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. Long Short-Term Memory
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1 dmax =0

2 fori=2toend-1{

3 d = E(T(i),T(1),T(end))
4 if d> dpax{

5 Imax = 1

6 Amax = d

7 }

8 if dpax >€p {

9 A =pls(T(1, imax ), Ep)
10 B = pls(T (imqx, end),€,)
11 T, = A,B(2,end))

12 }else {

13 T, =T(1),T(end)

14
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2 A=9
3 forall consecutive p;, p; in A,:
4 Select T,,, a sub trajectory T (i, j)
as Py, ., D)
6 A, =pls(T(i,)), €p)
7  A=AQ,end -1),4,
8 returen A

de Vries & van Someren, 2012 :x

Q“):\‘G|S JJJJ;,‘U:L\_;L.H
Ve ey ® aslen oolad ™ aan s Jlw

a¥



e (S CamBgo (ST (St 30 Sl F 5o Gl el sl e

alal, 3b cpolbe gluw,jg,a jshateas £ —1 jo
oolaiwl el AJj,oi..w ‘_;ul) as $°9)9 3)‘9)é )‘ 5(?)
S polie (3,5 jat e Gl g3 Bl 05 0

WS oo Adgi Vg0 polie e gl b aS

ip = oW [he_y,x: 1+ by) (#) alal,

Calpl wls 5l V) adaly 5do g am dl> oy
Dy g0 ol

C, = tanh(W¢ - [hy—q, %, 1+ be) (V) akal,

alal, 51 Cr oJsko oz polie ag jolaieds s
S 5 .’9’ )JQLQA ‘u—| 5 @S ~>9.M:(5A oolawl (A)
g oo @25 (63959 5 Ol 851950 b s Joloo

Co=fr Cooq +Cooiy (A) alal,

abaly 3l wgeSew @b o bjgel A e plesl (sl
Jsbow poline 3l sla sy 4> a5 WS 0 (asein ()
=955 83lay0 10 (o9 5 Sladie 0el Glu,jesa
Ol A 0gbee adg (B) adal, ) eolatul b o Jolo
Sl @l sl eslaiwl L (V) adall, Gk g j5late
Logd oo Jate +) G- 850 4 polie « gy yule
Sleisn 0 (2o jlaie o polie ol ado 8
Slaie qgam plS 10 g 09l oo Slu 30,40 She 9 vpe
Peb e dlgi (s 9>l (gl Joh Alal>
or =W, - [heqy, x: 1 + by) (1) adal,
h; = o, - tanh(C,) (V+) adaf,

. Unit

. Input Gate

. Forget Gate

. Output Gate

. Self-Loop

. Gradient Disappearance
. Gradient Expansion

. Offset

. Sigmoid

10. Cell State

11. Hyperbolic Tangent

OCoOoO~NOoO Ok~ WNPEF

oo —oliaS Y eb abidl> ATl (5 loxo —Y-Y

J= sUly wae—olssS SYeb aladl> slaasis
2wl sal ools LAY S 0 aSaieS les
L b 85550 <5959 351,08 Jelis LSTM 'l
f - Yoo .

LSTM 6)LAM ] 9 o)"j)é 9 wjﬁ‘)s
Calilosgs Sysody ) i Al e 5l esliiul oISl
ool S wa s V&l}Jl (- ?Q.x_;;;)l..\iqilj 3lg oLl
ezes (Jozefowicz et al., 2015) oS oo (5,5 ol
dy aSl jo oadoolainl sl yie Cunl (o8 (6 lass
LSTM ui,)'?_ﬂ Jol ad> o .08 gl yjg,a calasd o
‘_¢‘>5).‘> ).:.)l_u s(f) A_E.:‘) )‘ oola_wl l_> 9 S ).Q,a
g0 dnlis 5399 L bLie

