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Backgrounds 

Smaller shipping companies and nations face greater challenges in responding to escalating crises.
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AX/DX 
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Just in Time Project 

AI based JIT (GMDRT, to-be)
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GMDRT Project: AX Transformation 
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DX : Digital Transformation 

• Ship Route Tracking – Route Modeling Basis data from AIS data 

Approaching and Departure Intensity Map  Representative Approaching and Departure Data 
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• 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

DX : Data Foundation 
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Terminal Initial Dataset {v(callsign), b(berth), sv (start_time), dv(end time), 
cargo id, yard stack plan} 

Berth Planning +RTA 
Prediction 

{s_v,v_length,v_height,v_port_starboard} 

DX : Berth Delay Data  
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• Carbon Emission = Carbon Factor X Fuel,  Fuel(ton)= △ fuel X time  

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

• Break Power = Effective Power X Efficiency factors(ηhull ηpropeller ηshaft transmission efficiencies) 

• Effective Power = Total Resistance X Ship Speed 

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

+ Environmental effects(wind, waves, current)

+ Appendages (fins) + Fouling

Speed Resistance

Power 

DX : Ship Operation Data Measurement 

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
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• 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)

DX : Data Exchange 
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Route

Waypoints

Waypoint

WaypointLeg

Schedules

Schedule

Manual

Recommended

Shcedule
Element

Action points

Action point

Info

Calculated

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

route and ETA info 

DX : Data Exchange 
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Black Box Model White Box Model 

• Data Driven Method

• Measured Fuel = operational data

• Fuel ( ሶ𝒎𝒇)=f(speed, heading, weather..)

• Accuracy 92~99% 

• Resistance → Power → Propulsion 

Efficiency → Fuel Consumption

• Based on model test data

• Accuracy 95% (in calm water conditions)

Grey

AX : Fuel and CO2 Prediction (ML for CO2 Emission Estimation) 
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• Model Objective

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

• Model Configuration

• Algorithm: Transformer Encoder

• Input features: speed over ground, heading, wind direction, wind speed, significant 

wave height, wave period, wave direction

• Output: Hourly fuel consumption at time t (kg/h)

• Definition of the Fuel Consumption Cost Term

• F(R, vₜ): hourly fuel consumption

AX : Black Box Model (ML for CO2 Emission Estimation) 
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Model Training and Selection 
Approach

Gradient Boosting Framework
Sequentially trains multiple decision trees to
reduce prediction errors
Each tree learns from the residuals of the
previous model
Optimizes performance through a leaf-wise
growth strategy

Ensemble Learning
Builds multiple decision trees using random
sampling
Each tree is trained independently
Final prediction is determined by averaging

• Modeling Workflow

Processed Dataset 
for Modeling

Data preprocessing 
(IQR filtering, moving 

average, etc.)

Evaluation

Assign weather data 
based on latitude and 

longitude

Collect navigation 
data based on vessel 

position

Model Evaluation & Selection

Final model 
selection

Feature and model 
selection based on 
evaluation metrics

AX : Black Box Model (ML for CO2 Emission Estimation) 
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• Evaluation Metrics for Four Models

Dataset
Case 1
- Bulk  

Case 2
23000TEU Container

Case 3
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

• AI Model Performance 

R2-Score 0.9258

MAPE 0.1163

RMSE 32.2836

MAE 25.4735

AX : Black Box Model (ML for CO2 Emission Estimation) 



- 17 -

Congestion level

day of week, 
time of day

number of 
operations, number 

of equipment

Average or total 
values over a specific 

period

Data Feature Modeling
Congestion 

prediction model

AX : Machine Learning for Berth Delay 
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• 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

• 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)

AX : Machine Learning for Berth Delay 
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• Key Objective

: This is a multi-objective decision-making problem

• Minimization of fuel consumption

• Meeting the Required Time of Arrival (RTA)

• Maintaining navigational safety

• Objective Function

• F(R, vₜ): Fuel consumption cost term (Fuel Cost)

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

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

• α, β, γ: Weighting factors for each term (adjusting the 

importance of fuel, time, and safety)

AX : Reinforcement Learning for Route Optimization 
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AX : Reinforcement Learning for Route Optimization 

Vessel ETA RTA JIT

OSAKA 
VOYAGER

2024-05-01 
22:53 KST

2024-05-01 
22:58 KST

5.54 min

GHG Quantity Assessment 

Fuel Reduction 10.0 ton reduction

CO2 Reduction 11.32% reduction
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AX : Low Carbon Fleet Operation 



- 22 -



- 23 -


