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ABSTRACT

Purpose: The purpose of this study is to overcome limitations of conventional studies that to predict Baltic
Dry Index (BDI). The study proposed applications of Artificial Neural Network (ANN) named Long Short-Term
Memory (LSTM) to predict BDL

Methods: The BDI time-series prediction was carried out through eight variables related to the dry bulk
market. The prediction was conducted in two steps. First, identifying the goodness of fitness for the BDI
time-series of specific ANN models and determining the network structures to be used in the next step.
While using ANN's generalization capability, the structures determined in the previous steps were used in
the empirical prediction step, and the sliding-window method was applied to make a daily (one-day ahead)
prediction.

Results: At the empirical prediction step, it was possible to predict variable y(BDI time series) at point of
time ¢ by 8 variables (related to the dry bulk market) of z at point of time (¢—1). LSTM, known to be
good at learning over a long period of time, showed the best performance with higher predictive accuracy
compared to Multi-Layer Perceptron (MLP) and Recurrent Neural Network (RNN).

Conclusion: Applying this study to real business would require long—term predictions by applying more detailed
forecasting techniques. I hope that the research can provide a point of reference in the dry bulk market,

and furthermore in the decision—making and investment in the future of the shipping business as a whole.
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1) AZE A Fo] FYdHE A¥H(vessel type)AGEA] Baltic Capesize Index(BCI), Baltic Panamax Index(BPI), Baltic
Supramax Index(BSI), Baltic Handysize Index(BHSD7} ¢t}

2) =0l AT Qv & AHQ0199)d xE I 3le AFE 2018.03.01.9] Aol Ao, AFul4d713H2009.04.01. ~
2017.07.3D°l EgEA] gong =92 3l Ha MNA7|FoR BREXFE F BCIL BPI, BSIFF BDI AHgel] mejEau .
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Voyage Revenues($USD) — Voyage Frpenses($USD)
Round Trip Duration in Days

BDI7F 7FA1E AA1A o ol9} #H o1& Bakshi, Panayotov, Skoulakis(2012)¢] ¥-31o] it} s od-7-ol| A
= AlAZ A s 3 BDI= BA S AaaA7E dvkal F4aksith. 23 BDI= 54 720 of
Aehs & 5 lom Ao A 7HA 9 35 o]l BDIZF WA wkgehs APAERA 9 ek g sl Ao

WAt Lin, Sim(2013)2] ellA+= BDI®F GDP 12]al ‘FHRI/|Exo) A dAs= 79 =,
A st Fonl &S APk A Ee S AAEIT 152 =5 TRl 1% 7o) HAaE o
vfe} Q191 ) & Aol W 0.5% 74 A5Arka WalWTh Geman, Smith(2012)¢] Aol 4= BDI 35
o WARE etz Gk d(diffusion modeDS #-8-3ste] BDIS| 23 AlA] A 7]¢ke] ARaAE 4]
it 23t = BDI= W29 AAGE([AA, 74, 471, etc)gBtt M5de] A 60%7H] w2 Zo®

uEbsTh ol9F 2E w2 WEAL At Y] Tl AN 2T 7= B4 Z1ddtkar Ak kAL Q)
Ok EAR 2= A A T QA ZA, AR AAE 284 AlaLE ARste] 5o sk WAlo] oy
2 3G FRE FHAA F e 7HEAAde] glvtal THAE A &Rk vt A s W ol 57 ol
uES-317] witolt}, o] £lol| = Zeng, Qu(2014), Chiste, Van Vuuren(2014) 5, BDI7} A 3}&-&5A4 B0tk oj2}
AA AB7A 7 E dvlE AL i AE SEstaaet ke AgEe] A

AEA R T ARE v o R 2% BDIE 4G 248k ot 3ae WAl el At
S T3l Ejle] MEshe dskE SEAT SRS 7P & ukdshe Aetal & g gtk & oA Aed
ATES B3l AstE A8 AEY, 7714, 18 L M 59 5AS 2 e S ¢ & UG
3 A 7)o dAe A gde] lom s AISel JS v E e 8ES AT RA i Al
o] o5 E7}te] o] obd S FHE F Ath aFel e Esta vigte| Ao|al #HahA o) ] kg JAAA I} 3
gk TR Qs AA7HA A A o]oj AL glo] B} #ehAQl ejAAA o] a4tH L 9le Argoltt

