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datAcron project” - our vision

* advance the management and integrated exploitation of
voluminous and heterogeneous data-at-rest (archival data)
and data-in-motion (streaming data) sources, so as to ...

* advance the capacities of systems to promote safety and
effectiveness of critical operations for large numbers of
moving entities in large geographical areas

— Vessels
- Aircrafts —
g::‘ :AM ’*‘j \,._r-.

* EU H2020 project under call ICT-16-2015 “Big Data Research”

(duration: 1.1.2016 — 31.12.2018) Big Data Analytics for Time Critical Mobility Forecasting 5
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Our objectives

* Big Data management

— Scalable, fault-tolerant
cross-streaming in-situ data processing

— Distributed management and querying of
integrated spatio-temporal data

* Big Data analytics

— Analytics for trajectories detection,
short- and long-term prediction

— Analytics for complex event recognition
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From big data to big spatial data...

= Big Data

“is high-volume, velocity and variety
iInformation assets that demand cost-
effective, innovative forms of
iInformation processing for enhanced
insight and decision making”

So most of big
databases & social
networks are likely to be

800/0 1 5B 900/0 geographical !

of all data contains Internet of all mobile
some reference to connected devices devices are
geography* by 2015** location-aware*
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A few words on the big data context

‘4 Large Hadron Collider:
i-“i 0.001% of sensor stream

Y "% data from experiments Square Kilometre Array:
Twitter: —> 25 petabytes per year highly accurate radio
500,000,000 microposts telescope data
per day ﬂ — 350 exabyes per year
—> 3.5 terabytes per year Daily data uploads o
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A few words on the big data context

2014

FIGURES ABOUT DATA
PROCESSED BY
SAFESEANET

AIS POSITIONS RECORDED BY NOTIFICATIONS RECEIVED

OVER 700 COASTAL STATIONS (PORT CALLS, DANGEROUS AND
POLLUTING CARGO, INCIDENT
REPORTS)

‘g’ 2.5 billion % 5+ million

Sensor data from a cross-country flight JI‘ 2214

USERS SERVED
(NATIONAL AND

H CENTRAL LOCAL AUTHORITIES)
SAFESEANET
0TER 2 X 6 R28537%8 365
20 terabytes of twr-engre sa-hour, ross- % of commercial days 8 year (EMSA 2014) volume
mnformation per Boeng 737 country fight from  fights in the skyin . ', ’
engne every hour New Yorktolos  the United States on multiplié par 1.5 en 2016
Angeles any grven day

=2,499,841,200 TB

Source: HP



A few words on our big data context ...
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. Greenland. sk

Worldwide vessels positions acquired by satellites

Online tracking, early recognition of events, and real-time forecast of vessels
trajectories are crucial to safety and operations at sea !

Our objective is to review research challenges tied to the integration,
management, analysis, and visualization of objects moving at sea as well as to

provide a few suggestions for a successful development of maritime forecasting

and decision-support systems 5



The Maritime domain

Maritime navigation faces several crucial issues due to worldwide traffic
increase, staff reduction, piracy & terrorist risks

Maersk Containership Grounds in Southern ltaly
January 10, 2017/

Five Dead, Six Missing After MSC Containership Collides with
Fishing Vessel Off Ecuador
December 19, 2016

LI1DISARN % - <2
C1ILON R R B B T o S,
ACET, AR e TR~

o1 531980 Eibrras = AR R |

Up to 80,000 Trout Escape After Cargo Ship
Crashes Into Fish Farm in Denmark
October 11, 2016

Source: gcaptain.com 13



Heterogeneous data integration challenges

Data Integration, Data

Management and Mobility Analysis, Event
Processing Detection and

’ Trajectory Prediction

Synthetic
Aperture Radar

Positioning
Systems (e.g. AlS)

%
B o |
o\ G

Cartoszkévbh—ié Data

Monitoring,
’ Visualisation,
Simulation

Decision/Aid
systems E@D

Data
Other Sensors (e.g. Coastal Radar)
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ST data processing: big data challenges !

