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Abstract

The global maritime industry confronts mounting pressures from stringent emission

reduction regulations and escalating fuel costs that constitute a substantial portion

of operational expenses. Compared to capital-intensive technological retrofits, oper-

ational optimization through speed planning offers a cost-effective and readily im-

plementable pathway for achieving energy efficiency improvements and emission re-

ductions. Ship speed optimization aims to minimize a ship’s fuel consumption by

determining optimal speed profiles along planned routes, typically following a predict-

then-optimize paradigm where fuel consumption is first predicted and then used to

optimize speed decisions. Since fuel consumption prediction relies on weather fore-

casts as critical input variables, and sea and weather conditions exhibit considerable

variability during voyages, accurate weather forecasts become essential for effective

speed optimization.

However, existing speed optimization methods encounter two challenges that con-

strain their practical effectiveness. First, current models predominantly rely on de-

terministic weather forecasts while neglecting inherent forecast uncertainties. These

approaches lack scientific frameworks to quantify the operational value of proba-

bilistic forecast information. Second, static pre-voyage planning fails to capitalize

on continuously updated weather forecasts available throughout voyages, resulting

in suboptimal performance under evolving environmental conditions. Furthermore,

while operational optimization offers immediate efficiency gains, achieving deeper
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decarbonization targets requires technological innovation. Emerging hybrid electric

propulsion systems, which integrate battery storage with conventional engines, intro-

duce greater operational complexity encompassing multi-dimensional coordination

challenges in routing, speed selection, and energy management decisions that tran-

scend conventional optimization paradigms.

This thesis first establishes an innovative dual-model evaluation framework that sci-

entifically simulates the planning-execution gap in maritime operations. This frame-

work demonstrates that ensemble weather forecast-based speed optimization achieves

approximately 1% additional fuel savings compared to deterministic forecast-based

approaches, validated through computational experiments on two nine-day voyages

under both ballast and laden conditions. The superior rhumb line-based data fusion

method developed for this framework ensures high-quality inputs for the ship’s fuel

consumption rate predictions. Building upon this foundation, this thesis introduces

a rolling horizon optimization approach that enables ship speed replanning based on

continuously updated weather forecasts throughout voyages. Computational results

on two laden voyages demonstrate that this framework achieves 10.86% fuel savings

compared to fixed speed operations and 7.53% additional savings compared to static

optimization approaches, unlocking operational efficiency gains beyond conventional

pre-voyage planning.

While ship speed optimization offers immediate energy efficiency improvements, achiev-

ing deeper decarbonization targets fundamentally requires technological innovation.

This thesis further addresses the operational complexity of hybrid propulsion systems

by formulating the integrated model for hybrid electric platform supply vessel (PSV)

operations. This model simultaneously coordinates routing, speed, charging, and en-

ergy management decisions under fuel quota constraints that enforce predetermined

emission reduction targets. Using realistic instances from North Sea operations, we

benchmark hybrid PSV performance against two diesel-only references representing

current industry practices: fixed design-speed operations and speed-optimized oper-
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ations. Results demonstrate that operators currently using fixed speeds can achieve

substantial emission reductions while simultaneously reducing total costs through

combined hybrid propulsion and speed optimization. For operators already employ-

ing speed optimization, hybrid PSV operations can achieve moderate emission targets

with stable abatement costs of approximately 0.77 NOK/kg CO2. Our analysis further

quantifies the critical role of operational factors in determining the cost-effectiveness

of hybrid operations: offshore wind farms prove essential for achieving ambitious

emission targets by eliminating costly detours to remote charging stations, while voy-

age time budget flexibility creates favorable trade-offs between operational efficiency

and emission reduction costs. These findings offer actionable insights for maritime

operators navigating the transition to hybrid propulsion systems under increasingly

stringent environmental regulations.

This thesis systematically addresses weather forecast uncertainty in ship speed op-

timization and enables adaptive speed replanning with updated weather forecasts

throughout voyages. By further extending the optimization framework to integrated

hybrid system management, these methods provide practical tools for green shipping,

offering viable pathways for the maritime industry to achieve sustainable development

under mounting regulatory and economic pressures.
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Chapter 1

Introduction

1.1 Background and Motivation

Maritime transport serves as the backbone of global trade, carrying more than 80%

of world merchandise trade, amounting to 10.9 billion metric tons in 2020 (UNC-

TAD, 2020). However, the international shipping sector contributes approximately

3% of global greenhouse gas (GHG) emissions (IMO, 2020). In response, the In-

ternational Maritime Organization (IMO) announced an ambitious target in 2023

requiring the maritime industry to reduce total annual GHG emissions by at least

70% compared to 2008 levels by 2040, ultimately achieving net-zero emissions by

around 2050 (IMO, 2023). To operationalize these objectives, the IMO has imple-

mented regulatory initiatives including the Energy Efficiency Design Index (EEDI),

the Energy Efficiency Existing Ship Index (EEXI), and the Ship Energy Efficiency

Management Plan (SEEMP) (IMO, 2011). Starting from 2023, the Carbon Inten-

sity Indicator (CII) requires ships to calculate and report their annual CII rating

(IMO, 2021). Beyond global regulations, regional frameworks such as the European

Union’s Emissions Trading System (EU ETS) have incorporated shipping into carbon

markets (European Commission, 2025; Kotzampasakis, 2025). National governments
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Chapter 1. Introduction

like Norway have mandated zero-emission technology for platform supply vessels by

2030 (Norwegian Ministry, 2019), addressing the substantial GHG emissions from off-

shore oil and gas operations that rely heavily on diesel-powered supply vessel services

(International Energy Agency, 2023; Thomas et al., 2025; Upasana et al., 2025).

These regulatory pressures coincide with significant economic challenges. Fuel costs

constitute over 50% of total operational expenses for many vessels (Wang and Meng,

2012), making energy efficiency both an environmental imperative and an economic

necessity. The combination of high fuel prices, volatile energy markets, and increas-

ing carbon costs, as exemplified by the EU ETS, means that reducing emissions has

become not only a regulatory obligation but also a critical competitive advantage

(Wang et al., 2013). Shipping companies that fail to improve their operational effi-

ciency face direct financial penalties through carbon pricing mechanisms and indirect

market disadvantages through poor CII ratings that may limit their access to certain

ports and charterers.

In response to these pressures, the maritime sector has explored technical and oper-

ational measures (Yan et al., 2021; Yang et al., 2019b; Du et al., 2019). Technical

approaches, such as vessel redesign, propulsion system upgrades, and alternative fuel

adoption, offer long-term emission reduction potential but require substantial capi-

tal investment and extended implementation timelines. For the existing global fleet,

such technical retrofits are often economically prohibitive. In contrast, operational

measures, such as speed optimization (Beşikçi et al., 2016b), virtual arrival (Jia et al.,

2017), and trim optimization (Du et al., 2019), present immediately implementable

pathways to enhance ship energy efficiency with minimal capital requirements (Yang

et al., 2020; Yan et al., 2020; Fan et al., 2022). Speed optimization has been widely

adopted by major shipping companies due to its proven effectiveness and ease of

implementation (Maersk, 2021; Hafnia, 2021). The fundamental principle is straight-

forward: fuel consumption increases exponentially with speed, and by strategically

modulating sailing speeds based on operational constraints and environmental condi-
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tions, significant fuel savings can be achieved without compromising service reliability.

However, effective implementation of ship speed optimization in real-world maritime

operations faces critical limitations in existing research. Speed optimization follows a

predict-then-optimize framework: accurate fuel consumption prediction must precede

optimal speed profile identification. Since fuel consumption is strongly influenced by

meteorological conditions such as wind, waves, and currents, the quality of weather

information directly determines optimization effectiveness (Psaraftis and Kontovas,

2014; Yan et al., 2021). However, meteorological forecasts are inherently uncertain

due to the chaotic nature of atmospheric and oceanic systems (Lorenz, 1965). While

deterministic weather forecasts provide a single predicted scenario representing the

most likely future state, ensemble forecasting systems generate multiple plausible

scenarios that explicitly characterize prediction uncertainty (World Meteorological

Organization, 2012). Despite the operational availability of ensemble forecasts for

decades, their potential value for ship speed optimization remains unexplored. More

critically, previous studies that attempted to evaluate the benefits of ensemble weather

forecasts suffered from a methodological limitation: they lacked rigorous evaluation

frameworks that explicitly distinguish prediction capability from physical reality and

employ reliable historical data to simulate the planning-execution gap (Hinnenthal

and Clauss, 2010; Skoglund et al., 2015). This methodological gap prevents systematic

assessment of whether ensemble weather forecasting can deliver tangible operational

improvements in ship speed optimization.

Another limitation arises from environmental dynamism during voyage execution.

Ocean voyages typically span multiple days or weeks, during which meteorological

conditions evolve continuously and weather forecasts are updated regularly. Tradi-

tional speed optimization research has predominantly employed static optimization

frameworks that determine optimal speed profiles based on forecast information avail-

able before departure and maintain these decisions throughout the voyage regardless

of forecast updates (Fagerholt et al., 2010; Wang and Meng, 2012; Beşikçi et al.,
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2016a). This approach fails to exploit the valuable information contained in weather

forecast updates and cannot adapt to changing conditions encountered during oper-

ations. This can result in suboptimal fuel consumption and compromise the effec-

tiveness of ship speed optimization. Addressing this limitation requires developing

adaptive optimization frameworks that can incorporate updated meteorological infor-

mation and adjust operational decisions accordingly (Wang et al., 2018a; Zis et al.,

2020).

While ship speed optimization offers cost-effective emission reductions for conven-

tional vessels with minimal capital investment, achieving the maritime sector’s deep

decarbonization targets ultimately requires technological transformation. Hybrid

diesel-electric propulsion systems have emerged as a particularly promising tran-

sitional technology, capable of reducing emissions substantially while maintaining

operational flexibility (DNV GL, 2016; Chin et al., 2022; Inal et al., 2022; Paipa-

Sanabria et al., 2025). However, the introduction of hybrid propulsion technology

creates new operational complexities that significantly expand beyond traditional

vessel routing and speed optimization frameworks. Operators must simultaneously

optimize charging strategies and energy allocation between diesel and electric power

sources while coordinating routes, speeds, and schedules to maximize emission reduc-

tion and cost-effectiveness. This operational complexity is further compounded by the

limited availability of charging infrastructure, requiring vessels to maintain sufficient

energy reserves for potentially long sailing segments between charging locations. The

strategic integration of renewable energy infrastructure, such as offshore wind farms

that provide high charging rates for ships, adds another dimension to the optimiza-

tion challenge by offering new charging opportunities that could fundamentally alter

optimal routing strategies.
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1.2 Contributions

To address these limitations, this thesis systematically develops methodologies that

advance from evaluating the uncertainty of weather forecasts to enabling adaptive

speed planning and ultimately coordinating multi-dimensional decisions for hybrid

propulsion systems, which results in the following three contributions.

First, this thesis develops an evaluation framework for quantifying the operational

value of ensemble weather forecasts in ship speed optimization. By explicitly dis-

tinguishing prediction capability from physical reality through a novel dual-model

architecture, this framework overcomes the impossibility of conducting controlled

real-world experiments where the same vessel sails identical routes under different

forecast types. The framework enables systematic comparison of deterministic and

ensemble forecast-based optimization under realistic conditions.

Second, this thesis extends ship speed optimization from static to adaptive frameworks

that can adapt to evolving meteorological conditions during voyage execution. The

proposed rolling horizon framework enables vessels to incorporate regularly updated

weather forecast information and adjust operational decisions accordingly, addressing

the limitation of conventional static speed optimization methods.

Finally, this thesis introduces the Hybrid Electric Platform Supply Vessel Routing

Problem with Speed Optimization (HEPSVRP-SO) and develops a mixed-integer

programming (MIP) model that simultaneously optimizes route planning, speed selec-

tion, charging strategies, and power allocation between diesel and electric propulsion

under fuel quota constraints. Computational experiments based on realistic instances

from North Sea operations quantify the emission reduction potential of hybrid electric

vessel operations and assess the strategic value of offshore wind farms for maritime

decarbonization.
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1.3 Thesis Outline

The remainder of this thesis is organized as follows. Chapter 2 reviews the relevant lit-

erature on ship speed optimization, covering the evolution from foundational models

to advanced approaches that incorporate weather forecast uncertainty and operational

dynamism, as well as electric vehicle routing problems that provide methodologi-

cal insights for hybrid vessel operations. Chapter 3 introduces the ship operational

data, describes the meteorological data sources, and develops data fusion methods

for integrating these heterogeneous data sources into high-quality datasets suitable

for predicting ship fuel consumption and optimizing ship speed. Chapter 4 devel-

ops the dual-model evaluation framework for comparing deterministic and ensemble

weather forecasts in ship speed optimization. Chapter 5 introduces the rolling hori-

zon optimization framework for ship speed optimization under evolving meteorological

conditions. Chapter 6 formulates and evaluates the integrated optimization model

for hybrid electric vessel routing with speed optimization and energy management.

Chapter 7 concludes the thesis and discusses future research directions.
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Literature Review

The review is organized into two research streams. Section 2.1 examines the evo-

lution of ship speed optimization for conventional vessels, tracing the progression

from power-law-based speed optimization to weather-dependent speed optimization

and ultimately to advanced methods addressing forecast uncertainty and operational

dynamism. Section 2.2 examines two research domains that provide the theoreti-

cal foundation for hybrid electric vessel optimization: platform supply vessel (PSV)

routing in offshore logistics, which establishes the operational context and practical

constraints, and electric vehicle routing problems from land transportation, which

offer insights for battery management and energy allocation strategies.

2.1 Evolution of Speed Optimization for Conven-

tional Vessels

Ship speed optimization follows a predict-then-optimize framework: first predicting

fuel consumption under different speed scenarios, then determining the optimal speed

profile through mathematical optimization. This framework has evolved significantly
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as fuel consumption prediction models have progressed from simplified power-law rela-

tionships to sophisticated weather-informed approaches, and as optimization methods

have advanced to address forecast uncertainty and operational dynamism. This sec-

tion reviews this evolution across three stages: optimization based on power-law fuel

consumption models, optimization employing weather-informed prediction models,

and advanced optimization methods that explicitly address weather forecast uncer-

tainty through ensemble predictions and operational dynamism through adaptive

optimization frameworks.

2.1.1 Speed Optimization with Power-Law Models

Early research into speed optimization modelled ship fuel consumption primarily as

a function of sailing speed (Ryder and Chappell, 1980). Power-law relationships are

employed in these models, where fuel consumption increases with the cube or higher

powers of sailing speeds (Fagerholt et al., 2010; Wang and Meng, 2012; Lai et al., 2022;

Li et al., 2022a). Fagerholt et al. (2010) proposed a continuous nonlinear programming

model to determine optimal speeds along a shipping route, which was discretized and

solved using shortest path algorithms. Kim et al. (2016) subsequently developed an

exact algorithm for the same problem. Wang and Meng (2012) established speed-

fuel consumption relationships from historical operational data and embedded them

into a mixed-integer nonlinear programming model to optimize sailing speeds for

multiple container ships in a liner shipping network. Yao et al. (2012) developed

similar relationships for different container ship sizes and integrated them into an

optimization model determining refueling ports, refueling amounts, and sailing speeds

to minimize total bunker fuel costs.

While these models successfully demonstrated the economic benefits of speed re-

duction and established fundamental solution methodologies, they suffered from a

critical limitation: ship fuel consumption was modeled solely as a function of speed,

12



2.1. Evolution of Speed Optimization for Conventional Vessels

implicitly assuming constant environmental conditions. This simplification proved

inadequate for practical applications, as actual fuel consumption at identical speeds

can vary substantially depending on meteorological conditions. The exclusion of

weather factors represents a fundamental limitation that motivated the development

of weather-informed optimization approaches.

2.1.2 Weather-Informed Speed Optimization

The recognition that meteorological conditions substantially affect ship fuel consump-

tion leads to a paradigm shift in speed optimization research. Factors such as wind

conditions, wave characteristics, ocean currents, trim, and draught significantly influ-

ence ship fuel consumption beyond speed alone (Medina et al., 2020; Yu et al., 2021).

Early approaches employed physics-based simulation models and optimization meth-

ods. Li et al. (2018) developed a simulation model considering wind and irregular

wave impacts to calculate bunker consumption rates, then formulated a bi-objective

optimization model simultaneously minimizing fuel consumption and maximizing cost

savings. This work was extended by Li et al. (2020), who additionally accounted for

voluntary speed loss and GHG emissions. Fan et al. (2022) built regression functions

relating instantaneous fuel consumption and speed over water to main engine rev-

olutions using operational sensor data, then proposed a multistage decision-making

model to minimize overall voyage fuel consumption. Lin et al. (2013) developed

a weather routing algorithm based on the composite influence of multiple dynamic

environmental elements, optimizing ship trajectories considering wind, waves, and

currents. Roh (2013) proposed an economical shipping route determination method

accounting for sea state effects, employing isochrone-based techniques to evaluate

alternative routes under varying weather conditions.

The emergence of big data technology and artificial intelligence prompts the growing

adoption of machine learning algorithms for constructing fuel consumption prediction
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models (Yan et al., 2021). Several common machine learning algorithms include the

tree-based model (Soner et al., 2018; Li et al., 2022b), artificial neural networks (Jeon

et al., 2018; Petersen et al., 2012b; Gkerekos and Lazakis, 2020; Kim et al., 2021; Zhu

et al., 2021), regularized linear regression (Soner et al., 2019; Wang et al., 2018b), k-

nearest neighbors models (Peng et al., 2020; Uyanık et al., 2020), and Gaussian process

(Petersen et al., 2012a; Yuan and Nian, 2018). These data-driven approaches learn

complex nonlinear patterns directly from operational data without requiring explicit

hydrodynamic equations or proprietary vessel specifications. Tarelko and Rudzki

(2020) established two artificial neural network models to predict ship fuel consump-

tion rate FCR and instantaneous speed over ground, then formulated a bi-objective

optimization model concurrently minimizing fuel consumption and maximizing sailing

speed. Du et al. (2019) proposed a two-phase framework for optimizing container ship

speed and trim, employing artificial neural networks to predict fuel consumption rates

in the first phase, then evaluating alternative optimization strategies in the second

phase. Yan et al. (2020) trained a random forest model to estimate fuel consumption

under various scenarios using datasets combining noon reports with meteorological

data from the European Centre for Medium-Range Weather Forecasts (ECMWF),

then developed a mixed-integer linear program optimizing sailing speeds subject to

arrival time constraints.

The above-mentioned studies usually adopted ship noon reports in the construction

of ship fuel consumption prediction models (Yuan and Nian, 2018; Gkerekos et al.,

2018; Tarelko and Rudzki, 2020). However, as the noon report is manually recorded by

crews and there is only one record for each day (usually at noon according to the local

time), the quality as well as the quantity of noon reports can be low, especially given

that meteorological conditions are often volatile (Li et al., 2022b; Du et al., 2022b).

Thus, incorporating sea and weather information from the external meteorological

database can improve data quality as well as the data quantity, eventually improving

the predicting performance of fuel consumption prediction models (Du et al., 2022a).
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However, few studies describe in detail a fusion method to combine two or more data

sources or discuss the impact of different fusion methods on the prediction accuracy

of the fuel consumption prediction model.

Furthermore, despite improvements in predicting ship fuel consumption through the

incorporation of meteorological factors, these studies face two limitations. First, these

studies obtained weather information from deterministic weather forecasts (Li et al.,

2022b; Du et al., 2019; Yan et al., 2020; Lee et al., 2018). However, due to chaos

in the atmosphere and ocean and the imperfect depiction of their initial state, the

uncertainty is introduced in weather forecasting. Deterministic weather forecasts pro-

vide only a single predicted scenario without capturing the range of possible future

weather conditions (Lorenz, 1965; Yousuf et al., 2019), which degrades the accu-

racy of fuel consumption prediction and consequently undermines the effectiveness

of speed optimization. Second, forecast accuracy gradually decreases with lead time.

However, these studies commit to a complete speed profile before departure without

mechanisms to incorporate continuously updated weather forecasts during voyage ex-

ecution, meaning that speed optimization decisions become progressively suboptimal

as more accurate meteorological information becomes available. These deficiencies

motivate advanced approaches that explicitly address forecast uncertainty and oper-

ational dynamism.

2.1.3 Speed Optimization under Uncertainty and Dynamism

Atmospheric systems exhibit chaotic dynamics wherein small perturbations in initial

conditions amplify exponentially, fundamentally limiting deterministic predictability

(Lorenz, 1965). Ensemble forecasting systems address this limitation by generating

multiple plausible scenarios through repeated model executions with perturbed initial

conditions, thereby characterizing the probability distribution of future atmospheric

states (World Meteorological Organization, 2012). A typical ensemble forecast con-
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sists of a control member generated from the unperturbed initial conditions and mul-

tiple perturbed members generated from slightly varied initial conditions. For ship

speed optimization, ensemble weather forecasts enable stochastic formulations that

minimize expected fuel consumption across all ensemble members, producing more

robust solutions that hedge against forecast errors.

While these pioneering studies demonstrated the potential value of ensemble forecasts

for maritime operations, closer examination reveals critical methodological limita-

tions. Hinnenthal and Clauss (2010) proposed a Pareto-optimal route optimization

method utilizing both deterministic and ensemble weather forecasts with genetic algo-

rithms, introducing robustness as a third optimization objective. However, they did

not systematically evaluate actual performance in verified weather conditions, mak-

ing it difficult to quantify the operational advantages of ensemble weather forecasts.

Skoglund et al. (2015) conducted comparisons between deterministic and ensemble-

based weather routing using verified weather constructed from consecutive forecast

control members, finding that ensemble-optimized routes significantly reduced delay

risks and fuel consumption prediction errors. However, they used the same prediction

model for both optimization and evaluation, which fails to realistically represent the

fundamental distinction in maritime operations between planning based on imperfect

predictions and execution governed by true physical laws. Additionally, their veri-

fied weather remains weather forecast data rather than actual observations such as

reanalysis data. Therefore, a methodological gap remains regarding the need for an

evaluation framework that explicitly distinguishes prediction capability from physical

reality and uses reliable historical data to realistically simulate the planning-execution

gap.

The second limitation concerns operational dynamism. Weather forecasts are up-

dated regularly, typically every six hours, with revisions often differing from earlier

predictions, particularly at longer lead times. Static pre-departure optimization can-

not adapt to evolving conditions as more accurate information becomes available.
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Some studies have attempted to address this limitation by employing dynamic op-

timization frameworks that adjust speed decisions during voyage execution. Wang

et al. (2018a) adopted a dynamic optimization method that determines optimal sail-

ing speeds based on real-time environmental factors provided by sensors at different

time steps. Tzortzis and Sakalis (2021) divided the voyage time horizon into smaller

segments where sensor-measured weather conditions are considered accurate, solv-

ing successive limited-horizon subproblems to determine optimal speeds. However,

sensors can only measure meteorological conditions at the vessel’s current location

and time, without providing forecasts for the remainder of the voyage. Consequently,

such methods optimize based on current conditions alone, without considering how

the weather will evolve in the future. This can lead to suboptimal decisions if the

weather changes significantly along the remaining route.

The evolution from speed-centric models through weather-dependent frameworks to

advanced uncertainty-aware and dynamic approaches reflects continuous refinement

toward methodologies that better represent maritime operational realities. However,

two critical research gaps remain unaddressed. First, while pioneering studies have

demonstrated potential benefits of ensemble forecasts, the literature lacks a rigorous

evaluation framework that can systematically quantify their operational value by ex-

plicitly distinguishing between prediction capability used for planning and physical

reality governing actual performance. Second, although dynamic optimization con-

cepts have been explored, existing approaches either rely on sensor measurements

without forecast information for future segments or lack systematic frameworks for

integrating continuously updated forecasts throughout voyage execution. Addressing

these gaps through developing a comprehensive comparison framework for weather

forecast uncertainty and a systematic rolling horizon optimization framework for op-

erational dynamism constitutes the central focus of Chapters 4 and 5 of this thesis,

respectively.
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2.2 Hybrid Electric PSV Operations: Routing and

Energy Management Foundations

The preceding section examined the evolution of speed optimization for conventional

diesel-powered vessels, revealing critical gaps in addressing weather forecast uncer-

tainty and operational dynamism. While these challenges apply broadly across mar-

itime transportation, this thesis focuses on a more complex operational context in-

volving hybrid electric propulsion systems in offshore supply vessel operations. Hy-

brid electric vessels integrate dual power sources consisting of diesel engines and

battery-electric systems, requiring coordinated optimization of not only speed pro-

files but also charging strategies and power allocation between propulsion modes.

Furthermore, PSVs operate under operational constraints, including sparse charging

infrastructure, strict emission regulations, and time-sensitive service requirements for

offshore installations. To establish the theoretical foundations for addressing these

integrated challenges, this section reviews two research streams: operational routing

of PSVs and energy management in electric and hybrid vehicle routing problems.

2.2.1 Platform Supply Vessel Routing

A substantial portion of research on PSV routing and scheduling in the offshore oil

and gas industry focuses on the Supply Vessel Planning Problem (SVPP). The SVPP

involves determining an optimal fleet of PSVs and their weekly routes and schedules

to serve offshore installations that require a specified number of visits. A defining

feature of the SVPP is that vessel schedules must be repeatable on a weekly basis,

reflecting standard offshore logistics practices. The problem was first studied in a

simplified form by Fagerholt and Lindstad (2000) and formally defined by Halvorsen-

Weare et al. (2012), who incorporated key practical aspects such as service capacity

limits at supply bases and spread departures for voyages to the same installations.

18



2.2. Hybrid Electric PSV Operations: Routing and Energy Management
Foundations

Because the SVPP is a complex combinatorial routing problem, heuristic solution

methods are typically employed (Shyshou et al., 2012; Kisialiou et al., 2018; Borthen

et al., 2018). More recent studies have introduced additional real-world elements,

particularly uncertainty in cargo demand and sailing times, using various modeling

approaches and solution methods (Kisialiou et al., 2019; Santos et al., 2022; Cruz

et al., 2023).

In contrast to the SVPP, which addresses tactical planning, the HEPSVRP-SO is an

operational problem focusing on the detailed planning of the upcoming route for a

PSV, involving also decisions about sailing speeds, charging, and the energy manage-

ment along the route. There are also a few studies dealing with operational routing of

PSVs. Aas et al. (2007) developed a mathematical model for routing and scheduling

of a single vessel to petroleum installations, considering storage capacity constraints

of offshore platforms, to perform both pickup and delivery services. Building on

this problem definition, Gribkovskaia et al. (2008) developed a tabu search heuristic

designed to solve larger instances of this single-vessel pickup and delivery problem.

Subsequent research introduced more complex operational constraints. Cuesta et al.

(2017) introduced the Vessel Routing Problem with Selective Pickups and Deliveries,

addressing capacity-constrained scenarios where order postponement becomes neces-

sary.

Building on these foundational models that introduced specific operational constraints,

other research has focused on developing more comprehensive, integrated decision-

making frameworks. de Bittencourt et al. (2021) developed an integrated framework

for optimizing cargo assignment, fleet sizing, and delivery planning over fixed, prede-

termined routes. Silva et al. (2024) addressed an integrated routing and scheduling

problem that simultaneously considers multiple vessel trips, pickups and deliveries,

and deck space capacity constraints. St̊alhane et al. (2019) developed a variable neigh-

borhood search heuristic for offshore supply vessel disruption management, facilitat-

ing the re-planning of voyages when vessels deviate from their long-term schedules due
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to weather or operational disruptions. In addition, speed optimization has emerged as

a critical decision variable in operational PSV planning. Ulsrud et al. (2022) consid-

ered a time-dependent PSV routing problem with speed optimization that accounts

for weather-dependent fuel consumption and variable sailing speeds, while Ormevik

et al. (2023) introduced a high-fidelity weather-dependent fuel consumption model for

speed optimization on a given, predetermined route to evaluate whether the choice

of weather impact model would affect the speed selection strategies.

