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Informacija apie tyrima

m Tyrimo objektas:
m jury transporto priemoniy eismo duomenys

m Tyrimo tikslas:

m Stirti ir pasidlyti badus jury transporto duomeny Klasifikavimu ejprasto
eismo aptikimui.

m Tyrimo uzdaviniai:

Q apzvelgti esamus jury transporto klasifikavimo ir nejprasto eismo
aptikimo budus AIS (automatinés identifikavimo sistemos) duomenys

Q istirti klasikinius jary transporto klasifikavimo ir nejprasto eismo aptikimo
AlS duomenyse badus;

Q istirti ir pritaikyti giliuoju mokymusi grindziamus algoritmus transporto
duomenims klasifikuoti;

Q atlikti eksperimentinj klasifikatoriy vertinima.

m Planuojami rezultatai:

Q jary transporto eismo klasifikavimo ir nejprasto eismo aptikimo
algoritmus jgyvendinantis programy sistemos prototipas.



2018/2019 darbo planas
STUDIJU PLANAS

m Moksliniy tyrimy publikavimas:
O Empirinio tyrimo rezultaty publikavimas recenzuojamu

m Dalyvavimas konferencijose, seminaruose, kitose
doktoranty mobilumo veiklose:

O Disertacijos empirinio tyrimo rezultaty pristatymas tarptautinéjé
konferencijoje.

O Disertacijos iSvady pristatymas tarptautin€je konferencijoje



Ataskaita uz 2018/2019 mokslo met

m Moksliniy tyrimy publikavimas:
Indeksuojami WOS periodiniai leidinial
O Venskus, Julius; Treigys, Povilas; BernataviCiené, Jolita; Tamul

m Recenzuojami leidiniali
O Venskus, Julius; Treigys. Meteorological Data Influence on Missing

etection
: MDPI.

Gintautas; Medvedev, Viktor. Real-time maritime traffic ano
based on sensors and history data embedding // Sensors. B
ISSN 1424-8220. 2019, vol. 19, no. 17, art. no. 3782, p. 1-10.
10.3390/s19173782. Q1

Type Detection Using Deep Multi-Stacked LSTM Neural Network // Xl
International Conference Computer Data Analysis & Modeling 2019
Stochastics & Data Science. Proceedings of the Xll International Conferenc
September, 18-22, Belarusian State University, 2019 Minsk, Belarus, ISBN-
978-985-566-811-5

Venskus, Julius; Treigys. Preparation of training data by filling in missing
vessel type data using deep multi-stacked LSTM neural network for
abnormal marine transport evaluation. Proceedings of Abstracts. ITISE
2019 International Conference on Time Series and Forecasting. Granada,
Spain, September, 25-27, 2019, ISBN 978-84-17970-79-6
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Ataskaita uz 2018/2019 mokslo me

m Pranesimai konferencijose
m Stendiniai:
O Venskus, Julius; Treigys. Preparation of training data by

s Zodiniai:

missing vessel type data using deep multi-stacked LST
network for abnormal marine transport evaluation. ITIS
International Conference on Time Series and Forecas
Spain, September, 25-27, 2019

O Venskus, Julius; Treigys. Meteorological Data Influence on Missin
Vessel Type Detection Using Deep Multi-Stacked LSTM Neural
Network // Xl International Conference Computer Data Analysis &
Modeling 2019 Stochastics & Data Science. September, 18-22,
Belarusian State University, 2019 Minsk, Belarus



Ataskaita uz 2018/2019 mokslo met

m Dalyvavimas seminaruose, kitose doktoranty m
veiklose:

O Venskus, Julius; Treigys, Povilas; BernataviCiené, Jolita;
Arliinas. Aspects of data collection for abnormal marin
evaluation // DAMSS 2018 : 10th international worksho
analysis methods for software systems", Druskininkai, Lithuania,
November 29 - December 1, 2018 : [abstract book]. Vilnius : Vilni
Universitetas, 2018. ISBN 9786090700433. p. 88.

O Pranesimas: VU Duomeny mokslo ir skaitmeniniy technologijy
instituto KSG seminare: Venskus Julius, Savi-organizuojancio
neuroninio tinklo (SOM) ir virtualaus feromono integravimas nejprasta
laivy eismo aptikimui, 2018m. Vilnius
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Continuation of 2016/2017/2018 wor

2016/2017 created algorithm for vessel abnormal movemen
based on SOM with integrated virtual pheromone and comp
M.Riveiro SOM-GMM algorithm.

Unsupervised Neural Network Retraining: Real-time Maritim
Anomaly Detection Based on History Data Embedding
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Big data of marine vessel trc_\
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Marine transport — 9
trade

High risk of marine t
incident

Earthly detection of
activity gives opportun
minimise accident’s risk
The world's merchant fleet a
of January 1, 2018, with a
breakdown by type. Of the
around 53,000 merchant ships
trading internationally




Maritime traffic anom

Khatkhate et al.(2007) use the following definitio
mechanical systems: [a]n anomaly is defined as
deviation from the nominal behavior of a dynd
system and is of-ten associated with parametric
non-parametric changes that may gradually ev

fime."

Goals of detection:
» Vessels collision.
« Vessel traffic into shallow water or other obstructions
* Vessel malfunction
» Vessel hijack
« Smuggling
« Espionage or reconnaissance
* Piracy
* lllegal fishing
« Military manoeuvres
 Territorial violations




VTS — Vessel traffic service.
Control and navigational
services. Rescue initiation.

AlS — Automatic A o
identification system. IT%S.VISCM &
Vessel ID, position, speed, L~

heading, status, port call,
vessel type and etc.

AlS, VTS and missing data -

Missing a vessel type
information in marine traffic
data

Depending of data source,
missing



Data collection from multipl
open data sources

System architecture of Marine vessel traffic data collection
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Data preparation

Data clean up and preparation for model training
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Assigning a meteorological data location to vessel track point by
Nearest neighbour
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Forming data sequences

Sequence of vessel possition data
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state elements of the vessel fused with weather conditions
Sliding sequence frame the geographical location.
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Architecture of stacked LSTM deep neure

LSTM(128) LSTM(128)




Validation on real data

Geographical region - Rotterdam harbor area, The
Data time period — November 1, 2018 to November

. / = i R
Vessel traffic data collected: Pty ! .’gf‘« . o
Data vectors |Persentage| ["“"#%% o -
Vessel type available 1.20E+06 4.12% qung?tint "
Missing vessel type 2.78E+07 95.88% a‘.r‘a‘.ys ;
Total 2.90E+07 100%

Meteorological data collected: | |
e °  Vokietija

Marine nkfurtas
Astronomical | weather data b
Area data vectors vectors S S~ Siovakila

Vector quantity 3000 18000 ) e A kddrmrias
Vector size 0.4kB 3kB _
Data split for training and testing:

Sequences of vessel

position data Persentage
Training set 600000 50%
Validation set 355000 30%
Test set 240000 20%

Total 1195000 100%




Visualization of marine
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Visualisation of marine traffic in Rotterdam seaport area.
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Resulis

Only vessel traffic data:

Accuracy
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Table 1: Trend of classification accuracy for different network settings
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Meteorological data included

Meteorological data excluded
Layers | Cells Accuracy
2 245 0.78
3 215 0.79
4 195 0.77
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0.93




Future work

Marine vessel movement prediction based on av
position data.

Anomalous marine vessel traffic detection ba
LSTM network.
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