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Challenges for Shipping Companies in Decarbonization

SHIPPING

: : : ; ] B W A
Tightening carbon regulations and supply-chain uncertainty are making maritime decarbonization more complex R e

Stricter IMO / regional carbon rules
CllI, fuel standards, emissions reporting

Compliance cost burden

Monitoring, verification, retrofit,
carbon cost

Fuel transition uncertainty

LNG, methanol, ammonia, biofuels,
future availability

Data and reporting complexity

MRYV, DCS, lifecycle emissions,
digital transparency

Investment and asset risk

Risk of stranded assets and
technology lock-in

“9 Uncertain Higher

decarbonization

voyage planning CAPEX/OPEX

Decarbonization decisions
become slower

Operational risk
increases rises

Operatlonal D|lemma

for Shipowners & Carriers

Need to cut emissions while maintaining
service reliability

Need to invest under uncertain technology
and policy pathways

Need to optimize cost, schedule, fuel, and
compliance at the same time

Need better visibility and decision support
across the fleet

Difficulty securing > L Higher risk of
green fuel A schedule disruption

Cost exposure

Complex emissions

compliance
decisions

\ A MORE RESILIENT

War and geopolitical disruption
Route deviation, sanctions, security risk

Port congestion and unreliable schedules
Longer waiting time and disrupted port calls

Fuel and energy price volatility
Uncertain bunker and alternative fuel costs

Supply-chain fragmentation

Equipment shortages and unstable
logistics networks

Demand uncertainty
Freight volatility and changing cargo flows

Reduced confidence
in long-term
investment

Digital and Al-based
decision support
becomes essential




DX and AX for Just-in-Time Arrival Voyage Operation | cLeaner.

Integrated approach to meet tightening maritime decarbonization requirements , | BRIGHTER TOMORROW

Dx (Digltal Transformation) Q lc)SLANECTS AX (AI Transformation) @B TURNS DATA

INTO ACTION

Builds the digital foundation: connect, collect, standardize, visualize THE OCEAN Adds intelligence: predict, optimize, recommend, act

E Ship Sensors & - Data Integration Digital Twin & E @ ﬂ _=f Scenario Simulation

Noon Reports b A~ A - '“ : :
i iti < P Evaluat it t
=== Engine, fuel, position, etc. Riatform Monitoring Dashboard Optimal Voyage Port Waiting Time Ship CO2 Emission VTS options
Operation Model Prediction Model Prediction Model
AIS / Voyage Data { Finds optimal speed Predicts port congestion Estimates CO2 emissions - L
((A)) / L TR - and route considering and berth availability under various operating = Prescriptive Optimization
LOCSION SPEeC, Toute, £t \ L Standardized ' & weather, port condition conditions lerkity bt aperstion pien
(] Data Flow : 3 () G and regulations
- L] -,
Q - Weather & Ocean Data _ L ‘ J
* Wind, wave, current, etc. , > :::g:?:::;ation

Real-time decision support

Integrated JIT Arrival Engine

Port / Terminal Data
ﬁ Berth schedule, congestion, ‘OQ e Synchronizes vessel ETA with berth readiness
terminal operation, etc.

e Optimizes speed and fuel use
® Minimizes waiting time and CO2 emissions

DX = Combined = v v t ¥ + &
Datavisibilty = QB Al-driven prediction ’ Operational decarbonization N ﬁ' “ Fuel & CO2 Higher Schedule

and connectivity and optimization through Just-in-Time arrival I e S et el Reduction Reliability
Speed Profile ETA Update Coordination Lower fuel use On-time arrival
. Optimal speed over Real-time ETA Synchronize with and emissions and stable operation
e A T Optimized Voyage voyage adjustment porttecmiaal

—

2 . l 7\ at Lower Speed

REAL-TIME DATA W o weather
INTELLIGENT DECISIONS = T ==  Optimized Route
GREENER VOYAGES g - = - .

=i Berth Ready ‘
n () Terminal prepared |

JIT Arrival
(Optimized ETA)

for amival

e

......

