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EXECUTIVE SUMMARY

A Study on the Prediction of
Dry Bulk Freight Rate based on
Long Short Term Memory

Su-Jin Hwang - Byoung-Wook Ko - Geon-U Choi -
Yeong-Gyun An - Byeong-Ju Kim

1. Purpose

» This study aims to establish a prediction model for ocean freight
rates based on Long Short Term Memory (LSTM), which allows

shipping companies to develop a data-based business strategy.

- Prediction of ocean freight rates bears significance from the
perspective of companies. As an effective alternative for
preventing recurring shipping crisis, this capacity allows for
reasonable management of profits and risks in accordance with

market profitability.

- Studies on predicting the freight rates have been continued from
the past, however, most of the existing models relied on

regression models and quantitative analysis methods.

- While having an advantage of the ability to explain on prediction
results, existing methodologies possess limitations of making
certain assumptions on the features of data including normality

and multicollinearity.



» This study intends to develop a prediction model by utilizing
LSTM (Long Short Term Memory), presenting the result after
comparing it with deep-learning algorithm proposed in the

previous study.

- Prior to this study, a deep-learning based freight rate prediction
model was established, offering shipping companies with a

weekly based service for forecasting freight rates.

- This study aims to improve the capacity of existing freight rate
prediction by establishing a LSTM applied model, which is a new
methodology.

Methodology and Feature

» Utilizing a LSTM-based algorithm, this study has developed a
prediction model in which the time series features of freight

rates have been applied.

- As one algorithm of artificial neural networks, LSTM is designed

to utilize the time series features of data.
» During the process of establishing the model, features of freight
rates were extracted through the methods of technical analysis

and time series decomposition and used them as input variables

in order to boost the predictability of freight rates.

- Generally used in forecasting stock price, technical analysis is
designed to identify the general trend of stock price, momentum

and tipping point in an effort to determine when to sell a stock.



EXECUTIVE SUMMARY

- Time series decomposition is intended to extract the trend,

cycle, seasonality and irregularity of that data that possesses

AYVANNS

normality.

{(Summary Table 1) Methodology of the study

Research flow Specific content Method
| | |
Background and purpose of the
Introduction study Analysis of
Preceding studies and preceding studies
differentiation
| | |

Selecting data and
variables

Data explanation
Technical analysis
Time series decomposition

Preceding studies
Technical analysis
Time series
decomposition

|

|

|

Model of Recurrent
Neural Network

Overview of RNN models
Model structure and process

Preceding studies

(RNN)
| { |
Presenting the analysis result of
Result of the RNN models )
. . ) Analysis
analysis Performance comparison with
DNN models
| | |
Conclusion Conclusion -

Xi



{Summary Figure 1) Flow diagram of model construction

Data Preparing

Freightrate | | chaer | | FFA 1 Raw Data

k2 v
Technical Time Series Data
Analysis Analysis Preprocessing

|

¥

1 .
Freight rate, N Technical H Time series

T TC, FFA ;E_ Indicators H i Components g Input Data
....... FR L ndewers L Components |
s B — :
. del
[onn | [istm ] [onn [ 5TV || guiding
|
[ onn || LsT™ | |DNN_tsI|LSTI:/I_ts| Model
3. Result
1) Summary

» This study utilized the freight rate, charterage and FFA price
of dry bulk ships by ship types, specifically the characteristics
extracted by the technical analysis and time-series decompo-
sition, as input variables to establish the freight rate prediction
model based on LSTM.

- The presented models commonly used the freight rate,
charterage and FFA price as variables as well as the indicators

extracted through the technical analysis on the freight rate.

- In addition to variables discussed above, this study also developed

a model which learnt the trend, seasonality and irregular

il



EXECUTIVE SUMMARY

components extracted through the time-series decomposition

as input variables.
» For a comparative model, the freight rate prediction model
based on DDN with the same input variables was presented, and
the model performance indicators of the root-mean-square

deviation, mean absolute percentage deviation and correlation

coefficient were utilized to compare performance between

models.
{(Summary Table 2) Models
Common variables Additional variables Al algorithm  Model
LST™M LSTM
Freight rates, -
charterage, FFA DNN DNN
Technical analysis Time series decomposition LSTM LSTM_ts
index of freight rates ~ components of freight rates
DNN DNN_ts

