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Fig. 8. Comparison of the efficiency and effectiveness of the BO+EC and BO+EP methods for voyage R1. Left: constraint and runtime evolution. Right: resulting 
optimal power profiles.

Fig. 9. Comparison of the efficiency and effectiveness of the BO+EC and BO+EP methods for voyage R2. Left: constraint and runtime evolution. Right: resulting 
optimal power profiles.

Fig. 10. Comparison of the efficiency and effectiveness of the BO+EC and BO+EP methods for voyage R3. Left: constraint and runtime evolution. Right: resulting 
optimal power profiles.

wave height reduced. During the final leg, neither method increases 
the power setting despite the presence of following seas with relatively 
low wave height. This behaviour reflects the requirement to satisfy 
the prescribed ETA constraint rather than pursuing additional fuel con-
sumption savings. Overall, the BO+EP method reduces fuel consump-
tion by 8.08% relative to the measured operation, decreasing fuel us-
age from 86.23 t to 79.26 t, and achieves an additional 1.16% reduc-
tion compared with the DP solution. The vessel still arrives well within 
the 1% ETA tolerance, as summarised in Table 7. The corresponding 
fuel consumption profiles for R1 and R2 are illustrated in Fig. 14 for
reference.

3.6.  Comparative evaluation against DP in the English channel

Voyages R3 and R4 pass through the English Channel, as illustrated 
in Fig. 5. Although the two voyages follow different routes, the sail-
ing environment in this region is characterised by stronger and more 
variable current conditions compared with voyages R1 and R2. The op-
timised power allocation strategy for R3 is presented in Fig. 15.

Route R3 is partitioned into six legs, as illustrated in Fig. 15. Both 
the proposed BO+EP method and the DP approach increase the power 
setting in Leg 3, where wave conditions are relatively calm and both 
current speed and wind speed are low, creating favourable operating 
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Fig. 11. Comparison of the efficiency and effectiveness of the BO+EC and BO+EP methods for voyage R4. Left: constraint and runtime evolution. Right: resulting 
optimal power profiles.

Fig. 12. Optimisation results and metocean conditions for voyage R1.

Fig. 13. Optimisation results and metocean conditions for voyage R2.

conditions. Compared with the DP solution, BO+EP selects a slightly 
lower power setting in Leg 3. In Leg 2, where two noticeable increases 
in current speed are observed, BO+EP again adopts marginally lower 
power levels than DP, indicating improved sensitivity to environmental 
assistance. For Leg 5 and the final leg, distinct adjustments are observed. 
In Leg 5, BO+EP slightly reduces engine power to enhance fuel savings. 
In contrast, during the final leg, BO+EP increases power due to the 
relatively calm wave conditions, allowing the vessel to compensate for 
earlier adjustments and ensure compliance with the ETA requirement. 
It reflects a more refined trade-off between fuel efficiency and schedule 
adherence. Overall, the BO+EP achieves fuel consumption saving from 

Table 8 
Performance comparison for voyages R3 and R4.

 Source  R3  R4  R3  R4

ETA

 Actual  104.00  76.57 ΔETA w.r.t. Actual
 DP  104.03  77.51  0.03%  1.23%
 BO+EP  104.96  77.37  0.92%  1.05%
 BO+EC  104.96  77.49  0.92%  1.21%

𝑀𝑓𝑢𝑒𝑙

 Actual  70.94  56.13 Δ𝑀fuel
 w.r.t. Actual

 DP  59.50  54.04 −16.12% −3.72%
 BO+EP  57.50  53.32 −18.94% −5.01%
 BO+EC  56.83  53.18 −19.88% −5.25%

70.94 t to 57.50 t compared with the measured operation, as detailed in 
Table 8. Furthermore, it achieves an additional 2.82% fuel saving rela-
tive to the DP solution. The vessel still arrives well within the prescribed 
1% ETA tolerance.

Finally, the optimised power allocation strategy for R4 is presented 
in Fig. 16, where the route is segmented into five legs. In Leg 2, the 
proposed BO+EP method selects a higher power setting than the DP 
solution. This adjustment is primarily driven by the decrease in wave 
height during the latter half of the leg, which reduces added resistance. 
In Leg 3, both methods substantially increase engine power since the 
reduced wind speed and current speed, creating favourable operating 
conditions. For Leg 4 and the final leg, the optimisation pattern is sim-
ilar to that observed in R3. In Leg 4, where higher wave conditions are 
encountered, BO+EP noticeably reduces the power setting to improve 
fuel efficiency. In contrast, during the final leg, when wave conditions 
become milder, BO+EP increases engine power to ensure compliance 
with the ETA constraint.