Volume and Velocity

15 million messages/day (14 800 000 AIS, 54

000 VMS, 31 000 LRIT), from 79 000 vessels
[EMSA, 2015] Historical & aggregated data, geographical & environmental data,

contextual data, meta information

Noisy and error-
prone date due to
receivers limited
coverage,
positioning
devices switch-off

Trajectory translation Trajectory rotation

Veracity Issues Multi-scale assessment with pseudo-synthetic labelled data



datAcron project “philosophy”

Data driven knowledge discovery pipeline

Hm
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Towards an integration of very large maritime trajectory
data

®
%
4

Challenges ahead:

- Integration of in-situ

Visual Analytics streaming data

e

Complex Events 1 .
Recognition and o
Forecasting 4

Distributed
RDF
Data

Integmtim

- Trajectories detection
and forecasting

Trajectones
Detection and | <= - Recognition and
Forecasting . .pe .
= identification of

In-Situ Processing complex events
Components

Query

SpatioTemporal
Data
Transf_ntmlalim

% - Development of visual

N analytics interfaces for
s Streaming mar.lt.lme experts and
Datasources decision-makers.

Archival
Datasources




Towards an integration of very large maritime trajectory

data

The datAcron Architecture

E.g., third-party
. web service §

External data sources
(dota-at-rest)

I. E.E.. poris, '
I amrcrafty... :
I L

| -,

I

" Mon-positional data
{(Weather, Flight plans,
Regulations, ...)

——

Lompressed
stream

Survaillance data :

|

Enriched
stream

Row dala streaims
{data-in-motion)

L

Data Manager

Queries and Analysis Results

Lusenes and
Analysis Besufts -
Event
Integrated Recognition
SLraaim &
Compressed

stream

Enriched
stredam

_________t________,_"'

Visual
Analytics

Four main data streams:
- Raw streams of surveillance data

- Compressed stream (=trajectory synopses)

- Enriched stream (low level events)

- Integrated stream (synopses linked with other data)

3

Users



datAcron Ontology

hasTemparalFeature"’[t'me:TempmlE"t'wJ —
> h moving_object ]1—-~
[SpatioTemporaII [ time:Interval \ refersTo
< hasTemporalFeature S
hasSpatialFeature [time:lnstance " |hasPart| |hasSuccessor ,[ Trajectory }
\ T T 7 /. f___.--*"‘

[ sf.Geometry

_____ hasSpatialFeature] N\ \ /

Loy,

A[SW:WeatherCondition]

_JcoOccurs

[HighLevelEvent LowLevelEvent ]
-------------- === A
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Aviation Events ~ Maritime Events Turn
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—_ "\ 1VV ST — IntendedTrajectory
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')[TrajectoryPart]‘ ZE s — ActualTrajectory
hasLast ; .
—  RawTrajectory
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[SemanticNude N Notation
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—1Property[»

P

'sw: <http://sweet.jpl.nasa.gov/>
:sf: <http://www.opengis.net/ont/sf#>

itime: <https://www.w3.0rg/2006/time#>
dul: <http://www.ontologydesignpatterns.org/ont/dul/DUL.owl#>

|
|
I
|
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subProperty%f J

--------------------------------------------------
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hasWKT| -____ :TemporalFeature
\POINT(32.000 48.000)" ,// Pl
'2015-10-01 18:00°\ — ~~ T-oiMovingObject
4 [thasGeometry] "2015-10-01 14:02:47 T e
- 4 o
— = = — {:hasWeatherConditions|= = =~ // T
N / :Temporal?ea!ure '239233000" - --Cves239233000
N I P asMM3) :headingChange e -
weather data = TEENS temyme =

AlS data

ofs_4_20151001_1200_003.qrb2

10/0172015 15:00 GMT | §7500.00 Pa
Temperature_isobaric (K)

238.80 254.20 269.60 285.00 300.40 315.80
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Visual analytics: Data transformation

Events per time mterval and counts
i W EEEI N NN (N mN W

Spatial events

4 16/10/2015; 20:30:00.000 ‘WEMU/ZUWS; 21:117:00.000

integ rate ' ag gregate extr—act e {1871 0/2015; 20:32:00.000 15 minutes 16102015, 20:47:00.000
disintegrate, e : Local time series