Key Outcomes | Lower Port Lower Fuel Lower CO2 Smarter Fleet
for ay Decarbonized Maritime Future l ‘ Waltiogifhvie ‘ Consumptlon ‘ ‘ Emissions j Operation

Less idle time at anchor More efficient operation Support net-zero targets Higher efficiency and resilience

I —
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5 Stages of AX for Low-Carbon Operation . ==
From digital foundation to autonomous Al-driven decarbonized operations -

DATA TODAY N e g . aR oAt e o e Lk TRETUT U ﬂ
CLEANER TOMORROW SRR e e : e 5 L1T s ALY e e
ﬁﬁ'" " )¢ X Al Transformation Se AUTONOMOUS

(Adds prediction, action and autonomy)

'
o

(Builds the foundation)

=

1 Data Foundation (DX) igi i Physical Al (AX) Agentic Al (AX)

Builds the trusted data base From insights to real-world action From single-vessel optimization
to autonomous orchestration

- o~
1=SPON
Ship sensors AlS / voyage Engine

(1oT) . data data BK. ‘o e @ vewas 24 T .
% ® OnRote 18 (Predictive Intelligence) - Al Control

ST : 44 ' S>>, i & ' ® et 4 § (Closed-loop)
-~ Oanmd VAN P el P e | @b oas 5 e e :
> o - : Operaton 2 Fuel consumption prediction =~ - -z

Fieet Overview

- ~ a e Adjust speed
= - 5 €O, / GHG emission prediction l , -7 €0 o imize rout
Weather & ort / terminal Fuel & 9 3 / -"Il T e g J o nd
~{> Manage energy

\ ion) /.
ocean data data emissions data _ N . e 2 : - o5 e e
. - ha 7 * ETA prediction /\/\/‘J : o g B =~
—~ o B ‘ / antie
2 = S Engine & Performance ' Emissions Port Status e o - e m Spged' tion 2 f‘g Ro:{t e ti ~ Q
. G : . . i Port waiting time prediction llll ORI ION Sy e OHMIAZALICE JIT arrival
o - g L = — orchestrator

o~ s ¢ Sn '/ ilin = | ln i - '_"4,"“ L. ( 5 ; 2 . ]
— - 2 7 y R -

i T A7 . o # Closed-loop
% Weather-routing prediction .‘) management control

Real-time monitoring Speed optimization Autonomous decision support
Vessel / route / port twin G} Forecasts future conditions { Route optimization 8  Fleet-wide coordination
Simulation environment ¢’ Predictive analytics Energy management Multi-objective optimization
What-if analysis &\ Risk and delay prediction Closed-loop control O Compliance-aware planning
Operational visibility gg Emission prediction Execution in real operations Continuous adaptation

Cloud / Data Lake
( Trusted Maritime Data )

Data collection

Integration & standardization
Data governance
Connectivity

-] ] CHC)

Real-time data pipeline

g Lower Reduced Just-in-time S Higher Smarter
Expected Outcomes fuel consumption l @ CO, emissions ‘ arrival TS schedule reliability |/l)|‘ fleet operation ll

DX builds visibility and structure; AX adds prediction, action, and autonomy. & TOWARDS A NET-ZERO MARITIME FUTURE




Just-in-Time Arrival (JIT): Concept and Benefits

CLEANER OCEANS
SMARTER SHIPPING
A SUSTAINABLE TOMORROW

Converting port waiting time into productive voyage time through Al-powered ship—port coordination

Ship rushes to arrive early and waits at anchorage due to port congestion

‘©- Rush and Wait (As-is)

Higher emissions
due to high speed

Original RTA of V.: Changed RTA of V,:
September 22, September 23,
10 AM ‘ 8 AM

Waiting time
= ATA - Original RTA

Voyage time
= distance / sailing speed

Adjusts voyage timing with Al-powered ship—port data exchange to arrive just in time

@ Al based JIT (GMDRT, to-be)

Less CO,
+ Optimal Speed

Original RTA of V,:

September 23,
8 AM

m Voyage time Z Waiting time
= distance / sailing speed = Changed RTA - Original RTA = 0

Reduced ‘ ‘
CO, Emissions

— - > R

3 R

Less Port
Wa|t|ng Tlme

Lower “ ‘
Fuel Consumption |

rd

o5 .

@

- R ;
‘@ Assumption

What if port waiting time
could be converted into
voyage time through an
Al-powered ship—port
data exchange model?

