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[Abstract]

The research on predicting the routes of ships, which constitute the majority of maritime
transportation, can detect potential hazards at sea in advance and prevent accidents. Unlike roads, there
is no distinct signal system at sea, and traffic management is challenging, making ship route prediction
essential for maritime safety. However, the time intervals of the ship route datasets are irregular due to
communication disruptions. This study presents a method to adjust the time intervals of data using
appropriate interpolation techniques for ship route prediction. Additionally, a deep learning model for
predicting ship routes has been developed. This model is an LSTM model that predicts the future GPS
coordinates of ships by understanding their movement patterns through real-time route information
contained in AIS data. This paper presents a data preprocessing method using linear interpolation and a
suitable deep learmning model for ship route prediction. The experimental results demonstrate the
effectiveness of the proposed method with an MSE of 0.0131 and an Accuracy of 0.9467.
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I. Introduction A2ALY Y Rt AR WAk AEsEAL BRE
e A}%ﬂ et ekt Wik 7H 7152 AAIsHA] o
et oot s =852 Al 74 At 0%E AF o 2 oA o2 Beely] Yol BIFHS AMgSt
ABhL Q= At doTolth. W2 gha w80l A9 glojy AAj2] WAL AQtstel AS HlolEjAle] 2AIS
= 5ol o] FoJX|L, Adl W 7]so] FA LASIHAN  syAstuAt ik
gofl Adurel BE7F S sl wlgo] SRS & ApollAE gabARl HlolE AX2|E sl Bt v
[1]. o]= <Isl sHgolA o] waAtAL7} BIHEHA] L, sl  we 7juto 2 3t Hojg] MAe] e R|QHIC) i
Yool S7tstet. wepAf siollA AE 4 e AL dAe] e MAe]e 4886t7|o] OA BIHS 98t o
S 02| GASHL o gspr] Hsll Adeh A= o152 $874E ol 7149 7152S Aoty HE WiHIl AZejol Wit
ol ZAxlaL glon], 4= oiSuf Add A7So] BUSl  Yg AT ¢ WAL APH L A T A
A= QI meh oAl B Held ZAAHA oz Autslo e FAsHe wo g dolg 7He] A7
22 ABAs 7les ol&sh Algl BEolU 535 o 7ol 71 Az 7HEL 2 o, 1 7HAS 7)F 7HA
BotAl Al #Qlog Hets FR¥ohe AbeE AU 71 oA R)gste] BRtslr]o AEet Wolct 2 Ao
20| AL Qle Aol o] 7ja2 AARICR AN M My 57H[2)n AZelel W7R[3]S Agato] A
o] F2 5 HHsto Auf 29 Hl&= AAAZ|L s AL &ajEl glojEl2 AlRsl Asle RIsisigin, AmpKoR
IS AT 4 Aths Al Q. AW B2 oIS A7 2 Aol Aost AA2] WAl H4st tolHE ALE
£ 5ol A=l AdE A Ao =50l E 4 ATh g o) o] ASo] He E0H= 7S AAlEIICE
Adh F2 ol52 2985k Hsll detsiog ARREE AIS ToJEl= Ao ol HEE S4Alst7]00] Al
AlS(Automatic Identification System)= 47st A|ZF ZF 71o] 529 71 A1A|9 glo]gjoltt. AJAE Ho]E= A
A0 Aue] oAl A »F BRS Hd(broadcast)stol  7to] £A7 Fa3517] o] of2] AAY o5 dald 2
ZHOJ OhE ARtoly &4 Z7IRI=0lA AdRte] 2 AR & £ A7te] 529 AAlsta o)&0] €ialE 2 9l
2 AMs 02 GAE 4 Qe A|AR|TE S4245E 2 LSTM[4](Long Short-Term Model) 718t 2@ A}835}
S 37 Autat AE ARG Ee el T2f ¥t gdch LSTMS RNN(Recurrent Neural Network) &2
She 548 AR 2 2T 4 Aok ARAARE= A9 1L o] sl 2UX0] abAo] HHI} upx|artx| & ce}gx]
T AN Q! MMST S, Aere] S5/, 2ol & UH] Ral= AIoEA BAIS siAsto] AAE dlolg A2
oF 22 FEE FAl A, A AEojle HARE AR o) Estel ndlolt}, w3t dejy 29 skES o5t ah
AR, 4=), ¥ 4= 50 22 ALE G2 Atk glolg @9jol look_backy} ® XAl 9Jx|7HA| &3}
o[x", AIS Ho|H = tfge] Y JA HolHE ¥& & = forward_length2 d7Asto] 849 XIshstart.
L, Aefe] o5 42 W 4 = 7RI AE S B =390 r}oy} Zo] AElo] 9ict 2&kA = AIS
< A2 4 o] A A= 50l fEet HolHoltk & glojgl2 &8st Hul AR o5 el do] s Pyt
AollM= GPS AfE ARESHY AHIO] 22 o5t o}, &l M3 B, AZelol HI7HHS ALt O
2 Timestamp, B, A= HOIEES ARG ol AA2] agut 2 ALoA Aotsh= Hald RS
AARECZ ol 591 Addlo FEE pAlsh= WA Muisty look_back, forward_length, 72]7 &= 7}x]
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II. Preliminaries