~

H. =

= oy + 6 (F) ala,

slaals @ Glml b a5 6 (F) alal) o

ol LSTM a5y 25,5 55 H 5 059 omile

LSTM usly o IS sles Y JSi
Gao al., 2018 :pce
aS cul Sledbl jlade fyod Jolds gom Al> o
(0) alasly Gk 5 9laie ol & S e Jobos 31 il
ST PP R e
5 0 425 Sgal L o

f, = sigmoid(wy - (A, x,] + be) (@) abal,

U ske Camdy 5l ol & le hy_g (0) Akl o

ORI GIS 5 s 5 Ghaies
Ve ey ® aslen slad® aasie Sl

1



G20 dprw g G JT yrol e

FA-DY (531 i pln ol Glate Lo 2SSy
S, Jyb ooplisS Jedoas daply jloas
5 Lo S s bglas s 5 B3> MMSI
2stage-pls (gjlwos 8 oy, Jlos!l jglaieas 0l
Ly € e L] am lode o uSiles & )50y
@by oS YL €y Sy Bl o g yie Voo
35 s Loyl (glsen 8 e 5 48,5 L5 o
ey OF) adaly jloslital b Jlosl 5l g G 0]
oo, Ll slaaliw! o> b 2stage-pls (s jlwes yid
i Jrols (5o ,mid 0h aculos 7AFYY L il

Wl senbie (Sig33l AIS slacols a5 was o

R=(1—%)x100 (VY) alaf,

3 o e B e S, Slas N (VYY) adasly o

S i) addsl e L ugt olasi M 5 53023
g bgdas 5l SOF Sl ((3lwon b
Sldas 5o o S8, Godow ol o cadoslazul

20 oo lid g 3lwos pud

Slhloe 51w g 8 s Jas SOl st P S
6)'1...40‘))..’;.5

1. Cross-Validation
2. Root Mean Square Error
3. Cargo Vessel

Gkl easady lade o OS] (VY) alay

ee=y2— 02 k=123.m () ak,

Al e oo lii kg aSil 3,3l cadiadgr Jlade b
e 59kaeds LSTM (6 loxo ¢ 3udioss ol ;o el Q—\
Lo fiS &S > (i 50 i) Sibe loyalil
3o aildg hgydudzgi Ly il ol 0.8y Sa
I Seiie lacS 5 sl g el )l Sl
S g S LS s J38 3 slaee; (sla il
P oS5 ol s ) 2 (g 50 &S
o=l oobed o Al (B ixe «(639,9 Ajieas LSTM aSCLs
=S 5) 6999 A i o Lol alaki 4w oS 5
Sl (g5 Wity gan Ao d g B yme ((Qlbdws
e liel gy sl aSs o)l jslaieay (il ouls
L e ols)) s ipomel 51 o o ol | lite
6‘)_> A L;LQ&Oa)a (G L;J.Q‘él_: )‘ oola_ul
Sy Shos duslie (gl A (rend (IS S > (S
Febly (ezep <8 o sl e 8L 5 LeaSis
Jobaedy o8, 54, T(RMSE) ballas &lay o degaze
e o3 ) o5 s e (g0l 3l am 5380 (o
(SIS (S Caxdge g 0D ooliiul Jae (39,9 A jieds
Aol ol gt Je sl eslainl b df gloj alols jo
CapBya g Joo (i) adall 90 cnl (o (ol

A Al Jdo sl djeay (oS A8l

@Y
olws o la a8 oS > slasls ol> iagh o
B+ 5 ek YV ol a5 cd, Sy V+VY Lo
alws b 4 bply cpl degazs .Ceul AIS oLy l5
(s rSeala slaias T oo slaiis
5 LSl (oo i gla A8 (g ile la st

ORI GIS 5 s 5 Ghaies
Ve ey ® aolen sla® aasie Sl

45



o S CanBgn ST Sy 53 Gl Fio byl s

o oolaul (slaaBoos o 85L 10 s bghas
aSls 3,k 0d g e alags ‘sm.)...lsl alols ‘QT 3!
39 g Ao i Slas Ajieay ( Bly dais L

b 55 e

S35 a9 oy -F

=l g el Laas gl o SlS S > o i
CS o aSyl o 05l Jlglyd caenl L js 1o (6 56l
el dio) 31 ml (slaigS 4y g ais ).:L» o oaS
ok ) a5l oy p 4 (S liied o
Sl slo sl )by ol ooy aizlo y o i oS >
PP VNI BN W 01| A SRLIE E S S 3
e e 839> )0 BT —aie) Slwlome yo da il
gyt aS Cewlr iilo g b Judow aislyd jo colanl
«ogi ol )0 S (e Ol 5 ) pol Bados
ot 5o Sl i syl (st jslaieas
oolaiwl ailigs hg,a sl )b bl 5l oS oS >
oo i piean Gree 6253k 339> LSTM (5 Lo
Glwools 4y azgi b (oo .8, Sy a0l o i
Gl el )b oy jo Glae) g b gis S >
R 3y LDJ...L?U 399 ;.:l.?b.)‘