(Trend, seasonality, irregularity)

» It is shown that the dry bulk freight rate prediction model based
on LSTM has had better performance than the DNN-based
model, and specifically, the performance of the model has been
significantly improved when using the components from the

time-series decomposition as input variables.

xii



{Summary Table 3) Performance comparison of models

Performance index of models

Model
RMSE MAPE CORR
LSTM_ts 687.23 4.96 0.9966
DNN_ts 753.61 4.70 0.9956
LSTM 1,201.52 7.39 0.9884
DNN 1,5676.28 9.89 0.9843

» This study utilized the deep-learning and recurrent neural

network models, which can be called classical among the
artificial neural network algorithms, to establish the dry bulk

freight rate prediction model.

» The prediction period for the model established in this study
was limited to a weekly unit. When taking into consideration
that the dry bulk ship market is the tramp liner market, this
could be utilized as basic data to improve short-term earnings

of companies.

» However, the weekly prediction period has a limited scope to

be used as basic data for the decision-making of companies.

» It is required to expand its application scope by utilizing the

LSTM algorithm which has been newly presented and enhanced
in order to improve the prediction performance and period of

the model and by considering the use of supply-demand data.

2) Policy suggestions and relevant activities

» This study provided the results of the short-term freight rate

Xiv
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prediction model based on LSTM so that they could be utilized
for the sales strategies of shipping companies and the

policy-making process of the government.

- Since it was considered that one of the causes of the Hanjin
Shipping's bankruptcy was the establishment of sales strategies
which relied only on subjective experiences and intuition, there
raised the need of creating an environment where data-based

strategies could be established.

- Currently, there are insufficient basic data which could be used
for prediction, other than those provided by prominent overseas

organizations.

- Estimates vary depending on the analysis methods applied, and
there need various data in order to establish the sales strategies

of companies and the policies of the government.

It is required to promote the industry-academia-research joint
research and form and hold a regular industry-academia-
research meeting in order to improve the practicality and
applicability of the LSTM-based freight rate prediction model

and its results.

- It is required to create a more sophisticated LSTM algorithm
through joint researches with universities and to work on the
development of a domain knowledge-based model by forming
and operating a consultative body to accommodate the opinions

of the shipping industry.

- It is required to establish a plan to improve the public

characteristics and applicability of the freight rate prediction

XV



data specializing in the shipping industry.

- It is required to prepare the information-providing service so
that information tailored to shipping companies could be

provided in a continues and regular way.

- It is required to hold a briefing session to explain the concept
of the model and a way of utilizing the provided data in order
to improve the applicability of data from the government and

the industry.

3) Expected benefits including policy contribution

» This study prepared an environment where shipping companies
could establish data-based sales strategies by building the
short-term freight rate prediction model for the dry bulk ship
market with high variability.

» It is expected that the establishment of sales strategies based
on the shipping market-specialized data could contribute to
securing the competitiveness of Korean companies in the global

market.

» Since now is the time when various strategies regarding the 4™
industrial revolution by the government and their results are
coming out, it is expected that they have a significance as a

short-term performance in the shipping area.

- The areas with the core technologies of the 4" industrial
revolution applied in the shipping field focus only on the

long-term investments such as the smartification and platform-

XVi
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building of infrastructure facilities, including ports

- It is required to strike a balance between short-term and long
term objectives, and this study is expected to have significance
as a short-term performance in the shipping area in terms of
the 4™ industrial revolution since it built the freight prediction

model based on LSTM and provided its data for companies.

By establishing a LSTM-based freight rate prediction model with
which shipping companies are able to apply as well as
diversifying the number of data, this study is expected to
contribute to reducing research cost of shipping companies and

addressing information gap.

- The application of a methodology in new areas other than

domain requires time and budget for constructing a model.

- Companies with high sales profit in the shipping industry are
able to secure the required budget to purchase the data,
establish and analyze the model by professionals. However, it
is not realistically feasible for most companies to put investment

under the theoretical assumption of having high utilization.

XVii
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o 77t 85 -1000] L= Ji9kd X Eolt. F AEE 3
AT w203} -80 7|Eo2 4kow, AWIt 204 SHFET}
ske FHE Y WE F71e) FAVE stEre 2 Fgkd 7hsAge] 9
oI HH, -804Z AFENT WE Fte] FAVF Asor Ag
9 7Hsgo] =L sttt AolZAl A3 dEjdL %R A
£ a3 2-7= AASAH.