Despite these advances in operational PSV planning, none of the existing studies

address hybrid electric propulsion systems. All previous research focuses exclusively

on conventional diesel-powered vessels, without considering the integrated optimiza-

tion of charging strategies and dynamic energy allocation between diesel and electric

power sources that characterize hybrid PSV operations. Table 2.1 summarizes the key

characteristics of operational PSV routing studies and positions the HEPSVRP-SO

within this literature.
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Table 2.1: Operational PSV routing problems in the literature

Problem Characteristics Decision Variables

Study Problem Vessel Planning Fleet Routing Speed Cargo Hybrid Propulsion Objective
Name Type Horizon Selection Management Function

Aas et al. (2007) VRPPD Diesel 3 days Single ✓ Minimize total travel time
Gribkovskaia et al. (2008) SVPDPCC Diesel 3 days Single ✓ Minimize total travel time
Cuesta et al. (2017) VRPSPD Diesel 2-3 days Single ✓ ✓ Minimize travel cost and penalty cost for not

handling orders
St̊alhane et al. (2019) VRP for DM Diesel 2-3 days Heterogeneous ✓ ✓ Minimize sailing cost, chartering cost, and

penalty cost for postponed orders and delays
de Bittencourt et al. (2021) OSP Diesel 1 voyage Heterogeneous ✓ Maximize the service level, defined as the per-

centage of on-time deliveries while penalizing
refused requests

Ulsrud et al. (2022) TDVRP-SO Diesel 2-3 days Heterogeneous ✓ ✓ ✓ Minimize fuel cost, chartering cost, and penalty
cost for postponed orders

Ormevik et al. (2023) WD-SO Diesel 2-3 days Single ✓ Minimize total fuel consumption
Silva et al. (2024) PSVRSP Diesel 1 voyage Heterogeneous ✓ Minimize marginal fuel expenditure and vessel

utilization time

This study HEPSVRP-SO Hybrid 2-3 days Single ✓ ✓ ✓ Minimize fuel cost, electricity cost and
emission cost

Note: VRPPD = Vehicle Routing Problems with Pickups and Deliveries; SVPDPCC = Single Vehicle Pickup and Delivery Problem with Capacitated Customers; VRPSPD = VRP
with Selective Pickups and Deliveries; DM = Disruption Management; OSP = Order Selection Problem; TDVRP-SO = Time-Dependent VRP with Speed Optimization; WD-SO =
Weather-dependent Speed Optimization; PSVRSP = PSV Routing and Scheduling Problem.
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Table 2.2: Electric vehicle routing problems in the literature

Problem Characteristics Decision Variables

Study Problem Vehicle Planning Fleet Routing Charging Energy Objective
Name Type Horizon Strategy Allocation Function

Schneider et al. (2014) EVRP-TW Electric 1 day Homogeneous ✓ Full charging Hierarchically minimize vehicle
count, then total distance

Keskin and Çatay (2016) EVRP-TW-PR Electric 1 day Homogeneous ✓ Partial charging Minimize total travel distance
Montoya et al. (2017) EVRP-NL Electric 1 day Homogeneous ✓ Partial charging Minimize total time of traveling

and charging
Mancini (2017) HVRP Hybrid 1 day Homogeneous ✓ Full charging Mode selection Minimize total distance and

penalty cost for using traditional
fuel

Schiffer and Walther (2017) E-LRPTW Electric Multi-day Homogeneous ✓ Partial charging Separately minimize multiple dif-
ferent objectives, including total
travel distance, number of vehi-
cles used, number of charging sta-
tions used, weighted sum of the
number of vehicles and charg-
ing stations, and total cost en-
compassing investment and oper-
ational expenses

Seyfi et al. (2022) MM-HEVRP Hybrid 1 day Homogeneous ✓ No Mode selection Minimize total travel cost
Froger et al. (2022) EVRP-NL-C Electric 1 day Homogeneous ✓ Partial charging Minimize total time of driving,

service, charging, and waiting
Sayarshad (2024) EVRP-RE Electric 1 day Homogenous ✓ Partial charging Minimize electricity purchase cost

and total time of traveling, setup,
and charging

Jiang et al. (2025) MM-HEVRP-TW Hybrid 1 day Homogeneous ✓ No Mode selection Minimize total travel cost

This study HEPSVRP-SO Hybrid 2-3 days Single ✓ Partial charging Power allocation Minimize fuel cost, electric-
ity cost and emission cost

Note: EVRP-TW = Electric VRP with Time Windows; EVRP-TW-PR = EVRP with Time Windows and Partial Recharging; EVRP-NL = EVRP with Nonlinear Charging; HVRP
= Hybrid VRP; = Electric Location Routing Problem with Time Windows; MM-HEVRP = Multi-Mode Hybrid Electric VRP; EVRP-NL-C = EVRP with Nonlinear Charging and
Capacitated Stations; EVRP-RE = EVRP with Renewable Energy. Mode selection refers to discrete choice among predefined operational modes (e.g., pure electric, pure diesel), while
power allocation represents continuous proportional distribution between energy sources.
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2.2.2 Electric Vehicle Routing Problem

While vessel electrification represents an emerging frontier, the optimization of electric

vehicle routing has been extensively studied in land transportation, providing valu-

able methodological insights for maritime applications. The Electric Vehicle Routing

Problem (EVRP) seeks to determine an optimal set of routes for a fleet of electric

vehicles to serve a collection of customers. This involves making decisions about not

only the sequence of customer visits but also the location and duration of necessary

charging stops to accommodate for their limited driving range and battery capacity.

The foundational work by Schneider et al. (2014) established the mathematical for-

mulation for the Electric Vehicle Routing Problem with time windows and recharging

stations, introducing the core concepts of range limitations, charging decisions, and

battery state management that define this research domain. Key advances in EVRP

methodology include the work of Keskin and Çatay (2016), who addressed partial

recharging strategies for electric vehicles, demonstrating that this flexibility can lead

to significant improvements in routing decisions. Montoya et al. (2017) introduced

realistic nonlinear charging functions that more accurately represent battery charging

behavior than earlier linear models. Recent developments have focused on charging

infrastructure integration and optimization. Schiffer and Walther (2017) studied the

simultaneous location-routing problem for electric vehicles with time windows, pro-

viding insights for strategic charging infrastructure placement. Froger et al. (2022)

addressed capacitated charging stations, explicitly modeling the limited number of

chargers available and the potential for queuing. Sayarshad (2024) demonstrated the

integration of renewable energy sources with electric vehicle routing, achieving a 42%

reduction in battery storage requirements through intelligent charging coordination.

The most relevant extension for this study is the Hybrid Electric Vehicle Routing

Problem (HEVRP). Unlike pure electric vehicles, hybrid vehicles can switch to a

conventional engine if their battery is depleted, making the electric range a ”soft”
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constraint. Mancini (2017) addressed the hybrid vehicle routing problem, providing

mathematical formulations for vehicles that can switch between electric and tradi-

tional fuel propulsion and recharge at stations. Seyfi et al. (2022) developed multi-

mode hybrid electric vehicle routing models that address four operational modes:

pure electric, pure combustion, charging while driving, and boost mode. Building on

this, Jiang et al. (2025) extended the problem to include time windows and devel-

oped an adaptive large neighborhood search algorithm to solve this more complex

variant. Their mathematical formulations for energy management between multiple

power sources provide the theoretical foundation for addressing the dual propulsion

systems in hybrid electric PSVs.

Despite these advances, research on electric or hybrid vessel routing is still in its

early stages. Early work by Kanellos (2013) developed power management methods

for all-electric ships without considering routing decisions. More recent studies have

begun to integrate these decisions, often using two-stage or sequential optimization

frameworks. For example, Wang et al. (2023) proposed a two-stage model that first

optimizes ship arrival times at ports based on electricity prices and then optimizes

the vessel’s speed and energy management for the given voyage. Luo et al. (2025)

created a two-stage framework that first optimizes the ship’s route considering sea

conditions and subsequently optimizes speed and energy management along that pre-

determined path. Table 2.2 positions the HEPSVRP-SO within the EVRP literature,

highlighting the research gap: Existing studies have not developed unified models

coordinating hybrid vessel routing, speed optimization, charging strategies, and real-

time energy management under fuel quota constraints, particularly in the context of

offshore supply operations where charging infrastructure is sparse and energy manage-

ment is critical for operational feasibility. To address this gap, this study introduces

the HEPSVRP-SO along with the first optimization model to integrate the decisions

of route planning, sailing speed, charging strategies, and dynamic power allocation

between diesel and electric propulsion. The proposed model is then used to systemat-

24



2.3. Conclusion

ically evaluate the operational and economic performance of hybrid PSV operations

across multiple scenarios, providing quantitative evidence for pathways toward green

shipping.

2.3 Conclusion

This literature review reveals a progressive evolution in maritime operational opti-

mization, advancing from simplified power-law-based models to weather-dependent

approaches and recent explorations of forecast uncertainty and dynamic replanning.

However, critical research gaps remain. For conventional vessel operations, the litera-

ture lacks rigorous evaluation frameworks that systematically quantify the operational

value of ensemble weather forecasts by distinguishing between prediction capability

and actual performance, and lacks systematic approaches for integrating regularly

updated weather forecasts throughout voyage execution. For hybrid electric vessel

operations, existing PSV routing research focuses exclusively on conventional propul-

sion, while electric vehicle routing methodologies have not been adapted to maritime

contexts. The absence of integrated optimization models simultaneously coordinating

routing, speed, charging, and energy allocation represents a significant research gap.

Chapters 4, 5, and 6 systematically address these gaps through developing frameworks

for evaluating weather forecasts, adaptive speed planning approaches, and integrated

decision-making models for hybrid propulsion systems.
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Chapter 3

Data Foundation

The empirical analyses presented in Chapters 4 and 5 rely fundamentally on high-

quality datasets that integrate vessel operational information with accurate meteoro-

logical conditions. This chapter establishes the data foundation for these subsequent

investigations by introducing the primary data sources employed in this thesis and

detailing the methodological approaches developed to enhance data quality through

systematic fusion procedures.

This chapter is organized into three main sections. Section 3.1 introduces the ship op-

erational data obtained from noon reports and the Automatic Identification System

(AIS). Section 3.2 presents the meteorological data sources, including the ECMWF

Reanalysis v5 (ERA5) dataset and the ensemble weather forecasts provided by the

Global Ensemble Forecast System (GEFS). Section 3.3 develops two data fusion meth-

ods for integrating low-frequency noon report observations with high-resolution me-

teorological data. The data foundation and fusion methodologies established in this

chapter provide the essential infrastructure for the fuel consumption prediction mod-

els and speed optimization frameworks developed in the subsequent chapters.
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3.1 Ship Operational Data

The empirical foundation for the research presented in Chapters 4 and 5 is derived

from ship operational data. This section introduces the characteristics, coverage, and

limitations of the ship operational data employed in this thesis.

3.1.1 Noon Reports

The ship noon report records the sailing conditions of a ship and the sea and weather

information around the ship; reports are usually submitted by the captain to shipping

companies and shore management parties for the purpose of archiving and planning.

The noon report data usually include ship sailing conditions, such as draft, geographic

coordinates, loading conditions, and the average sailing speed since the last report. It

also records snapshot information about the surrounding weather and sea conditions.

For example, the wind speed information is acquired from a single reading of the

anemometer by the deck officer when filling out the noon report.

The noon reports employed in this thesis are obtained from a Capesize dry bulk

carrier. The reports cover the time span from February 13, 2019 to August 3, 2020,

consisting of a total of 331 records. The dataset provides coverage across diverse

operational scenarios, including both laden voyages when the vessel carries cargo and

ballast voyages when the vessel returns empty after cargo discharge.

The major disadvantage of the ship noon report is that the weather and sea informa-

tion is recorded manually by crews once a day according to their readings of onboard

instruments or subjective visual inspections. Consequently, the meteorological data

in the noon report are usually neither adequate nor accurate. To address this issue,

more reliable meteorological data should be collected to complement the noon report.
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3.1.2 Automatic Identification System Data

The AIS is widely adopted in the shipping industry to exchange sailing information

between AIS-equipped terminals, such as between equipped ships and base stations

(Yang et al., 2019a). The AIS typically provides static, dynamic, and voyage-related

information. Because the direction of wind/waves in the meteorological data is ab-

solute, we use the ship’s heading degrees provided by the AIS data to calculate the

direction of wind/waves with respect to the ship sailing direction.

3.2 Meteorological Data

As established in Section 3.1.1, the meteorological information recorded in noon re-

ports is usually neither adequate nor accurate. To address this issue, more reliable

meteorological data should be collected to complement the noon report. This section

introduces the external meteorological data sources employed in this thesis.

3.2.1 ECMWF Reanalysis V5

To mitigate the limitations of the meteorological data provided by the noon reports,

we seek to improve the quality of meteorological data by leveraging more reliable ex-

ternal sources. This thesis uses the ERA5 dataset,1 a reanalysis dataset that is widely

considered the most comprehensive and accurate representation of historical weather

and climate conditions. ERA5 is a reanalysis dataset provided by the ECMWF; it is

regarded as the most complete picture of past weather and climate (ECMWF, 2018).

This dataset offers hourly estimations of various meteorological variables from 1979

to the current day, with a horizontal resolution of 0.25° (longitude) × 0.25° (latitude)

× 1 h (time) for the atmosphere and 0.5° (longitude) × 0.5° (latitude) × 1 h (time)

1https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels.
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for ocean waves. Therefore, ERA5 data are regarded as the ground truth of meteo-

rological data, which can be combined with the noon report data for predicting the

ship fuel consumption.

Twelve variables from the ERA5 data are retrieved, as shown in Table 3.1. These

meteorological variables are combined with the sailing features obtained from the noon

reports to develop the fuel consumption prediction model, leading to more reliable

and accurate predictions of ship fuel consumption. The absolute wind direction and

absolute mean wave direction from the ERA5 data are converted to relative directions

with respect to the ship’s true heading using the vessel heading derived from AIS data.

3.2.2 Ensemble Weather Forecasts

To improve the ship’s operational efficiency, weather information is used for voyage

planning before the voyage starts. Due to the inaccessibility of the actual weather

data, which are referred to as ERA5 data in this thesis, weather forecast data are

used for planning the ship voyage. All weather forecasts employed in this thesis are

generated by the GEFS, which is a comprehensive weather forecast model published

by the National Oceanic and Atmospheric Administration (NOAA) (NOAA, 2017).

The GEFS generates a range of 21 meteorological forecasts, consisting of a ”control

member” forecast that is based on the most accurate estimate of the current mete-

orological conditions and 20 ”perturbed member” forecasts that are generated from

the perturbed initial meteorological conditions (World Meteorological Organization,

2012). The control member forecast represents the most likely scenario, while the

perturbed member forecasts provide a measure of forecast uncertainty. Similar to

Hinnenthal and Clauss (2010) and Skoglund et al. (2015), the control member is re-

garded as a deterministic weather forecast, and the 20 perturbed weather forecasts

are used as the ensemble weather forecasts.

The NOAA issues meteorological forecast data four times a day, with the timestamps
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of 00Z, 06Z, 12Z, and 18Z.2 The issued dataset produces forecasts every six hours

from the initial time, which refers to the starting point from which the forecast data

are generated. The forecast data extend up to 384 h in the future (i.e., 16 days)

from the initial time and cover various parameters such as temperature, wind speed,

precipitation, and atmospheric pressure with a horizontal resolution of 0.5° × 0.5°.

Three variables from the NOAAmeteorological forecast data are retrieved, namely the

2-meter temperature, the wind speed, and the wind direction. These three variables

share identical names in the NOAA weather forecasts and ECMWF reanalysis data.

Similarly, the absolute wind directions recorded in the NOAA data are converted to

the relative direction with respect to the vessel’s true heading.

Table 3.1 provides a summary of features used in this thesis, organized by data source.

For each feature, the table specifies the description and the feature processing applied.

3.3 Data Fusion Methods

A voyage in the noon report contains several waypoints that represent the locations

traveled through by the ship, and these waypoints can be used to represent a voyage.

For example, Figure 3.1(a) shows a voyage containing four waypoints (shown by

yellow dots), and the voyage can be represented by (N1, N2, N3, N4). As shown in

Figure 3.1(a), the meteorological data are presented in regular latitude-longitude

grids, which are called meteorological grids in this thesis, and only the corner points

of a meteorological grid have available meteorological values.

This section introduces two data fusion methods to combine the noon report data

with external meteorological data. These methods aim to improve the quality of

meteorological information, which is critical for developing accurate fuel consumption

prediction models.

2The ”Z” in ”00Z” stands for ”Zulu time,” which is the same as Coordinated Universal Time.
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Table 3.1: Features in each data source

Features Description Feature processing

Ship noon report

Hourly fuel consumption
rate of the main engine
(ME)

The average fuel consumption per hour of the ship’s
main engine in unit mt/hour.

The hourly fuel consumption
rate is obtained by dividing the
overall fuel consumption by the
total sailing time.

Average sailing speed The average sailing speed since the last report in
unit knot.

N.A.

Sailing condition Ballast voyage, if the ship is not loaded; laden voy-
age, if the ship is loaded.

”1” is used to present ”laden
voyage” and ”0” is used to
present ”ballast voyage”.

Draught The vertical distance between the waterline and the
bottom of the hull (keel) in unit meter.

N.A.

ERA5 reanalysis data

10-meter wind direction
(WD)

This parameter measures the wind direction with
respect to the ship’s true heading in unit degrees
at the height of 10 meters.

The absolute wind direction is
transformed to a relative direc-
tion to the ship’s heading degree
from AIS data.

10-meter wind speed (WS) Wind speed at the height of 10 m in unit m/s. N.A.
Mean period of wind waves
(MPWW)

This parameter is the average time in seconds which
is required for two successive wind-sea wave crests
to pass a given point on the surface of the sea.

N.A.

Mean direction of wind
waves (MDWW)

This parameter is the mean true direction of wind-
sea waves with different heights, lengths, and direc-
tions in unit degree.

The absolute direction is trans-
formed to a relative direction to
the ship’s heading degree from
AIS data.

Significant height of wind
waves (SHWW)

This parameter represents the perpendicular dis-
tance from the wind-sea wave trough to the wind-
sea wave crest in unit meter.

N.A.

Mean period of total swell
(MPTS)

This parameter is the average time in seconds which
is required for two successive total swell crests to
pass a given point on the surface of the sea.

N.A.

Significant height of total
swell (SHTS)

This parameter represents the perpendicular dis-
tance from the total swell trough to the total swell
wave crest in unit meter.

N.A.

Mean direction of total
swell (MDTS)

This parameter is the mean true direction of swells
with different heights, lengths, and directions in
unit degree.

N.A.

Significant height of com-
bined wind waves and swell
(SHCWWS)

This parameter measures the perpendicular dis-
tance in meters from the wave trough and the wave
crest. Both wind-sea waves and swells are consid-
ered.

N.A.

Mean wave direction
(MWP)

This parameter is the mean true direction of waves
with different heights, lengths, and directions in
unit degrees. Both wind-sea waves and swells are
considered.

The absolute direction is trans-
formed to a relative direction to
the ship’s heading degree from
AIS data.

Forecast surface roughness
(FSR)

This parameter measures the surface resistance de-
pending on the waves over the ocean. It is the
aerodynamic roughness length in unit meter.

N.A.

2-meter temperature
(2mT)

This parameter represents the highest temperature
of the air at two meters above the surface of land,
sea, or inland water in unit degrees Celsius (◦C).

Temperatures measured in
kelvin are converted to ◦C by
subtracting 273.15.

GEFS ensemble forecast

10-meter wind direction This parameter measures the wind direction with
respect to the ship’s true heading in unit degrees
at the height of 10 meters.

The absolute direction is con-
verted to a relative direction to
the ship’s heading degree from
AIS data.

10-meter wind speed This parameter measures the wind speed at the
height of 10 m in unit m/s.

N.A.

2-meter temperature This parameter represents the highest temperature
of the air at two meters above the surface of land,
sea, or inland water in unit ◦C.

Temperatures measured in
kelvin are converted to ◦C by
subtracting 273.15.
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3.3.1 Direct Fusion Method

External meteorological data, which are highly accurate, are incorporated with the

original noon report data in this section. Specifically, the first step is to locate the

meteorological grid in the external meteorological data in which the waypoint falls,

using the geographical coordinates recorded in the noon report. Due to the limited

spatial resolution of the meteorological data, there might be no exact meteorological

value for the location of the waypoint according to the noon report. To address this

issue, the second step is to use the inverse distance weighted (IDW) interpolation

method to calculate the meteorological values of the specific voyage point recorded in

the noon report (Chen and Liu, 2012). The IDW interpolation method is a determin-

istic spatial interpolation approach to estimating an unknown value by calculating

the weighted average of values of the neighborhood measured points. The weight of

a measured point is the inverse distance of the measured point to the unmeasured

point.

As shown in Figure 3.1(b), the sea/weather conditions of waypoint N1 are unknown.

As waypoint N1 is located in the meteorological grid G and the meteorological values

of the corner points of G are known, the meteorological values of N1 can be calculated

based on the corner points. Taking the calculation of wind speed at N1 as an example,

the formulas of the IDW method are as follows:

ZN1 =
4∑
i=1

wi × ZGi
(3.1)

wi =
1
di∑4
i=1

1
di

, (3.2)

where ZN1 is the unknown wind speed at waypoint N1; wi is the weight; ZGi
is the

wind speed of measured poin,Gi, i.e., the corner point of the meteorological grid; and

di is the distance of N1 to the measured point Gi (i = 1, 2, 3, 4).
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3.3.2 Rhumb Line-based Fusion Method

In the fusion method presented in Section 3.3.1, the weather data acquired at a time

point cannot accurately represent the weather condition during the whole day. To

provide more accurate weather information, it is necessary to interpolate more points

traveled on ship’s course between two consecutive waypoints of the voyage according

to the temporal resolution of the meteorological data. As shown in Figure 3.1(a), 23

points (P1, P2, ..., P23) between waypointsN1 andN2 are interpolated points, and their

geographic positions can be estimated by the rhumb line route. Then, the average

sea/weather data along the interpolated points can be used as a substitute for the

original sea/weather conditions in the noon report.

Specifically, the first key step is to calculate the number of interpolated points ac-

cording to the temporal resolution of the external meteorological data source and

estimate their geographic positions by interpolation. For example, if the noon report

is combined with the ERA5 data at a temporal resolution of 1 h, we can interpolate

23 points (as the time difference between two consecutive noon reports is 24 h); if

the noon report is combined with the GEFS ensemble forecast data at a temporal

resolution of 6 h, we can interpolate 3 points. The whole voyage is divided into a

number of segments, on which the ship sails following a rhumb line route (Weintrit

and Kopacz, 2011). For example, the voyage in Figure 3.1(a) is segmented into three

parts, and the ship moves along the rhumb line on the N1 → N2, N2 → N3, and

N3 → N4 segments. The start points of the three segments are N1, N2, and N3,

respectively. The latitude and longitude of each interpolated point can be calculated

according to the formulas shown below (Williams, 2013):

δ =
d

R
(3.3)

ϕ2 = ϕ1 + δ × cos θ (3.4)
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∆ψ = ln

(
tan
(
π
4
+ ϕ2

2

)
tan
(
π
4
+ ϕ1

2

)) (3.5)

q =

cosφ, the ship sails on constant latitude course φ

|ϕ2−ϕ1|
∆ψ

, otherwise

(3.6)

∆λ = δ × sin θ

q
(3.7)

λ2 = λ1 +∆λ, (3.8)

where δ is the angular distance; d represents the distance between the start point of a

segment and the interpolated point on the segment, and is calculated by multiplying

the average sailing speed (knots) by sailing time (h); R is the earth’s radius; λ1 and

ϕ1 are the longitude and latitude of the start point, respectively; λ2 and ϕ2 are the

longitude and latitude of the interpolated point, respectively; ln is the natural log; θ

is the ship’s heading degree provided by the AIS; and ∆λ is the longitude difference.

When the ship sails on segment N1 → N2, the coordinates of the hourly interpolated

points (P1, P2, ..., P23) between waypoints N1 and N2 can be obtained using equa-

tions (3.3)–(3.8), as shown in Figure 3.1(a). Second, the sea and weather data at

each interpolated point can be retrieved by the IDW method. Finally, we average

the meteorological values of the interpolated points between the current and previous

waypoint, and that of the current waypoint itself. This average is used to replace the

original meteorological values of the current waypoint. For example, the wind speeds

at the interpolated points are (ZP1 , ZP2 , ..., ZP23), and the wind speed at waypoint

N2 is ZN2 . Then the recorded wind speed of N2 in the noon report is replaced by

the average wind speed (ZP1 + ZP2 + ... + ZP23 + ZN2)/24. Note that the meteoro-

logical values at the start point of the first segment in a voyage, i.e., waypoint N1

of the voyage in Figure 3.1(a), are calculated using the fusion method introduced in

Section 3.3.1.
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Figure 3.1: Graphic explanation of the fusion method based on the rhumb line.
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These two data fusion methods provide alternative approaches to integrating noon

report data with external meteorological data. To scientifically determine which fu-

sion method produces more accurate meteorological representations for fuel consump-

tion prediction, their performance will be compared through empirical evaluation in

Chapter 4, and the superior method will be selected as the standard data processing

approach for all subsequent analyses in this thesis.

3.4 Conclusion

This chapter has established the comprehensive data foundation that underpins the

empirical research conducted in Chapters 4 and 5. Three primary data sources have

been introduced: ship noon reports providing vessel operational parameters, AIS data

supplying vessel heading information, and external meteorological datasets compris-

ing ERA5 reanalysis data for historical conditions and GEFS ensemble forecasts for

prospective planning. To address the inadequacy and limited accuracy of meteoro-

logical observations in noon reports, two data fusion methods have been developed.

The direct fusion method provides a baseline approach through spatial interpolation

at waypoint locations, while the rhumb line-based fusion method employs temporal

interpolation along vessel trajectories to obtain more representative segment-average

meteorological conditions. The comparative performance of these fusion methods will

be empirically evaluated in Chapter 4 to determine the optimal data processing ap-

proach for subsequent fuel consumption modeling and speed optimization analyses.
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Chapter 4

Ship Speed Optimization under

Weather Forecast Uncertainty: An

Evaluation Framework

Existing ship speed optimization research predominantly relies on deterministic me-

teorological forecasts, implicitly assuming that a single predicted atmospheric tra-

jectory adequately represents future conditions. While ensemble forecasting systems

that characterize prediction uncertainty through multiple plausible scenarios have

been operationally available for decades, their potential value for ship speed opti-

mization remains unexplored. As identified in Section 2.1.3 of the literature review,

pioneering studies demonstrated potential benefits of ensemble weather forecasts but

suffered from a limitation: they lacked evaluation frameworks that explicitly distin-

guish prediction capability from physical reality and use reliable historical data to

realistically simulate the planning-execution gap. Therefore, a research gap remains

regarding the evaluation of ensemble weather forecasts in ship speed optimization.

This chapter addresses this methodological gap by developing an innovative com-

putational evaluation framework that simulates the complete planning-execution cy-
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cle through a dual-model architecture, overcoming the impossibility of conducting

controlled real-world experiments where the same vessel sails identical routes under

different forecast types.

The remainder of this chapter is organized as follows. Section 4.1 presents the speed

optimization models based on deterministic and ensemble weather forecasts. Sec-

tion 4.2 develops the dual-model evaluation framework. Section 4.3 reports computa-

tional experiments on two validation voyages. Section 4.4 summarizes the findings and

identifies the limitations of static speed optimization that motivate the investigation

of adaptive ship speed optimization in Chapter 5.

4.1 Ship Speed Optimization Model: A Predict-

then-Optimize Approach

This section establishes the speed optimization models for comparison. The models

consist of two key components: a fuel consumption prediction model and an op-

timization model that minimizes the ship’s fuel consumption subject to operational

constraints. Section 4.1.1 presents the gradient boosting regression trees (GBRT) pre-

diction model, while Section 4.1.2 formulates the optimization problem under both

deterministic and ensemble weather forecasts.

4.1.1 Fuel Consumption Prediction Model: Gradient Boost-

ing Regression Trees

The fuel consumption prediction model serves as the foundation for ship speed opti-

mization, providing estimates of fuel consumption rates under varying operational and

environmental conditions. We employ GBRT, a powerful ensemble learning method

that constructs a strong predictor by sequentially combining multiple weak learners
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(decision trees) through gradient-based optimization (Friedman, 2001).

The GBRT algorithm operates through an iterative boosting process. At each itera-

tion n, a new decision tree is trained to approximate the negative gradient of the loss

function with respect to the current ensemble’s predictions. This new tree is then

added to the ensemble with an appropriate weight, progressively reducing prediction

errors. Algorithm 1 presents the complete construction procedure for a GBRT model.

The algorithm initializes with a simple constant prediction (the mean of training tar-

gets), then iteratively fits new trees to the residuals (negative gradients) of the current

model. Each leaf node of the new tree is assigned an optimal value that minimizes

the loss function for samples falling into that region. This process continues for a

predefined number of iterations NGBRT, yielding a final additive model that combines

predictions from all trees.

Algorithm 1 Construction of a GBRT model

Require: Training set D = {(xi, yi)}Ni=1; Number of decision trees NGBRT

Ensure: A GBRT model FGBRT(x)
1: Initialize: f0(x) = argminρ

∑N
i=1 L(yi, ρ), where L(yi, ρ) =

1
2
(yi−ρ)2 is half of the

squared loss. The value of ρ is estimated by minimizing the loss function, and its
optimal value is 1

N

∑N
i=1 yi.

2: for n = 1 to NGBRT do

3: Compute residuals: rin = −
[
∂L(yi,f(xi))
∂f(xi)

]
f(x)=fn−1(x)

for i = 1, . . . , N .

4: Fit a new tree to residuals: Train the decision tree on {(xi, rin)}Ni=1 with leaf
regions Rjn (j = 1, . . . , J).