o) A iedsy o (S jgax Jleto Aids

Loplyy ol o soliiasl e ol 4 e ldl i
L eogm oaid )55 oS g4 (PHIEN aS o2 AIS
09,5 Cid sl 3l ol gandal «pld g
Ooggasme Jdoan ol sla oiS 05,5 conlioly
Gl e 0l BA> Laools dcgezo ooty sl
sy Jlaio) L2 S a5 il 0
2 e sl slayall alalid jshiied ol
L 5 sy Sl S, b 85 28 o i i
Ly o sl lasag,s glize ol 5 cilipy Lo,
Sglaie oS 5 S gldiey il b a5l eolazl
i jed (Dlaisis IS )5 daceS 5 cpl 285 IS8
WAt a5 e )0 (orae IS (63959 sl S
L Byo g aine yiehl jloslinnl (you oo a0t G
3 oyl sl ools hjael claisue l oolasiul
a0 ools (bigel LSTM &l Coiid (Egoa
bid oo Joo So g Slaise g dine) 69959 b Joe
(=l (2l (h9 a5 (Slaisis (5395 L
loaSs cnl Giipel polatedr 2855 )18 )l o5
8018 & jgody Ay g o jgel B3l LB o Laosls V-
o=l @l F Joaz oo b e o)
el 00 Ly LaLSTM lasetis _oies el
O )ygody o bt golaad G S8 o)) sk
et s LaeS s 5l 5 sl olas

Sgliie 539,59 LLSTM o Shae &5 .F Jous

o slb> RMSE

89959 <=5 5

;‘qo)

#YH.#4 Y.yv
£EY.AA Y.AD
AAY £Y 44
YAY.OY YAy
Fe0NF YA
OYF.VY Y.04
YYa.A A\Fa¥
YIAZY .04

Slaise \

Hea> il g olaize
yga Jizl 5 e Olaise
yeax izl s cge (Olaise

> < v & 6 1t —

n ol (oales

Q“):\‘G|S JJJJ;,‘U:L\_;L.H
Ve ey ® aslen oolad ™ s Jlw

v



S0 Sz 3 s )Tyl e

Alessandrini, A., Mazzarella, F. & Vespe, M.,
2018, Estimated Time of Arrival Using
Historical Vessel Tracking Data, IEEE
Transactions on Intelligent Transportation
Systems, 20(1), PP. 7-15.

Bitner-Gregerse, E.M., Soares, C.G. & Vantorre,
M., 2016, Adverse Weather Conditions
for Ship Manoeuvrability, Transportation
Research Procedia, 14, PP. 1631-1640.

Buchin, M., Dodge, S. & Speckmann, B., 2014,
Similarity of Trajectories Taking into
Account Geographic Context, Journal of
Spatial Information Science, 2014(9), PP.
101-124.

Chatzikokolakis, K., Zissis, D., Spiliopoulos, G.
& Tserpes, K., 2018, Mining Vessel
Trajectory Data for Patterns of Search
and Rescue, EDBT/ICDT Workshops.

de Vries, G.K.D. & van Someren, M., 2012,
Machine Learning for Vessel Trajectories
Using Compression, Alignments and
Domain Knowledge, Expert Systems with
Applications, 39(18), PP. 13426-13439.

Filtz, E., de la Cerda, E.S., Weber, M. &
Zirkovits, D., 2015, Factors Affecting
Ocean-Going Cargo Ship Speed and
Arrival Time, Advanced Information
Systems Engineering Workshops, Cham,
Springer International Publishing.

Gao, M., Shi, G. & Li, S, 2018, Online
Prediction of Ship Behavior with
Automatic ldentification System Sensor
Data Using Bidirectional Long Short-
Term Memory Recurrent  Neural
Network, Sensors, 18(12) P. 4211.

