models Improv Improv Improv
' Univari | Multiva | ement | Univari | Multiva | ement Univari | Multiva | ement
Indicators ate riate Rate ate riate Rate ate riate Rate
(%) (%) (%)
MAPE (%) 2.806 2.620 | (+)0.186 | 3.295 3.214 | (+)0.081 | 3.332 2.855 | (+)0477
RMSE 80.410 | 81.825 | (5)1.729 | 102.647 | 105.838 | (-)3.015 | 91.990 | 79.317 | (+)15978
SMAPE (%) 2.815 2.599 | (+)0.216 | 3.298 3.206 | (+)0.092 | 3.368 2.854 | (+)0.514
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ofy
FO

F% ZF ANN 22| H2=E dloJHE dst] Tt oS oA e A3 Table 3.9 254 AA =}
2 9 wheRste] etk s Wigol wheh digks) g o] AE vlaskd MLPO 79
MAPE (%) ¢} 0.186%, SMAPE (%) o 0.216%2] &¢5& B} vk RMSES] 4% (- )1 729%% E}tﬂ%
dFo] HF & oS FIEE HoFth o= UHE o So] TR o] Ae-Ht) 4
Satgkel HatA|of Apol7h 2 ghEe] W] WlEoRE HMT 4 gtk

RNN9] 7$- MAPE (%) °F 0.081%, SMAPE (%) <F 0.092%¢] &8-S HolFa gt} Aol 5o wad
TEAAY daPFS 7Nke R S RNNZ LSTME Akde] Az, ofn A, AAE o5 59 A4S ue
dlele 5ol tiafr gt or 58 s HolFe o2 dejA Jou, & AFoxes dgd 2 oz
= ol RNNo| MLPREU F 0.505%( Ag-olA AREEE BE oA Ee] W) W Age® ekt o]
TE A= ANNG EAo whegt 24 F 7149 ol fE f58lE & 2
RNN9] =& 2d Bxwo) ue} 714 ¢l hyperparameter?] H4d< 5 ,
A ANN Beo] E357) ol o B 9] 355 dlo|yrt Aasitts A & A7 & + vk RNN9|
RMSER= MLP®| A-5-9} npit7A 2 tpi @ o Zo] we] v oS Gl (-)3.015%%= Hebwtth

LSTM @i oSl div] AAIE 23 2 diold S4 7S 483 v dSelA Al 714 ANN 29 &
M =S dE A% FAES HolFal Ik (MAPE (%) °F 0.477%, SMAPE (%) ¢F 0.514%). £3], E‘rE ANN
el ge] LSTM thi# o 5<] RMSE &8-S 15.978%2 T2l A312 BojFa Qi) ol thid o=
o] BTk o520l Z9-urt A& tlofE e} o] 1+ Sabghe] x| e} xfe]7k E ghEe] thE ANN Uﬁ‘iﬁh
A7) o2 A 4 qlrk ek LSTME 2 Aol 4] AREs Al 71e] ANN B2l 5 FdatA BE Ad5A ke

i JQL'

L
2

ok
o

A s e Bole Bdojth LSTMS] 2§ B} aixke1e] ANN Bl gueFe] 544 d&4 oz By
ak= 77 dlolgldll tigk FE(inference) s o] iz oz t] Hojuy] witel the] 3k vlolHE FUat]
s AR A7 vl w1 AFEE BT )5S & Qlth s oS A Ee] 71E0] obd, ANN
wel 7ke) A5E nlashd MLP, LSTM, RNNS| M2 38 o5 Joheg wolFa itk =3, A4 dolH e
S5 Bl E A54E W vl oS 54 Bk ¢l LSTMET MLP7} RMSEE Al€]e 7€t 43
T B ARG 7 A ek o] &2 A= ANNo| 7HA= black-box EEO| 547 49 AdS
spebsl 4= glrhs S o] Atk &, A% 21L& ANN Sue]5e 243 e §alv) o5 5o A Aol o
4 FE ool e fsiE Bk digke] diojelell tigk ANNS Shgo] d2{olt}, 2 Al AHgd e
EREE 18dS 49 MLPY 727h Ao zhdsle] Ao o] delHRE Sy dlojEle] g Unkst