3.1 3854 715t BDI <&

BDI Al Agell digt 25 #2414 3¢ Papailias, Thomakos, Liu(2017)¢] 157} ok, sl 915+ BDI AA|E
o] 71445 kst {8 42 8 F(trigonometric regressmn)::z ARESIGATE Thekst A AIA AA 5T AAA
AFEs TEHUTE D-85to] BDI AAIEY A7 AAES dS5ai3ith sig Aol e w74 & BDI A A2
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w3k SIS e oSl 1A ¢ JFAd fEY g Hold 45 AgEE BTtk Bakshi,
Panayotov Skoulakis(2012)2] Al &= ALt AaAdFE F3l thFst 47] ]ch} BDI 7te] AJ#dAE 1}

olstal, BDIQ 3/HE AAES &83te] F23 AEAARGFE 5317 Yl Generalized Autoregressive

3

Conditional Hetero-skedasticity(GARCH) 225 A-&3}9t). ald =iol A= GARCH Ed9] #4102 BDI Al

F
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Ade] HEsAdS /‘FC’“‘S}OQ‘:} olg Eal Fouet oS54 7S EET 5 qlslen, A5 BDI AIAIES] WE
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t}. Zeng, Qu(2014)9} Zeng, Qu, Ng, Zhao(2016)9] <AAT-olxd+= 2l AL8%+= Empirical Mode
Decomposition(EMD)S AF&&te] BDI A A|ES @-37] FAE Eaisla deadd 2d £ s HAER
(Multi-Layer Perceptron: ©]a} MLP)& &3¢+ o5& AAleIgith A#=E W73 E &3 o gkt vlasgl
S A Hoju o= AFE=E HoJFT} Leonov, Nikolov(2012)¢] 7ol A= BDI B%A4 & shh<l BPI
of A AHEE = 5 IR g 58S Aldslt d A dskE A TAskE w8 W
4& Aotstr] 918l Wavelet transforms #-83to] BDI AAIES 3l § A28 S &3 A5 HAAEIth
2 sd ZdS GARCH ZE¥} v gle uf Wavelet transforms E8 A2 3488 A% Holl A E4S
3 A7 US  AGeE BT 7] A7 Yol AHolY, £/ 9 A IATES AT
Be T3 ASsaAet teFel AlmEo] gltkKavussanos and Alizadeh-M 2002; Li and Parsons 1997;
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5 0] F= Aee @ Aok AL gtk wEbd gkd RndES
of  AFM= MLPSF wlwsty 7719 g5ado] Hojdt
7] w228 (Long Short-Term Memory: ©]3} LSTM)

&3 AFE A EsE 8Tt Q) o]
"(Recurrent Nerual Network: ©]3}
33l BDI AlAIE ol5S sttt

il
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4, AFHHHE

AeAG Lol = MEHAY] 4 == JEjst siF UEHA 1o 54 ol neh ggd mde= 78d 5
Atk 2 Ao MLP, RNN, LSTME 53] BDI AlAE d5& R8st MLPE BE Q34143 9l

A = HAEZ(perceptron) & H4 3719 2oz FAste] £Y=(hidden layer)d] 7} E

Z=(activation function)5°] = F-Zo|t} dutd oz FFAEA o] 3t MLPE| gholle AEshaHS
AEgtg S sl dstaatshs wAldllA 7]Eel Tl FYEE of AHEHE gl EAfss e Y, S Ut
(hypothesis space) ol EAsH= F43 A4 F v]-88<4(cost function) & A8t = = 54 44
DAFsE dee] Wholt) 1A ] A Edkgs 93k ANkl Wi o R @ 2k 3h (backpropagation)& A
Stk LA E Bl FeIALE 3 ofe] 7] datElge] EAlsh 1 Fell 7P mEH R 4l A4
A¥etrdH (gradient descent)p— ARSRIE QlEAld el S REEE VAR RYHE FRRE MR olfA%e
b ol& 9 dig]SFS F3l I (feed—forward)?t K feed-backward)E WHEA 0= Aksto] 7BAlsh=
WA 07 Bl {53%‘4.