18) 251 2/(2019), pp.17-18, XHRIL: John J.Murphy(1999), I8 t1%4(2000), pp.270-272.
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M2 ColE H e MY

Williams% R =—

(O3 2-7) H0|ZM 2t 2| AA %R

AT

| I 1 I I
! | | | 30,000

fa 0
| ——

[ST=T =T VI = Y, B
(=T =T = I~ I~ B = T = B < < =~ ]

W

2018-04-01 2018-07-01 2018-10-01

(o=
=
m
[=]
=
=

— 2™ %R ——S5T/C [RHS)

Az S H0|EE 285104 XX} 24(ZAY: 2019. 8. 5)

(5) AEIFHAEN(Stochastic)!9

AEAAELR A 713 B9 F7H9] ¥t o] A7 Ve
2 AX F7rekY] 2pol9 Hl&E o]-&ote] UEH, 2 F719 |
HAE BRIsty| Aol 8= A;oltt, AEMAEL ‘Fast %K,
‘Slow %K', ‘Slow %D'® 4= 0] 1oH, ZF A #E= 0914 100 A
ol AW F719] TFast %K'Z o] & &&35fo] 73t H,
U 717+ 599 Fast %K' 9 o]5 Bt Slow %K' E A4t o]
‘Slow %K' oAl D7 717t 59 ol 5 BHLoE AAkeHA =W
‘Slow %D' @< @A Hedl, F715A19] Wst AlEE Slow %K' <}
‘Slow %D’'9] WA ZAITH AEFAE AR AL o|EZHF

Aol A7) A5 HHT et o] fASLE,

19) 251 2/(2019), pp.18-19, XHRIL: John J.Murphy(1999), I8 t1%4(2000), pp.268-270.
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Fasth K = G -X1
ast /o —ﬁx 00

K

C =AY #7h #, = ¢ F HIL L, = «d F HAT}

(a3 2-8) 70|

Mo

Qi AEIHAE

100

20
10

2018-01-01 2018-04-01 2018-07-0 2018-10-01

AETFHAE FastmK 000 mmeeeeee- 5 T/C (RHS)
— A EFAE] Slow %K —  MEFAE! glow D

A= S22 H0IHE 2E510] MA 2Rg(HAMY: 2019. 8. 5)

3) 7IEt X|&

(& 2-5) 7|E} X|&

7 Xz e

UH 7|7t9] Z=IIE 00IA 10022 E11, EX A|HQ

HHEO i
e Percentle Fond 27101 ot gixiol 43 =X LiEHH AEY)

M motsty| st 223
&7A% 8|70 Hoigh 3712 EM|9) ZES It
- 870l 252 FHS o}

28 200M T2 FREN, F7t0] 20/2 A
ERENE] RTHH| 9ot 285

250] T2t 4002 AN HEH

njo

AZo| BisdE Tefols| ok
BEHEAR 2710 T2t HE82

i

R |
[SN=

-

oets

0

[

TS

njo

=PRI RS
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=
L
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=

U= 7

L

SN

Aol BA=E FAsIA. A 72

A7E A
(Coefficients) 2 Y2 HZIof F38lA]

Holes 4% oy,

=
T

=

AASS] Foe FA9 BEIZA=, JAA

o Adigte] 2712

£ 290] 45

I =8 ZoFlM F=2 AR

A

nn
=
=

A
=3

|
FA

R

ol F712]

5]

A
T

AECES R B

Q

_]
IHA

A
o

e
o AR

2
AAT= BSATT €4

o &

F5 10001 7P7HHAIH, F717F A

(3) 2142E(Log-Return)

g
2

%

_}'\_

s A=,

o

£ 7
=

919] vl A=

o

o) Hhu] 71 o] A

o
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EEHAL B2 HEE FUOE Woldl A gL AR
2 Wtk 2 A7AAE 202 FHILL 71D
EZHAE AMSto] Ao MEHS dotel A stk EEwHA
717t A4 AAge] WEAe] 24 gk Folu, 2717t 2