0 Lower CO, emissions
e Reduced anchorage waiting
@ Optimized speed profile

Improved schedule reliability

Smarter
JIT Coordination |I




GMDRT Project: AX Transformation

Integrated prediction and optimization framework for low-carbon and efficient ship operations

Predicts the optimal arrival timing

1) Just-in-Time Arrival Model |

Port & Berth Data

» Port congestion h
« Berth availability

» Port operation schedule
» Historical port data

4
Port Delay /
RTA Prediction Al

Cargo & Vessel Data

¢ Cargo information

» Vessel specifications
« Sailing schedule

« Historical voyage data

4
[ @ ETA Prediction Al ]

by estimating port delay and vessel ETA

2 Fuel & Carbon Emission Prediction Model

Engine Data L

Engine performance 7y S
Fuel consumption rate
Operational load
Historical engine data

-

Predicts fuel consumption and GHG
emissions under different operating conditions

Environmental Data

Weather (wind, waves)
Ocean current

Sea state
Environmental forecasts

v

L 2 & Fuel Consumption &
RTA = ETA Emission Prediction Al
E_:'® %Reea%“)'li'ﬁcr’n?’:tes‘ga: )" ival/ a (Estimated Time of Arrival)

L ] | *

\ 4
[ G JIT Arrival Window ] ﬂ
| Optimizes the route and speed using JIT arrival constraints

Delay time, optimal arrival timing, ETA-RTA synchronization
and emission predictions

hy— 7

Optimal Route & Speed Plan

Time, longitude, latitude, speed profile

Predicted Fuel & Emissions by Operating Condition

Fuel consumption, CO,/GHG emissions, efficiency metrics

\

—_— —_— - A

3 Optimal Route & Speed Optimization Model

©

JIT Arrival Window

Delay time, optimal arrival timing, >

ETA-RTA synchronization

Optimal Route
Prediction Al

Predicted Fuel & Emissions
by Operating Condition

Fuel consumption, CO,/GHG emissions,
efficiency metrics

Lower fuel
consumption

Operational
Benefits

e ———

Reduced

Reduced port
CO, emissions

waiting time

Improved
voyage efficiency

O

il




DX : Digital Transformation

* Ship Route Tracking — Route Modeling Basis data from AIS data

Approaching and Departure Intensity Map
= i e

)
N
o
>
4

Representative Approaching and Departure Data
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DX : Data Foundation

e Vessel Schedule Planning
- Source: TOS(Terminal Operating System) of PNIT, Busan New Port

- Attributes: Terminal code, Year of arrival, Voyage number, Assigned berth, berthing side, ATB, ATD,
Discharge and load cargo volumes, etc.

* Terminal Operation Planning
- Source: Busan New Port

- Attributes: Terminal code, Year of arrival, Voyage number, Work time, Discharge and load cargo volumes

* Weather Information
- Source: ASOS (Automated Synoptic Observing System), Korea Meteorological Data Portal

- Attributes: Precipitation, Wind speed, Wind direction, Humidity, Visibility, Solar radiation, Sunshine
duration

10 m Wind Field Wave Field (Hs & Direction)

a 9 gitude (deg
20234 12% ¥ ut@ 202349 128 3 otz
= =

23 &
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DX : Berth Delay Data

{v(callsign), b(berth), s, (start_time), d (end time),
cargo id, yard stack plan}

Terminal Initial Dataset

l

SR

Head(Bndge)Stem

ROUTE

EHUORAIE

HEHEEA

ESHUEIZA

T1(F) MSC MSGMNO0S  HWS43RMWSATA 0z(14)19 MSC GINA PERTWA | 2025-11-21 20:00 | 2025-11-2207:00 | 2025-11-23 0500 | 959 | 1503 2 DEPARTED
T3(P) MSC MELAGOT Y 546AGY 3464 43(30) 63 MSC EMILEA ALPACA | 2025-11-2203°00 | 2025-11-22 13700 | 2025-11-23 1200 | O 2125 0 DEPARTED
T2(F) MSC MSRADODT UK545AMUKS45A 22 (3742 MSC RANIA CHINKE | 2025-11-22 0800 | 2025-11-22 1800 | 2025-11-24 00000 | 1123 | 1286 0 DEPARTED
T1(P} MSC MMGROO2 G547 AMGYS4TA 02 (08) 19 MSCMIGERIA | ALPACA | 2025-11-22 21200 | 2025-11-2307-00 | 2025-11-2411:00 | 684 | 1361 8 DEPARTED
T3(P) MSC MFRTO21 HT347RMTS484 46 (35) 57 MSCFORTUMEF | SRISEA | 2025-11-23 0400 | 2025-11-23 1400 | 2025-11-24 0800 | 432 370 0 DEPARTED

