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The maritime industry plays a central role in global trade but also contributes significantly to environmental
degradation due to high fuel consumption. Accordingly, the International Maritime Organization (IMO) has
introduced environmental regulations, including the Carbon Intensity Indicator (CII). Complying with these
regulations requires accurate fuel consumption forecasting to support optimal voyage planning. However, ship
operation data frequently contain missing and anomalous values due to sensor failures, which reduce the
accuracy of forecasts that rely on time-series characteristics. Although previous studies have applied machine
learning and time-series models, they often fail to employ temporal dependencies or maintain data continuity.
This study proposes a time-series forecasting framework that separates movement and anchorage states and
performs imputation using environmental variables and similar trajectory group. The proposed method
effectively leverages sensor data, despite frequent missing and anomalous values, and improves forecasting
performance. The proposed framework facilitates voyage optimization by enabling accurate speed estimation
and ensuring compliance with CII regulations.
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ARFE IO AZEY 3D gholl S AFHERA S 5 2024). 53], AAE tlolEH Y AS ks T AAlEE 7€ W
7ol Aol FoHTHKim et al., 2024). 712E TFHA 1 A2 HolHY A& S AET 5 oM (Barzi, 2004), A F
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AR gl Ae o] AEE A fol) o A& e gfg W 98 AR AFE AUtk dd 7Y FL e
187} BZ8 G THLei ef al., 2021; Yuan et al., 2021; Shietal,  <Table 1>l &.oFsto] Fe]stitt.
Table 1. Summary of Related Studies
Author(Year) Utilized Data Utilized Method Féaturc.f Missing Yalue
Engineering Imputation
Yan et al.(2020) | Noon report RandomForest 0
Zhou et al.(2022) | Noon report SVR(Support Vector Regressor), RandomForest, etc. 0]
Ma et al.(2023) Sensor data CatBoost, Gradient Boosting, etc. 0
Kim et al(2023) | Sensor data XGBoost 0] -
Lei et al.(2021) Sensor data LSTM 0] X
Zhang et al.(2024)| Sensor data Bidirectional-LSTM (Bi-LSTM) 0 X
Shi et al.(2024) Sensor data LSTM X X
Ours Sensor data LSTM 0 0
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Figure 1. Overall Framework of the Proposed Method
Table 2. Description of the Dataset
No. Type Name Description Unit
1 AlS data SOG Speed over ground knots
2 AIS data COG Direction of which the vessel is moving degree
3 AIS data LAT Latitude degree
4 AlS data LON Longitude degree
5 AIS data SPEED VG Speed through water knots
6 AIS data SPEED LW Speed relative to long wave or water flow knots
7 AIS data SHIP_ HEADING Direction the vessel's bow is pointing degree
Vertical distance between waterline and bottom of
8 AIS data DRAFT_FORE the hull measured at the perpendicular of the bow meter
Vertical distance between waterline and bottom of
? AIS data DRAFT_AFT the hull measured at the perpendicular of the stem meter
10 AlS data RUDDER_ANGLE Angle of rudder degree
11 Engine Sensor data ME1 FOC No 1. main engine fuel oil consumption kg/h
SEA_SURFACE . PSU
12 Metocean data SALINITY ~ Salt concentration at the ocean surface (Practical Salinity Unit)
13 Metocean data SEA_SURFACE TEMP Temperature of the ocean surface °C
14 Metocean data WAVE_PERIOD Time between successive wave crests sec
15 Metocean data WAVE DIRECTION Direction from which the wave is coming degree
16 Metocean data WAVE HEIGHT Vertical distance from wave trough to crest meter
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Algorithm 1: Trajectory Segmentation Based on Operation Status

T
Sensor data D=, (t;:¢;,A;), Parameters: 1, €

Input:
i=1
Output: Labeled Sensor data Dwith s € {s,s,,} and T
1:  Initialize 7<= 1, start <1, ¢, <0