-

AALE Eaisk A7 A7He] SEof uet YdEo] QlE Al
o dlo|E(time series data)?] EAS &-&5lo] FAE Tl AY,
A motsto] Ul 4 E S0 ARGt Ao AlA|
g glolEl: Yukd o g ZA|(trend), <8Hcycle), Al&(seasonality), &
T+& (irregular) 82102 FAHET. FA= A7) Z3to] wE Ho]
B o] WeFdS TolH, g AdL HolE7l ¥HEA0 R Hol=
e gujsit A2 WS 7|E0 R 5, 4, 27992 BHEE
= JgS, 82 149 ol A7zt &<t 144

:“é

A% mde] 5IPgels YRS et
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M2 ColE H e MY

& A7olA ASAE7IH E%‘—% =571 sl SaIg oA A
S T Stof (& 2-6)°1A AAISFAH.

rE
P
.
i
N
o
o
>J
ic)

H 4 of2tolE
s—1
e
o Sj=0
O|5EatHlE EE=N (s,0) =(5,20)
72 TG,
i=0
15*1 1 -1
MACD =M TC, ;—=2TC,
Sj=0 Lo
(= (s,0,m) = (5,20,5)
A2 L€ aaco,
m <o
QAIH0|H MACD— Signal
D TC—TC
saie TC, k=5
_v
U+ D
k1
AT U= max(7C,_;—TC,_;_,,0) k=14
i=0
K1
D= ) max(TC, ; —TC, ;,0)

~.
Il
o
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EHA ESN| Ij2t0] &

H,(k) =max(7C, 1, TC, sy TC,)

Slow %K Li(k) =min(TC, 1, TC, s TC,)
st _—C—Lilk)
A= ) — L, (k)
1 (k,;m.n) =(10,6,6)
Slown K, = % Y Fust% kK,
Slow %D lzlo
171*
Slow% D= ;ESlow%K;,i
b i=0
22| PA %R AW -T0 k=14
=Temn H (k) —L,(k) -
1 k—1
H 2.0 S LATC = TG, ) ke = 250
i=0
Swyﬁ( 2
s
TL (k)
k=1 _ .
sy W= D06 TG ) k=20
z;=i+1
o 1 k=l
TC,(k) = 1-2.7C,,
i=0
20408 log(7;) —log(7,_,) k=5
= —
HEHR = \/E(TOH —TC,(k))? k=20
1=0
Xtz: 83

[ 21(2019), pp. 27-28, XH2IE: John J.Murphy(1999), ZlE4] HH(2000).

ATFRAY 4P SYUSE0 7| 2EATL theo] 2o} 2ol
ebget,
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M2 HolE H He 49

H2-7) HOIZ 7|=SA

i HEY 1B 3YY R 3E%R AN
5TC 1.885 6.960 11.325 = 13.659 17.574 | 47.398
HE M= 3.650 10.650 ~ 15.275 = 16.150 = 19.900 = 40.900
bH 2= 8.500 13.450 15400 @ 15997 18650 = 27.900
FFAEEE 1.648 7.355 11.726  13.617 16.972 = 43.341
FFAE= 2.282 8.310 12.732 13.886 17.516  40.705
FFA-ATHHIE | 0.182 0.989 1.125 1.193 1.340 3.027
MACD -14.710 -1440 -0.139  -0.100 1.403 11.012
Ala1g -13.432 -1383 -0.103  -0.101 1.371 10.701
Q4 0|H -4826 ~ -0515 = -0.073  -0.099 0.353 3.333
D -17.823  -1443  -0.173  -0.104 1.308 11.720
Hals 0.353 0.785 0.891 0.921 1.017 1.918
AUZEXs | -0.100 0.115 0.389 0.382 0.637 0.900
2efPA %R -1.100 -1.100  -0.657  -0.626 @ -0.150 = -0.100
Slow %K -0.100  -0.029 0.357 0.372 0.760 0.900
Slow %D -0.100 0.014 0.361 0.373 0.721 0.900
S -0.096 0.132 0.432 0.422 0.696 0.900
3| HA = -1.730  -0.263 @ -0.102  -0.100 0.097 1.406
2O9E -0.783 = -0.204 = -0.104  -0.099  -0.004 0.495
HEZHEX -0.005 0.815 1.439 1.975 2.684 10.221
29 0|3 ™ 1.900 6.963 11.319  13.561 17.534 = 47.323
3% 0|58t 1.910 6.979 11.315 = 13.662 17.497 = 47.208
49 0|38t 1.912 6.989 11.332 13563  17.503 = 47.061
5% 0|5 B« 1.910 6.986 11.360 = 13.563 17.474 | 46.941
6% 0|58 1.914 6.968 11.325 13563 17477 = 46.881
7 0|zE+ 1.924 6.992 11.329 = 13.563 17.491 46.845
8% 0|5 &t 1.933 6.963 11.298 13563 17489  46.806
9% 0|58 1.946 6.962 11.289 13563  17.446 = 46.743
109 0|58+ 1.963 6.977 11.353 135663  17.424 = 46.639
Atz KA 2
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H 2-8) DiLIAA TI=SA