RNN¢] 7] ofolt]o]i= Jordan(1986)°] ©J3] W= et ald A EES FEF9 ghs Ak deid
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MLPEG &7]Ee] BlolHE S5 &= gli= 724 olilo] k. ol Jordand] 225 7Hste] Elman(1990)
o] Aol A= AT (context uni)olehs HHE & Fol, v SEvit 295 gk AR (1—1) A3 9

S9TY & b= AESte] A1 AR U, walls o R2A (A3 295 gE et RY B

T AAA] WA o AA 9 e w7t Skt 2 Alol o, Elmand] RS 34

B A7 3 TS & vldste] Ao A, AlAD ¢S T4 Eol l %54 Atk & AT
9L Elman®] RNN 9ot 2] (2)]. W, % 0,5 245 1=

= (4
a7 a22]al b, ¢t b= 295 859 bias-termelth

hy = oy, (W, + Uy, +b;) 2)
y, = o,(Wh,+b,)

1

RNNS 2 20w} dpA o] WA (t—n) AR7HA 9] A8 5ES aLeah gkgo] o] Fojxfokstr]
E3l g9 Qa9 ub 9l BackPropagation Through Time(BPTT)El= d1g)&S A g3t} g <
< mHe] 7R ol Entrt A9 BE Al e AMkE Adety] wiel S tiidvIte] dojx
ALt o] A4 (exponentia) F7Fetel. e JAFAAEGL gFoll = A9 (decima) 2 YERE HEHE2 U
product)e] A& o]Fo]A|7] wjito] o7} wkinE % FhE At =9 (converge)sHA] @ot 8ol o] Foj 4] e
‘71€&7] A4 EE WA B4 (vanishing or exploding gradient problem)”} ¥ 4= e WHL zka o)

(Hochreiter, Bengio, Frasconi, Schmidhuber 2001). Hochreiter, Schmidhuber(1997)+= RNN9] #4428 =53t
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7] W22 (Long Short-Term Memory: ©|3} LSTM)E 7%}tk LSTM 7]2] RNNel| A A(cel)Z} Al ¢]
E(gate)?] 7ide] F71d F-xolth tA el Ae] & gk A Adl(cell state) ¢, ) EA the AR HEEH tA]
Aol Aol 2YZ9] e &Y/ e(hidden state) h,_ 24 the AR AEHTh AlO|EE Zhzhe] A Qbel] EA)3)
4 Aol E(input gatels,]), 2 Zl°]E(output gatelo,]), 1831 Bz} Alo]E(forget gatel f, )= et} &
g Al ES} Aol Edl| EAlgte 3313trEY] 2P0 ® A3AAT 59 77190l SoiEe o] stk
LSTM =&o] A& thg3) ek 13 W, ok b, , & 4 Al|E ¥ 75219 bias-termelH, o, = 24
spgharolt),

A

fi = o,(Wa, + Uh,_, + b)

i = Jg(VVixt + Uhyy + b))

04 O—g(VV;xt + Uy +00,) (3
G = freey e J(;(VVLmt + Uhyy + bc)

h, = o, e a.(c,)

LSTMS] ¢ Alo]Eoll= Al 1R o] =(sigmoid)9} =4
ske7b FAlo EAjit). B mRoa= A|aRol= <= )4l Courbariaux, Hubara, Soudry, El-Yaniv,
Bengio(2016)¢] Aol A /e st= Al2Ro]=(hard sigmoid)[2](6)] SH=E AF&EIL) dF SHE 7] A
Fol Fho] SAS atE FASHEA R 2EA V“J}«] Sts Al Agto] ke olzlo] Sl el REle] Sk V]
7] 2w dak B2 AR §43 BPTT ¢duej59 7139 Truncated Backpropagation Through
Time(TBPTT)(Williams, Peng 1990)< A}%}o:l Az}, Aol AHE B deddW Badsl vedrR
EAAE A3 2 AR Bl dubd o g Alg¥e 45 (Least Square Method: LSM)S- AF-g-g
Zoltk. LSTMO] 18 Alo|EE A8k 78t Alo]E5 3 MLP, RNN9| &3t Al Ro|= g5 ARt