5: for each leaf region Rjn do
6: Compute optimal leaf value: γjn = argminγ

∑
xi∈Rjn

L(yi, fn−1(xi) + γ)
7: end for
8: Update model: fn(x) = fn−1(x) +

∑J
j=1 γjnI(x ∈ Rjn), where I(x ∈ Rjn) takes

the value of 1 if x ∈ Rjn, and 0 otherwise.
9: end for
10: return FGBRT(x) = f0(x) +

∑NGBRT

n=1

∑J
j=1 γjnI(x ∈ Rjn)

In the context of ship fuel consumption prediction, the GBRT model takes as input

a feature vector x = [v,w,u] comprising the sailing speed v, meteorological con-

ditions w, and vessel’s operational state u, and outputs the predicted hourly FCR
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(mt/h). The meteorological conditions w encapsulate environmental factors such as

wind speed, wind direction, wave characteristics, and other relevant atmospheric and

oceanic variables that influence ship resistance and propulsion efficiency. The vessel’s

operational state u includes attributes such as draft and loading condition (laden or

ballast), which affect the vessel’s hydrodynamic performance. The model function

can be formally expressed as:

Fplanner
GBRT (v,w,u;θGBRT)→ Hourly fuel consumption rate (mt/h), (4.1)

where θGBRT represents the learned parameters of the GBRT model, including the

structure and weights of all decision trees. The specific features comprising w and

u, along with the model’s training procedure and predictive performance, are de-

tailed in Section 4.3.1. The superscript ”planner” distinguishes this model’s role

within the evaluation framework developed in Section 4.2, where it functions as the

decision-maker’s prediction tool during the speed optimization phase. This super-

script clarifies that the model represents the imperfect predictive capability available

to planners when making speed decisions, as opposed to the ground-truth evaluator

model introduced later.

4.1.2 Modeling the Speed Optimization

This section formulates the speed optimization problem as a mathematical program-

ming model. The optimization seeks to determine the optimal sailing speed for each

segment of the voyage such that total fuel consumption is minimized while satisfying

arrival time constraints and operational speed limits. This section first presents the

notation and problem description, then introduces the baseline mixed-integer linear

programming formulation, and finally demonstrates how different meteorological fore-

cast types lead to distinct optimization objectives. Table 4.1 summarizes the notation

employed in the speed optimization model formulations.
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Table 4.1: Notation for speed optimization model formulations

Symbol Description Unit

Sets and Indices

S Set of voyage segments, {1, 2, ..., S} -

s ∈ S Segment index -

Parameters

Voyage Structure

S Number of segments in the voyage -

Ls Length of segment s nautical miles

L Total voyage distance, L =
∑S

s=1 Ls nautical miles

Tmax Maximum allowable sailing time for the voyage hours

Speed Discretization

vmin Minimum allowable sailing speed knots

vmax Maximum allowable sailing speed knots

M Number of candidate speeds -

Ship Fuel Consumption

Fplanner
GBRT (·) GBRT planner model for the prediction of ship’s

FCR
metric
tons/hours

Fs Ship’s fuel consumption on segment s metric tons

ws Meteorological conditions for segment s -

us Vessel operational state for segment s -

Meteorological Forecasts

Wdet Deterministic weather forecast (GEFS control
member)

-

Wperturbed
k The kth perturbed member of ensemble weather

forecasts
-

K Number of perturbed members in ensemble fore-
cast

-

Decision Variables

vs Sailing speed on segment s (continuous) knots

vms The mth candidate speed for segment s (dis-
cretized)

knots

yms Binary variable: 1 if speed vms is selected for
segment s, 0 otherwise

-

ts The time of arrival to the beginning of segment s hours

tS+1 The time of arrival at the end of segment S hours

41



Chapter 4. Ship Speed Optimization under Weather Forecast Uncertainty: An
Evaluation Framework

4.1.2.1 Problem Description

The speed optimization problem addresses a vessel’s journey from an origin port to a

destination port over a predetermined route. The voyage distance L and maximum

allowable sailing time Tmax are specified, typically determined by contractual obli-

gations or operational schedules. The ship’s loading condition is predetermined and

fixed, and the meteorological conditions during the voyage can be acquired in advance

from weather forecasts. Because the sea conditions are highly dynamic, the whole

route is divided into a number of segments according to the corresponding records in

the noon report. We assume that the meteorological conditions and the international

conventions the ship must comply with can be viewed as identical within each seg-

ment. The minimum and maximum allowable ship sailing speeds are also assumed

to be the same in each segment. The departure time of the ship is set to 0, and the

estimated time of arrival at destination port should not exceed the latest allowable

time of arrival.

4.1.2.2 Mathematical Formulation

The continuous voyage is discretized into S segments, forming the set S = {1, 2, ..., S}.

Each segment s represents a portion of the route with length Ls, where
∑S

s=1 Ls = L.

The decision-maker must select a sailing speed for each segment of the voyage to

minimize total fuel consumption while ensuring timely arrival. For each segment s, the

meteorological conditions ws are extracted from the available weather forecast data,

and the vessel operational state us is determined from the operational records. The

sailing speed vs on segment s directly determines both the segment duration ∆τs =

Ls/vs and the ship’s FCR via the prediction model Fplanner
GBRT (vs,ws,us). The auxiliary

decision variable is the time of arrival ts to the beginning of segment s. In addition,

tS+1 presents the time of arrival at the end of segment S. The optimization objective

is to determine the speed profile {vs}Ss=1 that minimizes the total fuel consumption.
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The model is denoted as [M1]:

F total =
S∑
s=1

Fplanner
GBRT (vs,ws,us) ·

Ls
vs

(4.2)

subject to:

ts+1 = ts +
Ls
vs
, ∀s ∈ S (4.3)

t1 = 0 (4.4)

tS+1 ≤ Tmax (4.5)

vmin ≤ vs ≤ vmax, ∀s ∈ S (4.6)

ts ≥ 0, ∀s ∈ S ∪ {S + 1}. (4.7)

Constraints (4.3) specify the relationship between the time of arrival at the beginning

of segment s and at the beginning of segment s + 1. In this set of constraints, ts

represents the time of arrival at the beginning of segment s, where s ∈ S. Therefore,

as shown in constraints (4.4), t1 = 0 represents the time of arrival at the beginning of

segment 1. tS+1 represents the time of arrival at the end of segment S. Constraints

(4.5) guarantee that the ship’s time of arrival at the destination port does not exceed

the allowable arrival time. Constraints (4.6) bound the sailing speed in the interval

of [vmin, vmax]. Constraints (4.7) ensure that the time of arrival at the beginning of

every segment is nonnegative.

The optimization problem described above is inherently nonlinear due to the division

by vs in both the objective function and time constraint, as well as the nonlinear

relationship captured by the GBRT prediction model. To enable an efficient solution

using commercial optimization solvers, we reformulate the problem as a mixed-integer

linear programming (MILP) model through the discretization transformation.

The continuous speed range [vmin, vmax] for each segment s is discretized into a fi-

nite set of candidate speeds {v1s , v2s , ..., vMs }, where M denotes the number of speed
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candidates for each segment. The discretization typically employs a uniform grid

(e.g., 0.1-knot intervals) across the feasible speed range. Binary decision variables

yms ∈ {0, 1} are introduced, where yms = 1 if the mth candidate speed vms is selected

for segment s, and yms = 0 otherwise. With these transformations, the nonlinear

model can be reformulated as the following the MILP model, which we denote as

[M2]:

min
S∑
s=1

M∑
m=1

yms · F
planner
GBRT (vms ,ws,us) ·

Ls
vms

(4.8a)

s.t. ts+1 = ts +
M∑
m=1

Ls
vms
· yms , ∀s ∈ S (4.8b)

t1 = 0 (4.8c)

tS+1 ≤ Tmax (4.8d)

M∑
m=1

yms = 1, ∀s ∈ S (4.8e)

yms ∈ {0, 1}, ∀s ∈ S,m ∈ {1, ...,M} (4.8f)

ts ≥ 0, ∀s ∈ S ∪ {S + 1}. (4.8g)

The objective function (4.8a) minimizes the total fuel consumption across all seg-

ments. For segment s, the ship’s fuel consumption is computed as the product of

the fuel consumption rate (predicted by the GBRT model for the selected speed and

conditions) and the sailing duration Ls/v
m
s . Constraint (4.8b) tracks the cumula-

tive sailing time, ensuring temporal consistency across segments. Constraint (4.8c)

sets the starting time reference, while constraint (4.8d) enforces the deadline require-

ment. Constraint (4.8e) ensures that exactly one candidate speed is selected for each

segment. Constraints (4.8f) and (4.8g) define the variable domains.

This MILP formulation is linear in the decision variables yms and ts, and the coeffi-

cients Fplanner
GBRT (vms ,ws,us) are precomputed by evaluating the nonlinear GBRT model

at all discretized speed-condition combinations. Consequently, model [M2] can be
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solved efficiently using commercial solvers. The model [M2] provides the structural

foundation for optimization, but the specific meteorological input ws fundamentally

shapes the optimization objective.

4.1.2.3 Speed Optimization under Deterministic Weather Forecasts

When deterministic weather forecasts are available, the weather conditions for each

segment are uniquely specified. Similar to Skoglund et al. (2015) and Hinnenthal and

Clauss (2010), the control member is regarded as the deterministic weather forecast

Wdet. For each segment s, the meteorological conditions are extracted from the

deterministic weather forecast:

wdet
s =W(Wdet, s), (4.9)

where the function W(·, s) retrieves the weather forecast data corresponding to the

starting location and time of segment s from the complete forecast dataset. These

conditions representing the meteorological environment for the entire segment. Sub-

stituting ws = wdet
s into model [M2] yields the deterministic speed optimization

model, which we denote as [M-DET]:

min
S∑
s=1

M∑
m=1

yms · F
planner
GBRT (vms ,w

det
s ,us) ·

Ls
vms

(4.10a)

s.t. Constraints (4.8b)− (4.8g). (4.10b)

Solving model [M-DET] produces an optimal speed profile {vdets }Ss=1 that mini-

mizes the predicted total fuel consumption. The corresponding segment durations

are {∆τdets }Ss=1, where ∆τdets = Ls/v
det
s .

The deterministic forecast-based approach represents the conventional paradigm in

ship speed optimization: a single forecast scenario informs the optimization model.
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However, the deterministic weather forecast captures only the expected trajectory

of the atmospheric state, neglecting the range of possible future conditions. This

limitation motivates the development of an alternative optimization approach that

explicitly accounts for forecast uncertainty through ensemble weather forecasts.

4.1.2.4 Speed Optimization under Ensemble Weather Forecasts

Ensemble forecasting systems, such as NOAA GEFS, quantify meteorological uncer-

tainty by generating multiple plausible future atmospheric states through perturba-

tions of initial conditions and model physics. The GEFS ensemble comprises K = 20

perturbed members {Wperturbed
k }Kk=1, each representing a distinct but equally prob-

able scenario. These members collectively characterize the probability distribution

of future weather conditions. In the context of speed optimization, each ensemble

member k implies different meteorological conditions for segment s:

wk
s =W(Wperturbed

k , s), k = 1, ..., K. (4.11)

A speed decision vs on segment s will therefore result in different fuel consumption

rates depending on which ensemble member’s weather actually materializes. Recog-

nizing that all ensemble members are equally likely under the ensemble forecasting

framework, a rational approach to optimization under uncertainty is to minimize

the expected ship fuel consumption, where the expectation is taken over all ensemble

members. Under the assumption that all ensemble members are equally probable, the

expectation operator can be computed as an arithmetic mean over the K members:

E

[
S∑
s=1

M∑
m=1

yms · F
planner
GBRT (vms ,ws,us) ·

Ls
vms

]

=
S∑
s=1

M∑
m=1

yms ·

[
1

K

K∑
k=1

Fplanner
GBRT (vms ,w

k
s ,us)

]
· Ls
vms

. (4.12)
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Formally, the ensemble forecast-based optimization model, denoted as [M-ENS],

seeks to minimize the expected total fuel consumption:

min
S∑
s=1

M∑
m=1

yms ·

[
1

K

K∑
k=1

Fplanner
GBRT (vms ,w

k
s ,us)

]
· Ls
vms

(4.13a)

s.t. Constraints (4.8b)− (4.8g). (4.13b)

Solving model [M-ENS] produces an optimal speed profile {venss }Ss=1 that minimizes

expected fuel consumption in an uncertain environment. The corresponding segment

durations are {∆τ enss }Ss=1, where ∆τ enss = Ls/v
ens
s .

The ensemble forecast-based model [M-ENS] represents a fundamentally different

optimization philosophy compared to the deterministic approach [M-DET]. Rather

than committing to a single forecast scenario and optimizing for that specific case,

the ensemble approach acknowledges forecast uncertainty and seeks a solution that

performs well on average across the range of plausible scenarios. This strategy aligns

with stochastic optimization principles, which prioritize expected performance when

future conditions are uncertain.

4.2 Evaluation Framework

To scientifically compare the performance of deterministic versus ensemble weather

forecasts in ship speed optimization, we must overcome a methodological challenge

identified in the literature review: existing approaches lack a rigorous framework that

explicitly distinguishes between prediction capability used for planning and physical

reality governing actual performance. In real-world operations, it is impossible to

conduct parallel voyages under identical conditions to directly observe which weather

forecast type yields superior fuel efficiency. This section develops an innovative eval-

uation framework to address challenges through a dual-model architecture, enabling
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performance comparison within a controlled computational environment that realis-

tically simulates the planning-execution gap. The proposed framework simulates the

complete decision-making and execution cycle through four interconnected steps, as

illustrated in Figure 4.1. The notation employed throughout this section is defined

in Table 4.2.

Step 1: Data Fusion for Dataset Construction. The evaluation framework

begins with the construction of high-quality datasets by fusing low-frequency noon

report data with high-resolution ERA5 reanalysis data. As introduced in Chapter 3,

two fusion methods are available: the direct fusion method and the rhumb line-based

fusion method. The noon report dataset is partitioned into two disjoint subsets:

NR1 (containing N1 records) for model training and testing, and NR2 (containing N2

records) for weather forecast comparison. By spatiotemporally matching noon report

NR1 with ERA5 reanalysis data through the fusion procedures detailed in Section 3.3,

we obtain two candidate datasets: Ddirect = {(vi,wERA5
i ,ui, yi) | i = 1, ..., N1} using

the direct method, and Drhumb = {(vi,wERA5
i ,ui, yi) | i = 1, ..., N1} using the rhumb

line-based method. Here, for each record i in the noon report, vi represents the sailing

speed, wERA5
i ∈ Rdw is the meteorological feature vector from ERA5, ui ∈ Rdu is the

vessel operational state, and yi is the hourly FCR.

To determine which fusion method produces more accurate meteorological repre-

sentations, we train two XGBoost models on the respective datasets and compare

their predictive performance on held-out test data: Fdirect
XGB trained on Ddirect and

F rhumb
XGB trained on Drhumb. The fusion method yielding superior model performance

is selected for constructing all subsequent datasets. The corresponding XGBoost

model becomes the evaluator model F evaluator
XGB , which will serve as the ground truth

predictor in the evaluation phase. Additionally, the noon report dataset NR2 is

fused with ERA5 data using the selected method to produce the evaluation dataset

Deval = {(vi,wERA5
i ,ui, yi) | i = 1, ..., N2}, which represents actual meteorological

conditions for comparing weather forecast types in the subsequent steps.
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Figure 4.1: Framework for evaluating speed optimization under different forecast
types. 49
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Table 4.2: Notation for evaluation framework and dataset construction

Symbol Description

Dataset Size Parameters
N1 Number of records in training/testing dataset NR1

N2 Number of voyage segments in validation dataset NR2

dw Dimension of complete meteorological feature vector
dw,f Dimension of meteorological variables provided by the GEFS forecasts (sub-

set of dw)
du Dimension of vessel operational state vector

Fused Datasets
Ddirect Dataset from NR1 fused with ERA5 via direct method: {(vi,wERA5

i ,ui, yi) |
i = 1, ..., N1}

Drhumb Dataset from NR1 fused with ERA5 via rhumb line method:
{(vi,wERA5

i ,ui, yi) | i = 1, ..., N1}
Deval Evaluation dataset from NR2 fused with ERA5: {(vi,wERA5

i ,ui, yi) | i =
1, ..., N2}

Simulated Dataset (with Noise)
Dsim Dataset with Gaussian noise: {(vsimi ,wsim

i ,usim
i , ysimi ) | i = 1, ..., N1}

α Noise level coefficient for Gaussian noise injection
σv,σw,σu Empirical standard deviations of features in the base dataset

Forecast-Augmented Datasets
Ddet Dataset with GEFS control member (deterministic)
Dens
k Dataset with the kth perturbed member, where k = 1, ...,K

Data Elements and Features
vi Average sailing speed for record i
yi Hourly fuel consumption for record i
ui Vessel operational state vector for record i
wERA5
i Complete meteorological feature vector from ERA5 reanalysis

wERA5,other
i ERA5 variables not included in GEFS forecasts

wsim
i Meteorological features with Gaussian noise: wERA5

i + ϵw
vsimi ,usim

i Speed and vessel state with Gaussian noise
ysimi Simulated ship’s FCR: Fevaluator

XGB (vsimi ,wsim
i ,usim

i )

Prediction Models
Fdirect
XGB XGBoost model trained on Ddirect

F rhumb
XGB XGBoost model trained on Drhumb

Fevaluator
XGB Final XGBoost evaluator model (ground truth predictor)

Fplanner
GBRT GBRT planner model trained on Dsim (decision-making tool)

Speed Profiles
{vdets }Ss=1 Deterministic optimization speed profile
{venss }Ss=1 Ensemble optimization speed profile

{vorigs }Ss=1 Orignial noon reprot speed profile
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Step 2: Dual-Model Architecture Construction. The evaluation framework

relies on a dual-model architecture that distinguishes between decision-making and

performance assessment. Within this framework, two distinct prediction models are

constructed to fulfill different roles: a ground truth predictor (or evaluator model)

that serves as the evaluator for assessing actual fuel consumption under realized me-

teorological conditions, and a decision-input predictor (or planner model) that sim-

ulates the imperfect predictive capability available to decision-makers during voyage

planning.

The first component, the evaluator model F evaluator
XGB , is established in Step 1 through

training on the high-quality fused dataset. This model serves as the impartial judge in

our evaluation framework, computing the actual fuel consumption that would result

from any given speed profile when executed under the meteorological conditions that

historically occurred along the route. This dataset serves a purely evaluative role, as

it does not participate in the optimization process but rather assesses the quality of

decisions made by the planner.

The second component, termed the planner model, is a GBRT model Fplanner
GBRT that rep-

resents the predictive capability available to decision-makers during voyage planning.

To realistically simulate the imperfect nature of predictions in operational settings,

this model is trained not on the pristine dataset with actual meteorological data,

but rather on a simulated dataset Dsim generated by adding Gaussian noise to the

features. Specifically, for each record i in the pristine dataset, independent Gaussian

noise is added to all input features:

vsimi = vi + ϵv, ϵv ∼ N (0, (α · σv)2) (4.14)

wsim
i = wERA5

i + ϵw, ϵw ∼ N (0, (α · σw)
2) (4.15)

usim
i = ui + ϵu, ϵu ∼ N (0, (α · σu)

2), (4.16)

where α is the noise level coefficient, and σv,σw,σu are the empirical standard de-
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viations of the respective features computed from the pristine dataset. The output

labels for the simulated dataset are generated by passing the noisy inputs through the

evaluator model: ysimi = F evaluator
XGB (vsimi ,wsim

i ,usim
i ). This yields the simulated dataset

Dsim = {(vsimi ,wsim
i ,usim

i , ysimi ) | i = 1, ..., N1}, on which Fplanner
GBRT is trained. This

noise injection procedure mimics the weather forecast errors and measurement uncer-

tainties inherent in real-world predictions, ensuring that the planner model exhibits

prediction errors similar to those encountered in practice. By separating the planner

and evaluator models and training them on data with different quality characteristics,

the framework creates a realistic simulation of the planning-execution gap that exists

in actual maritime operations.

Step 3: Generation of Competing Speed Profiles. Using the planner model

Fplanner
GBRT , we generate two speed profiles for the voyage segments in the validation

dataset Deval. For the deterministic approach, the forecast-augmented dataset Ddet

combines forecasted variables from the GEFS control member with supplementary

variables wERA5,other
i from ERA5. This combination is necessary because GEFS fore-

casts provide only three meteorological variables (WD, WS, and 2mT), while the fuel

consumption prediction model requires additional sea state variables (wave heights,

periods, and directions) that are obtained from ERA5 reanalysis data. The planner

model predicts ship’s FCRs for each segment and candidate speed, populating the

objective function of [M-DET]. Solving this model yields the deterministic speed

profile {vdets }Ss=1 and durations {∆τdeti }Ss=1. For the ensemble approach, we construct

K forecast-augmented datasets {Dens
k }Kk=1 using all perturbed members, with each

dataset combining the forecasted variables from perturbed member k and the same

ERA5 supplementary variables. For each segment and speed, the expected ship’s

FCR is computed by averaging predictions across all ensemble members. These aver-

aged coefficients populate [M-ENS], yielding {venss }Ss=1 and {∆τ enss }Ss=1. Both profiles

use identical planner models and optimization frameworks, differing only in meteoro-

logical forecast inputs, ensuring a fair comparison.
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Step 4: Performance Evaluation. We evaluate the performance of both speed

profiles using the evaluator model F evaluator
XGB with historical ERA5 reanalysis data,

which represents the meteorological conditions that actually occurred. For each speed

profile, the total fuel consumption is computed by summing the segment-level con-

sumption:

F det
actual =

S∑
s=1

F evaluator
XGB (vdets ,wERA5

s ,us) ·∆τdets (4.17)

F ens
actual =

S∑
s=1

F evaluator
XGB (venss ,wERA5

s ,us) ·∆τ enss . (4.18)

The relative fuel savings achieved by the ensemble approach is:

∆Frel =
F det
actual − F ens

actual

F det
actual

× 100%. (4.19)

A positive value indicates that the ensemble forecast-based optimization achieves

lower actual fuel consumption, demonstrating the value of accounting for forecast

uncertainty. Furthermore, we evaluate the actual fuel consumption under the original

noon report speed profile, which represents the vessel’s historical operating strategy

without optimization:

F orig
actual =

S∑
s=1

F evaluator
XGB (vorigs ,wERA5

s ,us) ·∆τ origs . (4.20)

Overall, the comparison yields two insights: (1) comparing F det
actual versus F

ens
actual quan-

tifies the value of ensemble weather forecasts and (2) comparing both optimized pro-

files against F orig
actual demonstrates the overall benefit of forecast-based optimization.

The proposed evaluation framework ensures valid comparison through several method-

ological strengths. First, the dual-model architecture realistically simulates the planning-

execution gap by making decisions with imperfect predictions (planner model with

forecast data) while assessing performance with high-quality retrospective data (eval-

uator model with ERA5 reanalysis data). Second, using the same historical voyages
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for both approaches ensures that route, realized weather conditions, and operational

parameters remain constant, enabling a controlled comparison where observed dif-

ferences can be attributed solely to the weather forecast type rather than external

variability.

4.3 Computational Results

This section presents computational results validating the evaluation framework de-

veloped in Section 4.2. Section 4.3.1 describes the experimental configuration, in-

cluding feature sets for fuel consumption prediction and details of two validation

voyages. Section 4.3.2 evaluates and selects between data fusion methods to establish

the XGBoost evaluator model. Section 4.3.3 validates the GBRT planner model’s

predictive capabilities. Finally, Section 4.3.4 quantifies the fuel savings achieved by

ensemble forecast-based optimization compared to deterministic approaches under

realistic conditions.

4.3.1 Experimental Setup

The fuel consumption prediction models developed in this chapter employ a carefully

curated set of features that capture the essential operational and environmental fac-

tors influencing vessel’s fuel consumption. Table 3.1 presents the complete specifica-

tion of input features and the prediction target, organized by data source. The input

feature set encompasses two categories of variables. Vessel operational parameters

include sailing speed, loading condition (laden or ballast), and draught, which collec-

tively characterize the vessel’s physical state and operational mode. These variables

are directly obtained from noon reports and fundamentally determine the vessel’s

resistance profile and power requirements. Meteorological conditions comprise twelve

variables extracted from ERA5 reanalysis data that quantify the environmental forces
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acting on the vessel.

To evaluate the predictive performance of the fuel consumption models developed in

this chapter, we employ four standard regression metrics that quantify different as-

pects of prediction accuracy. Consider a dataset with N samples, where yi represents

the true fuel consumption rate for sample i and ŷi represents the predicted value.

The evaluation metrics are defined as follows:

Mean Squared Error (MSE) measures the average squared difference between

predictions and actual values:

MSE =
1

N

N∑
i=1

(yi − ŷi)2. (4.21)

Mean Absolute Error (MAE) measures the average absolute difference, providing

a more interpretable metric in the original units (mt/h):

MAE =
1

N

N∑
i=1

|yi − ŷi|. (4.22)

Mean Absolute Percentage Error (MAPE) expresses prediction error as a per-

centage of the true value, facilitating comparison across different scales:

MAPE =
100%

N

N∑
i=1

∣∣∣∣yi − ŷiyi

∣∣∣∣ . (4.23)

Coefficient of Determination (R2) quantifies the proportion of variance in the

dependent variable explained by the model, with values closer to 1 indicating better

fit:

R2 = 1−
∑N

i=1(yi − ŷi)2∑N
i=1(yi − ȳ)2

, (4.24)

where ȳ = 1
N

∑N
i=1 yi is the mean of the observed values. These metrics provide
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complementary perspectives on model performance: MSE penalizes large errors more

severely, MAE offers robustness to outliers, MAPE enables scale-independent com-

parison, and R2 indicates overall explanatory power.

To evaluate the comparative performance of deterministic versus ensemble forecast-

based speed optimization, two distinct voyages recorded in dataset Deval are deliber-

ately excluded from the training data for both XGBoost and GBRT models, ensuring

that the evaluation reflects model performance on genuinely unseen operational sce-

narios. The two voyages represent complementary loading conditions (ballast and

laden), enabling assessment of weather forecast value across different vessel opera-

tional states.

Voyage I (Ballast Voyage): The first validation case is a 9-day ballast voyage with

a total sailing time of 216 hours (9 days). A ballast voyage refers to a trip where

the vessel travels without cargo after delivering its load, sailing at reduced draught

but often at higher speeds to minimize non-revenue sailing time. Table 4.3 presents

the detailed operational and meteorological conditions for each of the nine voyage

segments (corresponding to the nine noon report records). The vessel maintains a

constant draught of 8.6 meters throughout this ballast voyage, substantially lighter

than its laden condition.

Voyage II (Laden Voyage): The second validation case is a 9-day laden voyage

with an identical total sailing time of 216 hours. Table 4.4 presents the operational

and environmental profile for this laden voyage. The vessel maintains a draught of

17.5 meters throughout, nearly doubling the ballast draught and representing near-

maximum cargo capacity. The sailing speeds are slightly lower than the ballast voy-

age, ranging from 12.8 to 13.9 knots.
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Table 4.3: Operational and meteorological conditions for Voyage I (9-day ballast voyage)

Day
Sailing
Hours
(h)

Speed
(knots)

Ship’s FCR
(tons/h)

Draught
(m)

Actual meteorological data (from ERA5)

WD
(deg)

WS
(m/s)

MPWW
(s)

MDWW
(deg)

SHWW
(m)

MPTS
(s)

SHTS
(m)

MDTS
(deg)

SHCWWS
(m)

MWD
(s)

FSR
(10−2m)

2mT
(°C)

1 24 12.63 1.3458 8.6 57.07 8.15 4.98 128.45 1.30 7.14 1.08 150.39 1.81 6.16 0.0181 28.06
2 24 12.58 1.3542 8.6 4.26 3.40 2.84 65.98 0.19 5.57 0.51 60.69 0.57 4.99 0.0045 28.31
3 24 12.92 1.3542 8.6 8.74 1.47 2.55 124.88 0.07 3.75 0.33 90.09 0.34 3.64 0.0032 27.64
4 24 13.29 1.3333 8.6 126.45 0.47 3.46 108.01 0.01 6.39 0.29 77.41 0.29 6.36 0.0048 28.09
5 24 13.83 1.3417 8.6 157.38 0.66 3.14 78.80 0.05 4.68 0.40 5.99 0.41 4.55 0.0036 27.57
6 24 13.50 1.3458 8.6 101.53 3.35 2.53 98.89 0.15 6.93 0.66 64.74 0.66 6.63 8.0360 26.58
7 24 13.29 1.3542 8.6 174.51 3.51 2.57 34.89 0.14 11.86 1.61 48.70 1.62 11.76 0.0025 26.34
8 24 11.67 1.3667 8.6 157.86 5.53 2.95 21.58 0.47 10.91 1.90 57.36 1.96 10.42 0.0060 25.69
9 24 10.17 0.9129 8.6 133.61 4.08 2.14 45.63 0.22 9.24 1.52 63.80 1.53 9.10 0.0024 25.15

Total 216 – – – – – – – – – – – – – – –
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Table 4.4: Operational and meteorological conditions for Voyage II (9-day laden voyage)

Day
Sailing
Hours
(h)

Speed
(knots)

Ship’s FCR
(tons/h)

Draught
(m)

Actual meteorological data (from ERA5)

WD
(deg)

WS
(m/s)

MPWW
(s)

MDWW
(deg)

SHWW
(m)

MPTS
(s)

SHTS
(m)

MDTS
(deg)

SHCWWS
(m)

MWD
(s)

FSR
(10−2m)

2mT
(°C)

1 24 9.17 0.8875 9.2 140.76 5.96 3.11 27.37 0.50 6.67 1.22 78.01 1.34 6.17 0.0067 28.17
2 24 9.96 0.8625 8.6 114.63 4.04 2.49 46.97 0.19 4.43 0.43 76.04 0.49 4.03 0.0033 27.82
3 24 10.96 0.8821 8.6 147.96 1.99 3.23 81.67 0.10 4.47 0.46 19.75 0.49 4.31 0.0036 28.18
4 24 12.00 1.0979 8.6 164.63 3.90 2.07 6.30 0.16 4.57 0.44 9.46 0.48 4.25 0.0028 27.32
5 24 11.20 1.7000 8.6 48.37 1.50 2.91 145.59 0.05 4.31 0.33 132.55 0.34 4.22 0.0029 27.85
6 24 13.35 1.3575 8.6 126.78 3.83 3.06 78.57 0.33 5.46 0.54 43.18 0.66 4.77 0.0053 27.76
7 24 12.83 1.3042 8.6 97.61 4.39 2.90 93.24 0.33 9.14 1.01 26.27 1.08 8.57 0.1158 25.42
8 24 12.71 1.3571 8.6 98.69 7.80 4.17 80.08 1.03 10.58 1.88 10.80 2.17 9.24 0.0001 26.62
9 24 12.00 1.3500 8.6 84.94 5.69 2.96 94.76 0.56 12.07 1.89 52.59 2.01 11.38 0.00007 25.63

Total 216 – – – – – – – – – – – – – – –

Note: WD = Wind Direction (relative), WS = Wind Speed, MPWW = Mean Period of Wind Waves, MDWW = Mean Direction of Wind Waves (relative), SHWW = Significant Height
of Wind Waves, MPTS = Mean Period of Total Swell, SHTS = Significant Height of Total Swell, MDTS = Mean Direction of Total Swell (relative), SHCWWS = Significant Height of
Combined Wind Waves and Swell, MWD = Mean Wave Direction, FSR = Forecast Surface Roughness, 2mT = 2-meter Temperature.
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4.3.2 Ground Truth Predictor: Comparative Performance of

Data Fusion Methods

Before proceeding with the evaluation of forecast-based speed optimization, we must

first determine which of the two data fusion methods yields more accurate meteoro-

logical representations for ship’s FCR prediction. As described in Step 1 of the eval-

uation framework, the direct fusion method produces dataset Ddirect and the rhumb

line-based fusion method produces dataset Drhumb, both constructed by fusing the

noon report data NR1 with ERA5 reanalysis data. The comparison is conducted by

training two separate XGBoost models, Fdirect
XGB on Ddirect and F rhumb

XGB on Drhumb, and

assessing their predictive performance on held-out test data.