b

i 22 129 BYU R 3= AN
4TC 2.160 6.260 8.638 9.204 11.894  27.229
/e EM= 4.525 8.900 10900 @ 11.628  13.650 = 31.400
b M= 7.450 9.750 11.650 = 11506  13.125 = 19.275
FFAZEE 2.415 6.315 8.830 9.312 11.740 = 26.839
FFACQIEE 2.495 6.861 9.275 9.700 12109 = 27.786

FFA-ATHHIE 0336 0.977 1.105 1.167 1.287 2.657

MACD -3.605 -0.698 -0.107 -0.118 0.524 3.624
Alad -3526 0683 -0.109 -0.119 0.499 3.459
QA 0lH -1.423 0278 -0.091  -0.098 0.079 1.138
DHEH -3887 -0703 -0.139 -0.116 0.451 3.380
HalE 0.577 0.832 0.895 0.905 0.968 1.501

SUZ=Xs= -0.100  0.041 0.404 0.391 0.728 0.900
e ¥A %R 1100 -1.100 -0.643  -0.610 = -0.100 = -0.100
Slow %K -0.100  -0.079  0.377 0.387 0.853 0.900
Slow %D -0.100  -0.029  0.377 0.386 0.794 0.900

=22 -0.096 0.156 0.484 0.445 0.736 0.900

3| A% -0584  -0.179  -0.100 -0.103 = -0.021 0.379
EOL9UE -0461 = -0.160 -0.104  -0.099  -0.036 0.317
B&EHRL -0.019 0.293 0.544 0.659 0.863 2.800
2€ 0|58 2.160 6.264 8.632 9.206 11.876 = 27.221
3L 0|58 2.165 6.273 8.652 9.209 11.878 27132
4% 0|58 2.174 6.265 8.640 9.211 11.865 = 27.081
5 0|58« 2.182 6.259 8.647 9.212 11.846 = 26.966
6¥ 0|58 2.193 6.267 8.656 9.214 11.856 = 26.870
74 0|58 2.202 6.277 8.657 9.215 11.820 = 26.720
8Y 0|58 2.213 6.297 8.667 9.216 11.832  26.536
9 0|58 2.221 6.292 8.675 9.217 11.811  26.365

102 0|ST7 2231 6306 8666 9217 11813 26157
Rz KX 5
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RI2 % Ol o Bia M

H 2-9) =D2tUA 7|S S|

=2
6TC

/e 8=

Adg
QA0]H
DA
Hals
SUHLEX|e
Slow %K
Slow %D
2e|HA %R
#HE
3 HA=
EOR9E
HZEHEX
29 0|8 Y+
32 015 TR
49 0|3 Y+

5 0|= TR

n2 n2

Il
i

»
ne
2

-

[eo RN

ne e

o e
O O O O O]

0 oF 02 0 o0
E

©
ne
=
ETNE

£}

)

©
i)
ofn
0F
EN]

T,
2.444
4.150
7.150
2.520
2915
0.714
-2.409
-2.330
-0.804
-2.646
0.682
-0.100
-0.100
-0.100
-1.100
-0.096
-0.402
-0.335
-0.062
2.449
2.459
2.465
2.475
2.486
2.496
2.51
2.525
2.545

1294

7.454
9.400
9.494
7.640
7.950
0.948
-0.466
-0.470
-0.188
-0.395
0.868
-0.012
-0.096
-0.063
-1.100
0.128
-0.150
-0.132
0.102
7.446
7.454
7.444
7.451
7.441
7.446
7.450
7.465
7.470

