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Who am I?



Who are we?
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Our USP: Where do we live?



Our USP: Where do we live?



USP



Our 2nd USP : Where do we live?



USP2: Testbed for maritime research



Inland shipping



ON THE VESSEL · CONTROL HIERARCHY

global path local re-plan (COLAV) path follower (rudder & thrust)

deploy
policy

OFFLINE · HOW THE CONTROLLER LEARNS

Real-time data
live telemetry of
vessels in operation

Geospatial trajectories
past AIS tracks of
real voyages

Simulation
synthetic roll-outs
from the digital twin

Training
RL · reward predictor

policy π env / sim
action

state, reward

Trained controller

global · COLAV · follower

three policies, one stack

Digital twin · model libraries
pick fidelity by need: cheap surrogates for early training,
full physics for validation

Plant models · the ship

point-mass · kinematic ·
MMG 3-DoF · full CFD

Environment models · canal

network · segment ·
manoeuvring · hydro

drives the
simulator

Inland shipping
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Inland shipping

Train an AI agent

- We need to know ship
- We need to know the 

environment
- We need data



Inland shipping
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What is a Digital twin?

System

Disturbances Sensors (y)

x=f(x,u)

Decision making

Plant

Environment
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What is it to me?

System

Disturbances

Goal Actuators (u)

Sensors (y)

x=f(x,u)

Controller
u=g(x)

Plant

Environment

MODELS
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What are the different models about?

Environment
Control

Plant
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Data driven control
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How to build a control model for a shipON THE VESSEL · CONTROL HIERARCHY
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Data Driven Control

State + Action => Value



The clue of control is in the reward prediction

State + Action => Value



The issue is Data and Complexity

State + Action => Value



Data issue

State + Action => Value

Geospatial Data SimulationReal -Time



Data issue

State + Action => Value

Geospatial Data SimulationReal -Time

Expensive scarce Accuracy

We need to combine



Complexity issue
 Split the problem
 Simulate what you need
 Multi agent approach



Complexity issue
Split the problem

ON THE VESSEL · CONTROL HIERARCHY

obstacle

1
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2
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3
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10 Hz · rudder & thrust

deploy
policy
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• Simulate what you need

Complexity issue

Complexity

Surrogate models



Multi Agent:



Results

Green: standard path
Magenta: RRT* path



Results Surrogate model:

Metric Value

Mean Track Error Integral (mTEI) 1.11 m

Maximum Track Error (MTE) 12.70 m

Mean Rudder Angle (mRA) 2.41°

Maximum Rudder Angle (MRA) 13.18°

Mean Rudder Angle Change 
(mRAC)

0.24°/s

Mean Surge Velocity (mu) 5.0 m/s

Maximum Surge Velocity (Mu) 5.0 m/s



Results full sim

Metric Value

Mean Track Error Integral (mTEI) 0.93 m

Maximum Track Error (MTE) 2.77 m

Mean Rudder Angle (mRA) 1.49°

Maximum Rudder Angle (MRA) 5.96°

Mean Rudder Angle Change 
(mRAC)

0.24°/s

Mean Surge Velocity (mu) 4.69 m/s

Maximum Surge Velocity (Mu) 4.98 m/s




Create videos with https://clipchamp.com/en/video-editor - free online video editor, video compressor, video converter.



What to remember

 The future of inland shipping depends on Autonomous shipping
 Autonomous shipping depends on digital twins
 Environment models of digital twins depend on geospatial data

 As data
 As fundaments of the digital twin models
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