EbAl E(hyperbolic tangent) [ (712 E8]& F 719
I~
T

b {+1 with probability p = O'g(It)

i —1 with probability 1—p,
where (6)
r,+1 x,+1
o,(z,) = dip(~5—, 0, 1) = max(0, min(1, —5—))
sin(z,) Te_ g
o(z,) = o= 22 (7)
cos(z,) elite M

2 T o =8 F AR AgEr) g = LSTMES BDI A 4Gl 283F H %9 A=A i AL
o gt EA 1FAAHLSTME A4 (goodness of fitness)S &eldd F 7} 9t} wets 4= 3 WA o
AR Aol giate] 5= A A717H2009.04.01. ~ 2017.07.31.)¢l thal] sh53t e|2~E dlolE] M(BDI =S ¢4l

AeFde 283 AAAr50lA dubHor HojFe 73V Feste] Jdeadd 5 7ke] BDI AAE

3) RNN¥ LSTME] G+ 2 8k Ldaeg]Fol tish xpAlgE A2 HAN, Minsoo. 2019. “Prediction of Baltic Dry Index by
Applications of Long Short-Term Memory Recurrent Neural Network Architectures.” M.S. thesis., Korea Maritime and
Ocean University.)9] A7E Fud 7.

4) 3 v g5 dlojE AL B A

of A A dAE Tl =EF AeNGE

SGlol A A AFdEe) ga7]7H2015.02.03. ~ 2017.07.31.)00 E3HEA] o
tﬁ%ﬂ TFEAR AF57171e] dolHE Aol mFAI7IA] ¥ AjE Hl°°‘

fd rE
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d QIFAAY RAE] HEYA 725 IE AR Foltth 7 dA¢l4= BDI
AAIE ] 1d7ke] 713H2015.02.03. ~ 2017.07.31)°0 gt A eSE ) o] sAIAIE A4171HS A83 Ao
t} o] E 93 AFAAG LY 53 Bl AE ALRE BE pHSEY AIHE Ao (t—1) 2 ZAHT] A
sHATFEY] el o3l (Ao gyt BAE Ao R TS webA 7 WA oS WAl A9 ASdS
ol H= 199 713 HAE ol AoR afal v A 3A Y 7|7k Shgel AREET i ATl A= F 870
o] FYRF 25 AREato] le] yHFE 53 Aot y¥g = 48 BDI AAIE At olal, o WFES AT
oA AEE AEEEAE B Ag B SARE ARSI d HEES BDIE TS 4709 REAE,
Aol A g o] 7FAX] %2l Bunker Price Index(BIX), &7 7] 9171391 Clarkson AHGib)ol A @Esl= 98 A
s}

5 $%%9 Total Bulk Carrier Deliveries(DWT), B¢ HA3E24499 Clarksons Average Bulker
Earnings($/% 4 A3 2] 1), AP (vessel type) 7Fe3t 579]Q1 ClarkSea Index($)& E3Hsct AAY 28l
=9 53 HAE] AR BE dHolE A2 ol e sl dgkow g vlolE AlEe] A rEEE u
Evta 7Pk #A-F Y A 3Hmin-max normalization) & A-83}] 0 ~ 19] A4 & 2EF 35 24
] A5 Ak PridA e A5 vusty] 918 Ao vlolE W R 58 ghe ARSI tHrevert
min-max normalization). LSTM E2¢] 8ol = 243 over-fitting)& WAI1317] $l38l A3 regularization)”]
Mo 2 drop-out¥} recurrent drop-outs &35t o552 A= MSE(Mean Squared Error), RMSE(Root
Mean Squared Error), MAE(Mean Absolute Error), MAPE(Mean Absolute Percentage Error)9] A %S AF&-3}
o] A BDI #k3te] Apol& Bl aLstgitt.