The actual voyage duration is approximately 76.57 h. The BO+EP 
approach reduces fuel consumption by 5.01% compared with the mea-
sured operation, decreasing fuel consumption from 56.13 t to 53.32 t, 
as summarised in Table 8. In addition, it achieves a further fuel saving 
of approximately 1.3% relative to the DP solution. The corresponding 
fuel consumption profiles for R3 and R4 are illustrated in Fig. 17 for 
reference.

3.7.  Sensitivity to metocean forecast uncertainty and operational 
implications

In the previous comparisons with measured fuel consumption and 
the DP, hindcast metocean data were adopted to demonstrate the ef-
fectiveness of the proposed optimisation framework. The use of hind-
cast data enables reconstruction of the actual environmental condi-
tions encountered during the voyages, allowing a fair validation against
measured fuel consumption while minimising environmental uncer-
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Fig. 14. Fuel consumption before and after optimisation for R1 and R2.

Fig. 15. Optimisation results and metocean conditions for voyage R3.

Fig. 16. Optimisation results and metocean conditions for voyage R4.

tainty. In practical operations, however, voyage planning relies on 
weather forecasts rather than hindcast data, and forecast information is 
inherently subject to uncertainty. To evaluate the operational robustness 
of the proposed optimisation framework, this section investigates opti-
misation performance using forecast data retrieved from the Meteoro-
logical Archival and Retrieval System (MARS)(ECMWF, 2024), thereby 
representing a more realistic pre-voyage planning scenario. Specifically, 
voyage optimisation is conducted based on the weather forecast avail-
able on the day of departure. The MARS forecast data have a spatial 
resolution of 0.50 0.50, with a temporal resolution of 3 hours for the 
first 144 hours (6 days) and 6 hours thereafter up to day 10.

Voyage R1 in the Baltic and North Seas and voyage R3 in the En-
glish Channel are selected for the uncertainty investigation. Although 

the forecast products are updated every 12 hours, in the following anal-
ysis, the forecast is updated once per day to compare the difference with 
the hindcast. Figs. 18 and 19 present the forecasted significant wave 
height at the start of the voyage in comparison with the correspond-
ing hindcast data. The rolling forecast updates from Day 2, Day 3, and 
subsequent days until voyage completion are also illustrated.

Voyage R1 commenced on 6 June 2021 at 19:20 and concluded on 
12 June 2021 at 16:10. For this analysis, the weather forecasts issued at 
12:00 (UTC) each day were adopted, resulting in a total of seven con-
secutive daily forecasts over the voyage duration. As shown in Fig. 18, 
the Day 1 forecast (i.e., the forecast available at 12:00 on the depar-
ture day) matches the hindcast data well during the first three days of 
sailing. However, on the fourth day, a notable deviation emerges, with 
the forecasted significant wave height exceeding the hindcast by nearly 
1 m. This discrepancy is further illustrated in Fig. 20, where the marker 
“” denotes the voyage starting point. It can be observed that in the lat-
ter half of the voyage, particularly in the North Sea region, the Day 1 
forecast exhibits a clear divergence from the hindcast conditions. As the 
voyage progresses and updated forecasts become available, the devia-
tion is significantly reduced. In particular, the forecasts issued on Day 4 
and Day 5 substantially decrease the prediction error, as illustrated in 
Fig. 18. This demonstrates the benefit of rolling forecast updates in re-
ducing metocean environmental uncertainty.

For voyage R3, as shown in Fig. 19, the Day 1 forecast already ex-
hibits deviations of up to 0.5 m from the hindcast conditions at the 
beginning of the voyage. The Day 2 forecast reduces this discrepancy. 
Overall, however, the general wave pattern along the entire voyage is 
well captured, particularly during the latter stages. This observation is 
further supported by Fig. 21.

The optimisation is then conducted using the proposed BO+EP 
framework based on the weather forecast available at the departure 
time. The resulting power allocation strategies are presented in Fig. 22 
for voyage R1 and Fig. 23 for voyage R3. It can be observed that, when 
forecast data are used, voyage R1 is still segmented into nine legs. How-
ever, Legs 6 and 7, which appear as separate segments under forecast 
conditions, correspond to a single leg in the hindcast based optimisa-
tion. This difference arises because the forecast data predict higher wave 
heights and larger wind speed fluctuations compared with the hindcast 
conditions. Under these forecasted harsher head wave and head wind 
conditions, the optimisation prioritises maintaining the schedule con-
nection between voyage legs. Consequently, in Leg 6 the engine power 
is maintained rather than reduced, unlike the hindcast based solution. 
In the subsequent leg, a power setting similar to that of the hindcast 
based optimisation is adopted to achieve fuel savings. As a result, op-
timisation using forecast data achieves a fuel saving of 2.53%, com-
pared with the 7.30% potential saving obtained when hindcast data are
used.