Spatial time series

extract (place-based) e
Trajectories - ' - rojections(views)
: = aggregate Spatial time series
= link-based b
: ( ) =/ Spatial situations
’

saint-Pierre-  Kerangoff ! !
% Quilbignon - -

N

1340

Flows between areas ™



Graph

Populating the datAcron ontology

Users

A

template uariable5|‘~_\ g Y
- )
data Tri
riple
cource | 7| Generator [T Query | Result
Engine |Renderer

| TaircraftlD, ?latitude, ?longitude, ?altitude, ?speed,

EEn EER L N Encnder
-
Triple |
source | data [
connector Generator
Graph variables
template

?heading, ?status, ?date, ?time[

[001, 35.33972, 25.1803,

- -
data
| - Triple
[ isnurce 0, 40, 30, take-off, | Generator | ”

connector| (2016/7/11, 15:21:30UTC]

makeSemNode(?aircraftiD, ?date, 7time, ?status) a :SemanticNodeh
SemanticNodeRefersTo getaircraftURI(?aircraftiD);
SemanticNodeTimeStart datetime(?date, ime);
SemanticNodeTimeEnd datetime(?date, ?time);
:SemanticNodeStatus asString(?status);

:SemanticNodeHeading ?heading;

:sn001 1468239690 toff a :SemanticNode;
:SemanticModeRefersTo :aircraftO01;
SemanticNodeTimeStart "2016/7/11, 15:21:30UTC";
:SemanticNodeTimeEnd "2016/7/11, 15:21:30UTC";
:SemanticNodeStatus "take-off";
SemanticModeHeading 30;

:hasAltitude 0;

:SemanticNodePosition :geom35_33972_25_1803;
:has_ground_speed "20.58".
:geom35_33972 25 1803 a :Geometry ;
thasMBR_WKT "POINT (35.33972 25.1803)".

:hasAltitude feet2meter(?altitude);
SemanticNodePosition getGeom(?lon,?lat);
:has_ground_speed knotsZmeterps(?speed).
getGeom(?lon,?lat) a :Geometry ;
:hasMBR_WEKT getMBRGeom(?lon, ?lat).

datAcron
ontolo gy

23



In-Situ data processing: Towards data synopses (1)

"Derived Stream to other datACRON modules

Trajectory Trajectory

| |
a I : Reconstructed I | [ : Trajectory
E I Constructor Trajectories I COI‘I‘IpI"CSSOI‘ [ Synopses
taﬂ ud 110 &/ : I Illl : I
T a1 I
- . | Q . SELY
@] & | — ) |
L MHEE PRI S B ISR
5 JER: aAx TR |
T Z E g1 Hno 8 I
=TIy = 3 L-IlI‘” | .
—1 LI EREES__T _

Cross-streaming data integration with contextual information (e.g., weather data) enables
further effectiveness in detection and predictive analytics.

The challenge is to address high levels of data compression without compromising the
accuracy of the prediction / detection components.

24



In-Situ data processing: Towards data synopses (2)

Shortening the time needed for detecting patterns of interest within a single-

or cross-streaming process and for instance using distributed stream
processing architectures.

Integration of streaming-based and contextual data

» Search for data synopses

N S -
.‘ .
| \
Pause b |
| Speed O
| change
Turn
-/_/‘ i\.‘\‘
. .
o \ I
Gap 3
Smooth ¢ Slow motion
turn = 2
® io4
. //

Long-term
Stop



In-Situ data processing: Towards data synopses (3)

e Empirical study over a real AlS dataset — courtesy IMIS Hellas
— Period: June-August 2009 for 6425 vessels
— Size: ~23 GB - 168,240,595 timestamped
positions m ;:ﬂ‘“&
— On average, each vessel reports once GRS & 5, A< =
every two minutes

— Mean arrival rate: 50 positions/sec
- very low for a data stream system!