ST
9.407
11.400
10.900
9.448
9.680
1.067
-0.098
-0.092
-0.099
-0.090
0.901
0.408
0.452
0.438
-0.566
0.440
-0.099
-0.098
0.269
9.411
9.413
9.415
9.418
9.415
9.420
9.419
9.424
9.422

7
9.778
11.639
11.052
9.810
10.023
1.146
-0.131
-0.133
-0.097
-0.114
0.901
0.406
0.412
0.410
-0.593
0.436
-0.104
-0.101
0.353
9.780
9.782
9.783
9.784
9.786
9.787
9.789
9.791
9.793

329

11.364
13.650
12.400
11.323
11.690
1.260
0.286
0.271
-0.016
0.218
0.932
0.825
0.896
0.869
-0.100
0.744
-0.051
-0.070
0.511
11.363
11.362
11.371
11.366
11.381
11.369
11.379
11.378
11.373

EEEN
21.295
26.400
17.400
21.794
23.891
2.341
1.655
1.617
0.705
1.724
1.284
0.900
0.900
0.900
-0.100
0.900
0.134
0.197
1.690
21.279
21.268
21.260
21.246
21.225
21.200
21.167
21.139
21.210

Atz KA 2
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M3

HE =

(Recurrent neural networks) 2
2, AGY 29 A7k S =Y

ks

£3417

mdojtt. 7]&

ot
SAIAY EE(NN, Neural network model)e] ¥ Hlo|HE

)

2=
BT

o

9]
9]

il

SYHOR %

gl

A=

HHE

=
Tdo] $8414% wdoltt,

228 Fo] 9lof Azto] w

1
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5

51
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A5

24

tol e ghe
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A = Egolt.

HE 1835
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=7oleta 7}
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Atz KAE 2

1. RNN 78 & =

RNN(Recurrent Neural Network)S QlZA1AWo] 5t &Fo0|n, &
A 02 SA5k= HlolEQl AIAIE HlolHE A ot= St
ndlojt}, &£3MAIAF Yo 7|E A tE H2 £3Fs})
+= Aolt}. 20009t FHHof| HolgHA =, & 5olA

E*é E~9— =% J%“%}% ApQdof A2 wAof 483

RNNE| &12]&2 ¢2Hloop)sh= F2& Ho|dH. (19 3-2)
o] F2Mog #AIE ZAH, 7129 IF4FHo] HolH g =
o)A HlolE7t &3 £ JrE £FAHRE vhEo] FHA, RNN
a2 5ot P4 BAY FEE 7Yske Al HA1Y

20) Ng(2020), pp.1-79 Li&S Qof H2[BIAS
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HolHE JHE it &, 24 3(hidden layer)©]
A5 HEE Jq&EZ SHA He= Aol olF 42w YW tha
I A

(O3 3-3) =ghiged 22

x¢ 1 RNN F Yt
f he

o} s AAL dlolE7H RNN 2eo] 9

2 BA Aolth FFL 714 AA(Edge)E B o4 Hx

, | e 31, 0,5 o YT & Y A

o %, A7 3u 9} 45X wE 371810 o)A HlolE|7t theo
AL we 5 Qi AAFEE A,

of,
02.‘-‘4
1%
filo
=)

2. LSTM 7 & X

-'¥

LSTM(Long short term memory)= AJATFZRE 7HA 1L loH,
< 08 25 7H &8H178 oIt RNNS AA 24 o]
’qﬁoﬂ st 7| qukS &83), 5, , 0]A HEI Ao FIFS
% JHE ZobsHH 3}‘3‘3}5 28 & e 2A

=
Agt}, o]& A7]9J&A(long-term dependency)2til dhH,

E—r‘
o mE 5



T2A ATL B 95 LSTMES Al AHO|E(Cell State)gh=
T8 A gk ofyel p, |, o)A A7 AHE &

of d&o] &8 = A== AA RNN/] 71018 BAE

(a3 3-4) LSTM 2 &

X STMA > ¥,

PSRN RS

LSTMZ Aojgt= F2E 7HA[AL glom, A2 gz o E(forget
gate), YHAI°|E (mput gate)?} =T 70| E(outpu)E +AE =,
o|EE &3l old TAY HAEE AR5t celld] FEi= SZHEW
= 7HAAL Stk &, o] L B3 5 AT HEo| Fo
ZA3t= Aot} RNNo] o]& A4 t-19] &
kAR 18] JESHol 7HAE 53 2HE st &43)
3litol slolmEa e ﬂE(hyperbohc tangent) &0l A&
ERHA, LSTMS Aojzh= 7ig
FPro =M RNNO 471994 &