As shown in Fig. 23, voyage R3 is discretised into five legs when 
forecast data are used, whereas the hindcast based optimisation results 
in six legs (Fig. 15). The primary difference arises from the smoother 
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Fig. 17. Fuel consumption before and after optimisation for R3 and R4.

Fig. 18. Rolling comparison of forecasted and hindcast significant wave height for voyage R1, illustrating daily forecast updates.

Fig. 19. Rolling comparison of forecasted and hindcast significant wave height for voyage R3, including daily forecast updates.

environmental evolution predicted by the forecast data in Leg 3, which 
does not capture the pronounced decrease and subsequent recovery in 
wave height and wind speed observed in the hindcast conditions. Conse-
quently, these environmental variations are grouped into a single clus-
tered leg under forecast conditions. As a result, the mid-voyage power 
increase observed in the hindcast based optimisation does not occur 

when using forecast data. Instead, engine power is increased in the fi-
nal leg to satisfy the ETA constraint. Despite these discrepancies, the 
BO+EP method remains effective under forecast uncertainty, achieving 
a fuel saving of 15.83%. Although this is slightly lower than the 18.94% 
reduction obtained using hindcast data, it still represents a substantial 
improvement over the measured operation.
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Fig. 20. Spatial comparison of forecasted and hindcast significant wave height for voyage R1 at departure time.

Fig. 21. Spatial comparison of forecasted and hindcast significant wave height for voyage R3 at departure time.

Fig. 22. Optimisation results and metocean conditions for voyage R1 when us-
ing forecast data.

The present investigation considers optimisation based solely on 
the weather forecast available at the departure time. Owing to the high 
computational efficiency of the proposed framework, this pre-voyage
optimisation strategy can be naturally extended to real-time op-
timisation as updated weather forecasts become available during 
the voyage. Although such updates may lead to adjustments 

Fig. 23. Optimisation results and metocean conditions for voyage R3 when us-
ing forecast data.

in voyage segmentation, the availability of progressively more 
accurate metocean information enables improved power allo-
cation decisions. Consequently, rolling re-optimisation has the 
potential to achieve fuel saving performance comparable to 
that obtained using hindcast data while maintaining operational
practicality.
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4.  Conclusions

This study developed a novel structured discrete-to-continuous 
power allocation optimisation framework for short-sea shipping.
Feasible solutions generated by a modified parallel coupling dynamic 
programming approach are used as prior knowledge, and subsequently 
refined using constraint-aware Bayesian optimisation. The proposed 
framework employs an embedded penalty mechanism that enables con-
vex operational constraints to be handled explicitly within the optimi-
sation process. As a result, the method achieves a good balance between 
computational efficiency and fuel saving performance.

The framework was validated using full-scale operational data from 
four voyages of a chemical tanker. For the case study voyages in the 
Baltic and North Seas, the optimised power allocation strategy achieves 
fuel consumption reductions of approximately 7–8% compared with 
measured operations. For voyages crossing the English Channel, fuel 
savings range from approximately 5% to 18%, depending on the pre-
vailing environmental conditions. Compared with the conventional dy-
namic programming method, the proposed framework provides up to an 
additional 3% reduction in fuel consumption. The optimisation frame-
work is formulated as a pre-voyage planning tool and was primarily 
validated using hindcast metocean data to ensure fair comparison with 
measured fuel consumption. To assess practical applicability, this study 
further investigated the impact of weather forecast uncertainty on op-
timisation outcomes. Differences between forecast and hindcast condi-
tions were shown to influence voyage segmentation and correspond-
ing power allocation strategies, leading to reduced achievable fuel sav-
ings when only departure-time forecasts are used. Owing to the high 
computational efficiency of the proposed framework, the method can 
be naturally extended to rolling or real-time optimisation as updated 
weather forecasts become available during the voyage. Such rolling re-
optimisation enables progressively improved decision-making based on 
increasingly accurate metocean information, potentially achieving fuel 
saving performance comparable to hindcast based optimisation while 
maintaining operational practicality.

One limitation of the present study lies in the machine learning-
based speed prediction model. The model may exhibit reduced generali-
sation capability under previously unseen environmental or operational 
conditions, which can introduce inaccuracies in voyage time estimation 
and ETA constraint evaluation. However, this limitation does not af-
fect the validity of the proposed optimisation framework itself, as the 
framework remains applicable to improved or physics-informed perfor-
mance models. Future work will focus on enhancing model generali-
sation through hybrid physics-informed learning approaches, and im-
plementing real-time rolling optimisation under continuously updated 
forecast conditions to further support practical onboard deployment.
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