Both datasets are randomly partitioned into training and test sets using an 8:2 ratio,

with the larger subset used for model training and hyperparameter tuning, and the

smaller subset reserved for evaluating generalization performance. Both XGBoost

models are implemented using the XGBoost 1.6.1 library and configured with iden-

tical training procedures to ensure a fair comparison. The hyperparameters for each

model are optimized through Bayesian optimization using the Hyperopt 0.2.2 library

with five-fold cross-validation on the training set. This optimization process system-

atically searches the hyperparameter space to identify configurations that maximize

predictive performance while minimizing overfitting risk. Table 4.5 presents the hy-

perparameters tuned for both models, along with their search spaces and the optimal

values selected for Fdirect
XGB and F rhumb

XGB . Table 4.6 presents the predictive performance

of both models on the held-out test set, evaluated using four metrics: MSE, MAE,

MAPE, and R2.

Although Fdirect
XGB achieves slightly lower MSE (0.023 vs 0.024), F rhumb

XGB demonstrates

superior performance across the three remaining metrics: lower MAE (0.107 vs 0.114

mt/h), lower MAPE (7.706% vs 8.023%), and higher R2 (0.777 vs 0.721). The higher

R2 value indicates that the rhumb line-based fusion method explains approximately

59



Chapter 4. Ship Speed Optimization under Weather Forecast Uncertainty: An
Evaluation Framework

77.7% of the variance in ship’s FCR, compared to 72.1% for the direct method,

representing a meaningful improvement in explanatory power. This superior perfor-

mance across multiple metrics suggests that the rhumb line-based fusion method,

which employs hourly interpolation along the vessel’s path to obtain representative

segment-average meteorological conditions, captures the true environmental exposure

more accurately than the direct spatial matching approach.

Table 4.5: Hyperparameters for XGBoost models Fdirect
XGB and F rhumb

XGB

Hyperparameter Interpretation Search Space Fdirect
XGB F rhumb

XGB

max depth Maximum depth of a tree [2, 17] 15 6
n estimators Number of boosting trees [10, 300] 48 83
learning rate Learning rate shrinks the step

size to prevent overfitting
[0.00001, 1] 0.45 0.16

min child weight
Minimum sum of instance
weight required in a child

[0, 10] 5.58 9.54

colsample bytree
Subsample ratio of columns
in the construction of each tree

[0.1, 1] 0.85 0.64

subsample
Subsample ratio of training
instances

[0.4, 1] 0.77 0.94

reg alpha L1 regularization term on
weights

[0, 2] 0.20 0.23

reg lambda L2 regularization term on
weights

[0, 2] 0.61 1.76

gamma

Minimum loss reduction for
further partitioning on a tree
leaf node

[0, 2] 0.29 0.18

Table 4.6: Predictive performance comparison of XGBoost models trained based on
different data fusion methods

Model MSE MAE (mt/h) MAPE (%) R2

Fdirect
XGB 0.023 0.114 8.023 0.721
F rhumb

XGB 0.024 0.107 7.706 0.777

Based on this comprehensive comparison, the rhumb line-based fusion method is se-

lected as the standard data processing approach for all subsequent analyses in this

chapter. Consequently, the XGBoost model F rhumb
XGB is designated as the evaluator
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model F evaluator
XGB , serving as the ground truth simulator in the evaluation framework.

All datasets constructed hereafter, including Dsim, Ddet, Deval, and the ensemble

datasets {Dens
k }Kk=1, will employ the rhumb line-based fusion procedure to ensure

consistency and data quality throughout the evaluation.

4.3.3 Decision-Input Predictor: Performance Validation

Having established the evaluator model F evaluator
XGB in Section 4.3.2 as a reliable ground

truth simulator with strong predictive performance (MAE = 0.107 mt/h, R2 = 0.777),

we now develop and validate the planner model Fplanner
GBRT that represents the imperfect

predictive capability available to decision-makers during voyage planning. The plan-

ner model must exhibit realistic prediction errors to simulate operational conditions,

while maintaining sufficient accuracy to support effective optimization decisions.

To create training data reflecting operational uncertainty, we generate the simulated

dataset Dsim by adding Gaussian noise to the features of Drhumb, as described in

Section 4.2. The noise level coefficient is set to α = 0.05, meaning that the standard

deviation of the added noise equals 5% of each feature’s empirical standard deviation.

The output labels are generated by passing the noisy inputs through the evaluator

model F evaluator
XGB . The resulting simulated dataset Dsim is used to train and test the

GBRT planner model Fplanner
GBRT .

The planner model is implemented using the scikit-learn 1.0.2 library. Dataset Dsim is

randomly partitioned into training and test sets using an 8:2 ratio. Hyperparameters

are optimized through Hyperopt with five-fold cross-validation on the training set,

with the search spaces and optimal values presented in Table 4.7. Table 4.8 presents

the planner model’s performance on the held-out test set. The model achieves ex-

cellent predictive metrics: MSE of 0.003, MAE of 0.039 mt/h, MAPE of 2.738%,

and R2 of 0.932, demonstrating strong capability to predict ship’s FCR under noisy

operational conditions.
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The planner model’s superior metrics relative to the evaluator model reflect the dif-

ferent evaluation contexts rather than contradictory performance: the planner model

is tested on simulated data with controlled noise characteristics, while the evaluator

model is tested on real operational data with inherent complexity. Importantly, the

planner model’s strong performance on simulated data confirms that it has success-

fully learned patterns within the noisy training environment, exhibiting operationally

realistic prediction errors (5% noise level) while maintaining sufficient accuracy for ef-

fective optimization. This validation establishes the planner model’s suitability as the

decision-making tool in the speed optimization models [M-DET] and [M-ENS], en-

abling rigorous evaluation of forecast-based optimization approaches in the following

section.

Table 4.7: Hyperparameters for GBRT planner model Fplanner
GBRT

Hyperparameter Interpretation Search Space Optimal Value

max depth Maximum depth of each decision
tree

[2, 10] 3

min samples leaf Minimum samples required per
leaf node

[1, 20] 7

min samples split Minimum samples required for
splitting an internal node

[2, 20] 17

max features Number of features considered
when searching for best split

[1, 15] 15

n estimators Number of regression trees [10, 300] 264
learning rate Learning rate diminishes the

contribution of each tree
[0.00001, 1] 0.06

subsample Fraction of samples for fitting
base learners

[0.4, 1] 0.87

Table 4.8: Performance of GBRT planner model Fplanner
GBRT on simulated test set

Model MSE MAE (mt/h) MAPE (%) R2

Fplanner
GBRT 0.003 0.039 2.738 0.932
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4.3.4 Comparative Analysis of Speed Optimization under Dif-

ferent Weather Forecasts

In this section, we evaluate the actual fuel consumption performance of speed profiles

generated by the deterministic forecast-based optimization model [M-DET] versus

the ensemble forecast-based optimization model [M-ENS] when executed under his-

torical meteorological conditions on the two validation voyages. Both optimization

models are implemented as mixed-integer linear programming problems and solved

using the CPLEX optimizer. The speed discretization employs a uniform grid with

0.1-knot intervals across the feasible speed range [vmin, vmax] for each segment. The

minimum allowable speed is set to vmin = 8 knots based on operational safety con-

siderations, while the maximum speed vmax = 18 knots reflects typical service speed

constraints for the Capesize vessel class. This discretization yields 100 candidate

speeds per segment, resulting in mixed-integer programs with 900 binary variables

and 10 continuous time variables for each voyage. The maximum allowable sailing

time Tmax is set equal to the actual sailing time recorded in the noon reports (216

hours for both voyages), ensuring that optimized solutions meet the original arrival

schedule without delays.

For the deterministic approach, the GEFS control member provides forecasted wind

speed, wind direction, and 2-meter temperature for each segment, which are combined

with ERA5 wave parameters and vessel operational data to form the input dataset

Ddet. The planner model Fplanner
GBRT predicts ship’s FCRs for all candidate speeds under

these deterministic forecast conditions, and model [M-DET] is solved to obtain the

optimal deterministic speed profile {vdets }9s=1.

For the ensemble approach, all K = 20 perturbed members provide forecasted mete-

orological variables, forming the collection of datasets {Dens
k }20k=1. For each segment

and candidate speed, the planner model predicts ship’s FCRs under each member’s

conditions, and the average across all 20 predictions forms the expected fuel con-
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sumption rate used in model [M-ENS]. Solving this optimization problem yields the

optimal ensemble forecast-based speed profile {venss }9s=1.

Both optimized speed profiles, along with the original noon report speeds, are then

evaluated using the ground truth predictor F evaluator
XGB with ERA5 meteorological con-

ditions from the evaluation dataset Deval to compute actual fuel consumption for each

segment and the total voyage.

(1) Results for Voyage I

Table 4.9 presents the optimized speeds, sailing durations, and evaluated actual fuel

consumption for each segment of Voyage I under two optimization strategies. The

deterministic forecast-based optimization model [M-DET] achieves total evaluated

fuel consumption of 290.28 mt with a total sailing time of 212.52 hours. The en-

semble forecast-based optimization model [M-ENS] achieves lower total evaluated

fuel consumption of 283.67 mt with a comparable sailing time of 212.54 hours. The

ensemble approach achieves 6.60 mt (2.27%) fuel savings compared to [M-DET],

demonstrating incremental value from explicitly accounting for forecast uncertainty

in the ballast voyage context.

Table 4.9: Speed optimization results for Voyage I (9-day ballast voyage)

Segment
Optimized Speed (knots) Sailing Time (h) Actual Fuel Consumption (mt)

[M-DET] [M-ENS] [M-DET] [M-ENS] [M-DET] [M-ENS]

1 13.1 13.1 22.7433 22.7433 30.5624 30.5624
2 13.1 13.1 23.0810 23.0810 31.1340 31.1340
3 13.1 13.1 23.3887 23.3887 31.3853 31.3853
4 13.0 13.0 24.4178 24.4178 31.8067 31.8067
5 10.7 18.0 31.2338 18.5668 40.7133 38.5168
6 13.1 13.1 24.3290 24.3290 33.2213 33.2213
7 10.7 10.7 29.0115 29.0115 32.2260 32.2318
8 18.0 10.7 15.6583 26.3411 33.6074 29.1938
9 13.1 13.1 18.6601 18.6601 25.6203 25.6203

Total – – 212.5235 212.5393 290.2765 283.6723
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(2) Results for Voyage II

Table 4.10 presents the corresponding results for Voyage II, conducted under laden

conditions with substantially higher draft. The deterministic approach [M-DET]

achieves total evaluated fuel consumption of 265.81 mt with a total sailing time of

203.71 hours. The ensemble approach [M-ENS] achieves total evaluated fuel con-

sumption of 267.07 mt with a total sailing time of 173.99 hours. In contrast to Voyage

I, [M-ENS] consumes an additional 1.26 mt (0.47%) compared to [M-DET] in this

laden voyage.

Table 4.10: Speed optimization results for Voyage II (9-day laden voyage)

Segment
Optimized Speed (knots) Sailing Time (h) Actual Fuel Consumption (mt)

[M-DET] [M-ENS] [M-DET] [M-ENS] [M-DET] [M-ENS]

1 13.0 13.0 16.9857 16.9857 25.3172 25.3172
2 10.7 10.7 22.2359 22.2359 25.4832 25.4832
3 13.1 13.1 19.9880 19.9880 27.0677 27.0677
4 13.0 13.0 22.1410 22.1410 34.6152 34.6152
5 10.7 10.7 27.2183 27.2183 36.1595 36.1595
6 10.7 13.0 28.4722 23.4348 30.8582 32.1174
7 13.1 13.1 16.6841 16.6841 23.2543 23.2543
8 10.7 10.7 27.0107 27.0107 31.8861 31.8861
9 13.1 13.1 22.9783 22.9783 31.1678 31.1678

Total – – 203.7142 173.9864 265.8084 267.0676

(3) Aggregate Performance Analysis

Table 4.11 summarizes the evaluated actual fuel consumption under three speed

strategies across the two validation voyages: the original noon report speeds with-

out optimization, deterministic forecast-based optimization [M-DET], and ensemble

forecast-based optimization [M-ENS]. The table presents both absolute fuel con-

sumption values and relative savings across three pairwise comparisons: Original vs.

[M-DET] quantifies the value of deterministic forecast-based optimization, Origi-

nal vs. [M-ENS] quantifies the value of ensemble forecast-based optimization, and

[M-DET] vs. [M-ENS] isolates the incremental value of using ensemble weather

forecasts rather than deterministic weather forecasts.
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Table 4.11: Summary of evaluated fuel consumption and savings across optimization
strategies

Voyage
Evaluated Fuel Consumption (mt) Fuel Savings (%)

Original [M-DET] [M-ENS]
Orig vs.
[M-DET]

Orig vs.
[M-ENS]

[M-DET] vs.
[M-ENS]

Voyage I (Ballast) 304.12 290.28 283.67 4.55 6.72 2.27
Voyage II (Laden) 292.44 265.81 267.07 9.11 8.68 −0.47

Total 596.56 556.09 550.74 6.79 7.68 0.96

The original noon report speeds result in a total evaluated actual fuel consumption of

596.56 mt across both voyages. Deterministic forecast-based optimization [M-DET]

reduces this to 556.08 mt, achieving substantial savings of 40.47 mt (6.79%). Ensem-

ble forecast-based optimization [M-ENS] further reduces fuel consumption to 550.74

mt, achieving total savings of 45.82 mt (7.68%) relative to the original noon report

speeds. The incremental benefit of ensemble weather forecasts over deterministic

weather forecasts is 5.34 mt (0.96%) across both voyages combined. This corresponds

to an average daily saving of approximately 0.30 mt. Extrapolating this to an an-

nual operation of 200 sailing days, as derived from the ship’s noon reports, yields a

reduction of roughly 60 mt of fuel and 192 tons of CO2 (based on an emission factor

of 3.2 kg CO2/kg fuel ). Furthermore, given that the ensemble forecast data are pub-

licly available, this improvement represents a net economic gain without increasing

operating costs.

However, this aggregate incremental benefit masks heterogeneity across loading con-

ditions. In the ballast voyage (Voyage I), both optimization approaches deliver sub-

stantial improvements over the original speeds, with [M-DET] saving 4.55% and

[M-ENS] saving 6.72%. The ensemble approach provides a 2.27% incremental bene-

fit over deterministic optimization in this ballast context. In the laden voyage (Voyage

II), [M-DET] achieves even larger relative savings of 9.11% over the original speeds,

demonstrating strong optimization performance. However, [M-ENS] achieves 8.68%

savings relative to original speeds while underperforming [M-DET] by 0.47%, result-
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ing in a negative incremental benefit from ensemble weather forecasts in the laden

condition.

These contrasting results provide insights into the conditional value of ensemble

weather forecasts in ship speed optimization. The strong incremental performance in

ballast condition (2.27% additional saving) may reflect greater environmental sensitiv-

ity due to reduced displacement and increased susceptibility to wind and wave effects,

where hedging against forecast uncertainty through ensemble information proves par-

ticularly valuable. The negative incremental performance in laden condition (−0.47%)

suggests that when vessels operate at higher displacement with more predictable re-

sistance characteristics, ensemble averaging may be less effective, particularly if the

deterministic weather forecast provides adequate accuracy.

Overall, the results demonstrate that ship speed optimization based on meteorolog-

ical forecasts delivers substantial fuel savings relative to baseline operations, with

forecast-based optimization reducing consumption by approximately 7% across the

two voyages. Ensemble weather forecasts provide net incremental benefits of 0.96%

on aggregate, though with context-dependent performance that varies by loading con-

dition. These findings contribute to understanding the operational value of ensemble

meteorological forecasts for maritime decision-making, while highlighting that ensem-

ble forecast-based approaches do not universally outperform deterministic weather

forecasts in every scenario. The results motivate further investigation into adaptive

utilization strategies of weather forecasts and more sophisticated stochastic optimiza-

tion formulations that better account for operational nonlinearities under different

loading states.
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4.4 Conclusion

In this chapter, we establish the rhumb line-based data fusion method as an effective

approach for integrating low-frequency noon report data with high-resolution ERA5

reanalysis data. Then, we develop an innovative dual-model evaluation framework

that explicitly distinguishes prediction capability from physical reality. This frame-

work simulates the planning-execution gap that exists in actual maritime operations,

enabling a fair comparison of different forecast types without the confounding factors

that plague real-world A/B testing. Finally, applying this framework to compare

deterministic versus ensemble weather forecasts reveals that ensemble weather fore-

casts provide context-dependent operational benefits. Computational experiments

on two voyages demonstrate that forecast-based optimization delivers fuel savings

of approximately 7% relative to baseline operations, with ensemble weather forecasts

providing aggregate incremental benefits of 0.96% compared to deterministic forecast-

based optimization. However, this benefit masks heterogeneity: positive performance

in ballast voyage (2.27% additional saving) but negative performance in laden voyage

(−0.47%), revealing that the operational value of ensemble weather forecasts varies

with vessel loading states.
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Chapter 5

Ship Speed Optimization under

Evolving Meteorological

Conditions

Speed optimization is essential for reducing a ship’s fuel consumption in maritime

transportation. Previous studies have treated speed optimization as a static decision

made before departure. The resulting speed profile is then executed without mod-

ification throughout the voyage. Thus, static speed optimization assumes that the

meteorological forecasts obtained before departure remain valid throughout the voy-

age. However, meteorological organizations, such as NOAA, typically update weather

forecasts four times daily. The static optimization paradigm fails to exploit these reg-

ularly updated weather forecasts, which limits fuel savings in real-world operations.

This chapter develops a rolling horizon optimization framework to incorporate contin-

uously updated meteorological forecasts throughout voyages. Section 5.1 presents the

problem and the optimization framework. Section 5.2 develops the time-distance net-

work model and ship’s FCR prediction model. Section 5.3 describes the experimental

design and validation voyages. Section 5.4 reports the results.
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5.1 A Rolling Horizon Framework for Ship Speed

Optimization

In this section, we present the rolling horizon optimization framework for ship speed

optimization under continuously updated meteorological forecasts. Section 5.1.1 char-

acterizes the dynamic nature of the ship speed optimization problem. It identifies

three features that distinguish the problem from the static optimization: a multi-

stage decision structure, continuously evolving meteorological information, and tem-

poral decision interdependencies. Section 5.1.2 develops the rolling horizon optimiza-

tion framework, detailing how speed profiles are iteratively re-optimized and executed

throughout the voyage using the most current meteorological forecasts available at

each decision epoch.

5.1.1 Problem Description

The transoceanic voyage of a vessel fundamentally constitutes a dynamic optimization

problem rather than a static one. This dynamic nature arises from three interrelated

characteristics that distinguish it from conventional optimization frameworks: sequen-

tial decision-making across multiple stages, evolution of meteorological information,

and state-dependent decision interdependencies.

Consider a vessel sailing from an origin port to a destination port over a voyage

spanning several days or weeks. The decision-maker must determine sailing speeds for

successive segments of the voyage. This problem exhibits three defining characteristics

that distinguish it from static optimization problems and necessitate an adaptive

replanning framework. First, the multi-stage structure means that each speed decision

affects not only the ship’s immediate fuel consumption but also its arrival time at the

next decision point. This point dictates when an updated forecast becomes available.

Meteorological agencies issue weather forecasts at regular intervals, creating discrete
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decision epochs throughout the voyage. Second, information continuously evolves as

each forecast update provides revised weather predictions for the entire remaining

voyage, with more recent forecasts offering greater accuracy due to reduced lead

times. Third, decisions exhibit temporal interdependency: speed choices at any stage

constrain the feasible decision space at subsequent stages, as faster speeds early in

the voyage may enable the vessel to traverse regions before adverse weather arrives,

while conservative choices may delay it into different meteorological regimes.

The dynamic structure above renders static optimization approaches fundamentally

inadequate. Static optimization determines the entire speed profile before departure

and cannot incorporate weather forecast updates during voyage execution or adapt

when actual conditions diverge from initial predictions. The challenge is therefore to

develop a solution framework that systematically accommodates multi-stage decision-

making, leverages continuously updated meteorological information, and accounts for

decision interdependencies while maintaining computational tractability.

Formally, the speed optimization problem seeks to minimize the total fuel consump-

tion accumulated over all segments of the voyage from origin to destination port.

This objective must be achieved subject to two critical constraints. First, the vessel

must arrive at the destination within the specified maximum allowable sailing time,

ensuring schedule reliability for cargo delivery and port operations. Second, sailing

speeds in each segment must remain within safe operational bounds, reflecting engine

capacity limitations and navigational safety considerations. The decision variables are

the sailing speeds assigned to each segment throughout the voyage, which collectively

determine both the total fuel consumed and the arrival time at the destination.

5.1.2 Solution Framework: Rolling Horizon Optimization

To address the optimization problem characterized above, we adopt a rolling hori-

zon optimization (RHO) framework. The fundamental principle of this framework
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is to decompose an overarching time-evolving optimization problem into a sequence of

more manageable deterministic optimization subproblems that roll forward in time,

each solved with the benefit of the most current weather forecasts. At each decision

epoch, the framework solves an optimization problem that plans for the remaining

voyage, but implements only the immediate next decision before repeating the pro-

cess with updated weather information. This ”plan globally, act locally” paradigm

enables the decision-maker to continuously revise speed decisions as new meteorolog-

ical forecasts become available. Table 5.1 summarizes the key notation introduced

for the RHO framework.

In this chapter, we employ NOAAmeteorological forecasts, which possess a convenient

structural property: the forecast update cycle equals the forecast temporal resolution,

both being 6 hours. This alignment, denoted as ∆T update = ∆T , ensures that each

RHO cycle involves planning over segments of duration ∆T and executing exactly

one segment before the next weather forecast becomes available.3 This one-to-one

correspondence between update cycles and segment durations simplifies both the

framework presentation and computational implementation. The RHO framework

operates through an iterative four-step cycle that repeats at each forecast update

point h ∈ H throughout the voyage.

Step 1: Forecast Acquisition. When the vessel reaches update point h at time

T start
h , the decision-maker obtains the latest meteorological forecast datasetWh issued

by the weather forecasting agency. Let T nearest
h denote the most recent forecast issue

time prior to or at T start
h ; this forecast is issued at a time satisfying T nearest

h ≤ T start
h <

T nearest
h + ∆T update. The forecast dataset contains weather predictions at discrete

time intervals: Wh = {W0
h,W

1
h,W

2
h, ...,W

Kmax
h }, where each Wκ

h represents the

forecasted meteorological conditions at time T nearest
h + κ ·∆T for κ ∈ {0, 1, ..., Kmax}.

3More generally, if the forecast update cycle ∆T update differs from the segment duration ∆T ,
the framework would execute segments covering the time interval [T start

h , T start
h +∆T update) before

re-optimizing. The equal-duration case employed here is characteristic of most operational meteoro-
logical forecasting systems, where forecast updates and data temporal resolution typically coincide.
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For each remaining segment s in the current optimization, the relevant meteorological

conditionsWh(s) are extracted from the appropriate time step in this forecast dataset.

The temporal structure determining how the remaining voyage time T rem
h is divided

into remaining segments, and how segment durations are aligned with forecast time

steps, is detailed in Section 5.1.2.1.

Table 5.1: Notation for the rolling horizon optimization framework

Symbol Description Unit

Sets and Indices
H Set of weather forecast update points, {1, 2, ..., H} -
h ∈ H Index of weather forecast update point (optimization iteration) -
Sh Set of remaining segments at update h, {1, 2, ..., Sh} -
s ∈ Sh Segment index (re-numbered at each update) -

Parameters
Voyage-related Parameter
Sh Number of remaining segments at the hth update -
H Number of weather forecast updates -
Temporal Parameter
∆T update Forecast update cycle hours
∆T Forecast temporal resolution (segment duration) hours
T start
h Optimization start time at update h time
T nearest
h Most recent forecast issue time before T start

h time
∆th Time offset: ∆t = T start

h − T nearest
h at update h hours

∆τ sh Duration of segment s at update h hours
T rem
h Remaining available sailing time at update h hours

Meteorological Forecast Parameter
Kmax Maximum forecast horizon in time steps (64 for 16 days) -
Wh Complete weather forecast dataset issued at update h -
Wκ

h Weather weather forecast at time step κ ∈ {0, 1, ..., Kmax} -
(at time T nearest

h + κ ·∆T )
Wh(s) Weather conditions for segment s at update h -

Decision Variables
vsh Sailing speed for segment s at update h knots

Step 2: Optimization. Using the newly acquired forecast Wh, the framework

formulates and solves a deterministic optimization problem to minimize the total fuel

consumption over all remaining segments from the vessel’s current position to the

destination port. This optimization yields a complete speed profile {v1h, v2h, v3h, ..., v
Sh
h }

specifying the optimal sailing speed for each of the Sh remaining segments. The
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optimization considers the entire remaining voyage horizon, thereby accounting for

the long-term implications of near-term speed decisions.

Step 3: Execution. Despite computing a complete speed profile for all remaining

segments, the RHO framework implements only the first element of this solution: the

vessel sails the next segment at speed v1h for duration ∆T . The remainder of the

optimized profile {v2h, v3h, ..., v
Sh
h } is not executed. This selective implementation is

the defining characteristic of the rolling horizon approach, preserving flexibility to

revise subsequent decisions when more accurate meteorological information becomes

available.

Step 4: Rolling Forward. After completing the segment sailed at speed v1h, the

vessel advances to the next forecast update point h+ 1. At this new decision epoch,

the problem state has evolved: the vessel occupies a new geographic position, one

segment has been completed (so Sh+1 = Sh − 1), and the remaining segments are

renumbered starting again from 1. The cycle then repeats from Step 1 with the

acquisition of the newly available weather forecast. This iterative process continues

until the vessel reaches its destination, at which point h = |H| and only one segment

remains.

5.1.2.1 Temporal Structure at Each Update

An implementation detail concerns how the remaining voyage time T rem
h at update

point h is divided into Sh segments, each corresponding to a forecast time step. This

temporal structure ensures proper alignment between segment boundaries and fore-

cast data points, enabling each segment to utilize distinct meteorological predictions.

