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Ship digital twin

O Data driven Digital twin

Digital representation

4

Digital twin of ship

O allows for continuous monitoring, analysis and optimization .
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Research question

Complex: traffic Complex waterways Complex operational conditions Uncertainty in ship dynamics

Ship tracks

Seabed

Digital twin development

---------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
................

Can we use deep learning methods to capture ship systems

and then optimize ship operations in real conditions?
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Research focus — 2 main deep learning layers

O Big data collection at sea

O Idealisation of the operations of ship energy systems

O Idealisation of the operations of hull and propulsion systems

Ship fuel consumption

Digital representation

g

. Digital twin of ship .

F Y

7~ ™
Layer 1: Digital twin of ship energy system
v
Forward layers AB-LSTM Backward layer
Data streams LST™M LST™M
Attention layers
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Layer 2: Digital twin of ship motion system
( Transformer h
Data streams s Encoder === Decoder
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6-DoF ship motions



Method (1/3) — Big data collection
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Methodology (2/3) — Ship energy systems

Ship fuel consumption

R/

‘ % Fuel consumption prediction layer

v’ Attention mechanisms
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Methodology (3/3) — Hull motions & propulsion

Automatic identification system (AIS) Hydro-meteorological data Waterway conditions

Static data

Wave conditions
Dynamic data ”‘ Wind conditions

Nowcast data from NOAA, Tidetech Bathymetry data from GEBCO

i

R

"""" 1 ( \
! : Interpolation :

......

P e et Bttt
) Multi-source data : ]
1 integration r

% To recover the real operational conditions

A

Ship maneuvering data (Ruder, RPM, speed, heading)
6 DOF (Surge, Sway, Heave, Roll Pitch, Yaw)
Hydrometeorological conditions

Bathymetry data
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Desired heading

% Ship motions prediction layer:

Desired speed

Propeller RPM

Rudder angle

Transformer

Generative Pre-trained Transformer

Wind

Wave —

INPUT
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Decoder

7 4

» Encoder

~

J \

Transformer

Port A

Ship trajectory

o x

u (Surge)

OUTPUT




Case studies

O Digital twin of ship energy system for the O Digital twin of ship maneuvering
predictions of ship fuel consummation system for 6 DOF prediction

IMO: 9843405 IMO: 9773064

Vessel Type : Bulk Carrier Vessel Type :Ro-Pax ship

DWT: 81,600 t DWT: 491340t

Length x Breadth : 229 x 32 m Length x Breadth : 212.0 x 30.6 m

Q Q
Q a
Q Q
Q Q
Q Q
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Results of layer 1 (data streams and model)

20

" O Model training and validation
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Results of layer 1 (model training / validation)

O Comparison of real and predicted ship fuel consumption
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Results of layer 2 (data streams and model)

Tallinn

Depth[m]

v Ship trajectories

v' Bathymetry map
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255, 1 \ | |
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* Ro-Pax ship in Gulf of Finland
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* 500 different routes

= 60s intervals

A
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O Model training and validation

»= QOperational conditions and maneuvering

commands set as inputs

= Ship motions set as outputs

= 80% of data used for training the model

= 920% of data used for validation
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Results of layer 2 (model training / validation)

O Comparison of real / predicted ship motions 0 Performance evaluation using R? value

‘—Ground truth —Prediction‘
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Applications on sustainable ship operations

O Ship fuel consummation prediction for whole voyage

[ Voyagel | Laden condition Vancouver / Yantai 7223.90 nm
Ship Ship Engine operation
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5
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* The ship digital twin can accurately capture ship energy system for * The iterations within the optimization process can help
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Applications on safe ship operations

O Ship turning circle prediction
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* The trained deep learning neural network can accurately

capture ship motion dynamics in real conditions
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O Safe ship operations

Safe ship
maneuvering commands

Dangerous ship
maneuvering commands

. Ship n.lot.ions Proactiyfe risk
| prediction i ! cogmition
T I Predict Estimate T
3 | ™
iShips % q W External
rinformation /. Binformation |

Ship maneuvering commands can be determined for proactive

navigation avoidance



Conclusions

Al based ship digital twins may contribute to safer and sustainable ship operations

Prediction of ship motion dynamics reflecting hydro- meteorological conditions (i.e.,
wind, wave, currents, etc.)

Ez

il
P

Estimation of ship fuel consumption of whole long voyage
aﬁ Optimization of ship operations in real operational conditions

@ Intelligent navigation monitoring and decision support systems
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Thank you!

Questions?

o
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