]
o
(generalization)7} B & $F02 o Folal Aeleh. meba] LSTMe] :olF A%l tha #41% $4 RNN
o The Agke] A5k AR QuAel MLP st vlws) LSTMe] 28 %o Z7}o) ue F7hel
A S QS 93 el 29 Hpead o Be 99 9

hyperparameter?] %< 53“ o= A%
% E &tk g =48 S s s AYPATEZ EH AAEE SAHE o

5 dlel87F dastth= A
T Azto|7l h, Wieek 25 HJE MLP7} Al A ] 548 9 2 Yehdl= 499 A7 437} Ak Gers, Eck,
& Schmidhuber 2002; Oliveira et al. 2021). A& &8t Fofo] ANN9 HES AE3 Gers, Eck, &
Schmidhuber(2002)2] Aol = oS S56t7] fl8f s -9 A7 Aol M LSTM %

AL g5 w2 AgeE Bolete A3 MLPx @713k Hi4t

ol Zetsted MLP-LSTME &3¢t hybrid Z2-& 53 A
BDI AAIE d&S AEst APATE2] 45 FA, & A7 22 ANN BEES AR dtold e A AIE 7]
of W9, g5 dlol’ o] F5, AA st U, soll wheh ok Aot Ak HolFa giok w0
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(2021), Oh et al. (2020), 52 APAFEAA T3

gt npe} o] LSTMell th3ll A hyperparameter 43} W&
hybrid, ensemble &% 9] -85 Ea ANN &2

[e}
Bdo] JbE B FARS Fugs) BAG Bl 4
4e 9 & Qe

~'22. 08. 25)2] BDI 9 dlo]g 9} T35l ANN Larg]

[e]

2 ZE ANN 2o oz oS A3gkehs: Figure
oS 7]3+¢] BDI Y& ulolg 9} T3 3kl 7+t YRt

One Day-Ahead Forecasting (Univariate MLP Vs. Multivariate MLP)

— BDI
—— Uni.BDI
= Multi.BDI

May 2022 Jun 2022 Jul 2022 Aug 2022

Figure 7. One Day-Ahead Forecasting by Multi-Layer Perceptron (MLP) [Univariate MLP Vs. Multivariate MLP]

One Day-Ahead Forecasting (Univariate RNN Vs. Multivariate RNN)

—_— BDI
—— Uni.BDI
= Multi.BDI

2000
2500
2000

1500

1000

May 2022 Jun 2022

Jul 2022 Aug 2022

Figure 8. One Day-Ahead Forecasting by Recurrent Neural Network (RNN) [Univariate RNN Vs. Multivariate RNN]
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One Day-Ahead Forecasting (Univariate LSTM Vs. Multivariate LSTM)

— BDI
— Lni.BDI
—— Multi.BDI

May 2022 Jun 2022 Jul 2022 Aug 2022
Figure 9. One Day-Ahead Forecasting by Long Short-Term Memory (LSTM) [Univariate LSTM Vs. Multivariate LSTM]

One Day-Ahead Forecasting (Univariate MLP Vs. RNN Vs, LSTM)

BDI
uni.LSMT
Uni.RMMN
uni.MLP

20008

1500

1000 .
May 2022 Jun 2022 Jul 2022 Aug 2022

Figure 10. One Day-Ahead Forecasting by ANN algorithms (Univariate Time—Series)

One Day-Ahead Forecasting (Multivariate MLP Vs. RNMN Vs. LSTM)

BDI
Multi.LSTM
Multi.RNMN
Multi.MLP

2000
2500
2000-

1500

1000

May 2022 Jun 2022 Jul 2022 Aug 2022

Figure 11. One Day-Ahead Forecasting by ANN algorithms (Multivariate Time-Series)
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