The key subtlety arises from the potential misalignment between the vessel’s opti-

mization start time T start
h and the forecast issue times. Specifically, T start

h may occur

at any point within the interval [T nearest
h , T nearest

h + ∆T update), where T nearest
h denotes

the most recent forecast issue time. The time offset ∆th = T start
h − T nearest

h represents
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how far the vessel’s decision point lags behind the forecast issuance. This offset affects

the segment duration structure, which can be formally expressed as:

∆τ sh =


∆T −∆th, s = 1

∆T, s ∈ {2, ..., Sh − 1}

T rem
h − (Sh − 1)×∆T − (∆T −∆th), s = Sh

(5.1)

where ∆τ sh denotes the duration of segment s in the hth optimization. The first

segment has a shorter duration ∆T − ∆th to ensure it concludes precisely at time

T nearest
h +∆T , coinciding with the next forecast update. Middle segments align per-

fectly with forecast time steps, each having duration ∆T . The final segment ac-

commodates the remaining time to reach the destination within the voyage deadline.

This temporal partitioning ensures that segment boundaries align with forecast up-

date points wherever possible, enabling the vessel to receive new meteorological in-

formation precisely when transitioning between segments. Under this structure, each

segment s corresponds to exactly one forecast time step.

5.1.2.2 Illustration of the Framework

Figure 5.1 provides a comprehensive illustration of the rolling horizon process across

three complementary perspectives. Panel (a) depicts the complete framework over

the voyage timeline. The horizontal axis represents time, marked by forecast issue

times T issue
1 , T issue

2 , T issue
3 , ..., T issue

|H| occurring at intervals of Tupdate = ∆T = 6 hours.

Each row corresponds to one RHO iteration at update point h. At h = 1 (depar-

ture), the vessel obtains weather forecast W1 and computes the initial speed profile

{v11, v21, v31, ..., v
S1
1 } covering all segments to the destination. However, only v11 (solid

color) is implemented, while the remaining planned speeds (lighter shading) are pro-

visional. At update h = 2, having completed the first segment, the vessel obtains

updated weather forecast W2 and re-optimizes for the S2 = S1 − 1 remaining seg-
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ments, computing {v12, v22, ..., v
S2
2 } and implementing only v12. This pattern continues

until the final segment.

Figure 5.1: Rolling horizon optimization framework for ship speed optimization.
Panel (a) illustrates the complete RHO process over the voyage timeline. Panel (b)
details the temporal structure within a single optimization cycle at update h. Panel
(c) shows the final executed speed profile.

Panel (b) illustrates the temporal structure described above, showing how the time

offset affects segment durations and ensures alignment with forecast time steps. Panel
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(c) shows the final executed speed profile {v11, v12, v13, ..., v1|H|}, comprising the first-

segment speeds from each successive optimization. Each executed speed represents

the optimal decision made with the most current meteorological information available

at that decision epoch.

The power of the RHO framework lies in its ability to balance foresight with adapt-

ability: by optimizing over the entire remaining voyage at each step, it maintains

strategic awareness of how current decisions affect future options and fuel consump-

tion, yet by executing only the immediate decision and re-optimizing, it continuously

incorporates updated meteorological information and adapts to evolving conditions.

The complete algorithmic procedure for the rolling horizon framework is formally

presented in Algorithm 2 in Appendix A.1.2.

Table 5.2: Notation for the time-distance network model

Symbol Description Unit

Sets and Indices
Gh Time-distance network at update h: Gh = (Vh,Ah) -
Vh Set of nodes (state space) at update h -
Ah Set of arcs (feasible transitions) at update h -
Th Set of discrete time points at update h: {t̃0, t̃1, ..., t̃Sh

} -
Lsh Set of possible remaining distances at time point t̃s -
(t̃s, ℓ) Node representing state (time t̃s, remaining distance ℓ) -

Parameters
Lrem
h Remaining voyage distance at update h nautical miles

∆d Distance discretization interval nautical miles
vmin Minimum allowable sailing speed knots
vmax Maximum allowable sailing speed knots

Decision Variables and Outputs
xh
t̃sℓt̃s′ℓ

′ Binary: 1 if arc from (t̃s, ℓ) to (t̃s′ , ℓ
′)is selected, 0 otherwise -

vh
t̃sℓt̃s′ℓ

′ Sailing speed on arc from (t̃s, ℓ) to (t̃s′ , ℓ
′) knots

F h
t̃sℓt̃s′ℓ

′ Fuel consumption (weight) on arc from (t̃s, ℓ) to (t̃s′ , ℓ
′) tons

πh Optimal path from source to sink at update h -
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5.2 Deterministic Subproblem: Time-Distance Net-

work Formulation

At each update point h in the rolling horizon framework, the central computational

task is to determine the optimal speed profile for the remaining voyage that minimizes

total fuel consumption under the currently available meteorological forecast. This sec-

tion presents a specialized graph-based formulation that we term the time-distance

network (TDN). Before presenting the detailed construction of the time-distance

network, we first present the notation for the TDN formulation, as shown in Table 5.2.

5.2.1 Speed Optimization Model based on the Time-Distance

Network

5.2.1.1 Construction of the time-distance network

The time-distance network Gh = (Vh,Ah) constructed at update point h is a directed

acyclic graph where nodes represent feasible spatiotemporal states of the vessel and

arcs represent feasible speed decisions connecting these states.

(1) Node definition

Each node (t̃s, ℓ) ∈ Vh represents a state where the vessel is at time point t̃s with

remaining distance ℓ to the destination. The construction involves two interrelated

discretization processes: temporal discretization that defines the time points, and

spatial discretization that determines the remaining distances to the destination at

each time point. Recall that at update h, the remaining voyage comprises Sh segments

with durations {∆τ sh}
Sh
s=1 given by Equation (5.1). The discrete time points in the

network correspond to the boundaries between these segments:

Th =
{
t̃0, t̃1, t̃2, ..., t̃Sh

}
, (5.2)
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where t̃0 = T start
h represents the current time (start of optimization), and subsequent

time points are defined recursively as:

t̃s = t̃s−1 +∆τ sh, s = 1, 2, ..., Sh (5.3)

with the final time point t̃Sh
corresponding to the latest allowable arrival time at

the destination. This temporal discretization ensures that each time interval [t̃s−1, t̃s]

corresponds to exactly one segment s and aligns with a forecast time step from Wh.

For each time point t̃s ∈ Th (corresponding to the completion of segment s), the set

of possible remaining distances Lsh is determined by the physical constraints of sailing

speeds. From the initial state (t̃0, L
rem
h ), the vessel’s reachable positions at subsequent

time points are bounded by sailing at speeds between vmin and vmax. For time point

t̃s, the feasible distance range [lbs, ubs] is computed as:

lbs = max

(
0, Lrem

h −
s∑
i=1

vmax ·∆τ ih

)
(5.4)

ubs = max

(
0, Lrem

h −
s∑
i=1

vmin ·∆τ ih

)
. (5.5)

The physical interpretation of these bounds is as follows. Starting from the initial

state with remaining distance Lrem
h , the vessel traverses the first s segments. If the

vessel sails at maximum speed vmax throughout these segments, it covers the greatest

possible distance
∑s

i=1 vmax · ∆τ ih, leaving the minimum remaining distance to the

destination, which defines the lower bound lbs. Conversely, if the vessel sails at

minimum speed vmin, it covers the least possible distance
∑s

i=1 vmin · ∆τ ih, leaving

the maximum remaining distance, which defines the upper bound ubs. The max(0, ·)

operator ensures that remaining distances are non-negative, as negative values would

indicate positions beyond the destination, which are physically infeasible. If ubs −
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lbs ̸= 0, this range is discretized using interval ∆d to generate the discrete set:

Lsh = {lbs, lbs +∆d, lbs + 2∆d, ..., ubs}. (5.6)

The number of discrete values is ⌊(ubs − lbs)/∆d⌋ + 1. Special cases occur at the

boundaries: the source node corresponds to the initial state (t̃0, L
rem
h ), comprising a

single node with remaining distance equal to the full remaining voyage; the sink node

corresponds to arrival (t̃Sh
, 0), representing the destination. The complete node set

is:

Vh =
{
(t̃s, ℓ) : t̃s ∈ Th, ℓ ∈ Lsh

}
. (5.7)

(2) Arc definition

A crucial property of the TDN is that arcs exist only between nodes at consecutive

time points. An arc from node (t̃s−1, ℓ) to node (t̃s, ℓ
′) represents a speed decision

for segment s. The existence of an arc is dependent upon the fulfillment of three

conditions. First, the nodes must be temporally adjacent, meaning the arc connects

consecutive time points t̃s−1 and t̃s = t̃s−1 + ∆τs. Second, the vessel must progress

toward the destination: ℓ′ < ℓ. Third, the implied sailing speed vh
t̃s−1ℓt̃sℓ′

= (ℓ −

ℓ′)/(t̃s − t̃s−1) must satisfy the operational constraints vmin ≤ vh
t̃s−1ℓt̃sℓ′

≤ vmax.

This adjacency constraint ensures that each arc corresponds to a single segment’s

sailing decision, maintaining the one-to-one correspondence between network arcs and

physical segments established in the RHO framework. The arc set can be formally

expressed as:

Ah =
{
((t̃s−1, ℓ), (t̃s, ℓ

′)) : s ∈ {1, 2, ..., Sh}, ℓ ∈ Ls−1
h ,

ℓ′ ∈ Lsh, ℓ′ < ℓ, vmin ≤
ℓ− ℓ′

t̃s − t̃s−1

≤ vmax

}
.

(5.8)
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(3) Arc weight computation

The weight of each arc represents the fuel consumption required to traverse it, com-

puted using the ship’s FCR prediction model formulated by the artificial neural net-

work (ANN). The computation requires determining not only the sailing speed but

also the meteorological conditions and vessel operational state at the appropriate

location and time.

For arc ((t̃s−1, ℓ), (t̃s, ℓ
′)) ∈ Ah, we first determine the sailing speed from the distance

traveled and time elapsed:

vht̃s−1ℓt̃sℓ′
=

ℓ− ℓ′

t̃s − t̃s−1

. (5.9)

To obtain the meteorological conditions for this arc, we must identify the geographic

location corresponding to the arc’s starting point and the time at which the vessel

would be at that location. Assuming the vessel follows a rhumb line (constant bearing)

route, the geographic coordinates can be extrapolated from the route geometry. Let

(λO, φO) denote the coordinates of the departure port and θ the vessel’s true heading.

For a node (t̃s, ℓ) in the network, the distance already traveled from the departure

port is L − ℓ. The geographic coordinate (λ, φ) corresponding to this position is

calculated through the following rhumb line navigation formulas (Williams, 2013):

δ =
L− ℓ
R

(5.10a)

φ = φO + δ cos θ (5.10b)

∆ψ = ln

(
tan(π

4
+ φ

2
)

tan(π
4
+ φO

2
)

)
(5.10c)

q =

cosφO, if sailing on constant latitude course

|φ−φO|
∆ψ

, otherwise

(5.10d)

∆λ =
δ sin θ

q
(5.10e)

λ = λO +∆λ, (5.10f)
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where R is the Earth’s radius, δ is the angular distance, and ∆λ is the difference

in longitude between the departure port and this position. The arrival time at this

position is determined by the vessel’s progress through previous segments.

With the geographic coordinates and time identified, the meteorological conditions w

for the arc are extracted from the forecast dataset Wh at the corresponding forecast

time step. The vessel operational state u (draft and loading condition) is obtained

from the most recent operational record. The arc weight is then computed as:

F h
t̃s−1ℓt̃sℓ′

= FANN

(
vht̃s−1ℓt̃sℓ′

,w,u;θANN

)
× (t̃s − t̃s−1). (5.11)

A special case arises for arcs connecting to the sink node (t̃Sh
, 0). For some nodes

in the penultimate stage, the remaining distance ℓ may be less than the minimum

distance achievable at speed vmin over the final segment duration, i.e., ℓ < vmin×∆τSh
h .

This indicates that the vessel can reach the destination within the allotted time even

when sailing at speeds below vmin, or equivalently, at any speed in [vmin, vmax] since

the distance is short. Since the optimization objective is to minimize the ship’s fuel

consumption, we assign such arcs the minimum fuel consumption achievable across

all feasible speeds:

F h
t̃Sh−1ℓt̃Sh

0 = min
vh
t̃Sh−1ℓt̃Sh

0
∈{vmin,vmin+0.1,...,vmax}

{
FANN(v

h
t̃Sh−1ℓt̃Sh

0,w,u;θANN)×∆τSh
h

}
,

(5.12)

where the minimization is performed over discretized speed values with 0.1-knot in-

tervals.

(4) Graph Pruning for Computational Efficiency

Not all nodes in Vh lie on feasible paths from source to sink. Nodes that cannot reach

the destination within the remaining time and speed constraints represent infeasible

intermediate states and can be eliminated to reduce computational burden. We em-

ploy a backward pruning procedure: starting from the penultimate time stage t̃Sh−1,

82



5.2. Deterministic Subproblem: Time-Distance Network Formulation

we iteratively remove nodes with zero out-degree (no outgoing arcs to feasible succes-

sor nodes). This process propagates backward through time stages, eliminating all

nodes that do not lie on at least one complete path from source to sink. The pruned

network retains only nodes participating in feasible solutions, significantly reducing

the problem size while preserving solution optimality.

5.2.1.2 Model formulation

With the TDN Gh fully constructed, the speed optimization problem for update h can

be formulated as a minimum-cost path problem. The objective is to find the path

from the source node (t̃0, L
rem
h ) to the sink node (t̃Sh

, 0) that minimizes the total fuel

consumption. This is equivalent to solving:

minimize
∑

((t̃s−1,ℓ),(t̃s,ℓ′))∈Ah

F h
t̃s−1ℓt̃sℓ′

· xht̃s−1ℓt̃sℓ′
(5.13)

subject to
∑

(t̃s−1,ℓ):((t̃s−1,ℓ),(t̃s,ℓ′))∈Ah

xht̃s−1ℓt̃sℓ′
−

∑
(t̃s+1,ℓ′′):((t̃s,ℓ′),(t̃s+1,ℓ′′))∈Ah

xht̃sℓ′ t̃s+1ℓ′′
= bht̃sℓ′ ,

∀(t̃s, ℓ′) ∈ Vh (5.14)

xht̃s−1ℓt̃sℓ′
∈ {0, 1}, ∀((t̃s−1, ℓ), (t̃s, ℓ

′)) ∈ Ah (5.15)

where the flow balance parameter bh
t̃sℓ′

is defined as:

bht̃sℓ′ =


1, (t̃s, ℓ

′) = (t̃0, L
rem
h ) (source node)

−1, (t̃s, ℓ
′) = (t̃Sh

, 0) (sink node)

0, otherwise (intermediate nodes)

(5.16)

Constraint (5.14) enforces flow conservation: for the source node, flow out equals one;

for the sink node, flow in equals one; for all intermediate nodes, flow in equals flow

out. Constraint (5.15) ensures that each arc is either selected or not.
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This formulation represents a classical shortest path problem on a directed acyclic

graph, which can be solved efficiently using Dijkstra’s algorithm. The algorithm

identifies the path πh that minimizes the objective function (5.13), corresponding

to the speed profile with minimum total fuel consumption. The shortest path πh

returned by Dijkstra’s algorithm is a sequence of nodes:

πh =
{
(t̃0, ℓ0), (t̃1, ℓ1), (t̃2, ℓ2), ..., (t̃Sh

, ℓSh
)
}
, (5.17)

where ℓ0 = Lrem
h and ℓSh

= 0. Each consecutive pair of nodes in this path corresponds

to one arc in the network, representing the speed decision for one segment. This

yields the complete optimal speed profile {v1h, v2h, ..., v
Sh
h } for all remaining segments.

Consistent with the rolling horizon principle articulated in Section 5.1.2, only the

first element v1h of this profile is implemented. After sailing segment 1 at speed v1h

for duration ∆τ 1h , the vessel reaches the next forecast update point h + 1, at which

time the entire optimization process repeats with updated meteorological information.

The remaining speeds {v2h, v3h, ..., v
Sh
h } are discarded once new weather information

becomes available. Algorithm 3 in Appendix A.1.2 provides the complete pseudocode

for the TDN construction described in this section.

5.2.2 Ship Fuel Consumption Prediction: The Artificial Neu-

ral Network Model

As established in the previous section, the construction of the time-distance net-

work requires evaluating the ship’s fuel consumption associated with each feasible

arc, which represents sailing a specific distance at a specific speed under specific me-

teorological conditions. This evaluation task demands a prediction model capable of

accurately estimating ship’s FCRs across diverse operational contexts. This chapter

employs an ANN to predict a ship’s FCRs. ANNs have emerged as powerful tools

for ship’s fuel consumption modeling due to their ability to capture complex nonlin-
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ear relationships between operational parameters and energy consumption without

requiring explicit physical equations (Hassoun, 1995; Hastie, 2009). Unlike physics-

based resistance models that demand extensive vessel-specific hydrodynamic coeffi-

cients and are sensitive to modeling assumptions, ANNs learn energy consumption

patterns directly from historical operational data, making them particularly suitable

for practical applications where detailed technical specifications may be unavailable.

Figure 5.2: Structure of the ANN model for fuel consumption rate prediction. The
input layer receives operational variables (speed, meteorological conditions, and vessel
operational state), processes them through multiple hidden layers with nonlinear
activations, and produces the predicted fuel consumption rate at the output layer.

The structure of the ANN model follows a feedforward multilayer perceptron architec-

ture, as illustrated in Figure 5.2. The input layer receives operational variables that

characterize the fuel consumption context: sailing speed v, meteorological conditions

w, and vessel operational state parameters u. These inputs are processed through one

or more hidden layers, where each neuron applies a nonlinear activation function to

a weighted combination of its inputs, enabling the network to learn complex feature
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interactions. The output layer produces a single value representing the predicted

fuel consumption rate, denoted as FANN(v,w,u;θANN), where θANN represents the

complete set of learned network parameters (weights and biases).

Formally, the ANN computes the fuel consumption rate through a series of transfor-

mations. Let x = [v,w,u] denote the concatenated input vector. For a network with

M hidden layers, the computation proceeds as:

h(1) = f (1)(W(1)x+ b(1)) (5.18)

h(µ) = f (µ)(W(µ)h(µ−1) + b(µ)), µ = 2, ...,M (5.19)

FANN = W(M+1)h(M) + b(M+1), (5.20)

where W(µ) and b(µ) are the weight matrix and bias vector for layer µ, f (µ) denotes

the activation function (typically ReLU for hidden layers), and h(µ) represents the

hidden layer activations. The parameters θANN = {W(µ),b(µ)}M+1
µ=1 are learned from

historical voyage data through backpropagation, minimizing the discrepancy between

predicted and observed fuel consumption rates. In this chapter, the predictive perfor-

mance of the trained ANN model is evaluated using three standard regression metrics

(MSE, MAE, and MAPE) on held-out test data.

5.3 Experimental Design

This section establishes the experimental framework for validating the proposed rolling

horizon optimization method. Section 5.3.1 describes the two validation voyages se-

lected from the noon report, providing detailed operational and meteorological char-

acteristics that represent realistic operational scenarios for evaluating the method’s

effectiveness. Section 5.3.2 presents the comparison framework, defining the proposed

RHO method alongside three baseline schemes (fixed speed, single-shot optimization

at departure, and optimization with perfect information). Performance metrics are
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introduced to quantify fuel savings achieved by adaptive re-optimization and measure

how closely the method approaches theoretical optimality.

5.3.1 Validation Voyages and Model Configuration

The ANN model is trained on the comprehensive dataset described in Chapter 3,

which comprises 331 noon reports collected from a Capesize dry bulk carrier operat-

ing between February 2019 and August 2020. To ensure unbiased evaluation of the

rolling horizon optimization framework, we reserve two voyages from this dataset as

validation cases that do not participate in any stage of model training. The remain-

ing 307 records (92.7% of the dataset) constitute the training set for developing the

ANN model, while the two reserved voyages containing 24 records (7.3%) serve as the

test set for both assessing fuel consumption prediction accuracy and validating the

performance of the proposed optimization framework.

The ANN model employs ten input features to predict hourly fuel consumption rates,

as summarized in Table 5.3. To ensure compatibility with operational meteorological

forecasts, the three variables provided by the NOAA GEFS control member (10-meter

wind speed, 10-meter wind direction, and 2-meter temperature) are included in the

training features. To maintain prediction accuracy, additional meteorological and

operational variables are incorporated, including wave characteristics, forecast surface

roughness, vessel draft, sailing speed, and loading condition. Chapter 3 provides

detailed descriptions of each feature’s physical interpretation.

With the model configuration established, we now describe the two voyages selected

for evaluating the rolling horizon optimization framework. Voyage I is an 11-day

laden voyage departing on July 14, 2020, covering a total sailing distance of 2701.56

nautical miles with an overall sailing time of 261 hours when following the origi-

nal speed profile recorded in the noon reports. The vessel maintains a draft of 17.5

meters throughout the voyage, operating in a laden condition with cargo weight ap-
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proximately at maximum capacity. Voyage II is a 10-day laden voyage departing on

February 14, 2019, covering a total sailing distance of 2645.18 nautical miles with a

total sailing time of 242 hours under the original speed profile.

Table 5.3: Input features and prediction target for ANN fuel consumption prediction
model

Data Source Feature Min Max Mean

Prediction Target
Noon report Hourly fuel consumption rate (mt/h) 0.434 2.184 1.343

Input Features

Noon report
Average sailing speed (knot) 6.730 14.920 11.068
Sailing condition (laden/ballast) – – –
Draught (m) 8.600 18.700 13.885

ERA5
reanalysis
data

Relative wind direction (degree) 0.150 179.675 93.425
Wind speed (m/s) 0.421 15.178 5.432
Mean wave period (s) 2.395 13.380 7.138
Significant height of combined waves and swell (m) 0.150 3.975 1.435
Relative mean wave direction (degree) 0.769 179.494 87.659
Forecast surface roughness (m) 2.42e-05 7.23e-04 0.061
2-meter temperature (◦C) 2.286 29.311 25.039

The detailed operational characteristics and meteorological conditions for both voy-

ages are presented in Tables A.1 and A.2 in Appendix 7.3. These tables provide

day-by-day information, including fuel consumption rates, sailing speeds, draft, load-

ing conditions, and comprehensive meteorological data obtained from ERA5 reanal-

ysis data, which serve as ground truth for evaluating actual fuel consumption under

optimized speed profiles.

5.3.2 Comparison Framework

We evaluate the RHO method against three baseline speed planning approaches to

assess the benefits of adaptive speed re-planning with evolving weather forecasts.

(1) Proposed Method: RHO with Dynamic Forecasts
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The proposed RHO framework generates a speed profile that achieves total fuel con-

sumption, FRHO, as described in Section 5.1. At each forecast update point h, the

method constructs a time-distance network based on the latest NOAA meteorologi-

cal forecast Wh, solves for the optimal speed profile {v1h, v2h, ..., v
Sh
h } for the remaining

voyage, and executes only the first segment speed v1h with duration ∆τ 1h before re-

optimizing at the next update point. This process repeats through |H| optimization

iterations until the vessel reaches the destination, resulting in an executed speed pro-

file {v11, v12, v13, ..., v1|H|} with corresponding durations {∆τ 11 ,∆τ 12 ,∆τ 13 , ...,∆τ 1|H|}. The

total fuel consumption is calculated as:

FRHO =

|H|∑
h=1

FANN(v
1
h,w

ERA5
h ,uh;θANN)×∆τ 1h , (5.21)

where v1h is the speed executed in the first segment of the hth optimization iteration,

wERA5
h represents the actual meteorological conditions during that segment obtained

from ERA5 reanalysis data (which serves as ground truth for evaluation), uh denotes

the vessel operational state (draft and loading condition), and ∆τ 1h is the duration of

that segment. This formulation evaluates the actual fuel consumed when following

the RHO-generated speed profile under real-world conditions.

(2) Baseline 1: Fixed Speed Scheme

The fixed speed strategy achieves total fuel consumption denoted as F fix, where the

vessel maintains a fixed speed throughout the entire voyage. The fixed speed vfix

is determined by discretizing the feasible speed range and selecting the speed that

minimizes total fuel consumption based on GEFS control member forecast available at

departure. Specifically, the lower bound of feasible constant speeds is vfixmin = L/Tmax

(the minimum speed required to complete the voyage within the time limit), and

the upper bound is vfixmax = vmax = 18.0 knots. The range [vfixmin, v
fix
max] is discretized

in 0.1-knot intervals, and for each candidate speed, the total fuel consumption is

computed using the forecast meteorological data. The speed yielding minimum fuel
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consumption becomes vfix. The voyage is divided into Sfix segments based on forecast

temporal resolution, and the actual fuel consumption under this fixed speed scheme

is:

F fix =
Sfix∑
s=1

FANN(v
fix,wERA5

s ,us;θANN)×∆τfixs , (5.22)

where ∆τfixs denotes the duration of the sth segment under the fixed speed scheme.

(3) Baseline 2: Single-Shot Optimization

The single-shot optimization baseline achieves total fuel consumption denoted as F init,

where the vessel follows a speed profile optimized once at departure using the initial

weather forecast, without any subsequent updates. This approach captures the value

of optimization while highlighting the limitation of ignoring the evolution of weather

forecasts. At departure (i.e., the first optimization iteration with h = 1), a time-

distance network is constructed using the weather forecast W1 available at time

T start
1 , and the optimal speed profile {v11, v21, ..., v

S1
1 } with corresponding durations

{∆τ 11 ,∆τ 21 , ...,∆τ
S1
1 } is computed via Dijkstra’s algorithm on this single network,

where S1 denotes the total number of segments in the initial optimization. The

vessel then executes this pre-determined speed profile throughout the entire voyage

without any adjustment despite subsequent weather forecast updates. The actual fuel

consumption is:

F init =

S1∑
s=1

FANN(v
s
1,w

s,ERA5
1 ,us1;θANN)×∆τ s1 , (5.23)

where vs1 is the speed for the sth segment determined in the initial optimization,

ws,ERA5
1 represents the actual meteorological conditions encountered during segment

s from ERA5 reanalysis data, us1 denotes the vessel operational state, and ∆τ s1 is the

segment duration as planned in the initial optimization. Comparing FRHO with F init

quantifies the fuel-saving benefit of incorporating regularly updated forecasts through

the rolling horizon approach.
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(4) Baseline 3: Optimization with perfect information

To establish a theoretical upper bound on achievable fuel consumption, we define

F actual as the total fuel consumption when the speed profile is optimized using perfect

meteorological information (i.e., actual conditions from ERA5) known in advance.

This oracle baseline assumes that the complete sequence of true meteorological con-

ditions throughout the voyage is available at departure, allowing a single optimization

to determine the globally optimal speed profile with perfect foresight. The voyage is

divided into Sactual segments based on the actual meteorological forecast update cy-

cle, identical to the segmentation used in the rolling horizon framework. This scheme

yields the speed profile {vactuals }Sactual

s=1 . The fuel consumption is:

F actual =
Sactual∑
s=1

FANN(v
actual
s ,wERA5

s ,us)×∆τ actuals , (5.24)

where ∆τ actuals denotes the duration of the sth segment under the oracle baseline. This

baseline is unattainable in practice (actual conditions are unknown at departure), but

it provides an upper bound for optimization performance and enables assessment of

how closely the RHO method approximates the theoretical optimum despite weather

forecast uncertainty.

(5) Performance metrics

To quantify the performance of the proposed method relative to the baselines, we

define three evaluation metrics. The first metric measures fuel savings relative to the

fixed speed scheme:

ηfix =
F fix − FRHO

F fix
× 100%. (5.25)

This quantifies the percentage of fuel reduction achieved by the RHO method com-

pared to maintaining a fixed speed throughout the voyage. The second metric isolates
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the incremental benefit of adaptive re-optimization with updated weather forecasts:

ηinit =
F init − FRHO

F init
× 100%. (5.26)

This measures fuel savings relative to single-shot optimization, thereby isolating the

value of incorporating weather forecast updates while controlling for the effect of

optimization itself. The third metric quantifies deviation from the perfect information

bound:

δperfect =

∣∣∣∣FRHO − F actual

F actual

∣∣∣∣× 100%. (5.27)

This measures how closely the RHO method approaches the theoretical optimum

achievable with perfect meteorological foresight. Positive values of ηfix and ηinit indi-

cate fuel savings, with larger values representing greater improvement. Smaller values

of δperfect indicate that the RHOmethod effectively approximates optimal performance

despite weather forecast imperfection.

5.4 Computational Results

This section presents the computational results that validate the effectiveness of the

proposed rolling horizon speed optimization method. In Section 5.4.1, we describe

the development and performance of the ANN fuel consumption prediction model,

which serves as the foundation for optimization. In Section 5.4.2, we analyze the

speed optimization results on the two validation voyages, comparing the proposed

method against the baseline schemes.

5.4.1 Development of the ANN Model

The ANN model for predicting ship’s FCRs is implemented using the MLPRegressor

function in the scikit-learn library 0.24.2. The hyperparameters of the ANN model are
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optimized through grid search with five-fold cross validation on the training dataset.

Table 5.4 presents the hyperparameters tuned for the ANN regressor, along with their

search spaces and optimal values. The key hyperparameters include the network ar-

chitecture (hidden layer size), activation function, solver for weight optimization,

and maximum number of training iterations.