Berth Planning +RTA
Prediction

berthingplan = sor‘trcws(belthingp]an,'E'a‘. , ascend"}

% terminal

% Xlength/depth/tons/draft
terminallength - laae
terminaldraft = 188
terminaldepth = 1a@a
terminaltons = 5208888

or kk=1:48

{s_v,v_length,v_height,v_port_starboard}

if terminallength>vessel.vssL_LT(kk) && terminaldraft:vessel.vssL_DRFT(kk)} && terminaldepth:vessel.vssL_DP(kk) && terminaltons»vessel.GRTa(kk)

vessel{i,:) = vessel(kk,:);
i=1i+1;
end
=nd|



DX : Ship Operation Data Measurement

 Effective Power = Total Resistance X Ship Speed

Total Resistance = Hull resistance(friction, form, wave-making)

+ Environmental effects(wind, waves, current)

+ Appendages (fins) + Fouling

Carbon Emission = Carbon Factor X Fuel, Fuel(ton)= A fuel X'time

-10-

LAT

LON

heading

wind_speed

(m/s)

Total Fuel(Kg)

30.4061

-81.546

306.4217

4.478488

311.943

30.40617

-81.5462

127.4791

4.478488

320.8556

30.4061

-81.5461

239.8975

4.478488

329.7683

30.4061

-81.5461

349.1504

4.420515

320.8556

30.40613

-81.5461

289.5277

4.420515

329.7683

A fuel = Break Power(Actual engine operating power) X Specific Fuel Oil Consumption

Break Power = Effective Power X Efficiency factors(ny,,u Myropetier Msnaft transmission efficiencies)




DX : Data Exchange

Location PBP Sea ‘ PBP Inner Port ‘ Berth Inner Port PBP

Departure Port

Arrival 'Port

i gm B 22 & fen B
*—o—o —eo—9o—o—0o—9

Process Departure Voyage Declaration Arrival Berthing Mooring Cargo Service Un-mooring Un-berthing Departure
+ Reservation Unloading

+ Loading

* IMO FAL Convention and SVD(Ship Voayge Data) Model

Process Data (IMO SVD)

Departure port of departure(111,112)por of arrival (108, 109)PBP Name (231)PBP location (xxx)Berth Name (232)
Berth Location(xxx)

ATA(63),ATD(65),ETA(541),ATA(540) ,ETA PBP (XXX),ATA PBP (XXX)

voyage number (191)voyage leg identifier (605)ship poisiton latitude (0602)ship position longitude(0602)shi
p reporting date time (603)

Voyage voyage leg identifier (605), Distance through water (612), distance to next port (615)

speed through water (616),speed through water (616),course over ground (332)

ship heading (620),draught (357),draught forward, aft (621, 622)

reason for ship deviation (607),position deviation, latitude(608),position deviation, longitude(609)
ship deviation start date time(610),ship deviation stop date time (611)
FUEL(0882),TOTALCO2(0883)

-11 -



DX : Data Exchange

e S-421 Model which is Electronic Chart Display Chart Standard can be a proper model to

route and ETA info

Route
A\ 4 A 4 A 4 v
Waypoints Schedules Action points Info
Waypoint Schedule Action point
v
WaypointLeg Arrival Port
Manual Departure Port
Actionpoint
A 4 v b
Calculated Recommended
| | | . ¢
v ) | ~
Shcedule Waypoint /
Element WaypointLeg ’ 'k S dh odule
(Manual:ETA,
Recommended:RTA)

Routelnfo

Target Ship

12 -



AX: Fuel and CO, Prediction (ML for CO, Emission Estimation)

Black Box Model

White Box Model

- Data Driven Method

- Measured Fuel = operational data
*  Fuel (my)=f(speed, heading, weather..)
 Accuracy 92~99%

Navigation M/E F.O.C
Obs. .
Speed . Course Wind B.F LSFO
Distance
- - - 0.00
11.43 8.00 167.00 - - 0.00
5.77 60.00 334.00 - - 0.00
- - - 0.00
15.00 36.00 215.00 - - 0.00
0.00
- - - 0.00
6.92 9.00 195.00 - - 0.00
18.10 257.00 11.00 15.00 4.00 0.00
22.18 122.00 11.00 15.00 4.00 0.00
8.44 27.00 267.00 - - 0.00

- Resistance — Power — Propulsion
Efficiency — Fuel Consumption
- Based on model test data

« Accuracy 95% (in calm water conditions)

B P—
Lo ’

&/

gt

: o L 2
= oD " ‘.""‘E_. ol
" iy %/: 11 , p
| LEIRlL T
. - ’-f»‘ =

Bl

]
,' -
Eel 1 g =

a5 e

R
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AX : Black Box Model (ML for CO, Emission Estimation)

* Model Objective

: Predict hourly fuel consumption based on operational and environmental time-series data.