+ artificially increased rates
— Calibrated empirical parameterization for mobility tracking
e Lessons learned:
— Timeliness: critical points issued within msec for various window sizes
— Compression: up to 98% reduction compared with raw AIS data
— Quality: tolerable approximation error (RMSE)
— Scalability: increased data volumes at varying arrival rates

26



Trajectory detection and prediction

"""""""""""""""""""""""""""""""" R R AR LA Ry

omemaooolo D T T .

i 1 Data Analytics | ! Trajectory Predictor :

I o e e e e : [ = = = = = = = === — - = D e e e e e e e e e |
[ oo -

! I Global i 'Local model extractor, i | Location Predictor ! :

| I Patterns I : jF = = = = = = = = = - P omm - —mm - mmmm--o=== [

: o9 : Y 5 : i :I Predicted || Motion o :: :

: é -a | Ks-\ TR : |: S 5 v § Trajectories: : Functions E g L

E AN SRR S L ER |- 3",

IS E| EEE e | SE EE < £ g
< i ot s o 0 @ I S = !

I i (R 5 = 3 _ | O R

| | ﬁLi \?‘ |1 E : | E ~ Of [ e e : | ﬁ.__ : P

I | i 1L : server | clients Pl

I , o 1 i Emmm e ——=1 P — p—

g T
Derived patterns Derived models PIEdiCﬁV? range q TSEHS;]O Oﬂ?rl

to RDF store e O RDE stOTE R L s A, modues

- Taxonomies and ontologies provide alternatives to bridge the gap between low level
data from maritime sensors and maritime domain semantics,

- For example to enhance the integration of maritime information, to model ships’
behavior, for patterns identification, abnormal behavior detection, and prediction.
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Event pattern detection
|

Recognized

Output to other components

Data
Streams DB with
contextual
information

and pattern

Spatial pre-
processing
>|: | r

Output to other components
Forecasted

Events

Event Forecasting

The range of possible events of interest is very large, from detecting vessels in distress
and collisions at sea to discovering illegal fishing and any other illicit activities
occurring at sea such as contrabands and smuggling. 28



dataCron sample maritime data

Training Dataset Characteristics

NARI

IMISG

Number of
positions

months)

. Time period

§0ctober 2015 -
19,152,196 March 2016 (6

Number of
positions

- Number of Average
different ships:  velocity

77 messages

4802 : .
. per minutes

3,779,626

. Time period

January 2016
. (one month)

- Number of Average
-different ships:  velocity

104 messages

4799 : .
. per minutes

+ MMSI country codes, navigational status, detailed list of types (csv)

29



Detecting, predicting, planning... warning

I —

MA RECETTE

——
—

JACHETE SINON,
M# VIANDE AVEC LEURS
(Ci STATISTIQUES,
ILS FiniRONT,
UN JOUR, PAR.
CONNATTRE.
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Interactive detection of events

Sample dataset from IMISG, January 2016

31



Detecting events: Loitering ... ?

Detected events based
on synopses

Long range straight
trajectories = suspect
events

Looks like « commercial
ship », not fishing
vessels

Typical loitering
trajectory

Suspect detected .- -
events
- straight trajectories

Raw data from « IMISG data set » based on mmsi / startTime / endTime of detected events
« All detected events based on synopses

32



Detecting events: Loitering (incoherent speed: > 6 knots)

Loitering speed is about
3-4 knots

Raw data from « imis data set » based on mmsi / startTime / endTime of detected event
o Filter : speed>6knots
Some detected events are over the « loitering speed »

Long range / high speed => typical cargo-tanker-commercial ships trajectories
33



Detecting events: speed incompatible with a given area

Detected events

Compared with speed
transmited in AIS
message

In red : speed over 15
knots

What is the criteria 6 in the detection event algorithm ?

speed

34



Visual analytics
OO0

-
O O Data Storage
- Raw Data
rAutomatic Analysi; - Transformed Data .
-
——3| - Clusters Visualization
Methods 1 - Models e _Ma ?\fLiI:WS ations

- Data Transformations " y i Timpe Graphs
- Statistical Methods - Histogramms
- Clustering Algortihms - Scatterplots
- Regression Analysis O. - Graph Representations O
- .. , -‘ .
\_ Y, [ Data Selection & " )‘\ A

? -grouping f NS

! - Attribute Filters | > A -

\ - Direct Selection TSN I .