A 474l - MEstalzol 3 HA dAle] dSS A4 2259 BDI AlAIE gk A3 A53 Al
3

5 ) AF e ZEANA ALg
[

rO
oH
2
o
o
d
()
iy
lo,
-4
BN
il
i
o
ol
ol
N
Ho
o
m0)
)
9,
=
=
0Q
c
=
0]
= m
rlo
Lo
ofy
=
2
)
rl:l

S AREE S-S W F gl AREE A @ UmA] 717l FgEls HIAE HolEE FYste 4 AR
S YeRATh LSTM d-dlde] = 713F dAlo] AA AA| gholl 77k 43S HojEe) ARk o 7)1t
o Hlal 370e] HEl B 20161 % ZA7HA FREA o5 e] "WolA= RS HolFEt)h dld P # AT
gide] B3 71 FellA 1Fa18 e Shrel AFSE 71zke] e x|o] g3 & )= gkl #nk olue), BDI A
ol Wiy o]F & XY HAAE 7153 FRbolth =, T gk o] A (outlien) & A8 4= 9lom, Q1EAA
ol oFd & shuel Shpabgel 1A Bk dlolE Fi= o] ol tidt Sl FH kst Mol & st
3} gho] o1S 28 & glrh 2o n Betal LSTMS s bl Aga oz 453 oS35 HolF4)
oh RNN2 24 o] o MLPET U2 A7 ghs & 5 S 3o od= oy, giiie] 77k A]
MLPel| H]3} W& o5 AGEg BTt ajd A} ghol] gk et A0EA2 A3 Ao A1 g
H(black box) witell E7FsatAw, RNNO| ZA14Q1 7]&7] 24 B Wik EA4 20 B Ao 358
“ 9Ath Table LollA gR1g 4= o] HIAE dog A9 o5 gtat AAl ¢k 71e] Ao o4 ko] it a&
UER= MAPECA LSTMe] 13.9%9] 2= 7HE $-3on, tha o2 MLP(17.5%)% RNN(24.8%)°] <=2
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Figure 3. Over—plotting the results of all ANN models fitting on the test set
Table 1. Results of comparing the prediction accuracy of each model based on LSTM
MLP RNN LSTM MLP/LSTM (%) | RNN/LSTM (%)
MSE 15074.974 26438.01 10471.07 (+)30.54 (+)60.394
RMSE 122.780 162.598 102.328 (+)16.657 (+)37.067
MAE 95.853 134.977 87.129 (+)9.101 (+)35.449
MAPE (%) 17.527 24.831 13.867 (+)3.66 (+)10.964

5) MAPEE o]u] ME-8(%) wejolmg thE A3ty FrXEENE 9 BAE 719 o] groz AXedn, Umr 548x 4
TN EES LSTME 7592 MLP %= RNN
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Table 2. Network structures of ANN models

Hyper—parameters MLP RNN LSTM
Number of hidden layers or stacked LSTM 1 layer 1 layer 2 StaT:;:rSLSTM
Number of nodes or cells in hidden layers 3 nodes 3 nodes 10 celllasyfeorr each
Recurrent drop out / Drop out Not used Not used 0.4/0.3

- A= GAle] A3} g2 Figure 2.9 YeRHIT s @AM = v = LSTM ol59] J &=
7tV By}, W FklA MLP Ei RNNo| $-A1d 495 nelzeh 3 WAl gAclA g st = S

A FRDoIA AE 58 LSTMe] T ¥ @Al A% Fe gh(Ea mi 5% 72Dol4 SAs9ch 3 WAl
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1500
series — BDI — MLP_Prediction — RNN_Prediction — LSTM_Prediction | \\
1250

1000

750

Figure 4. Over—plotting the prediction results of all ANN models
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Table 3. Results of comparing the prediction accuracy of each model based on LSTM

MLP RNN LSTM MLP/LSTM (%) | RNN/LSTM (%)
MSE 3920.055 2407.645 1644.688 (+)58.044 (+)31.689
RMSE 62.610 49.068 40.555 (+)35.226 (+)17.349
MAE 47.600 40.340 32.518 (+)31.685 (+)19.390
MAPE (%) 4.798 4.278 3.544 (+)1.254 (+)0.734
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