1. Theoretical background

1.1 Interpolations
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Fig. 2. Spline interpolation

1.2 Deep Learning Model
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Fig. 3. LSTM Architecture
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Fig. 4. Cell-state of LSTM

Fig. 6. Output gate of LSTM

2. Related works
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III. The Proposed Scheme

1. Dataset

1.1 Dataset Description
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Fig. 7. AIS dataset of South China Sea

1.2 Data Preprocessing
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Fig. 9. Visualizing data before preprocessing
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Latitude

Fig. 11. After using Spline interpolation

1.3 Data Labeling

2 Aol JNERE AdeF B2 oI5 ZEe AIS ol
o] GPS ZHE (9%, ZAE)2 Yoz uo} kS 2|7t
5 (95, Z8)E ol5she Bolct. 9 A|, & o

la
(N

Jor >

0
é
Y
ol
on
N
4°
ol
=
=
o)
)
IW
o
QO
Q
Q
JE
N
=
0w
o
il
oo

oz Ho MO ry

ol
-

o i o2 roh O o) oo JY Fn B
il

g

AlZ }%ﬂq Look_backs &5 Ho]E
20} sfife] e HojElS RHE7] 93t T
Forward_length+= &% Go]E9] FE HA|
72] gtg EojRl YRl 2 AAsH it Qjujo]tt.
A R g2 YRIE Cl&she 7o) ofd, S5
ol& ¢ U X|E o &5shs Held s B
Al s 7iE2 A-8stitt. &3 Hlojg] Zolo] ©ef7t
T+ Look_back 37]9r39] H2 Ho|EgS Xz Axs}
a1, OpR)9 XEE Forward_length o]29] GPS zaE
Y& ARttt Fig. 120] o2igh S AA Beld =2
2o 9 dojy AS et Ale UEth Beld 2
3 sk50] ° oj2oll= 45 B7HE fldll HAE HolEE
Gt o] £t &1 dloly A/} At WAL
2 sttt HIAE HoH & Fig. 134Y stad 23
o] HIAE Hlo]EAl9] Look_back Zo|RtZ9] X EoJ§f
£ H 7 Forward_length 0]39] ¢JX|Z o &5I== 51Y
'1} 2 AtolMe 3 dolEet A% HlojE], 12]al E|
HolES 6:2:2 U]§2 o] AFZlRIT

= 4
= ol
19 ox ok

JSL‘ uju

L 2o dlm

INPSES

L look_back g forward
" i I

- tain_datalo) ki
ot detals] g

‘ label[o]
ﬂ label[1]

<Train>

Fig. 12. Train data structure
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Fig. 13. Test data structure

1.4 Data Scaling
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2. Deep Learning Model
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Fig. 14. Model architecture

3. Evaluation
3.1 Prediction results using AIS data with linear
interpolation
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Deep learning model performance table by
without

interpolation

Look_back

Training
Time (sec)

Accuracy

MSE

10

147.8583

0.7654

0.0225

30

265.8635

0.7800

0.0220

50

563.9958

0.7791

0.0223

Table 2. Deep learning model performance table by

Forward_length without using interpolation

(Look_back = 30)

v | s, | macuay | wse
5 95.8122 0.7539 0.0230
10 101.7155 0.7307 0.0250
15 98.2854 0.7116 0.0231
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Table 3. Deep learning model performance table by

Table 6. Deep learning model performance table by

Look_back length using linear interpolation Look_back length using spline interpolation
(Forward_length = 0) (Forward_length = 0)
Look_back T:;;Zin(isngc) Accuracy MSE Look_back T:;;Zin(isngc) Accuracy MSE
10 86.5236 0.9249 0.0137 10 227.0118 0.9380 0.0132
30 214.9492 0.9468 0.0132 30 261.3782 0.9467 0.0131
50 330.9600 0.9443 0.0136 50 427.5600 0.9441 0.0134

Table 4. Deep learning model performance table by

Table 7. Deep learning model performance table by

Forward_length using linear interpolation Forward_length using Spline Interpolation
(Look_back = 30) (Look_back = 30)
Mength | Time (ssc) | Accuracy | MSE Mength ™| Time (sor) | Accuracy | MSE
5 214.4679 0.9462 0.0141 5 656.9697 0.9461 0.0134
10 203.8411 0.9456 0.0146 10 616.6960 0.9454 0.0139
15 204.6000 0.9449 0.0161 15 615.3431 0.9448 0.0149