\ - (Re-)Grouping h 7

v
\ .. V1 @0 [
N \_ J L /
Data Flow\“"""- ___________ Visual-interaktive ¥

—=3% Control Flow Ul Controls

...... p» Perception and Reasoning

The objective is not only the reconstruction of vessel trajectories and computation of
events and BUT also multi-scale visualizations of data and patterns via advanced analytics
techniques. 35



Visual analytics

. . . . Visual
~ Contents lists available at ScienceDirect Infainiitcs
- . # - -
4 . Visual Informatics
& 899 . <f>>“

Y
e o N . . p e
G UHE journal homepage: www.elsevier.com/locate/visinf

Visual exploration of movement and event data with interactive time
masks

Natalia Andrienko *°, Gennady Andrienko *"*, Elena Camossi ¢, Christophe Claramunt¢,
Jose Manuel Cordero Garcia ©, Georg Fuchs ¢, Melita Hadzagic ¢, Anne-Laure Jousselme ©,
Cyril Ray ¢, David Scarlatti’, George Vouros ¢

2 Fraunhofer Institute IAIS, Sankt Augustin, Germany

b City University London, London, UK

€ NATO Science and Technology Organization, Centre for Maritime Research and Experimentation, Italy
9 Naval Academy Research Institute, France

€ CRIDA - Reference Center for Research, Development and Innovation in ATM, Madrid, Spain

¥ Boeing Research & Technology Europe, Spain

£ Department of Digital System, University of Piraeus, Greece
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Interactive detection of events (1)
| Brest.~~

1323 2646

D 789

0.0

Plouzané

D

Lanveo

B

Density of the extracted near-location events (left: all events; right: the events that occurred in the main traffic lanes)

0312008 0452009 0572009 06/2009 0752009 0842009 09/2009
Nvessels py tme steps of T howrs

Brest—o"

/89

LQnRvVeQ

10/2008

1172009 122004

N near-Jocation events by time ste

Mﬁ.ﬂi

[V Time mask v FPropagate:

Remake I

start= end= 20/ 2/2008 10:00:00

1140242009 16:00:00 step= 1

hours v length= 7482

1.00 <= N near-location events by time steps of 1 hours <= 71.00

total: 7483
selected:248

A time series display shows the counts of the vessels (upper row) and the near-location events
(lower row) by 1-hour time steps. A query selects the intervals containing at least one event
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Interactive detection of events (2)
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Interactive detection of events (3)
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Visual analytics: Data exploration
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The main visual analytics challenges are :

- to develop interactive and scalable data exploration and

- patterns extraction of both archival (data-at-rest) and streaming (data-in-motion)
spatio-temporal data at varying levels of resolution.
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Towards a maritime decision support and forecasting system

Raw AlS data

Contact-based clustering

Stopping/stationary areas

Route Extraction

Synthetic Route

. . ot ,,5:“8:4, -
Vessel-to-route association g Pl \
;gfﬁi/:’)’ :_‘__.f “-.% 51.51%
54 § S

Position, Route and  Maritime Situational \ \ N
. . . . . . \ S ™~
Destination prediction Indicators detection \_ ; S ]
e . /\

The underlying challenges are :
- to properly capture the human generated information including the associated
uncertainty assessment so it can be meaningfully aggregated with other
information from physical sensors or databases,
- to ensure that the system outputs meaningful, interpretable and unambiguous

results on which the user can take appropriate decisions. i



Back to the air flight domain...
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Back to the air flight domain...
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Conclusion

The maritime environment provides many research application opportunities and
research challenges !

We introduced a series of current computational issues still opened and suggested
several research directions for a successful integration, manipulation and analysis
of maritime trajectories.

The scientific domains covered are very large thus opening several opportunities
for pluri-disciplinary research, let us mention:

- ontology and conceptual data models at the data integration level,

- data mining and visual analytics for the ability to discover patterns
within large volume of data,

- machine learning for streaming data, information fusion for the ability
to combine information from different sources and deal with uncertainty,

- human factor and decision-aided systems
- transportation & maritime sciences
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