* Model Configuration
e Algorithm: Transformer Encoder
* Input features: speed over ground, heading, wind direction, wind speed, significant
wave height, wave period, wave direction

e Qutput: Hourly fuel consumption at time t (kg/h)

* Definition of the Fuel Consumption Cost Term

* F(R, v¢): hourly fuel consumption

-14 -



AX : Black Box Model (ML for CO, Emission Estimation)

* Modeling Workflow

Model Training and Selection
Approach

Candidate Model Examples

Weather, Voyage, Fuel

(MAE, R2 etc.)

v

Final model
selection

evaluation metrics

MAPE (Mean Absolute Percentage error)

RMSE (Root Mean Squared Error)

_ 1 Yi -¥i
MAPE = — Z v |
=1

N N _ s
RMSE = w

| |
| | | |
| | | |
. . . . |
I | : [LGBM (Light Gradient Boosting Machine)] i |
| - — - | Gradient Boosting Framework e |

| Assign weather data Collect navigation Data preprocessing | iall ) ltiole decisi VT Sr S T
| based on latitude and data based on vessel (IQR filtering, moving | | Sequentially trains multiple decision trees to e e s ,é,‘ e |
longitude position average, etc.) | reduce prediction errors Bl Y x o |
| | : Each tree learns from the residuals of the R0 Reray o BT |
I S M | previous model = |
rr-—————""FTF"T—""—"~—"||T—"—F"7"7T~—F~—~—"————— b | Optimizes performance through a leaf-wise |
4 | growth strategy |
Processed Dataset | | | |
for Modeling I : [Random Forest Regressor] P |
: | Ensemble Learning r /I\i ,?I\ |

uilds multiple decision trees using random A L T R R
| Builds multiple decisi i d mom S aS I
v | | sampling ¢ 00 00 00 06 00 O |
| | Each tree is trained independently Resit |
LGBM | . oo . . ]
| | Final prediction is determined by averaging o P et |
| | |
| | |
| | Evaluation metrics $Gi—yp |
FOC, FGC | | | X i 2Gi= |
Prediction | | MAE (Mean Absolute Error) MAE= Shw-9l R=1-2"—— |
¢ | | =t Z()’i -y |
. i=l
Evaluation Feature dnd model | | R2-Score |
sefection' based on | : — |
| | |
! | |
! | :
| |



AX : Black Box Model (ML for CO, Emission Estimation)

e Al Model Performance

VOYAGE DATA

= Algeciras, Spain

R2-Score 0.9258 § e
MAPE 0.1163
R M S E 3 2 . 2 8 3 6 E%}::;?:;?azsooo
MAE 25.4735
'““I%‘Ma A""m *""t"“‘ II;»L\;D}?;;\‘V}rc(gF;)rz‘gchTcmd,m o)
* Evaluation Metrics for Four Models
Dataset Case 1 Case 2 Case 3
- Bulk 23000TEU Container 174K LNGC
Model LGBM Transformer Transformer
R2-Score 0.9256 0.9505 0.9072
MAPE 0.1165 0.0538 0.0083
RMSE 33.0664 1512.6225 28.0900
MAE 25.3714 1063.5222 17.3914

-16 -



AX: Machine Learning for Berth Delay

Vessel Operation Data

Vessel
Arrival/Departure Data

s

Terminal
Operation Data

“l‘l

Weather Data

__Feature

P Congestion
prediction model

Congestion level

‘ day of week,
time of day

number of

‘ operations, number

of equipment

Average or total

- values over a specific

period

= ‘ Tree-Based

DATA QUALITY: RAW DWELL
TIME WITH OUTLIERS

Data Preprocessing

DATA PREPROCESSING:
CLEANED DWELL TIME DATA

Modeling \

Prediction Model

CatBoostRegressor Dwell Time
' [:xl> Prediction
Input/output data for

dwell time prediction |
\ y.