Table 5.4: Hyperparameters and optimal configuration of the ANN regressor

Hyperparameter Interpretation Search Space Optimal Value

hidden layer size
Number of neurons
in each hidden layer

Layers: {1, 2, 3, 4, 5, 6, 7}
Neurons: {8, 16, 32, 64} (16, 32, 32, 32, 16, 8, 8)

activation
Activation function
for hidden layers

{tanh, ReLU, sigmoid} ReLU

solver
Optimizer for
weight updates

{lbfgs, sgd, adam} Adam

max iter
Maximum number
of iterations

{1,000, 2,000, 3,000, 4,000, 5,000, 6,000, 7,000} 6,000

The search space for hidden layer size is constrained by architectural principles:

the network structure follows a symmetric pattern where the middle hidden layer

contains the largest number of neurons, with neuron counts gradually decreasing

toward the input and output layers. Specifically, for a network withM hidden layers

indexed µ = 1, 2, ...,M, the number of neurons satisfies: neurons(µ) ≤ neurons(µ+1)

for µ < ⌈M/2⌉ and neurons(µ) ≥ neurons(µ + 1) for µ ≥ ⌈M/2⌉. The optimal

configuration identified through cross-validation employs a seven-layer architecture

with (16, 32, 32, 32, 16, 8, 8) neurons in successive hidden layers, ReLU activation

for nonlinearity, and 6,000 training iterations for convergence.

Table 5.5: Predictive performance of the ANN regressor on test data

Model MSE MAE MAPE

ANN Regressor 0.016 0.081 5.95%

After training the ANN model on the entire training dataset using the optimal hyper-

parameters, its predictive performance is evaluated on the held-out test set. Table 5.5

summarizes the value of performance metrics. The model achieves a MSE of 0.016,
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MAE of 0.081 tons/hour, and MAPE of 5.95%. These metrics indicate strong predic-

tive accuracy: the MAPE of 5.95% implies that on average, predictions deviate from

actual fuel consumption rates by less than 6%. The low MSE and MAE values further

confirm that the model effectively captures the nonlinear relationships between oper-

ational variables (speed, meteorological conditions, vessel state) and the ship’s FCRs,

providing reliable fuel consumption estimates across the diverse operating conditions

encountered in the test voyages.

5.4.2 Validation of the RHO framework

All speed optimization experiments are conducted on a laptop computer equipped

with an Intel Core i7-12700H CPU (2.30 GHz) and 40.0 GB of memory. The optimiza-

tion problem at each update point is solved using Dijkstra’s algorithm implemented

in the NetworkX Python library 2.8. The distance discretization interval is set to

∆d = 1 nautical mile, balancing solution accuracy with computational tractability.

Speed constraints are vmin = 8.0 knots and vmax = 18.0 knots. The meteorologi-

cal forecast update cycle follows NOAA GEFS issuance at 00Z, 06Z, 12Z, and 18Z,

resulting in ∆T update = 6 hours between updates. For Voyage I, the rolling hori-

zon optimization process takes 146 minutes of total computation time, generating

speed decisions for 39 segments. For Voyage II, the process requires 220 minutes and

produces decisions for 40 segments.

Figure 5.3 illustrates the optimized sailing speeds and corresponding fuel consump-

tion for each segment of the two validation voyages. The blue bars represent fuel

consumption in each segment, calculated by multiplying the segment duration by

the fuel consumption rate predicted by the ANN model under actual meteorological

conditions from ERA5 reanalysis data. The red line with markers indicates the op-

timized sailing speed for each segment. It can be seen that the fuel consumption in

each segment increases as the ship sailing speed increases. After adopting the RHO
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framework, for Voyage I, the vessel sails for 6 hours in each of the first 38 segments

and 0.97 hours in the final segment, totaling 228.97 hours. For Voyage II, the vessel

sails for 6 hours in each of the first 39 segments and 3.26 hours in the final segment,

totaling 237.26 hours. These durations confirm that the optimized speed profiles

enable on-time arrival at the destination within the maximum allowable sailing time.

(a) Voyage I

(b) Voyage II

Figure 5.3: Fuel consumption and sailing speed profiles after optimization. (a) Voyage
I: 39 segments over 228.97 hours. (b) Voyage II: 40 segments over 237.26 hours.

Table 5.6 presents a comprehensive comparison of fuel consumption under the four

speed schemes: the proposed RHO framework (FRHO), fixed speed (F fix), single-shot
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optimization (F init), and optimization with perfect information (F actual). The results

demonstrate substantial fuel savings achieved by the proposed RHO method. Com-

pared to the baseline of maintaining a fixed speed, the RHO method reduces ship’s

total fuel consumption by 9.46% on Voyage I and 12.22% on Voyage II, corresponding

to savings of 33.74 mt and 44.60 mt, respectively. The aggregate fuel savings across

both voyages is 10.86% relative to fixed speed operation, translating to 78.34 mt of

fuel saved over approximately 21 days of sailing. When compared to single-shot op-

timization, the RHO method achieves even more impressive gains: 13.50% reduction

on Voyage I and 0.60% on Voyage II. The aggregate improvement of 7.53% relative

to static optimization underscores the value of incorporating dynamically updated

weather forecasts.

Table 5.6: Comparative performance of speed optimization schemes on validation
voyages

Voyage FRHO F fix F init F actual ηfix ηinit δperfect
(mt) (mt) (mt) (mt) (%) (%) (%)

Voyage I 323.01 356.75 373.43 310.29 −9.46 −13.50 4.10
Voyage II 320.08 364.68 322.00 311.22 −12.22 −0.60 2.85

The metric δperfect measures how closely the RHO method approaches the theo-

retical optimum achievable with perfect meteorological foresight. For Voyage I,

δperfect = 4.10% indicates that the total fuel consumption achieved by the RHO

method is only 4.10% higher than the oracle baseline, demonstrating effective uti-

lization of weather forecasts. For Voyage II, δperfect = 2.85% shows a smaller gap.

These values confirm that the RHO method successfully leverages regularly updated

weather forecast information to achieve near-optimal performance.

Overall, the RHO framework consistently outperforms all baseline schemes, validat-

ing that adaptive re-optimization with regularly updated weather forecasts yields

significant fuel savings over both static optimization and fixed speed operation. This

method demonstrates the practical application of regularly updated weather forecasts
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for ship speed optimization.

5.5 Conclusion

This chapter extends ship speed optimization from a static optimization framework

to a rolling horizon optimization framework that exploits continuously updated me-

teorological forecasts throughout voyages. The rolling horizon optimization approach

decomposes the dynamic problem into a sequence of tractable subproblems solved

at each forecast update point, with the time-distance network formulation enabling

efficient solutions through shortest path algorithms. Validation on two laden voy-

ages demonstrates substantial fuel savings: 10.86% relative to fixed speed operation

and 7.53% relative to single-shot optimization using only initial weather forecasts.

These results quantify the value of incorporating weather forecast evolution, with

the proposed method approaching within 4.10% to 2.85% of the theoretical optimum

achievable with perfect foresight.

Chapters 4 and 5 study the speed optimization problem for conventional diesel-

powered vessels, establishing approaches for handling weather forecast uncertainty

and operational dynamism, respectively. However, future maritime emission reduc-

tions require not only operational optimization but also the integration of emerging

technologies such as hybrid propulsion systems. Hybrid vessels combine conventional

engines with alternative power sources, introducing more complex optimization chal-

lenges that extend beyond speed planning to encompass energy management across

multiple power sources. Chapter 6 develops an optimization framework for hybrid

propulsion to address these complexities inherent in next-generation maritime energy

architectures.
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Chapter 6

Hybrid Electric Platform Supply

Vessel Routing with Speed

Optimization: Pathways to

Cost-Effective Emission Reduction

The preceding chapters developed advanced operational optimization frameworks for

conventional diesel-powered vessels, addressing the challenges of meteorological fore-

cast uncertainty and dynamic environmental conditions. While these operational

improvements are valuable for existing fleets, achieving the ambitious emission reduc-

tion targets mandated by international regulations requires fundamental technolog-

ical transformation beyond operational measures alone. Hybrid electric propulsion

systems represent one of the most promising technological pathways for maritime

decarbonization, combining the operational flexibility of diesel engines with the en-

vironmental benefits of electric propulsion. However, this technological advancement

introduces unprecedented operational complexity. The optimization problem involves

a multi-dimensional coordination challenge encompassing route planning, speed opti-
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mization, charging strategies, and power allocation between diesel and electric propul-

sion systems. This chapter focuses on platform supply vessels (PSVs) operating in the

North Sea region. These vessels are responsible for transporting cargo, equipment,

and supplies between onshore supply bases and offshore installations, collectively

emitting approximately one million tonnes of CO2 annually. This represents nearly

20% of Norway’s total domestic shipping emissions.

This chapter introduces the Hybrid Electric Platform Supply Vessel Routing Problem

with Speed Optimization (HEPSVRP-SO). This problem encompasses the compre-

hensive planning of PSV operations with hybrid diesel-electric propulsion systems

over a 2–3 day planning horizon, the typical duration of PSV routes, including route

selection, speed optimization along sailing legs, charging decisions at equipped instal-

lations, and dynamic energy management between diesel and electric power sources.

A distinguishing feature of the HEPSVRP-SO is the incorporation of fuel energy

quota constraints that enforce specific emission reduction targets, requiring the opti-

mization model to determine the minimum-cost operational strategy while satisfying

predetermined environmental performance standards. We evaluate the performance

of hybrid PSV operations through realistic operational scenarios derived from the

North Sea operations, benchmarking against two diesel-only baselines representing

different operational maturity levels: design-speed operations and speed-optimized

operations.

The remainder of this chapter is organized as follows. Section 6.1 presents the detailed

problem description, and 6.2 develops an MIP model based on time-space network

representation. Section 6.3 describes the experimental design, including instance

generation, scenario configurations, and parameter settings. Section 6.4 presents

comprehensive computational results and analysis. Section 6.5 concludes the chapter

by synthesizing key findings and their implications for hybrid PSV operations.
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6.1 Problem Description

The Hybrid Electric Platform Supply Vessel Routing Problem with Speed Optimiza-

tion (HEPSVRP-SO) addresses the operational planning of a PSV equipped with

hybrid diesel-electric propulsion systems servicing offshore installations with prede-

termined cargo demand that must be satisfied. The hybrid propulsion system en-

ables dynamic power allocation between diesel engines and electric motors. The PSV

departs from an onshore depot with a fully charged battery, visits a given set of

mandatory offshore installations with cargo demand, and returns to the depot within

a specified time horizon. Among these mandatory installations, some of them may

be equipped with charging infrastructure, allowing the PSV to recharge its battery

packs at these locations. The PSV may also visit other charging-equipped installa-

tions without cargo demand to replenish battery power. The PSV’s battery state

of charge must be maintained between certain limits, typically 20%-80% of the total

capacity, to prevent degradation and ensure operational safety.

Beyond the above-mentioned charging-equipped installations, the charging infrastruc-

ture also includes a proposed offshore wind farm. Each charging facility has a limited

power output capacity, and the amount of charge received depends on both this power

output and the charging duration. The inclusion of the wind farm in the network rep-

resents a strategic infrastructure investment whose impact on operational efficiency

and emission reduction potential requires evaluation. For charging-equipped installa-

tions with cargo demand, recharging of the PSV battery takes place in two different

ways: 1) automatic service charging that occurs simultaneously with cargo opera-

tions, providing battery replenishment without additional time cost; and 2) extended

charging where the PSV may choose to remain at the installations beyond service

requirements for additional battery replenishment. For charging-equipped installa-

tions without cargo demand (such as the offshore wind farm), the PSV might make

dedicated charging stops where the entire visit duration is allocated to battery re-
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plenishment, enabling strategic detours to meet energy requirements when necessary.

The primary objective of the HEPSVRP-SO is to minimize total operational costs,

encompassing fuel costs, electricity costs, and carbon emission costs along the route

while ensuring that a predetermined emission reduction target is achieved through

adequate electric propulsion. The optimization also incorporates speed decisions for

each sailing segment, as different speeds result in varying energy consumption and

travel times, creating trade-offs between operational efficiency and energy costs. To

achieve emission reduction targets, a specified percentage of the PSV’s energy con-

sumption must be supplied by the battery system, effectively limiting diesel fuel usage.

Therefore, solving the HEPSVRP-SO provides integrated decisions on route planning,

speed selection, and power allocation ratio between diesel and electric propulsion for

each sailing segment.

Figure 6.1 provides an illustrative example that demonstrates the key features of

the HEPSVRP-SO. A PSV equipped with 20,000 kWh battery departs from the

depot and visits installations 10, 17, 8, and 18 sequentially before returning. At

installation 10, an offshore wind farm with no service requirements, the PSV performs

dedicated charging, replenishing approximately 7,000 kWh at a charging rate of 10

MW. At installation 8, the PSV makes use of flexibility the offshore charging facility

provides: 3,000 kWh through automatic charging during service operations, plus an

additional 600 kWh from extended charging, totaling 3,600 kWh. The route exhibits

speed optimization with sailing speeds varying from seven knots on diesel-dominant

segments to 10 knots on battery-powered segments. The allocation of power between

diesel and electric propulsion also varies across segments. Specifically, the power

allocation is mixed on the initial leg from the depot, transitioning to electric-dominant

propulsion after wind farm charging. Subsequently, the power allocation is mixed after

charging at installation 8, and finally, it is diesel-dominant on the last leg returning to

the depot. This example illustrates the integrated optimization of routing, charging,

speed, and energy allocation decisions that characterize the HEPSVRP-SO.
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Figure 6.1: Illustrative PSV route demonstrating hybrid propulsion operations, charg-
ing strategies, and speed optimization. The route shows dedicated charging (green
bar) at an offshore wind farm (installation 10) and servicing at regular installation
17. Furthermore, automatic charging (light green bar) takes place while servicing at
installation 8, in addition to extended charging (medium green bar), before regular
servicing at installation 18.
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6.2 Modeling the HEPSVRP-SO

This section presents the mathematical formulation of the HEPSVRP-SO as an MIP

model based on a time-space network representation. The formulation captures the

complex interactions between routing decisions, speed optimization, energy manage-

ment, and charging strategies while maintaining computational tractability. Section

6.2.1 describes the time-space network structure and arc generation procedure, Sec-

tion 6.2.2 describes the mathematical notation, and Section 6.2.3 presents the com-

plete optimization model with its objective function and constraints.

6.2.1 Time-Space Network

The time-space network construction begins by discretizing the planning horizon into

uniform time periods, creating a temporal grid on which all operational events must

occur. The time-space network consists of nodes and arcs, where each node is char-

acterized by a pair (i, t) representing the completion of operations at installation or

charging facility i at time t.4 The onshore depot is represented through two special

nodes: an origin node (o, t∗) representing the voyage start after vessel preparation is

complete at time t∗, and a destination node (d, t), where t represents potential voyage

completion times within the planning horizon.

The network contains two fundamental arc types that capture different operational

decisions, i.e., service-transit arcs and battery charging arcs. Service-transit arcs

represent combined sailing and service operations between different installations. A

service-transit arc ((i, t), (j, t′)) indicates that the PSV completes all operations (ser-

vice and/or charging) at installation i at time t, sails to installation j, and completes

its operations at installation j at time t′. For each pair of installations, multiple

4More precisely, (i, t) represents completion of service and automatic service charging at instal-
lations with both cargo and charging capability; charging only at charging facilities without cargo;
or service only at installations without charging.

103



Chapter 6. Hybrid Electric Platform Supply Vessel Routing with Speed
Optimization: Pathways to Cost-Effective Emission Reduction

service-transit arcs may exist with different sailing speeds, enabling speed optimiza-

tion within the time-space framework. Battery charging arcs are generated for instal-

lations equipped with charging facilities, connecting consecutive time points at the

same installation. For installations with cargo demand, these arcs capture extended

charging beyond the automatic service charging. For charging facilities without cargo

demand, these arcs represent the duration of dedicated charging. A charging arc

((i, t), (i, t + 1)) indicates that the ship remains at installation or charging facility i

for another time period for battery replenishment.

Figure 6.2 illustrates the concept of service-transit arcs and charging arcs in the time-

space network, showing how charging decisions create temporal connections between

consecutive time points at the same installation, enabling flexible energy management

strategies. In this example, solid symbols represent nodes where the PSV completes

operations, while dashed symbols indicate potential time-location combinations that

are not utilized in this particular route. The PSV departs from the depot at t = 0,

visits installation 1 at t = 4, and then proceeds to installation 2 where it remains for

additional charging during t = 5 to t = 7 (shown by the red horizontal arcs). The

black arrows represent service-transit arcs combining sailing and service operations,

with segments from installation 3 to installation 4 demonstrating multiple speed op-

tions (4, 6, and 12 knots) over the 12 nautical mile distance, illustrating how the

time-space network captures both routing decisions and speed optimization opportu-

nities. Note that this is a simplified example, only for illustrational purposes, with a

too coarse time discretization resulting in only three available speeds for this sailing

leg.

For each potential service-transit arc, we evaluate feasibility based on minimum and

maximum sailing speeds and service duration requirements. The energy consumption

for each service-transit arc is calculated using a vessel-specific speed-power consump-

tion function derived from the real power consumption data. The energy consumption

calculation accounts for both sailing and service energy requirements. The sailing en-
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Figure 6.2: Time-space network structure with service-transit and battery charging
arcs. Squares represent the depot, circles represent regular installations, and triangles
represent installations with charging facilities.

ergy depends on the chosen speed, which is optimized within the feasible range to

balance fuel consumption with schedule requirements. Service energy consumption

remains constant for each installation, determined by the vessel’s auxiliary power

requirements during cargo operations. For charging arcs, the charging amount is cal-

culated as the product of the charging rate and duration, adjusted for the energy

required to keep vessel stationary and run on board systems while charging. This net

charging amount determines the effective battery replenishment available from each

charging decision. The detailed arc generation algorithm is presented in Appendix

A.3.

6.2.2 Notation

This section presents the mathematical notation required to formulate the HEPSVRP-

SO optimization model.
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6.2.2.1 Sets and Indices

The mathematical model employs several sets to define the spatial and temporal

structure of the problem. The basic sets include N representing all offshore installa-

tions, NC for installations equipped with charging stations, and NM for mandatory

installations. The temporal structure is captured by T , which comprises all dis-

cretized temporal points throughout the planning horizon, with Ti denoting possible

operation completion times at each installation i. The arc set A contains all feasible

connections in the time-space network.

The time-space network employs several specialized sets to manage the temporal

relationships between installations and service operations. The set T Sij contains all

feasible start times at installation i for arcs that connect installations i and j, enabling

enumeration of all possible temporal connections between specific installation pairs.

The set T SSijt refines this further by containing feasible start times at installation i

for arcs terminating at installation j at a specific time t. Similarly, T SEitj contains

feasible end times at installation j for arcs originating from installation i at time t.

Figure 6.3 illustrates these set relationships through a simplified example with two

installations. In this example, the gray dashed lines represent all connections between

i and j. Therefore, T Sij = {5, 10, 15}. Furthermore, T SSij15 = {5, 10} is the set of feasible

depature time at node i for arcs that terminate at node j at time t = 15, as displayed

by the orange lines. Finally, T SEi15j = {20, 25} represents the set of feasible end time

at node j for arcs that depart from node i at time t = 15, as shown by the blue lines.

A summary of sets and indices is shown in Table 6.1.

6.2.2.2 Parameters

The parameters used in the HEPSVRP-SO model are organized into four categories

as detailed in Table 6.2.
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Table 6.1: Sets and indices

Symbol Description

Indices

o Supply depot serving as the voyage starting point, rep-
resented as an origin node

d Supply depot serving as the voyage endpoint, repre-
sented as a destination node

t, t′ Time point

i, j Node indices

Sets

A Set of arcs in the time-space network

N Set of all offshore installations

NC Set of installations equipped with charging facilities

NM Set of installations that must be visited

T Set comprising all discretized temporal points through-
out the planning horizon, which is derived from the max-
imum allowable voyage duration (time budget)

Ti Set of possible operation completion time points at node
i

T Sij Set of feasible departure time for arcs ((i, ·), (j, ·))
T SSijt Set of feasible departure time for arcs ((i, ·), (j, t))
T SEitj Set of feasible arrival time for arcs ((i, t), (j, ·))

Figure 6.3: An example for temporal sets T Sij , T SSij15, and T SEi15j .
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Cost parameters. The model incorporates three primary economic inputs. The

costs of diesel fuel and purchased electricity are denoted by CF and CE, respectively.

To account for environmental externalities, the cost of carbon emissions is included

as CGHG.

Energy consumption parameters. The model accounts for energy consumption

during both sailing and charging operations. For each service-transit arc ((i, t), (j, t′)),

the energy consumption parameters Eitjt′ and E
s
itjt′ distinguish between total energy

requirements and sailing-only energy requirements. The total energy Eitjt′ includes

both sailing and service energy consumption, while the sailing energy Es
itjt′ represents

only the propulsion energy needed for vessel movement. This distinction is crucial

for battery management at charging facilities, where the PSV only needs sufficient

battery capacity to reach the next charging point rather than complete all operations.

For each charging arc ((i, t), (i, t+1)), the PSV consumes a constant auxiliary energy

Eaux per time period to maintain its onboard system operations.

Figure 6.4: The battery level dynamics corresponding to the illustrative PSV route
in Figure 6.1. The top x-axis indicates the installations visited by the PSV, while
the bottom x-axis shows the corresponding time in hours. This illustration assumes
a time period of 15 minutes. The figure shows the application of automatic service
charging (P8) and net charging per time period (∆10, ∆8) at different installations.

Battery and charging parameters. The PSV’s hybrid propulsion system is de-
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fined by its battery and charging characteristics. The battery’s state of charge is

constrained by an upper bound Q and a lower bound Q, given as the shares of max-

imum battery capacity. At charging-equipped installations with cargo demand, two

battery replenishment schemes are available. First, the PSV receives an automatic

service charging at installation i, denoted by Pi, which is calculated as the product of

the given charging rate and service duration (based on the requested cargo demand).

Second, the PSV may opt for extended charging by staying longer after service, dur-

ing which the net energy gained per time period is defined by ∆i, after accounting for

energy consumption during charging operations. In contrast, at installations without

cargo demand, such as an offshore wind farm, the vessel makes dedicated charging

stops. During these stops, the net energy gained per time period is also governed by

∆i. To visually clarify the charging mechanisms, Figure 6.4 illustrates the battery

level dynamics for the example route shown in Figure 6.1. As depicted, at installation

10, the PSV performs dedicated charging for three time periods, gaining a net energy

of ∆10 in each time period. At installation 8, the PSV first receives an instantaneous

automatic service charging of P8, followed by an extended stay for one time period,

gaining a net energy of ∆8.
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Table 6.2: Parameters

Symbol Description

Cost parameters

CF Cost of diesel [NOK/kWh]

CE Cost of electricity [NOK/kWh]

CGHG Cost of carbon emission [NOK/kg]

Energy consumption parameters

Eitjt′ Total energy for the PSV to sail on arc ((i, t), (j, t′)) and operate at j

[kWh]

Es
itjt′ Sailing energy for the PSV on arc ((i, t), (j, t′)) [kWh]

Eaux Auxiliary energy consumption per time period to maintain the PSV’s

stability during an extended charging stop [kWh]

Battery and charging parameters

Q Upper bound of the battery capacity [kWh]

Q Lower bound of the battery capacity [kWh]

Pi Automatic service charging amount at installation i [kWh]

∆i Net charging amount per time period during an extended stay at instal-

lation i [kWh]

Model-related parameters

Ebase Baseline fuel energy consumption [kWh]

α Fuel quota factor

σ Carbon emission factor

t∗ Time at which vessel preparation ends

Model-related Parameters. The operational boundaries of the problem are set by

several key parameters. A baseline fuel energy consumption Ebase is established from

a diesel-only reference voyage, and the model’s total fuel usage is then constrained to
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a fraction of this baseline, governed by the fuel quota factor α. In this chapter, we

assume emissions are proportional to diesel energy via a fixed carbon emission factor

σ, and therefore this fuel quota factor α effectively functions as an emissions quota

factor.

6.2.2.3 Decision Variables

The mathematical model employs an arc-flow formulation with decision variables cap-

turing routing decisions, energy management, and charging strategies. The binary

variable xitjt′ indicates whether arc ((i, t), (j, t
′)) is used, while ui denotes whether in-

stallation (or charging facility) i is visited. The battery state of charge upon departure

from installation i is represented by the continuous variable yi.

Table 6.3: Decision variables

Symbol Description

xitjt′ Binary variable: 1 if arc ((i, t), (j, t′)) is used by the ship,

0 otherwise

xfitjt′ Proportion of fuel usage on arc ((i, t), (j, t′))

xeitjt′ Proportion of electricity usage on arc ((i, t), (j, t′))

δit Binary variable: 1 if the PSV charges at node i at time

point t, 0 otherwise

ui Binary variable: 1 if node i is visited by the ship, 0

otherwise

yi Battery state of charge on departure from i [kWh]

The energy allocation is managed through continuous variables xfitjt′ and x
e
itjt′ , rep-

resenting the proportion of fuel and electric energy used for each arc, respectively.

These variables enable the model to capture the hybrid propulsion system’s flexibility,

allowing optimal distribution between diesel and electric power based on operational

111



Chapter 6. Hybrid Electric Platform Supply Vessel Routing with Speed
Optimization: Pathways to Cost-Effective Emission Reduction

constraints and economic objectives. The charging decision variable δit represents

a key element of the optimization, enabling the PSV to remain at installation i for

additional charging beyond automatic service charging during time period t. When

δit = 1, the PSV extends its stay at the installation i during time period t to t + 1

for strategic battery replenishment. A summary of decision variables is presented in

Table 6.3.

6.2.3 Mathematical Formulation

Based on the notation defined in Section 6.2.2, we formulate the HEPSVRP-SO as

follows:

min
∑

((i,t),(j,t′))∈A

(
Eitjt′ · CF · xfitjt′ + σ · Eitjt′ · CGHG · xfitjt′

+Eitjt′ · CE · xeitjt′
)
+
∑
i∈NC

∑
t∈Ti

δit · Eaux · CE (6.1)

subject to

δi(t−1) +
∑
j∈N

∑
t′∈T SS

jit

xjt′it

−
δit +∑

j∈N

∑
t′∈T SE

itj

xitjt′

 = 0, i ∈ N , t ∈ Ti (6.2)

∑
i∈N∪{o}

∑
t∈T S

ij

∑
t′∈T SE

itj

xitjt′ = uj, j ∈ N (6.3)

∑
j∈N∪{d}

∑
t′∈T SE

ot∗j

xot∗jt′ = 1 (6.4)

∑
i∈N

∑
t∈T S

id

∑
t′∈T SE

itd

xitdt′ = 1 (6.5)
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xfitjt′ + xeitjt′ = xitjt′ , ((i, t), (j, t′)) ∈ A (6.6)

∑
((i,t),(j,t′))∈A

Eitjt′ · xfitjt′ ≤ α · Ebase (6.7)

yo = Q (6.8)

yj ≤ yi −
∑
t∈T S

ij

∑
t′∈T SE

itj

(
xeitjt′ · Eitjt′

)
+ Pjuj +

∑
τ∈Tj

∆jδjτ

+Q

1−
∑
t∈T S

ij

∑
t′∈T SE

itj

xitjt′

 , i ∈ N ∪ {o}, j ∈ N (6.9)

yi ≥
∑

j∈N∪{d}\NC

∑
t∈T S

ij

∑
t′∈T SE

itj

Eitjt′ · xeitjt′

+
∑
j∈NC

∑
t∈T S

ij

∑
t′∈T SE

itj

Es
itjt′ · xeitjt′ , i ∈ N (6.10)

xitjt′ ∈ {0, 1}, ((i, t), (j, t′)) ∈ A (6.11)

xeitjt′ , x
f
itjt′ ∈ [0, 1], ((i, t), (j, t′)) ∈ A (6.12)

δit ∈ {0, 1}, i ∈ NC , t ∈ Ti (6.13)

Q ≤ yi ≤ Q, i ∈ N ∪ {d} (6.14)

ui = 1, i ∈ NM (6.15)

ui ∈ {0, 1}, i ∈ N \ NM . (6.16)

The objective function (6.1) minimizes total costs. The first term represents fuel costs,

the second term represents carbon emission costs, the third term represents electricity

costs for propulsion, and the fourth term represents electricity costs for maintaining

vessel stability during charging operations. The inclusion of carbon emission costs

in the objective function enables the model to capture the full economic impact of

113



Chapter 6. Hybrid Electric Platform Supply Vessel Routing with Speed
Optimization: Pathways to Cost-Effective Emission Reduction

emission reduction strategies under carbon pricing policies, making the results directly

applicable to policy evaluation and operator decision-making in carbon-constrained

environments.

It is important to clarify the cost accounting mechanism for electricity. The cost

of electricity transferred to the battery (either as automatic service charging Pi or

during extended stays as ∆i) is not accounted for at the moment of charging. Instead,

this cost is realized when the stored energy is later consumed for electric propulsion

on a sailing leg, which is captured by the term Eitjt′ · CE · xeitjt′ . The final term in

the objective function represents the cost of the auxiliary power required to remain

stationary during these optional charging periods.