Jozefowicz, R., Zaremba, W. & Sutskever, 1.,
2015, An empirical Exploration of
Recurrent Network  Architectures,
International Conference on  Machine
Learning, PMLR.

Kim, K.-l. & Lee, K.M., 2018, Context-Aware
Information Provisioning for Vessel
Traffic Service Using Rule-Based and
Deep Learning Techniques, International
Journal of Fuzzy Logic and Intelligent
Systems, 18(1), PP. 13-19.

9 Sy yielyly g0 oS olo (Las (F Jguz) b
SOt S A Sl slaylil Hea> Sl
L o5 Joe isomo 085 L 5 205
3,18 shmdg 3l yige (B0 AYFAN A slosds,g
Sl 00 oolaiwl (639,5 ©jg0as b il oles a5
sbo el slass o958l gl Gk s & )lea
el s aalsss coBs Sege el Lolyll (6599
CS > e S ainey Oledlbl  olad 5l oolas]
Dgi ol gt iy S o8l ey =L°9;J b s
A Wl e At laie) slo el 5l esliul asly
Hlis g lwosls bt duslie aiS S dd dgups
oo sl ol )by Ly o iy Jow &8s a5 ol
Lglj_goLa;ém)’lJa.BéQT)oAS‘_“meuul,jé)o%
ol i TVENE el ool oolaul cim i

S ¢ gt s o 38,5 o e alex
CS > i Sl eadoslatul Jaw 45 g bosls
=i Jde g AIS (slaeols Coxlad e ygmon
ot AS] 98l 09 (g sl iy )
9 e st oo B o i oo Sl
2 Lye Candg 5 lsmgol Lo el b (o) 5
E-23 Oy ) e slo el 9 Joe ololis
285 ) san slaiashy

&l -0

Abdelaal, M., Frinzle, M. & Hahn, A., 2018,
Nonlinear Model Predictive Control for
Trajectory Tracking and Collision
Avoidance of Underactuated Vessels with
Disturbances, Ocean Engineering, 160, PP.

168-180.

Ahearn, S.C., Dodge, S., Simcharoen, A,
Xavier, G. & Smith., J.L.D., 2017, A
Context-Sensitive Correlated Random
Walk: A New Simulation Model for
Movement, International Journal of
Geographical Information Science, 31(5),

PP. 867-883.

Q‘)&‘G|S JJJJ;,‘U:L\_;L.H
Ve ey ® aslen oolad ™ aan s Jlw

A



o S CanBgn ST Sy 53 Gl Fio byl s

Kjerstad, @.K. & Breivik, M., 2010, Weather
Optimal Positioning Control for Marine
Surface Vessels, IFAC Proceedings,
43(20), PP. 114-119.

Kuhn, M. & Johnson, K., 2013, Applied
Predictive Modeling, Springer.

Lee, H., Aydin, N., Choi, Y., Lekhavat, S. & Irani,
Z., 2018, A Decision Support System for
Vessel Speed Decision in Maritime
Logistics Using Weather Archive Big
Data, Computers & Operations Research, 98,
PP. 330-342.

Liu, Y. & Hansen, M., 2018, Predicting Aircraft
Trajectories: A Deep  Generative
Convolutional Recurrent Neural Networks
Approach, arXiv Preprint, arxiv: 1812.11670.

McClintock, B.T., Johnson, D.S., Hooten, M.B.,
Ver Hoef, J.M. & Morales, J.M., 2014,
When to Be Discrete: The Importance of
Time Formulation in Understanding
Animal Movement, Movement Ecology,
2(1), PP. 1-14.

Mebhri, S., Alesheikh, A.A. & Basiri, A., 2021, A
Contextual Hybrid Model for Vessel
Movement Prediction, IEEE Access, 9,
PP. 45600-45613.

Nguyen, D.-D., Le Van, C. & Ali, M.l., 2018a,
Vessel Trajectory Prediction using
Sequence-to-Sequence  Models  over
Spatial Grid, Proceedings of the 12th ACM
International Conference on Distributed and
Event-based Systems, ACM.

Nguyen, D., Vadaine, R., Hajduch, G., Garello,
R. & Fablet, R., 2018b, An AIlS-Based
Deep Learning Model for Vessel
Monitoring, NATO CRME Maritime Big
Data Workshop, La Spezia, Italy.