Model Performance Evaluation

il
\f
|4

! Wit
~ \‘v'%""“""l‘u'.l‘m“!‘l’ " “‘h"'s‘j”t, i ‘ ¥ l{‘

MODEL EVALUATION: TEST SET ACCURACY
(ACTUAL VS. PREDICTED - CATBOOST)

/
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AX: Machine Learning for Berth Delay

* Model Objective

: Predict port dwell time using machine learning to generate the RTA constraint value.

* Model Configuration
* Algorithm: gradient boosting regressor(ensemble regression)
* |Input features: number of handled containers(load/unload), wind speed, air
temperature, humidity, air pressure, water temperature

e Output: predicted dwell time = operation start time + dwell time - RTA

* Definition of the Time-Related Cost Term

* T(R, vt): (Estimated vessel arrival time) — (Operation start time + dwell time)

-18 -



AX : Reinforcement Learning for Route Optimization

* Key Objective

: This is a multi-objective decision-making problem

*  Minimization of fuel consumption

* Meeting the Required Time of Arrival (RTA)

* Maintaining navigational safety

e Objective Function .

min/ = aF(R,v;) + BT(R,v,) + yF(R, v;)

* F(R, v¢): Fuel consumption cost term (Fuel Cost)

* T(R, vt): Time-related cost term (Time Penalty)

* S(R, vt): Safety-related cost term (Safety Constraint)

* q, B, y: Weighting factors for each term (adjusting the

importance of fuel, time, and safety)

-19-
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AX : Low Carbon Fleet Operation

Cll{Carbon Intensity Indicator)

Less CO, +Optimal Speed

g2

Just in time Arrival

Previo:_s Port Original R?'A of V,:
September 23@ 8AM
7 T T T T T ’; 9 8.9 T T T T T
—&— Reference % —<O— Reference
B: o —6—wlo JITA gl —o—wio JITA | -
6 r O —k— JITA 1 o ——JITA
(7}
47 :
5 4 >
26 .
=
4 2
>q<: 51 45 |
)
c4r .
3r 1 8 e
£ 3 exe o
2r 1 >
Dot .
Q
1L | c
05 Bt 0.7 -
L —— * * > HoK Rk * *
L
0 1 I 1 I 1 [11] 0 I 1 I 1 |
2020 2025 2030 2035 2040 2045 2050 2020 2025 2030 2035 2040 2045 2050
year year
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CLEANER OCEANS
SMARTER SHIPPING
A SUSTAINABLE TOMORROW

Conclusion: DX and AX for Low-Carbon Voyage Operation

Key takeaways for maritime decarbonization and Al-enabled ship-port collaboration

GLOBAL - Wingare . B A ’ 1 . N —_—)
COLLABORATION = %% : :: 4t B xR L .:ﬁ
FORACLEANER . P e B i AE Mg G —Hes=TR . T .

LR ¢ -
et S - —a— P
—_ s = T e . -~ 3 -r—- E ~o g _ .

Decarbonization-Driven Voya
Optimization Is No Longer Optional

As international decarbonization regulations continue

to tighten, low-carbon voyage operation enabled by DX
and AX has become essential.

" CONNECTED
DATA-DRIVEN
LOW-CARBON

e ~ MARITIME FUTURE
T e

Al Agents Enable Coordinated
Low-Carbon Operation

Low-carbon operation can be achieved through coordinated

Al agent models for ships, carriers, and ports. The GMDRT Project
demonstrated implementation and validation, confirming visible
carbon reduction and Cll improvement.

Al transformation can only be realized when data collection,

integration, standardization, and digital visibility are already
in place.

I
DX Builds the foundation b AX

Adds intelligence
and drives action

Carrier / Fleet
Al Agent

+ Fleet optimization
+ Vessel coordination
| | ¢ Emission management

Regulations Carbon
& IMO targets reduction

Voyage

+ Voyage optimization
optimization

* Speed & energy management
+ Real-time decision support

Data i
Foundation Digital Twin

* Port call optimization

+ Berth allocation

o Terminal operation
coordination

3 Low-Carbon

Prediction Al Operation

Sensor data
Ship / voyage data

+ Data integration
+ Standardization

Fuel consumption

+ Optimized routing
prediction

® 0

Compliance Cll Fuel

Port data
Weather & ocean data
Fuel & emissions data
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