Constraints (6.2) preserve flow balance at each installation and time point, accounting

for charging operations that allow the PSV to remain at the same location between

consecutive time periods. Constraints (6.3) synchronize the number of visits to each

installation with the service decision variables. Constraints (6.4) and (6.5) ensure

that the PSV starts from the depot and returns to the depot exactly once.

Constraints (6.6) ensure that the energy supplied by diesel and electric propulsion

together equals the total energy requirement for each arc when the arc is selected.

Constraint (6.7) limits the total fuel energy consumption to at most α times the base-

line fuel energy consumption, effectively forcing fuel reduction and increased electri-

fication.

Constraints (6.8) ensure that the PSV departs from the depot with a fully charged

battery. Constraints (6.9) update the battery state of charge when the PSV tran-

sitions between installations, accounting for energy consumption, service charging,

additional charging operations, and the logical constraint that battery levels are only

meaningful for visited installations.

Constraints (6.10) ensure that the PSV has sufficient battery charge to complete

its next sailing leg, with different requirements for destinations with and without
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charging capabilities. For destinations without charging facilities, the PSV must

have sufficient battery to complete the entire arc including service operations. For

destinations with charging facilities, the PSV only needs sufficient battery to complete

the sailing portion of the arc.

Constraints (6.11)–(6.16) specify the domains of the decision variables, including bi-

nary constraints for arc usage and charging decisions, continuous proportions for

energy usage, and battery capacity bounds. Note that constraints (6.15) ensure that

all mandatory installations are serviced. Therefore, as shown in Table 6.4, all in-

stances are designed with total order sizes not exceeding the vessel’s cargo capacity

of 100 container units.

6.3 Experimental Design

This section presents the experimental framework developed to evaluate the perfor-

mance of the proposed hybrid vessel routing model. We describe the test instances

derived from real-world offshore operations, the scenario design incorporating multiple

operational factors, and the implementation details of the computational study.

6.3.1 Test Instances

Our experiments draw on real-world operations from Norway’s North Sea oil and gas

sector. The test instances are derived from the offshore logistics network operating

out of Mongstad, a major west coast supply base. This supply base ranks among

Europe’s most significant oil-and-gas harbors based on cargo throughput, serving as

the operational hub for PSV operations to 21 offshore installations. The geographical

distribution of these installations is shown in Figure 6.5. Three of the 21 installations,

namely installations 3, 8, and 20, are equipped with conventional charging infrastruc-

ture (with green electricity supplied from onshore), providing charging rates of 5,000
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kW, 3,000 kW and 7,000 kW, respectively. These facilities enable the PSV to recharge

their batteries during regular operations. Additionally, installation 10 functions as

a specialized wind farm charging station with an enhanced charging rate of 10,000

kW, representing the integration of renewable energy sources into the maritime logis-

tics network. This installation operates exclusively as a charging facility without any

cargo demand.

Figure 6.5: Geographic distribution of installations in the North Sea region. Different
symbols represent installation types: circles for regular installations, triangles for
charging stations, and diamonds for offshore wind farms. The square represents the
onshore depot.

The instances are generated based on realistic offshore operations. The instances

include installations with varying service requirements and charging capabilities. No-

tably, the installations equipped with conventional charging infrastructure can pro-

vide charging service for the PSV even if they are not mandatory service points (i.e.,
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have no cargo demand). As shown in Table 6.4, we generate 15 representative in-

stances covering different operational requirements and geographical configurations

in the North Sea. In the second column of the table, installations that are equipped

with charging capabilities (i.e., installations 3, 8, and 20) are marked in bold. Some

instances include no charging facilities, such as instance 2, requiring the PSV to meet

emission reduction requirements by using the initial battery charge and by making

detours to offshore charging facilities for recharging. Other instances include charging

facilities at selected installations, enabling charging during service operations. The

”duration” column specifies the default planning horizon in days for each instance

based on industry planning practices, as further explained in Section 6.3.2.

Table 6.4: Test instances

No. Installations Total order size Duration (day)

1 1(25), 8(12), 9(10), 11(16) 63 2
2 11(16), 12(18), 13(8), 14(18) 60 2
3 2(12), 3(20), 6(21), 7(17), 21(4) 74 2
4 4(22), 5(23), 6(22) 67 2
5 11(16), 13(8), 20(10) 34 3
6 3(20), 11(16), 12(18), 14(18) 72 3
7 1(25) 25 1
8 16(21), 17(42) 63 3
9 2(12), 6(22), 7(17), 18(8), 21(4) 63 3
10 18(8), 19(16) 24 2
11 2(12), 3(20), 4(22), 20(10), 21(4) 68 2
12 15(39), 17(46) 85 2
13 11(16), 12(18), 14(18) 52 2
14 1(25), 12(18) 43 2
15 1(24), 4(21), 5(22), 6(21), 8(11) 99 3

Note: Numbers in parentheses indicate cargo demand in container units at each
installation.
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6.3.2 Scenario Design

The experimental framework employs a comprehensive scenario design to systemati-

cally evaluate the impact of various operational factors on hybrid routing solutions.

Constraints (6.7) in the mathematical model limit the total fuel energy available for

vessel operations, and therefore the right-hand side term α ·Ebase can be regarded as

the fuel energy (or emission) quota for the PSV. In current industry practice, where

most vessels are diesel-driven, planners normally do not optimize sailing speeds but

follow the vessel’s design speed. Therefore, we establish a diesel-only reference where

the PSV must follow its design speeds. However, we also add a second diesel-only

reference that includes speed optimization, which corresponds to the current best

practice. These two diesel-only references serve as benchmarks for determining fuel

energy quotas in the hybrid routing model. In both references, the PSV operates

only on diesel fuel without battery assistance. Under the design-speed reference, the

PSV sails at its design speed throughout the voyage, which is implemented by fil-

tering the time-space network to retain only arcs operating closest to the vessel’s

design speed. In contrast, the speed-optimization reference allows the PSV to adjust

its speeds within the allowable speed range to minimize fuel consumption.

The temporal dimension of the hybrid routing problem is addressed through two dis-

tinct time budget settings, i.e., the default and custom time horizons. These time

budgets define the planning horizon and consequently the temporal set T used in

the time-space network construction (see Algorithm 4 in A.3 for how this affects arc

generation). The default time horizon is derived from the current planning practice,

which typically specifies voyage durations as an integer number of days, as shown in

Table 6.4. Accounting for operational constraints at the onshore depot, particularly

the 8-hour vessel preparation time required before departure, the actual available sail-

ing time is calculated as 16, 40, or 64 hours for 1-, 2-, and 3-day voyages, respectively.

This standardized approach reflects current industry practice, where voyage sched-

ules are planned according to fixed daily cycles. To enable more flexible evaluation
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of the hybrid routing model’s performance under varying operational conditions, we

additionally implement a custom time horizon that adopts the actual voyage duration

derived from the diesel-only reference. This adaptive time horizon, calculated as the

ceiling of the diesel-only reference’s operational duration, allows us to assess whether

a hybrid vessel with a battery can achieve fuel reduction targets within stricter time

constraints.

The wind farm availability represents a strategic consideration in the scenario design,

examining the operational and economic implications of renewable energy integra-

tion. We investigate two configurations: 1) scenarios with wind farm availability

include installation 10 as a charging option with 10,000 kW charging rate, while 2)

scenarios without the wind farm restrict charging to conventional charging stations

only. This comparison quantifies the value of investing in offshore renewable energy

infrastructure for maritime operations.

Overall, the experimental framework systematically varies three key operational fac-

tors to comprehensively evaluate the hybrid vessel routing model’s performance, in-

cluding the type of fuel energy quota, the time budget setting, and wind farm avail-

ability. These factors combine to generate eight distinct scenarios, as shown in Table

6.5. EDS
base denotes the fuel energy quota obtained from the design-speed reference,

while ESO
base represents the fuel energy quota obtained from the speed-optimization

reference. Similarly, TDS and T SO denote the custom time horizons provided by the

design-speed and speed-optimization references, respectively. As detailed in Table

6.5, scenarios 1–4 utilize the fuel energy quota EDS
base, while scenarios 5–8 employ the

fuel energy quota ESO
base. Within each fuel quota group, scenarios are further distin-

guished by the time budget, where the custom time horizon (Default versus Custom)

and wind farm availability (Yes versus No). The 15 test instances, shown in Table

6.4, are solved for each of these eight scenarios.
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Table 6.5: Description of scenario design

.
Scenario Fuel energy quota Time budget Wind farm availability

Scenario 1 EDS
base Default Yes

Scenario 2 EDS
base Default No

Scenario 3 EDS
base Custom (TDS) Yes

Scenario 4 EDS
base Custom (TDS) No

Scenario 5 ESO
base Default Yes

Scenario 6 ESO
base Default No

Scenario 7 ESO
base Custom (T SO) Yes

Scenario 8 ESO
base Custom (T SO) No

6.3.3 Parameter Settings

Having established the scenario framework, we now present the specific parameter

values used in our computational experiments. The computational study employs

realistic parameter values based on current offshore operations and emerging hybrid

propulsion technologies. Cost parameters reflect current fuel and electricity costs in

Norwegian offshore operations, while technical parameters are derived from repre-

sentative vessel specifications and charging infrastructure capabilities. The planning

horizon is discretized into 15-minute intervals, which, following the study by Ulsrud

et al. (2022), ensures that departure and arrival occur at distinct time points for the

vast majority of sailing legs at design speed. The fuel energy consumption limit is

controlled through the parameter α, which varies from 0.1 to 0.9 with a step size

of 0.1. This parameter defines the maximum allowable fuel energy consumption as

a fraction of the diesel-only reference, where r = 1 − α represents the required fuel

energy reduction rate relative to the diesel-only reference. Thus, α = 0.1 implies a

90% fuel energy reduction, whereas α = 0.9 corresponds to a 10% decrease. Given

that emissions are proportional to diesel energy via the carbon emission factor σ,

the parameter r represents both the fuel energy reduction rate and the targeted CO2

reduction rate relative to the diesel-only baseline.
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We consider a type of PSV that is representative for the operations in the North Sea,

with a cargo capacity (for deck cargo) of 100 container units and an unloading rate

of 10 units per hour, in accordance with the previous studies by Ulsrud et al. (2022)

and Ormevik et al. (2023). Other ship-related parameters are shown in Table 6.6.

Table 6.6: Parameters for the computational experiment

Parameter Value

Cost parameters

Electricity price (CE) 1.75 NOK/kWh

Fuel price (CF ) 0.62 NOK/kWh

Carbon emission price (CGHG) 1.2 NOK/kg CO2

Model-related parameters

Time granularity 15 minutes

Fuel quota factor 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9

Carbon emission factor 3.2 kg CO2/kg fuel

Ship-related parameters

Design speed 10 knots

Minimum allowable sailing speed 7 knots

Maximum allowable sailing speed 13 knots

Unloading rate 10 container units/hour

Ship capacity 100 container units

Ship battery capacity 20,000 kWh

To establish the distance-specific energy consumption functions for the case study

PSV, we fit an empirical model based on realistic power consumption data. The

fitted quadratic function achieves a high coefficient of determination (R2 = 0.98).

The energy consumption per nautical mile (kWh/nm) as a function of vessel speed v

is expressed as

P (v) = 3.36v2 − 45.30v + 279.20, (6.17)

which is subsequently used to calculate the energy consumption for each arc in the
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time-space network, accounting for different speed options between installations. Fol-

lowing Ormevik et al. (2023), we assume a constant auxiliary power requirement of

500 kW during vessel stays at installations, which contributes to the total energy

consumption at each installation visit.

6.4 Results and Analysis

This section presents a comprehensive analysis of the solutions to the HEPSVRP-SO

model across different instances, operational scenarios, and configuration parameters

to evaluate the operational and economic performance of hybrid PSV operations. All

optimization problems are solved using Gurobi 12.0.2 on a workstation with an Intel

Core processor and 40 GB RAM. Solution times vary by instance complexity and

emission reduction targets, ranging from 11 seconds on average for small instances

(three installations or fewer plus potential charging installations) at low abatement

rates (r ≤ 0.3) to 29 minutes on average for larger instances (more than three instal-

lations) at high abatement rates (r ≥ 0.6).

The analysis is organized into two main parts: Section 6.4.1 establishes baseline

performance benchmarks and analyzes overall hybrid system performance across sce-

narios; and Section 6.4.2 examines key operational factors including wind farm avail-

ability and voyage time budget, which significantly influence the cost-effectiveness of

hybrid routing solutions.

To facilitate systematic analysis across multiple scenarios, we establish the following

notation. The set Q = {Default,Custom} denotes the set of time budgets, W =

{Yes,No} denotes wind farm availability options, and E = {EDS
base, E

SO
base} denotes

the set of fuel energy quota benchmarks derived from design-speed (DS) and speed-

optimization (SO) references, respectively. For instance k at abatement rate r, we

define Ck(r; e, q, w) as the total cost of the solution to the HEPSVRP-SO model under
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scenario (e, q, w), and Gk(r; e, q, w) denotes the total emitted CO2 under scenario

(e, q, w), where e ∈ E , q ∈ Q, and w ∈ W . For instance k, CDS
k and CSO

k denote

the total cost of the design-speed and the speed-optimization references, respectively,

while GDS
k and GSO

k represent the corresponding total emitted CO2.

6.4.1 Comparative Performance Analysis Across Scenarios

This section compares the performance of hybrid PSV operations against conven-

tional diesel-only benchmarks across different scenarios. First, in Section 6.4.1.1,

we establish two diesel-only baselines that provide the fuel energy quotas for the

HEPSVRP-SO model; Section 6.4.1.2 evaluates the cost characteristics of hybrid

PSV operations relative to these baselines across all scenario configurations; and Sec-

tion 6.4.1.3 analyzes the economic efficiency of emission reduction through abatement

cost distributions. The analysis quantifies the emission reduction potential and cost

implications of hybrid propulsion systems compared to conventional operations.

6.4.1.1 Diesel-only Baseline Comparison

To establish meaningful benchmarks for evaluating hybrid PSV operations, we first

analyze the performance of conventional diesel-only operations under the two distinct

speed strategies, i.e., the fixed design-speed operation and speed-optimization oper-

ation. These strategies represent the current range of industry practices and provide

the foundation for defining fuel energy quotas in the hybrid PSV routing optimization.

Figure 6.6 summarizes the total cost under the two diesel-only references across all

instances. For instance k, we compute the percentage saving of the total cost from the

design-speed reference to the speed-optimization reference as
CDS

k −CSO
k

CDS
k

× 100%, which

is displayed by the light-gray bar. Results show that the speed-optimization reference

achieves a lower total cost than the design-speed reference across all instances, and

the saving exceeds 20% for most instances. This pattern is consistent with well-known
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“slow-steaming” effects: by optimizing speed choices along each leg, the PSV oper-

ates more frequently at fuel-efficient speeds and eliminates unnecessary high-speed

operations, thereby reducing fuel consumption and total costs. Consequently, the

speed-optimization reference requires less diesel energy than the design-speed refer-

ence (ESO
base ≤ EDS

base). Since these values define the fuel energy quotas for the hybrid

PSV, adopting the fuel energy quota ESO
base creates more stringent fuel constraints

than adopting EDS
base for the same abatement rate r.

Figure 6.6: Total cost of all instances under the design-speed and speed-optimization
references. The instances are sorted by the cost reduction achieved through speed
optimization, as indicated by the light-gray bars.

6.4.1.2 Cost Analysis Relative to Diesel-only Baselines

To evaluate the economic performance of hybrid PSV operations across different sce-

narios, we analyze relative cost normalized by each instance’s diesel reference. Under

scenario (e, q, w), for instance k at abatement rate r, the relative cost is defined as

Ck(r;e,q,w)−Cb
k

Cb
k

× 100%, where b ∈ {DS, SO}. Figure 6.7 plots the average relative cost

over the instances that are feasible at each abatement rate r, where each panel cor-

responds to one diesel reference and contains four curves formed by the time budget
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(default vs. custom) and the availability of wind farm. Across all scenarios, the av-

erage relative cost increases with abatement rate r, indicating that tighter fuel caps

require more electric energy and more charging operations, raising the total cost rel-

ative to diesel references. In addition, whether the hybrid PSV operation results in a

net cost saving or a penalty depends on the configuration of the fuel energy quota and

time budget. The analysis first considers the scenarios without wind farm availability

as a representative baseline.

When adopting the fuel energy quota EDS
base, the use of a default time budget leads to

cost savings for abatement rates r ≤ 0.7, as the HEPSVRP-SO model enables the PSV

to leverage the speed optimization strategy. These savings peak at approximately

20% for the low abatement targets (r ≤ 0.3) and then gradually diminish as the

reduction target becomes more stringent. Conversely, operating under the tighter

custom time budget imposes a cost penalty, which starts at approximately 5% for

the low abatement targets (r ≤ 0.3) and escalates to over 30% for higher abatement

targets. This occurs because the extra time under default time budgets enables

slow-steaming and avoids costly charging detours, while tighter custom time budgets

leave less room to slow down and trigger more expensive electric propulsion. When

adopting fuel energy quota ESO
base, average relative costs remain positive for both time

budgets across the entire abatement range, because the speed-optimization reference

already captures savings from optimized speeds, requiring any further abatement to

come from electricity and charging. The magnitude of this cost penalty grows with

the abatement rate: it remains within a range of 3–10% for r ≤ 0.3; increases steadily

to 15–25% for moderate abatement rates (0.3 < r ≤ 0.6); and escalates to 35–45%

for the most aggressive targets (r > 0.6).

The availability of the offshore wind farm offers a clear cost-saving advantage over the

baseline scenarios described above, particularly for higher abatement rates (r ≥ 0.5).

Within the same time budget, curves with wind farm access lie below their no-wind-

farm counterparts. The cost-saving effect induced by wind farm availability grows
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with the abatement rate: it remains approximately 5% for r ≤ 0.7, and becomes

around 10% for higher abatement rates. This trend reflects the increasing value of

avoiding long charging detours as the vessel’s fuel quota becomes more restrictive. A

notable exception arises under EDS
base with custom time budget TDS: for r ≥ 0.4, the

average relative cost with wind farm access exceeds that without wind farm. This

does not mean that routes become more expensive when wind farms are available, but

rather that wind farm availability makes some previously infeasible routes feasible at

those high abatement targets and these newly feasible cases are costly, raising the

average relative cost.

(a) (b)

Figure 6.7: Average relative cost vs abatement rate under the scenario of adopting
the fuel energy quota (a)EDS

base and (b)ESO
base.

6.4.1.3 Emission Abatement Cost Analysis

A critical metric for evaluating emission reduction strategies is the abatement cost,

which measures the economic efficiency of achieving CO2 reduction targets. This anal-

ysis examines the cost per unit of emission reduction across different scenario config-

urations, providing insights into the economic viability of various hybrid propulsion

strategies and helping identify the most cost-effective approaches to meet environ-
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mental objectives. Figure 6.8 presents abatement cost distributions for each scenario

configuration. For instance k at abatement rate r, the abatement cost under sce-

nario (e, q, w) is calculated as
Ck(r;e,q,w)−Cb

k

Gk(r;e,q,w)−Gb
k
, where b refers to the relevant diesel-only

baseline (either DS or SO). Note that the total costs include carbon emission costs,

making this a policy-inclusive abatement cost that reflects the net economic impact

under the assumed carbon pricing of 1.2 NOK/kg CO2.

When using fuel energy quota EDS
base with the default time budgets, median abatement

costs remain below zero up to r ≤ 0.8 across wind farm configurations. This means

that for operators currently using fixed design-speed operations, hybrid vessel opera-

tions with speed optimization can achieve substantial emission reduction targets (up

to 80%) while actually reducing net operational costs due to the combined effects

of fuel efficiency improvements and carbon cost savings. Under custom time budget

settings, median abatement costs become positive from r ≥ 0.2, reflecting that tighter

time budgets limit slow steaming opportunities and increase reliance on purchased

electricity and charging, thereby requiring additional expenditure.

When adopting fuel energy quota ESO
base, median abatement costs are positive under

all configurations, since speed optimization-related savings are already embedded in

the diesel reference. This means that operators who have already implemented speed

optimization strategies would need to invest additional capital to achieve emission

reduction targets through hybrid propulsion systems and charging infrastructure. At

low to moderate emission reduction rates (r ≤ 0.6), median abatement costs remain

stable at approximately 0.77 NOK/kg CO2 across all scenario configurations. How-

ever, at higher reduction rates (r ≥ 0.7), scenario-specific differences emerge, with

wind farm availability providing marginal cost advantages. The median abatement

cost ranges from 0.80 NOK/kg CO2 (wind farm scenarios) to 0.91 NOK/kg CO2 (no

wind farm scenarios) at the highest feasible abatement rates, providing a benchmark

for evaluating the economic viability of hybrid propulsion systems under current car-

bon pricing policies.
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It should be noted that the abatement costs discussed here only include the energy

costs and do not include the additional investment cost needed for the battery and

charging infrastructure.

(a) (b)

Figure 6.8: Abatement cost vs abatement rate under the scenario of adopting the fuel
energy quota (a) EDS

base and (b) ESO
base.

6.4.2 Operational Factors Analysis

In this section, we examine how critical operational factors affect hybrid routing

performance, focusing on wind farm availability and time budget configuration that

significantly influence both the feasibility and cost-effectiveness of emission reduction

targets. Section 6.4.2.1 quantifies the impacts of wind farm availability across different

routes and operational conditions. Section 6.4.2.2 examines the cost implications of

adopting different time budget configurations for emission reduction targets.

6.4.2.1 Impact of Wind Farm Availability

To explore the impacts of the wind farm on each instance, we calculate the percentage

change in total cost between solutions with and without wind farm at abatement rate
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r: Ck(r;b,q,w=No)−Ck(r;b,q,w=Yes)
C(r;b,q,w=No)

× 100%. The wind farm has similar impacts on the

instances with different fuel energy quotas and time budgets, but to different degrees.

In this section, we only display the results derived from the ESO
base under default time

budgets to ensure that we only analyze the effect of the use of hybrid propulsion.

As shown in Figure 6.9(a), cost reductions from wind farm availability vary signif-

icantly across instances. Some instances, such as instance 13, are geographically

decoupled from the wind farm and show virtually no benefit at any abatement rate.

Other instances include installations close to the wind farm and display increasing

savings with higher abatement rates, consistent with the increasing value of interme-

diate charging as the diesel fuel constraints become more binding.

(a) (b)

Figure 6.9: Effect of wind farm under the default time budget with the fuel cap pa-
rameterized by the speed-optimization reference ESO

base: (a) Relative cost difference
when the wind farm is available and not available. Each curve is labeled with its
instance number at the right end. Instances 1, 2, 5, 6, and 10 exhibit minimal cost
savings (near 0%) across all emission reduction levels and their labels are horizontally
offset at the bottom for clarity. Red diamond markers indicate scenarios where intro-
ducing the wind farm made previously infeasible cases feasible. (b) Sailing distance
difference when the wind farm is available and not available. Instances are ordered by
ascending sensitivity to wind farm availability. Salmon-colored cells indicate scenarios
where only the wind farm configuration is feasible, while gray cells indicate scenarios
where both configurations are infeasible. The background colors of the y-axis labels
correspond to the instance color coding used in panel (a).
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Figure 6.9(b) reports the difference in sailing distance under the same settings. The

instances are ordered by their sensitivity to wind farm availability, measured as the

average sailing distance difference between scenarios with and without wind farm

access across all feasible emission reduction levels. Instances with minimal impact

appear at the top, while those achieving substantial distance savings through wind

farm charging appear at the bottom. Distance reductions concentrate in higher abate-

ment rates (r ≥ 0.5) and align with the instances that realize the largest cost savings

in Figure 6.9(a). This evidence supports the mechanism: wind farm availability works

primarily through detour avoidance. The same proximity effect expands the feasibil-

ity ratio by removing distance-induced detours that would otherwise violate time or

energy limits; this feasibility gain is particularly pronounced under the custom time

budget, where time slack is limited.

(a) (b)

Figure 6.10: Planned route of instance 4 at abatement rate r = 0.9 under (a) scenario
5 (EDS

base, Default, With wind farm) and (b) scenario 6 (EDS
base, Default, Without wind

farm).

To illustrate this detour avoidance mechanism, we examine instance 4 at abatement

rate r = 0.9 comparing scenarios with and without wind farm access. As shown

in Figure 6.10(a), the service route includes mandatory installations 4, 6, and 5,5

5The routing sequence 6→4→5, rather than the geographically shorter path 6→5→4, results from
time-space network discretization constraints. The arc from installation 5 to 4 requires a combined
sailing time (approximately 0.15–0.29 hours at feasible speeds) and service duration (2.2 hours),
totaling 2.35–2.49 hours. This duration does not align with any multiple of the 15-minute time
interval, making the direct connection from installation 5 to 4 infeasible in the time-space network.
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with additional visits to installations 8 and 20 solely for battery recharging, creat-

ing substantial detours. With access to the wind farm, however, the PSV uses the

strategically positioned installation 10, reducing voyage time from 40.0 to 28.8 hours.

Figure 6.11 shows the corresponding battery management: multiple charging sessions

(4.5 hours total) without wind farm versus a single charging session (1 hour) with

wind farm access.

(a) (b)

Figure 6.11: Battery level of instance 4 at abatement rate r = 0.9 under (a) scenario
5 and (b) scenario 6.

Figure 6.12 demonstrates that both scenarios coordinate sailing speeds with energy

sources: higher speeds (around 10 knots) for electric-dominant segments and lower

speeds (around 7 knots) for fuel-intensive segments. The lower speeds correspond

to the vessel’s minimum allowable speed of 7 knots, which represents the most fuel-

efficient operating point; sailing slower than this threshold would result in inefficient

propulsion system operation. This explains why the hybrid PSV does not further

exploit the available time budget to reduce speeds below 7 knots. Table 6.7 shows that

while both scenarios achieve identical emission reductions, the routing inefficiencies

without wind farm result in 29.2% higher electricity costs, accounting for the 27.7%

total cost increase.

The magnitude of these savings depends on spatial proximity between the wind farm

and service installations. Instances with installations located far from the wind farm

show limited benefits, while those with nearby installations demonstrate substantial
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cost reductions, particularly at high abatement rates when charging needs intensify.

(a) (b)

Figure 6.12: Sailing speed and fuel-electric energy distribution for instance 4 (a)
with wind farm access and (b) without wind farm access at r = 0.9. The upper
x-axis shows visited installations, while the lower x-axis shows service completion
times. Bars represent energy consumption for sailing segments between consecutive
installations, with orange bars indicating fuel energy consumption and green bars
indicating electric energy consumption.

Table 6.7: Cost breakdown for instance 4 under scenario 5 (with wind farm) and
scenario 6 (without wind farm) at abatement rate r = 0.9

Cost breakdown (NOK) Scenario 6 Scenario 5 Cost reduction

Fuel cost 1,365 1,365 0.0%

Electricity cost 51,949 36,785 29.2%

Carbon emission cost 1,512 1,512 0.0%

Total cost 54,826 39,662 27.7%

6.4.2.2 Impact of Time Budget Setting

Following the analysis of wind farm availability, this section examines the impact

of a critical temporal factor: the voyage time budget. Industry practice often in-

volves generous fixed schedules, similar to the default time budget used in this chap-

ter, which provides significant operational slack. The extent of this slack is evident

when comparing these default horizons to the tighter custom time budgets (TDS and

T SO), which reflect the actual time required for diesel-only voyages, as illustrated
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in Figure 6.13. This analysis explores the economic implications when the hybrid

PSV operates under these constrained voyage durations. To isolate the effect of

time constraints, the following comparison utilizes the percentage cost increase be-

tween custom and default time budgets in scenarios without wind farm availability:

Ck(r;e,Custom,w=No)−Ck(r;e,Default,w=No)
Ck(r;e,Default,w=No)

×100%, where Ck(r; e, q, w) denotes the total cost

for instance k at abatement rate r under scenario (e, q, w).

(a) (b)

Figure 6.13: Voyage durations under custom (hatched) and default time budgets when
adopting the fuel energy quota (a) EDS

base and (b) ESO
base.

When the fuel energy quota is derived from a design-speed reference (EDS
base), op-

erating hybrid PSVs under stricter custom time budgets (TDS) leads to a signifi-

cant cost increase compared to the default time budget across nearly all abatement

rates. As shown in Figure 6.14(a), this cost penalty ranges from 25–40% for most

instances at abatement rates r ≤ 0.5 and can exceed 40 % at higher rates (r ≥ 0.6).

This cost penalty arises because the restrictive schedule eliminates the potential for

slow-steaming. Consequently, emission reductions must be met through an increased

reliance on electricity, which in turn necessitates charging. The magnitude of this

penalty is directly linked to the route’s dispersion and its proximity to charging facil-

ities. For example, the mandatory stops (11, 12, 14) of instance 13 are geographically

isolated from charging facilities, leading to a high initial cost penalty that rises sharply

to over 45% at r = 0.6. In contrast, instance 10 (18, 19) exhibits a relatively low
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and stable cost penalty that remains under 20%. Its specific geographical configura-

tion appears more resilient to the time pressure compared to more isolated routes.

