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With growing pressure from the International Maritime Organization (IMO) to reach net—zero emissions by 2050, accurate
prediction of ship Fuel Oil Consumption (FOC) has become increasingly important, Although numerous deep learning—based FOC
prediction models have been proposed, studies targeting twin—screw ships remain scarce, In this paper, we propose a
dual—branch deep learning architecture for multi—step FOC prediction of twin—screw ships, designed to capture the distinct
operational characteristics of the port and starboard propulsion shafts, Each branch independently encodes feature—axis
relationships using a Multi-Layer Perceptron (MLP) encoder and temporal patterns using a Gated Recurrent Unit (GRU) encoder,
A Sgueeze—and—Excitation (SE) block is employed to adaptively fuse the encoded representations, and an autoregressive GRU
decoder then generates multi—step FOC predictions, The model is trained on five months of operational data from a RO-RO
passenger ship navigating the Gunsan-Shidao route, supplemented with wave data from the Copernicus Marine Environment
Monitoring Service (CMEMS), Experiments under various prediction conditions demonstrate that the proposed model consistently

outperforms nine baseline models, including LSTM, GRU, transtormer variants, and recent hybrid architectures, across the RMSE,

MAE, and MAPE metrics,

Keywords : Fuel oil consumption prediction(H=2 AREF 0lX), Twin—screw ship(*A=M) Deep learning(El2{<), Copernicus marine
environment monitoring service(ZHELIFEA GHUSEE ZLIEZ! MH|A), Gated recurrent unit(A|0|E 23t S4)
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Fig.1 Overview of the Dual MLP-GRU with SE(proposed model)
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Table 1 Vessel specification

Specification Measurement

Type of vessel RO-RO passenger ship
L.0.A(m) 169.9
Width(m) 30
Draft(m) 11
Depth(m) 14.2
Design

speed(kiots) 20.5
Cargo

capacitf(TEU) 217

Gross tonnage 19,988

Main engine W12V23E, 6,960kW X 750r/min X 2

Fig. 2 Twin—screw ship
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Fig. 4 Spatial distribution of significant wave height
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Table 2 Summary statistics of features

Feature(unit) Max Min
DateTime - -
LAT(degree) 36.9281317 | 35.9279567
LON(degree) 126.629908 | 122.435048
COG(degree) 359.4 0
SOG(knots) 19.6 0
STW(knots) 18.5 0
Heading(degree) 359.8 2.9
Depth(m) 33.2 1.5
Port/starboard pitch(degree) 92.43 -52.29
Port/starboard RPM(RPM) 100 0
Wind angle(degree) 360 0
Wind speed(knots) 60 0
Cumulative fuel oil
consumption of port(m?) 25745.17 24153.42
Cumulative fuel oil
consumption of 25973.21 2441511
starboard(m?)
Significant wave height(m) 3.4199 0.06
Mean pesrv'fjl(z)f Prman | 2 4999 0.05
Swell wave direction(degree)| 359.96 0.51
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Table 3 Parameter ranges of all models for hyperparameter

tuning
Parameter Range
trial 20

Hidden size {32, 64, 128, 256}

Batch size {32, 64, 128, 256}
Number of layers {1, 2, 3}

dropout 0~0.5
learning rate le-5~1e-2
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Table 4 Hyperparameter settings of proposed model

Table 6 Overall performance comparison across all input—output

Model Parameter Value length settings(input: 10~40min, output: 30min)
Number of layers 1 RMSE MAE MAPE (%)
Mogel (meanzstd) (meantstd) |(meanzstd)

Hidden size 256 - - -
. LSTM 0.0185%£0.0003| 0.0124£0.0002 | 5.05+0.13

Dual MLP-GRU with Batch size 64 " n "