Table 5. Performance table for different Look_back
settings using w/o linear interpolation (Model =
LSTM, Look_back = 30, Foward_length = 0)

Table 8. Performance table for different Look_back
settings using w/o spline interpolation (Model =
LSTM, Look_back = 30, Foward_length = 0)

Look_ Raw dataset Linear interpolated Look_ Raw dataset Spline interpolated
back MSE dataset MSE back MSE dataset MSE
10 0.0225 0.0137 10 0.0225 0.0132
30 0.0230 0.0132 30 0.0220 0.0131
50 0.0223 0.0136 50 0.0223 0.0134

3.2 Prediction results using AIS data with spline
interpolation

Azelol 7S A8% dolEg AH8s o) 4
U 452 Look_back®] Zo]7} 30¥ wf MSE”} 0.0131
U2 Table 60 YEHRTE A9 BibHnt sUstA 2F
2fel BIS ARERE HlolHE Atgsto] Hald 23
shaste AT Al shio] £Qo] ©2 gholat
ot F7t2 AZeRQl 7ol A8 920 o2 ds At
0]2 Forward_lengtho] T2 A2 u|w & XI&§s}ict.
Forward_length7} 5¢ ] 27FHS AL5HK] kL o]
El2 AME3 Yot Bo] A5 MSE} 0.0230%/g
AZelol BMMS K83 GOl g ALRE A5e MSE

I_.

7001312 Afeel U2 Mg 5o Roluje 4

A ok/\}o] 012% i}?la}(ﬂq
iﬁ.a»ol E\.. % 0}7] Kij_l»_'__ MSE %]\% H]_ﬁl_
5}o] Table 80] LFERJQICE AZajol W7FHS X Qs
7

g[S ARgstol Boid 22 Shasie . MSE gt

=
sfo] 09 2 4%g e slstech

o] 7U1-

3.3 Performance comparision of models on AIS
data using interpolation

7Mooz LSTM 25 2Jof] AAIZ HlolE o5 %
A& AYAL Q= RNN2F GRU 253 AREsto] 445 ]

H=
@ Age Rt

N B 2Bl B7he] Mg ojRo] ojat 3
5 vl Addojng b AloA Aol VT £9H
Look_back 30, Forward_length 022 X]&sto] AFS
Asgstgict
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oprfez 2 AtoA AAlsks LSTM 7|F R2g
ARESHA AdF A= o5 ARYEE tE SUsH 7|
& MSE 3t 0.0230001M A9 Bihg3 A854e o MSE
o] 3F 0.0132, AZ2}Ql HIMAE
0.01312 epjo] BIMS0] Ao] 45 ol 2
7|02 &Rlshi:

& A &9l te A Hlolg d&of RS Ad
PSR B7RS AEoiA| QIoke T Brt Ay uihy
T AZelel HIMES AEAS 1§ £ Y5 U
IZ 4 At} ERh RE RSN AFEQl BIF
e A8 oolEAS ASIS T 5ol Y 94
ston AgeRRl HIMHS A&stal LSTM ]9 RS
ARgsto] At A=z 052 eSS o, MSEZF 0.0131
2 714 9432 Table 904 elsieict
Table 9. Comparison between additional deep

learning models and LSTM model based on the
application of interpolation methods (Look_back =
30, Foward_length = 0)

Training
Model Time (sec) Accuracy MSE
RNN 117.8025 0.6974 0.0324
RNN 2152910 0.7806 0.0286
+Linear
RNN 276.6028 0.7870 0.0243
+Spline
GRU 244.6923 0.7782 0.0322
GRU 509.6406 0.8036 0.0309
+Linear
+§R.U 640.270 0.8379 0.0255
pline
LSTM 265.8635 0.7800 0.0230
LSTM 214.9492 0.9468 0.0132
+Linear
LSTM 261.3782 0.9467 0.0131
+Spline
IV. Conclusions
2 =7olM= Adute] 4= ol5-S Yol AIAIZ dlojH
Q1 AIS fHlolejg &&st deld LSTM 22s 7fdsi
1, FA9] 452 U oefugE AlA|sHic Aure
AR 52 42 ol 5A9 A= d&E E2l Al Aol
Mot S48t E4o] Qo Jefste EXiHol H
A0ty 2 AFoM = AY BiHe AZERl Bk
= A8l HlojElg MAf|st= WS AlAlotel e, o

ololef  diFo]  FdFZ  7IAl=  Look_backut
Forward_lengthE Ah&5to] 7+ glolgof] T ds&

Effolt. AFA0R B A7) MRe] WA A A2
2 8L AL,

L L= [e] Ly | a o O%
AITE o 4 oIk E3 90 Mdte] H2E o5
T AHY Yol £ 4 UE ATl FIol A
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