2: Fori=2to 7'do

3: Ap<—¢;—d; | AN\ — )\

4: aeSiHQ(%)JFCOS(@—l) * COS(¢¢) ° SiHQ(%)
// Compute haversine distance

5 d;_<2R « arcsin(+/a) // Compute time difference

6: Atet,—t,_,

7: If d; <) then

8 Ift,,, =0 then start <—i—1

9 End if t,,,,; <t + At

10: Else

11: Ift,,; = €then s<s,

12: Else s <—s,,

13: End if Label D, .; with s, 7
14: If s =s,, then

15: T—7+1

16: Endift,,, <0

17: Endif

18:  End for Label D, with ST

Symbol Description Symbol Description

i Index of dataset sequence T Total length of dataset

t; Timestamp at time step ¢ @, Latitude at time step ¢

A Longitude at time step ¢ d ; Distance between ¢ and j
a Intermediate value in haversine formula R Radius of earth

P Distance threshold € Time threshold

. Movement state s, Anchorage state

s Operation state at time step ¢ T Trajectory ID
Loomt Accumulated idle time start Start index of current segment
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Figure 3. Fuel Consumption Comparison by each Trajectory Segmentation
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Figure 4. Comparison with Trajectories Segmented based on Noon Report
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Table 4. Hyper-parameters of Random Forest
Parameter Value
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Table 5. Performance Comparison of Interpolation Method

Interpolation method MSE(e+04) MAE
Spline Interpolation 2.048 383.319
Linear Interpolation 5.367 97.498
Forward Fill 6.319 116.307
Mean Imputation 2.451 427.446
Ours 2.012 90.392
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Table 6. Summary of Notations for Derived Variables

Symbol Description
v, Wind speed
V, Ship speed (Speed over Ground, SOG)
U East-west component of directional variable
Vv North-south component of directional variable
D, Wind direction
H, Ship heading
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and ship heading (D, —H,)
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Parameter Value
Hidden Dimension 64
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Table 8. Comparison Result of Experiment 1 (Performance Comparison by Trajectory Segmentation (NR-NF vs PM-NF) and Model Type)

) ) Metric
Experimental Setting Model Type
RMSE MAE SMAPE
Non Time-series XGBoost 472.01 251.02 13.21
model RandomForest 396.32 24751 12.83
Statistical ARIMAX 685.51 411.22 30.59
Time-series model VAR 652.18 406.14 29.98
NR-NF
LSTM 203.47 81.59 5.16
Deep Learning GRU 237.44 92.57 5.42
Time-series model TCN 212.52 88.72 5.27
Transformer 216.60 85.84 5.12
45431 240.14 12.64
. . XGBoost
Non Time-series (13.76%) (14.36%) (14.32%)
model RandomForest 378.61 236.34 12.58
andomFores
(14.48%) (14.51%) (11.95%)
ARIMAX 651.25 398.26 29.02
Statistical (14.99%) (13.15%) (15.13%)
Time-series model 639.21 390.57 29.29
VAR (12.09%) (13.83%) (12.31%)
PM-NE 186.84 72.14 4.59
LSTM ) ’ )
(18.17%) (111.58%) (111.03%)
220.33 83.74 5.09
. GRU
Deep Learning (17.21%) (19.54%) (16.09%)
Time-series model 193.15 79.41 491
TCN
(110.33%) (110.47%) (17.32%)
202.13 77.42 4.66
Transformer
(17.09%) (19.82%) (19.02%)
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Table 9. Comparison Result of Experiment 2 (Effect of Feature Engineering)

. . Metric
Experimental Setting Model
RMSE \ MAE | SMAPE
266.4 138.0 8.2
. . XGBoost 66.48 38.07 8
Non Time-series (141.36%) (142.52%) (134.50%)
model 292.93 162.58 8.85
RandomForest
(122.64%) (131.22%) (129.66%)
640.62 387.73 29.81
. ARIMAX
Statistical (11.64%) (12.64%) (12.72%)
Time-series model 521.58 283.08 21.04
VAR (118.39%) (127.52%) (128.17%)
PM-FE
LSTM (Ours) 151.42 55.09 3.61
u
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171.85 62.72 4.01
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Time-series model 164.19 62.35 3.98
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168.73 64.16 4.12
Transformer
(116.52%) (117.10%) (111.59%)
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Figure 9. Experimental Results of Experiment 2. (a) Comparison Results between Ground Truth and Predicted Values (b) Last 48 Time Steps
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