SE Learning rate 15 GR.U 0.0182£0.0006| 0.0120£0.0003 | 4.95+0.10
(proposed model) — 100 TSMixer |0.0194+0.0020| 0.013040.0018 | 5.36+0.66
Optimizer AdamW TC_FPFaAr;”GeITU 0.0192£0.0014| 0.0129+0.0010 | 5.33%£0.44
reduction 16
TSBG-Para [0.0186+£0.0008| 0.0125+0.0006 | 5.10%+0.21
) ) Transformer |0.0204+0.0013| 0.013940.0009 | 5.63+0.32
Table 5 Overall performance comparison across all input—
output length settings(input: 10~40min, output: Informer  |0.0201:0.0004| 0.01344:0.0002 | 5.4940.12
20min) Reformer [0.0181£0.0013| 0.012040.0011 | 4.95+0.42
odl RMSE MAE MAPE(%) TCN  [0.018040.0008| 0.0118+0.0007 | 4.90+0.25
(meanzstd) (meantstd) |(meanzstd) Dual
LSTM  |0.0169+0.0002 [0.0120+0.0009|4.3740.01 MLP-GRU
GRU 0.0166+0.0003 |0.0113+0.0001 |4 3340 09 (Wlth SEd 0.0176+0.0005| 0.0114+0.0004 | 4.78+0.21
ropose
TSMixer 0.0181£0.00170.0123£0.0012|4.66+0.40 pmoF::leI)
TC_FPFA_l?TU 0.0184+0.0008 |0.0127£0.0004{4.80£0.21
arafle Table 7 Overall performance comparison across all input—

TSBG-Para | 0.0166+£0.0004 |0.0113£0.0002{4.25%£0.11 output |ength(base|me GRU)

Transformer | 0.0165+0.0007 |0.0112+0.00044.2340.22 RMSE MAE MAPE (%)
Informer | 0.0168+0.0007 |0.01164+0.0006|4.40+0.29 Model (meanzstd, (meantstd, | (meantstd,
Reformer |0.0172+0.0010|0.0118+0.0008 |4.45+0.36 A %) A %) A %)

TCN  ]0.016940.0007 |0.0114+0.0003|4.32+0.18 Lstm | 0-0177+0.0009 10.0122+0.0006|  4.7+0.4
Dual (+1.6%) (+4.8%) (+1.5%)

MLP-GRU GRU | 0-0174:£0.0009 0.0116£0.0004| 4.620.3
with SE | 0.0162+0.0004 [0.0107+0.0004|4.10+0.21 (0) (0) (0)
(proposed TSMixer 0.0187£0.0019 |0.0126+£0.0015| 5.0£0.6
model) (+7.6%) (+8.5%) (+8.1%)

TCFFA-GRU | 0.018840.0011 |0.0128+0.0007| 5.1£0.4
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Fig. 8 Overall RMSE comparison across all models by
input sequence length
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Fig. 9 Overall MAE comparison across all models by input
sequence length
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input sequence length

¥ct 1 Zn Mot 292 M X|FolM GRU CHE| 242t RMSE

2.8%, MAE 5.0%, MAPE 4.4%=2 7HME M52 Eg =olet
T UACH

Fig. 8~10 ORDIX|Z2 £3 A|EA Zo| =HE TFESH
e

201, 203 AI@A Zo| 10~40= TlolMel REE Ha Ms
FOIE X|EE= LIEHA Znjo|ct mor REE o AlRA A

Table 8 Performance of the single-branch model
(improvement rate of the proposed model over
the single—branch model)

Output Input(min) RMSE MAE MAPE
(min) (A %) (A %) (A %)
10 0.0175 0.0120 4.69
(+5.2%) (+7.3%) (+7.8%)
20 0.0171 0.0116 4.47
20 (+3.0%) | (+5.3%) | (+6.6%)
30 0.0163 0.0112 4.22
(+2.0%) (+5.3%) (+5.2%)
40 0.0162 0.0110 4.14
(+3.5%) (+8.0%) (+7.2%)
10 0.0195 0.0129 5.48
(+7.0%) (+7.7%) (+8.6%)
20 0.0189 0.0123 5.21
30 (+4.6%) (+5.7%) (+6.9%)
30 0.0181 0.0119 4.97
(+5.5%) | (+7.8%) | (+7.9%)
40 0.0182 0.0117 4.94
(+5.3%) (+5.0%) (+7.0%)
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Fig. 11 RMSE comparison between the single—branch and
proposed model by input sequence length(output:
20 and 30 min)
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Fig. 12 MAE comparison between the single-branch and
proposed model by input sequence length(output:
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Fig. 13 MAPE comparison between the single-branch and
proposed model by input sequence length(output:
20 and 30min)
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