NOAA, 2018, AIS Data for 2017, from
https://coast.noaa.gov/htdata/CMSP/AlISDat
aHandler/2017/index.html.

Palmer, J.R., Espenshade, T.J., Bartumeus, F.,
Chung, C.Y., Ozgencil, N.E. & Li, K,
2013, New Approaches to Human
Mobility: Using Mobile Phones for
Demographic  Research, Demography,
50(3), PP. 1105-1128.

Perez, T., Smogeli, O., Fossen, T. & Sorensen,
AJ., 2006, An Overview of the Marine
Systems Simulator (MSS): A Simulink
Toolbox for Marine Control Systems,
Modeling, Identification and Control, 27(4),
PP. 259-275.

Saeys, Y., Inza, |. & Larrafiaga, P., 2007, A
Review of Feature Selection Techniques
in Bioinformatics, Bioinformatics, 23(19),
PP. 2507-2517.

van Essen, S., Scharnke, J., Bunnik, T., Diz, B.,
Bandringa, H., Hallmann, R. & Helder, J.,
2020, Linking  Experimental and
Numerical Wave Modelling, Journal of
Marine Science and Engineering, 8(3).

Vemula, A., Muelling, K. & Oh, J., 2017, Social
Attention: Modeling Attention in Human
Crowds, arXiv preprint, arXiv:1710.04689.

Vlachos, M., 2017, Dimensionality Reduction,
In: Encyclopedia of Machine Learning and
Data Mining, Edited By: C. Sammut and G.
I. Webb. Boston, MA, Springer, US, PP.
354-361.

Wang, S., Tang, J. & Liu, H., 2017, Feature
Selection, Encyclopedia of Machine
Learning and Data Mining, Edited By: C.
Sammut and G. |. Webb. Boston, MA,
Springer, US, PP. 503-511.

Xiao, F., Ligteringen, H., van Gulijk, C. & Ale,
B., 2015, Comparison Study on AIS Data
of Ship Traffic Behavior, Ocean
Engineering, 95, PP. 84-93.

Q‘)&‘G|S JJJJ;,‘U:L\_;L.H
Ve ey ® aslen oolad ™ s Jlw

a9



. &
w7

0% GIS

VEe e Gl ooz ojlads e yew Jlo I GIS ¢ je0 5l i
Vol.13, No. 4, Winter 2022 Iranian Remote Sensing & GIS

89-100

Finding Optimal Contextual Parameters for Real-Time Vessel Position

Prediction Using Deep Learning
Alesheikh A.A.** and Mehri S.?
1. Full Prof., Dep. of Geomatics Engineering, K.N. Toosi University
of Technology, Tehran

2. Ph.D. Candidate, Dep. of Geomatics Engineering, K.N. Toosi
University of Technology, Tehran

Abstract

About 80% of world transportation happens at sea. Therefore the safety of vessels, in particular
during vessels’ movement, is crucially important. As different contextual parameters affect vessels’
movement, selecting optimal contextual parameters is one of the main changes in vessels’ Context-
Aware movement analysis. Toward this end, a Long Short-Term Memory (LSTM) network is used
for wrapper feature selection to identify optimal contextual parameters for vessels’ movement
prediction. To do this, the Automatic Identification System (AIS) dataset from the eastern coast of the
United States of America collected from December 2017 is used. All possible combinations of three
contextual parameters, including speed, course and vessels’ presence probability in different positions
at sea, were evaluated using the wrapper method in the LSTM network. In all evaluations, 70% of
data was used for training and the remaining for cross-validation. The results selected speed and
presence probability as optimal contextual parameters for vessel movement prediction. The model
trained with optimal contextual parameters is 26.98% more accurate than a model trained with all
available contextual parameters and 16.14% better than a model without contextual parameters.
Therefore, selecting optimal parameters from available contextual parameters can help improve the
accuracy of vessels’ predictions. Keywords: Context-Aware, Long Short-Term Memory, Automatic
Identification System, wrapper, Movement prediction, Context.

Keywords: Context-Aware, Long Short-Term Memory, Automatic Identification System, wrapper,
Movement prediction, Context.
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