K )
rr
A
o,

2§ oy
e ofn

4%

ll UOli

Ol

ok
3 r]I
) _[

o
HT
iAS)
%
L
N,
i)
fl
re
(2
B
oX o

2
i
%
i)
_0|L
o)
O,

o
=
X
)
U

.
ille
g

]
ol
o,

243 &2 #holl 742 7A
o] =(sigmoid) $F 2
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ﬂllﬂl

w
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shof o] AR A C.0l FoED oful, ALEoE U5 BE
3hei7] Tl 1 grol 04l 1 Abol & 2] Bt 1] eSS
A9 HHE ol BEAUTE ulojd, (o] 74T HA
3RS A9 B8 gk vt Ak,

PeAlolEL @A 1] ARE 7193] R AALHL
she WAl YeAClEAE £ Aol %k— Zeshzd], 7]9]
Corol S FHE F7151 g9} gof 2 Ydt £
o 74xg ekt 27|12 MBS AT L SHe Ao £

iE =&Y AFACIEANA S8t iw XA oA A= A

(7 Auht 293AS R aAolt. A4 AHY xot 4
AP|ER olojA= 7Rl W & H8 U ol AlF t-19] 294
Blgk b, ol YHACIER o]ojR|= A W& 517t @2 TSk
AlZLROo|E ks Bo S S EohH, 0914 1 Afol9] 3=
&S

A4 A 19 x @3} ALAIES} ojofAe 1A Wi Bt
7 ol A1 -19] SUAbEIRE n_o0l, @A IEAC|ER olojxl
7FA mE 5% @S TSk O}O]ﬂi—u‘—i-:a HAE 5 59 =
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(2 3-5) LSTM 2o 4 7%

G

he—y | ] ] 1

9
Q
g
=
=
Q

Af=: MAF 2R

=o (X, Wi+h,_, Wi+b/)
g=tanh (X, Wo+h,_, W7+ b7)
=o(X, W, +h,_ W+
=o(X, W2+ h,_ W +1°)
¢=fOc,_, +9Oi

ht: O@tal’lh (Ct )

ojff f= FAACIES g iz AYACIES EHUZ,
E

o] £YgLe Wotnl, Gz A% A AFO|ES, hi
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H2H BHTE o shawy

EﬂO]Eii T25to] FH[gtt) o]F, Hd
Design)shs THgollAl BAgt 4, £A%, 24959 s 52
A3 5, stolHutetu| g (Hyperparameters)s Al
A mdo] wet 7|A 7 HolHE shsd 4 %15% ShEAIZL H,
I HEE 5 45 S AA 5 ZE=

i
20
oX
&
A
0,
o
e

lo
2
oX,
)
A

(d¥ 3-6) LSTM 2Ho| 11=53HY

Step 1. ) Step 3.
Data Preparing LSTM Model Architecture

function,

Raw D Input Data Step3-1. Toss fnion,
. oss function,

awData Model Design | hidden zyers
optimizer,

; ‘ / il || e PPY Y R e

Analysis ;L _____ I ndlcalurs _____ ‘ leperparameter drcp:utratf bm

| Shipping | | ¢ Time Series | Timeseries ! ]
| Market " Analysis "1 Components !
! Information | ] na [R— pones Step 4.
{Shipping Market | Model Building win vaiing asa
i Information i J
Step 5.

