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Abstract With the strengthening global commitment to a sustainable future, efforts to achieve net-zero
greenhouse gas emissions by 2050 are accelerating. Accordingly, the need for decarbonization in the
maritime sector, which carries over 90% of global trade and produces about 3% of anthropogenic
emissions, continues to grow. Yet many existing studies rely on post-voyage variables or assume
temporal continuity and data completeness, limiting their applicability to real operations. This study
proposes an automated experimental framework that predicts fuel oil consumption using only variables
available at the voyage planning stage. Key experimental factors—normal-operation filtering, input
representation, temporal resolution, data-splitting methods, target variable selection, and model type—
are systematically defined. The Hydra framework automates experiments across factor combinations,
and ANOVA quantifies each factor’'s contribution to prediction performance. Results show that
operational condition settings strongly influence accuracy, and the study provides a data design strategy
to support future energy-efficient voyage planning.

Key Words : Maritime Decarbonization, Fuel Consumption Prediction, Ship Energy Efficiency, Data
Design Strategy, Factor Analysis
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(Table 1) Specification of target vessels

?:ff SHIP A|SHIP B |SHIP C|SHIP D |SHIP E | SHIP F |SHIP G
Dry bulk|Dry bulk|Dry bulk|Dry bulk|Dry bulk Ta?i('er Dry bulk
Type | /Ultra | /Ultra | /Ultra | /Ultra | /Ultra /af /Ultra
Cape | Cape | Cape | Cape | Cape x(Lrsrg? Cape

ge?r 2018 | 2021 | 2019 | 2021 | 2021 | 2018 | 2011

uild
Vee,ad 324,000{324,000{324,000|324,000|324,000 110,000/ 180,000
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(Table 2) Criteria for Filtering Normal Operation

Sections
Category Condition 1 Condition 2
Basic Criteria RPM)1 & SPEED(1

POWER » 500 within
the last 1 hour

Conservative Criteria | RPM)2 & SPEED{0.5
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(Table 3) Configuration Options for Environmental
Variable Representation

Criteria Description

+ ABS: Uses the absolute magnitude and direction of
Magnitude external forces.

Basis » REL: Converts to relative values based on the
vessel's reference frame.

* ABS: Uses the absolute magnitude and direction as

Direction measured.
Basis + VECTOR: Converts directional variables into UV/W
vector components.
Forecast * NOWCAST: Real-time observed environmental data.
: * FORECAST: Predicted data from NOAA with a 6-hour
Basis )
lead time.
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(Table 4) Experimental design factors and options

Abnormal|Environm| Time Target | Model
Factor |Operation| ental |Resolutio|Data Split] g
: Variable |Structure
Filter Input n
) ) group Linear
Options Basu; vector | 10 min chronolog|ME1 RPM|Regressio
Criteria | nowcast | (none) ical p
Conservat abs rou
ive 1h | 9°% IMET FOC| XGBoost
.. . | nowcast random
Criteria
3h
6 h
12 h
24 h
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(Table 7) Model Performance by Vessel

Ship ID Linear (R?) |XGBoost (R?)| Difference p-Value
SHIP A 0.7127 0.653 0.0597 2.57x107"
(Table 5) Summary of Factor-wise Model SHIP B 0.5669 0.2129 0.354 1.39x107%"
Performance Comparison SHIP C 0.5099 0.1713 03386 | 1.49x10°
- SHIP D 0.6106 0.2359 03747 | 472x10°%
Factor | Condition Linear | XGBoost Difference | p-Value n
(R) (R) SHIP E 0.7897 0.6769 0.1128 | 1.39x1077
o
Model O%Z?’n" 06636 03988 | 02648 |9.22x10-% SHIP F 0.6617 0.3833 0.2784 | 1.07x10
SHIP G 0.7937 0.4583 03354 | 6.11x107"%
group
chronologi |0.7049| 0.4854 | 0.2196 |3.00x107%"
Data cal
Split =
Seup 06223| 03122 | 03101 |1.24x10° 5.2 Linear Regression 22 L QOIH sk ZXM
Target | MET FOC|0.6277| 0.3418 | 0.2859 |9.43x10°*" 2 HoH= ok HojA o 2 dulsl A B
Variable —50*
ME1bRPM 0.6995| 0.4558 | 0.2437 |2.44x10 o]Z Linear Regression ZE< tjalog 29 A7
. aps —50% -
E::;ET nowcast 0.6602| 0.388 0.2722 | 4.93x10 —8-9_1'%0] oﬂz }\q}___oﬂ ]X]L 03]0(]‘__. /ﬁ].o_]_c}iq_
Input | V1O 10667 | 04097 | 02573 [2.13x10°" Table 8914 B4 23 77+ "EF, glolg £

Azt ] e B 4352 Table 601 AAISHAT.
10—"‘11— &919] YA] HolHolxs F BE BE 92 Y55
Fom, Bt 24o] 1holl4] 24h= ZojdsE %
0}14’\401 XA o g /A=A Linear Regression®] R?
+ 0.57749014 0.749371A] /= J L, XGBoost ESH

0.1890°141 0.5277% S7F8tAH. ARt 37t A4

(Table 6) Model Performance by Time Resolution

Resolution | Linear (R?) XG(E%OSt Difference | p-Value
10 min | 5774 0.189 0.3884 | 1.03x107"%
(none)

1h 0.6173 0.3532 0.2641 | 7.37x107"%
3h 0.6499 0.3855 0.2644 |5.34x1071%
6 h 0.6733 0.4361 0.2371 |2.28x1072"
12 h 0.7144 0.5013 0.2131 |2.26x107%"
24 h 0.7493 0.5277 0.2216 |6.74x107%"
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(Table 8> Summary of Factor-wise Effects within
Linear Regression Model

Factor Condition Mean R? Difference p-Value
Abnormal default 0.6633
Operation 0.0005 0.450
Filter conservative 0.6639
group. 0.7049 .
Data Split | chronological -0.0827 | 1.72x107"
group random| 0.6223
ME1 RPM 0.6995
et -0.0719 | 5.96x10%"
ariable ME1 FOC | 0.6277
vector
; 0.6670
Engfr?nnprﬁf M| noweast -0.0068 | 1.11x10°
abs nowcast 0.6602

Table 92 A7t S H3}o]| W2 Linear Regression

EH‘Q] e HSE gt Aot
0 o] HUA| dlofEloflA] 24A1%F THA7LA] Eefigh

ﬂ—i R? Zko] 0.57740141 0.7493 0.2 4|9l on, 2
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T}, p-valuex 1.25%x10712& BAZ 02 {93t Z}o]
7} ERl= ATk

(Table 9) Effect of Time Resolution on Linear
Regression Model

Time Interval Mean R Difference from
Previous
10 min (none) 0.5774 _
Th 06173 0.0399
3h 0.6499 0.0326
6h 0.6733 0.0234
12 h 0.7144 0.0411
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