Model Selection wimaiisoncen

Step 6.
Prediction

Step 2, Step2-1. Step2-2. Step2-3. | training dats,
Data Preprocessing | (DataCleaning| |Data Normalization| | Data Split vlcaton a2

INEERPSIN RS
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2. skEHI0lE

gh&oll AREH dlolE= 20149 2¢¥ 24Y5H 20204 8Y 28%U7t
2191 1,630/ AF8sttt A E QI = 140 ]HL we g}
S flsh = AER AIF A ECE Lol 435100 &3 AlELS
20149 29 24245 H 20189 99 1497HA] 114170, Al AIES
20189 99 174%¥ 20209 8Y 28U7HA] 489702 g5ttt

A% AT B3 75 Ao 9 THsAe HAkE
gst7] Al AMgEE R, AAIgE ASgate] Zolz o
ok A7 2H 295 AS3E AARHe Zol7t Atk
o] 47t HEE JSAE AU F
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Ty dATE Eg %EPQL 71&719) gkel 0ol 7HHAAAY 02
e o]& dsi&st7] s st
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?: = 0914 1 Afe] 9]

J 5 Aot dE
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sfolnid BHE It YYH AEE -1o]4 12 FYFES
4ok Froltt. 5 IS B 457t 2 AP |
& 25}, MR YA B B9 10 e 3 &l
of The wEo] ALk oS Mo HASHA (4 3-209 2t

fla)=2—C [4] 3-2]
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>
o

- H FEH
Hod

1) HI0|E{ XF&Hnormalization)

glolE 9] gatehe HlolE AAE GANA 71A 9] shgol ZHE
= 27 e e 98T WeR WEske A2 2% ol¢t
Zol HeP7t o HolEE Aateshe olf+= HolE e He Aol
7t 2 A%, 71APY diol8 e e ket ZheAleh wFe] A7)
AT M A= 24e WE =+ W] dEelth &, shsol Ad=
FORIA| @A =of, date ASwe IR FsH "o 2 AT
1% otfo] A& &-gsto] AW HMAE -1914 1 Afolz

kst olu] ®MA7F 1" AWATEA S, 2EALE, Wi
A 2 st FAHolA A stAT

:Lo*éﬁru[m

22— (max —min)
max — min

k

ol
of>

2) 2y

2 AFoA= HlolEE ¥49 —’?‘—%3}04 9 AE 1,600702F A7
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LSTME olg3te] Aoyl ARLYL 53l ndL 7537
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o} F7HHY o2 85t on, [STMe] BdL 271X S AA|st
Ack. Z47+o] Bdlo] oEgkat ARG g 495 AmEH (O
g 4-3)3}F 2} AAG F 2d 2% Heke Yol ARk A9 &

(d3 4-3) LSTM 22 05 Z1} (FH|0]2H ATER2S)

0 10000 20000 30000 40000
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290 J5g AEE HTHRY, CORRE 0.9 ooz A
3} o2k 7] ol SARFE & 4 9tk LSTM He] RMSE
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(T2 4-4) LSTM 2 45 BT GOJZH A%20)
(H9: $/day, %)

1,400 B.O

130152

L3TM _t= L5TM

o RVISE e WVIAPE i CORR

H 4-1) HI0|E| FL401| [HE LSTMZ |2 HO|1ZM AR OlF ZHO| d5 X[ Hlw

T= LSTM LSTM_ts
MAPE (%) 7.39 4.96
RMSE ($/day) 1201.52 687.23
CORR 0.9884 0.9966

2) TH{aEAN
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H 4-2) HIO[E| 7L0]| [ LSTMY [ THAIAM ATEROL G RAO| s K [E H

T= LSTM LSTM_ts
MAPE (%) 34 2.9
RMSE ($/day) 432.79 565.49
CORR 0.9903 0.9832
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7HA] mdo] AAIE Yk AR E TRl (T1F 4-7)0 4 Ei= Hieh
Zol & Hdl BE Hyfo] W2 Aog yehdth iAo g LSTM
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t} 22 7S & 5 Ut} LSTMO] RMSEE= 343.12 LSTM_ts®th 3

717} 29, MAPEE LSTM°] 0.99%1d] &l LSTM_ts& 2.15%= Al
Nesbel=g

(J3 4-7) LSTM 2 0= Z1} ($O2tIAM ALERO))
16000

14000

12000

10

BOOD

G000

Predicted feright rate (5/day)

3000 BO0D 13000 18000

Supramax freight rate (&/day)

« LSTW_ts = L5

49
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MAPE (%) 2.15 0.99
RMSE ($/day) 343.2 225.983
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HuAoA Hlojg 443} JAFAs daLEE 2] w5 40
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