Beyond higher costs, however, a more severe consequence is operational infeasibility.

Instances such as 4, 8, and 9 become infeasible beyond an abatement rate of r = 0.3

or r = 0.4. This premature infeasibility occurs because the custom time budgets

for these instances are exceptionally short (as shown in Figure 6.13(a)), leaving in-

sufficient time to complete the voyage while also performing the necessary charging

to meet even moderate fuel reduction targets. Indeed, this issue becomes pervasive

in the high-abatement zone, with the majority of instances failing to find a feasible

solution beyond r = 0.7.

When the fuel energy quota is based on the speed-optimization reference (ESO
base), the

economic impact of a constrained time budget is markedly different. At abatement

rates r ≤ 0.5, operating a hybrid PSV in accordance with the custom time budget

(T SO) imposes no additional cost penalty compared to operating under a flexible

default budget for most instances, as shown in Figure 6.14(b). This indicates that

the hybrid PSV’s initial battery charge is often sufficient to meet the targets for

routes with moderate energy demand, resulting in no cost penalty for adhering to

the efficient custom time budget (T SO). Even for abatement rates approaching 0.7,

the cost penalty for most instances stays below 5%, indicating that the combination

of intrinsic energy demand and opportunistic charging is sufficient to meet even high

abatement targets without requiring costly charging detours. However, for a few

specific instances, namely instances 9 and 15, the cost penalty escalates sharply for

r ≥ 0.7, when external charging becomes a necessity. The magnitude of this penalty is

dictated by the route’s total energy demand and charging accessibility. For example,

instance 15 involves a long voyage required to service installations 1, 4, 5, 6, and

8. Although the instance includes an opportunistic charging stop at installation

8, this single charge proves insufficient to satisfy the high energy requirements for

stringent abatement targets (r ≥ 0.7) under a tight schedule. The need for additional
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charging would require significant detours, explaining the sharp increase in its cost

penalty before the problem becomes infeasible. In contrast, instance 5, a shorter and

more compact route that also includes a charging-equipped installation 20, can fully

accommodate its energy needs via this single opportunistic charge. This results in a

much flatter cost increase curve, showcasing the immense value of route-integrated

charging access.

(a) (b)

Figure 6.14: Percentage cost increase of using a custom time budget versus a default
time budget for (a) the design-speed reference (EDS

base) and (b) the speed-optimization
reference (ESO

base). Solid lines with hollow circles indicate feasible solutions under both
time budgets. Dashed lines represent instances where only the default time budget
yields feasible solutions, and the absence of lines indicates that both time budget
configurations are infeasible at those abatement rates.

These findings reveal that after operating a hybrid PSV, the choice of time budgets

presents operators with distinct economic trade-offs. For operations benchmarked

against a design-speed baseline, constraining the hybrid electric PSV’s voyage dura-

tion to match its faster, diesel-only counterpart results in a significant cost penalty

or, in many cases, makes the operation infeasible even at moderate abatement levels.

Conversely, utilizing the operational flexibility within current scheduling practices

to allow for longer, more efficient voyages leads to the more economically favorable

outcomes. For operators already employing speed optimization, adhering to a time-

constrained schedule for low to moderate emission reduction targets incurs no ad-
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ditional cost compared to operating under a more flexible schedule. However, for

ambitious targets, a clear trade-off emerges: maintaining the same strict schedule for

the hybrid PSV necessitates higher operational costs for electricity and charging.

6.5 Conclusion

This chapter develops an optimization framework for hybrid electric PSV opera-

tions under emission constraints, addressing the integrated decisions of route plan-

ning, speed selection, charging strategies, and energy management. The proposed

HEPSVRP-SO model presents the unified approach to coordinate these tightly cou-

pled decisions in offshore oil and gas logistics. Through computational experiments

based on realistic North Sea operations, we demonstrate that hybrid PSV opera-

tions can achieve substantial emission reductions with economically viable abatement

costs when compared against both design-speed and speed-optimization baselines.

The analysis quantifies the critical role of operational factors in determining the

cost-effectiveness of hybrid operations. Offshore wind farms are essential for achiev-

ing ambitious emission targets because they eliminate the need for costly detours

to remote charging stations. The flexibility of voyage time budgets creates favorable

trade-offs between operational efficiency and emission reduction costs. These findings

demonstrate that the transition to hybrid propulsion systems requires not only tech-

nological investments but also strategic infrastructure development and operational

policy adjustments to realize cost-effective decarbonization pathways in offshore sup-

ply operations.
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Conclusion

The global maritime industry faces mounting pressure to reduce GHG emissions

while maintaining economic competitiveness under increasingly stringent environ-

mental regulations. This thesis identifies three fundamental challenges in ship op-

erational optimization: the uncertainty inherent in meteorological forecasts that in-

form voyage planning, the evolution of environmental conditions throughout voyages,

and the operational complexity introduced by emerging hybrid propulsion technolo-

gies. This thesis develops methodologies that progressively advance from evaluating

weather forecast uncertainty to enabling adaptive replanning and ultimately coor-

dinating multi-dimensional decisions for hybrid propulsion systems. This chapter

synthesizes the key accomplishments of this thesis and discusses directions for future

investigation.

7.1 Summary of Accomplishments

(1) Innovative evaluation framework quantifying the operational value of

ensemble weather forecast

This thesis develops a dual-model evaluation framework that quantifies the oper-
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ational value of ensemble meteorological forecasts in ship speed optimization. The

framework addresses the fundamental challenge that controlled experimental compar-

ison between weather forecast types is impossible in real-world maritime operations,

where vessels cannot simultaneously execute identical voyages under different fore-

casting regimes. The framework constructs two distinct fuel consumption prediction

models to simulate the planning-execution gap inherent in maritime operations. An

evaluator model is trained on ERA5 reanalysis data, serving as ground truth for

simulating actual voyage conditions. A decision-making planner model is trained

on simulated weather forecast data, mirroring the information available to operators

during voyage planning.

Computational experiments on two nine-day voyages demonstrate that ensemble

forecast-based optimization achieves approximately 1% additional fuel savings com-

pared to deterministic forecast-based optimization when aggregated across both bal-

last and laden conditions. This framework provides shipping companies with quanti-

tative evidence for evaluating the cost-effectiveness of different meteorological service

products. It establishes a rigorous methodology for assessing forecast information

value under operational uncertainty.

(2) Rolling horizon framework for ship speed optimization under evolving

meteorological conditions

This thesis extends ship speed optimization from static pre-voyage planning to adap-

tive frameworks that exploit continuously updated meteorological forecasts through-

out voyages. The rolling horizon optimization approach decomposes the multi-stage

dynamic problem into a sequence of tractable deterministic subproblems solved at

each forecast update point. This implements a ”global planning, local execution”

mechanism that adapts to evolving environmental conditions. To enable efficient so-

lution of these subproblems, a specialized time-distance network formulation is devel-

oped. This formulation represents the speed optimization problem as a shortest path

problem on a layered graph structure. Computational efficiency is ensured through
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systematic graph pruning techniques.

Computational experiments on two laden voyages demonstrate substantial fuel sav-

ings from the rolling horizon optimization framework. This framework achieves

10.86% fuel savings relative to fixed speed operations and 7.53% savings relative

to static optimization using only initial forecasts. The method approaches within

2.85% to 4.10% of the theoretical optimum achievable with perfect foresight. These

results quantify the substantial value of incorporating weather forecast evolution in

ship speed optimization operations. They demonstrate that adaptive re-optimization

frameworks can unlock significant efficiency gains beyond static planning approaches.

(3) Integrated optimization model for hybrid PSV operations under emis-

sion constraints

To address the operational complexity introduced by hybrid propulsion systems, this

thesis develops an integrated optimization framework for PSVs operating under in-

creasingly stringent emission reduction regulations. The framework coordinates rout-

ing, speed selection, charging strategies, and energy management decisions. The

Hybrid Electric Platform Supply Vessel Routing Problem with Speed Optimization

(HEPSVRP-SO) is formulated as an MIP model based on a time-space network. The

model explicitly incorporates battery capacity constraints, voyage time budgets, and

fuel energy quota restrictions that enforce predetermined emission reduction stan-

dards.

Computational experiments are performed based on realistic instances derived from

offshore operations in the North Sea. Our analysis benchmarks hybrid PSV perfor-

mance against two diesel-only references representing current industry practices. For

operators already employing speed optimization, hybrid propulsion enables moderate

emission reduction targets (up to 60%) with stable abatement costs of approximately

0.77 NOK/kg CO2, rising to 0.80–0.91 NOK/kg CO2 at the highest feasible abatement

rates. Notably, our calculated abatement costs already incorporate carbon emission
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costs as part of total operational expenses. This reflects that operators who have

already captured fuel efficiency gains through speed optimization must invest in elec-

trification to achieve further emission reductions. For operators currently using fixed

design speeds, the transition to hybrid operations presents a more compelling value

proposition: the combined adoption of hybrid propulsion and speed optimization can

achieve emission reductions up to 80% while simultaneously reducing total opera-

tional costs, provided that voyage schedules retain sufficient flexibility. However, it

is important to recognize that these cost savings stem from various factors, such as

speed optimization, electric propulsion, and operational flexibility, rather than hy-

brid technology alone. Under time-constrained schedules matching diesel baseline

durations, the economic benefits diminish substantially or reverse into cost penalties.

The analysis further examines how key operational factors influence the performance

of hybrid PSV operations. Offshore wind farm availability proves essential for achiev-

ing aggressive emission reduction targets (r ≥ 0.6) as charging detours can be avoided.

Time budget configuration significantly impacts the economics of hybrid PSV opera-

tions. When adopting tight schedules that match diesel-only voyage durations (versus

flexible industry-standard schedules), operators face distinct trade-offs depending on

their baseline: under design-speed fuel quotas, tight schedules incur 25–40% cost

penalties at moderate abatement rates; under speed-optimization fuel quotas, tight

schedules impose no additional costs for emission reduction targets r ≤ 0.4 but require

accepting higher costs for ambitious targets.

7.2 Recommended Topics for Further Research

While this thesis makes contributions to ship operational optimization, several lim-

itations suggest promising directions for future research. This section identifies key

constraints of the current methodologies and proposes extensions that could further

advance the field toward more comprehensive optimization frameworks for maritime
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operations.

(1) Ship speed optimization under fuel consumption prediction uncertainty

The speed optimization frameworks developed in Chapters 4 and 5 follow a predict-

then-optimize paradigm, where fuel consumption prediction models serve as the foun-

dation for speed decisions. While the prediction models employed demonstrate satis-

factory accuracy, prediction uncertainty can arise from multiple sources in practical

applications. Limited training data availability, model complexity constraints, and

inherent variability in operational conditions may all degrade prediction accuracy.

More fundamentally, prediction models trained on historical data reflecting specific

vessel configurations may become inadequate when vessels undergo technical upgrades

such as hull modifications, propulsion system improvements, or the installation of

energy-saving devices, as these modifications alter operational characteristics and in-

troduce systematic prediction biases. Despite these potential sources of uncertainty,

the current optimization frameworks do not explicitly account for fuel consumption

prediction errors. Therefore, two critical aspects remain unexplored: the robust-

ness of speed optimization outcomes to varying levels of prediction accuracy and the

strategies for maintaining framework effectiveness when prediction quality degrades.

Future research should address prediction uncertainty through three complementary

strategies. First, systematic sensitivity analysis should quantify optimization robust-

ness by training prediction models with varying complexity levels or data quantities,

producing a range of prediction accuracies, then evaluating how fuel savings and op-

erational decisions degrade as prediction quality decreases. This would establish min-

imum accuracy thresholds required for reliable deployment. Second, building on these

insights, robust optimization formulations could hedge against prediction uncertainty

by defining uncertainty sets capturing plausible errors and optimizing solutions that

remain feasible and near-optimal across all scenarios, or through chance-constrained

programming ensuring constraint satisfaction with high probability. Third, to main-

tain prediction accuracy when vessel configurations evolve, adaptive modeling tech-
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niques such as transfer learning could efficiently update models using limited new

operational data, online learning frameworks could continuously incorporate incom-

ing observations, or physics-informed machine learning could embed hydrodynamic

principles to preserve validity across technical modifications. These integrated devel-

opments would ensure that data-driven optimization frameworks remain both oper-

ationally reliable in the presence of prediction errors and sustainable over long-term

deployment as vessel technologies evolve.

(2) Integration of ensemble weather forecasts into rolling horizon opti-

mization frameworks

This thesis separately addresses two challenges: evaluating ensemble weather fore-

casts and optimizing ship’s sailing speeds under changing meteorological conditions.

Chapter 4 develops an evaluation framework for comparing different forecast types

in ship speed optimization, while Chapter 5 develops a rolling horizon framework

for ship speed optimization. These two approaches remain decoupled to isolate their

respective contributions. Chapter 5 employs deterministic optimization at each de-

cision point to quantify the value of adaptive speed planning without confounding

effects from simultaneously changing both the optimization paradigm and the fore-

cast input type. While this choice enables rigorous attribution of performance gains

to the rolling horizon mechanism itself, it leaves unexploited the full probabilistic

distribution information available in ensemble weather forecasts. Future research

should develop stochastic rolling horizon optimization frameworks that explicitly in-

corporate ensemble weather forecasts at each decision point. Such frameworks could

employ stochastic programming or robust optimization techniques to hedge against

meteorological uncertainty dynamically throughout voyages. This integration would

enable vessels to balance expected performance against worst-case scenarios at each

re-optimization point, potentially achieving more robust operational performance un-

der high forecast uncertainty conditions.

(3) Extension of adaptive optimization frameworks to hybrid electric vessel
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operations

The hybrid electric vessel optimization model developed in Chapter 6 assumes de-

terministic environmental conditions and static voyage planning determined before

departure. This limitation constrains the model’s ability to respond to evolving con-

ditions encountered during actual offshore operations. Future research should extend

the rolling horizon optimization methodology to hybrid propulsion systems, creating

adaptive optimization frameworks that update routing, speed, charging, and energy

management decisions based on evolving weather forecasts and operational condi-

tions. Such extensions must address substantial computational challenges, as the

already complex mixed-integer programming formulation would need to be solved

repeatedly throughout voyages. Developing efficient decomposition algorithms or

heuristic algorithms could make real-time optimization computationally tractable.

(4) Joint optimization of investment and operational decisions

The optimization models developed in this thesis focus exclusively on operational level

decisions, treating vessel specifications and infrastructure configurations as fixed pa-

rameters rather than decision variables. Battery capacity, charging station locations,

and charging power capabilities are predetermined inputs rather than optimization

outputs. Future research should develop integrated models that jointly optimize

strategic investment decisions and tactical operational plans. Such models could de-

termine optimal battery capacity configurations by trading off capital costs against

operational savings across representative operational scenarios. Similarly, decisions

regarding the deployment of charging infrastructure might be improved by assess-

ing long-term operational benefits against installation and maintenance costs. These

bilevel optimization frameworks would provide comprehensive decision support span-

ning both strategic investment planning and operational voyage execution, enabling

shipping companies to make more informed technology adoption and infrastructure

investment decisions.
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(5) Adaptation of hybrid electric vessel optimization to ocean shipping

contexts

The hybrid electric vessel optimization framework developed in Chapter 6 focuses

on North Sea offshore supply operations, which represent a specific context with

relatively short voyage distances, frequent stops, and accessible renewable energy in-

frastructure. Ocean shipping operations present different characteristics that limit

the direct transferability of quantitative findings in this thesis. Ocean-going vessels

operate on significantly longer routes with infrequent port calls, creating vastly dif-

ferent charging opportunity structures and battery capacity requirements. Despite

these differences, the methodological contributions remain applicable, as the opti-

mization framework addresses fundamental trade-offs inherent to hybrid propulsion

systems, regardless of the operational domain. Future research should systematically

adapt this framework to ocean shipping contexts. A particularly critical question is

determining how many offshore charging stations are needed and where they should

be strategically located along major trade routes to satisfy decarbonization demands

while maintaining economic viability. Such research would require integrating in-

frastructure investment decisions with operational optimization across representative

shipping networks, considering factors such as traffic density, voyage patterns, battery

technology constraints, and carbon reduction targets. This bilevel optimization ap-

proach could provide actionable guidance for policymakers and industry stakeholders

on the infrastructure requirements for enabling cost-effective maritime decarboniza-

tion at scale.

7.3 Closing

This thesis develops a suite of data-driven operational optimization frameworks that

provide cost-effective pathways toward sustainable shipping. The research system-

atically addresses three challenges: (1) it quantifies the value of ensemble weather
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forecasts in ship speed optimization through a dual-model evaluation framework; (2)

it enables adaptation to environmental dynamism via a rolling horizon optimization

approach that leverages continuously updated weather forecasts; and (3) it manages

hybrid propulsion system complexity with an integrated model that co-optimizes rout-

ing, speed, charging, and energy management. As the maritime industry continues

its transition toward decarbonization, the integration of advanced forecasting capa-

bilities, adaptive decision-making frameworks, and emerging propulsion technologies

will be essential for achieving both regulatory compliance and competitive advantage

in global maritime transportation.
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A.1 Algorithms for Rolling Horizon Speed Opti-

mization

This appendix presents the detailed algorithmic for the rolling horizon optimization

framework and the time-distance network construction described in Chapter 5.

A.1.1 Rolling Horizon Optimization Framework

Algorithm 2 describes the complete rolling horizon optimization process. The algo-

rithm iteratively updates the speed profile as new meteorological forecasts become

available, executing only the first segment speed at each iteration.

A.1.2 Time-Distance Network Construction

Algorithm 3 details the construction of the time-distance network at each optimization

iteration. The algorithm builds the node set, establishes feasible arcs, computes arc

weights using the ANN model, and prunes infeasible nodes.
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Algorithm 2 Rolling Horizon Optimization Framework

1: Input: Total voyage distance L; Maximum sailing time Tmax; Departure time T start
1 ;

Speed limits vmin, vmax; Distance discretization ∆d; Forecast update cycle Tupdate = ∆T
2: Output: Executed speed profile Vexec = {v11, v12, v13, ..., v1|H|}
3: Initialize: h← 1, Lrem

1 ← L, T rem
1 ← Tmax, Vexec ← ∅

4: while Lrem
h > 0 do

5: // Step 1: Forecast Acquisition
6: Obtain forecast: Wh ← GetForecast(T start

h )
7: Determine T nearest

h as most recent forecast issue time before T start
h

8: Compute time offset: ∆th ← T start
h − T nearest

h

9: // Step 2: Determine segment structure

10: Calculate number of segments: |Sh| ←
⌊
T rem
h −(∆T−∆t)

∆T

⌋
+ 1

11: Compute segment durations {∆τhs }
|Sh|
s=1 using Equation (5.1)

12: // Step 3: Optimization
13: Construct TDN (Algorithm 3): Gh ← ConstructTDN(Lrem

h , T rem
h , {∆τhs },Wh)

14: Solve shortest path: πh ← Dijkstra(Gh)
15: Extract speeds: {vsh}

|Sh|
s=1 ← ExtractSpeeds(πh, {∆τhs })

16: // Step 4: Execution and Rolling Forward
17: Vexec ← Vexec ∪ {v1h}
18: Update: Lrem

h+1 ← Lrem
h − v1h ×∆τh1 , T

rem
h+1 ← T rem

h −∆τh1
19: T start

h+1 ← T start
h +∆τh1 , h← h+ 1

20: end while
21: return Vexec
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Algorithm 3 Time-Distance Network Construction

1: Input: Remaining distance Lrem
h ; Remaining time T rem

h ; Segment durations {∆τ sh}
|Sh|
s=1;

Forecast Wh; Speed limits vmin, vmax; Discretization ∆d; ANN model FANN(·;θANN);
Vessel state u

2: Output: Network Gh = (Vh,Ah)
3: // Phase 1: Node Construction
4: Initialize: Vh ← ∅, t̃0 ← T start

h
5: for s = 1 to |Sh| do
6: t̃s ← t̃s−1 +∆τ sh
7: end for
8: Vh ← Vh ∪ {(t0, Lrem

h )}
9: for s = 1 to |Sh| − 1 do
10: lbs ← max(0, Lrem

h −
∑s

i=1 vmax ·∆τ ih)
11: ubs ← max(0, Lrem

h −
∑s

i=1 vmin ·∆τ ih)
12: if ubs − lbs > 0 then
13: Lsh ← {lbs, lbs +∆d, ...,ubs}
14: for each ℓ ∈ Lsh do
15: Vh ← Vh ∪ {(t̃s, ℓ)}
16: end for
17: else
18: Vh ← Vh ∪ {(t̃s, 0)}
19: end if
20: end for
21: Vh ← Vh ∪ {(t̃|Sh|, 0)}
22: // Phase 2: Arc Construction
23: Initialize: Ah ← ∅
24: for s = 1 to |Sh| do
25: for each (t̃s−1, ℓ) ∈ Vh at time t̃s−1 do
26: for each (t̃s, ℓ

′) ∈ Vh at time t̃s do
27: v ← (ℓ− ℓ′)/∆τs
28: if ℓ′ < ℓ and vmin ≤ v ≤ vmax then
29: Compute coordinates for ℓ using Equations (5.10)
30: Extract: w←Wh(s)
31: if ℓ′ = 0 and ℓ < vmin ×∆τs then
32: F ← minv∈{vmin,vmin+0.1,...,vmax}FANN(v,w,u)×∆τ sh
33: else
34: F ← FANN(v,w,u)×∆τ sh
35: end if
36: Ah ← Ah ∪ {((t̃s−1, ℓ), (t̃s, ℓ

′), F )}
37: end if
38: end for
39: end for
40: end for
41: // Phase 3: Pruning
42: for s = |Sh| − 1 down to 1 do
43: for each (t̃s, ℓ) ∈ Vh with no outgoing arcs do
44: Remove (t̃s, ℓ) from Vh and its incoming arcs from Ah
45: end for
46: end for
47: return Gh
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A.2 Detailed Voyage Information

Table A.1 and A.2 provide comprehensive day-by-day operational and meteorological

data for the two validation voyages examined in Chapter 5. All meteorological data

are derived from ERA5 reanalysis data and represent actual conditions experienced

during the voyages. Directional measurements (wind direction, wave directions) are

expressed relative to the vessel’s true heading.

A.3 Time-space Network Generation Algorithm

Algorithm 4 presents the procedure for constructing the time-space network employed

in the HEPSVRP-SO formulation of Chapter 6. The algorithm generates two types

of arcs: transit arcs representing vessel movements between installations with speed-

dependent energy consumption, and charging arcs modeling battery replenishment

at charging-equipped installations. The discrete time representation with granularity

∆t transforms the complex hybrid vessel routing problem into a tractable shortest

path problem on a time-expanded graph.
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Table A.1: Detailed operational and meteorological information for Voyage I

Date FCR (mt/h) Speed (kn) Draft (m) Sailing condition WD (deg) WS (m/s) MWD (deg) MPWW (s) SHCWWS (m) FSR (m) 2mT (◦C)

2020/7/14 1.3478 10.13 17.5 Laden 164.2271 8.9022 7.1505 5.6554 1.5409 2.99× 10−4 20.3210
2020/7/15 1.3542 9.54 17.5 Laden 156.5666 7.6821 158.3993 6.3514 1.6400 3.08× 10−4 21.3732
2020/7/16 1.3542 9.33 17.5 Laden 138.2798 3.9703 43.9713 7.9327 1.6830 1.26× 10−3 20.8831
2020/7/17 1.3542 10.54 17.5 Laden 35.2410 3.0905 67.9185 6.6059 0.9274 1.74× 10−1 22.8000
2020/7/18 1.3478 10.96 17.5 Laden 169.7410 4.5898 3.7152 4.3399 0.7082 5.94× 10−2 23.4940
2020/7/19 1.3542 10.58 17.5 Laden 175.2500 5.6923 14.5434 3.9854 0.6232 5.99× 10−5 23.5432
2020/7/20 1.3542 10.71 17.5 Laden 178.1069 5.9768 21.2735 3.4014 0.5661 2.39× 10−2 24.8661
2020/7/21 1.3542 10.83 17.5 Laden 3.3383 1.1273 63.0173 3.0068 0.2739 4.32× 10−2 24.6442
2020/7/22 1.3478 10.87 17.5 Laden 59.4343 5.3178 169.4696 3.5963 0.6087 5.65× 10−5 25.9084
2020/7/23 1.3542 10.71 17.5 Laden 65.8526 6.0317 146.0129 4.0811 0.7314 5.25× 10−3 25.6781
2020/7/24 1.3542 10.67 17.5 Laden 52.1370 7.4369 131.3939 4.4977 1.0341 4.86× 10−2 24.7836
2020/7/25 1.3478 10.74 17.5 Laden 6.0543 5.9413 169.8358 4.4851 0.8542 6.11× 10−5 27.1862

Total sailing time: 261.0 h Distance: 2701.56 nm

Note: FCR = Fuel Consumption Rate; WD = Wind Direction (relative); WS = Wind Speed; MWD = Mean Wave Direction; MPWW = Mean Period of Wind Waves; SHCWWS =
Significant Height of Combined Wind Waves and Swell; FSR = Forecast Surface Roughness; 2mT = 2-meter Temperature.
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Table A.2: Detailed operational and meteorological information for Voyage II

Date FCR (mt/h) Speed (kn) Draft (m) Sailing condition WD (deg) WS (m/s) MWD (deg) MPWW (s) SHCWWS (m) FSR (m) 2mT (◦C)

2019/2/14 1.3542 10.92 17 Laden 71.6087 7.5666 125.4316 7.1884 1.9317 2.13× 10−2 28.1699
2019/2/15 1.3542 10.92 17 Laden 67.4272 9.4594 114.3748 6.6539 1.9712 1.00× 10−3 27.9721
2019/2/16 1.3542 11.54 17 Laden 175.5482 6.9029 1.1794 5.4694 1.2431 4.02× 10−3 28.1760
2019/2/17 1.3542 10.04 17 Laden 169.3271 8.1297 0.1800 5.3415 1.1895 4.41× 10−2 27.6263
2019/2/18 1.3750 9.83 17 Laden 175.8656 7.1494 166.0797 6.5738 1.5390 1.14× 10−4 27.3241
2019/2/19 1.3540 10.80 17 Laden 135.4831 5.3609 95.2685 8.0560 1.7688 4.54× 10−5 27.6568
2019/2/20 1.3542 11.75 17 Laden 133.2608 4.0265 105.3969 8.4975 1.7343 2.46× 10−5 27.2466
2019/2/21 1.3542 12.08 17 Laden 103.2293 3.9204 109.9028 8.4649 1.7177 3.02× 10−5 27.0003
2019/2/22 1.3750 11.04 17 Laden 87.2013 6.3779 119.9324 7.6561 1.7526 8.04× 10−5 26.4363
2019/2/23 1.3540 10.80 17 Laden 110.2064 1.5615 149.4959 4.8875 0.6133 7.49× 10−3 27.0450
2019/2/24 1.3667 11.50 17 Laden 67.9050 4.6753 109.4991 3.9811 0.6849 1.26× 10−2 26.3614

Total sailing time: 242.0 h Distance: 2645.18 nm

Note: FCR = Fuel Consumption Rate; WD = Wind Direction (relative); WS = Wind Speed; MWD = Mean Wave Direction; MPWW = Mean Period of Wind Waves; SHCWWS =
Significant Height of Combined Wind Waves and Swell; FSR = Forecast Surface Roughness; 2mT = 2-meter Temperature.
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Algorithm 4 Time-Space Network Generation

1: Input: Installations N , charging stations NC , origin o, destination d, set of time
points T , time granularity ∆t, vessel preparation end time t∗, vessel return time Treturn,
distance matrix D, speed bounds [vmin, vmax], charging rates rCi for i ∈ NC , service
energy Eservice

i for i ∈ N , service duration si for i ∈ N , service power P aux

2: Output: Arc set A with transit and charging arcs
3: Initialize empty arc list A ← ∅
4: N ← N ∪ {o, d}
5: Generate Transit Arcs:
6: for each node i ∈ N where i ̸= d do
7: Ti ← {t∗} if i = o, else Ti ← T
8: for each node j ∈ N where j ̸= o and i ̸= j do
9: Get distance dij from matrix D
10: for each departure time t ∈ Ti do
11: if i ̸= o and t < earliest arrival time at i from depot then
12: Skip to next t
13: else if t+ dij/vmax > Treturn then
14: Skip to next t
15: end if
16: τmin ← dij/vmax, τmax ← dij/vmin ▷ Min/max sailing durations
17: tmin ← t+ τmin + sj , tmax ← t+ τmax + sj ▷ Min/max operation completion

time
18: for each t′ ∈ T where tmin ≤ t′ ≤ tmax do
19: τsail ← t′ − t− sj , v ← dij/τsail ▷ Required speed calculation
20: if vmin ≤ v ≤ vmax then
21: Calculate sailing energy: Es

itjt′ ← P (v)× dij using Eq.(6.17)

22: Calculate total energy: Eitjt′ ← Es
itjt′ + Eservice

j

23: Add transit arc ((i, t), (j, t′)) to A
24: end if
25: end for
26: end for
27: end for
28: end for
29: Generate Charging Arcs:
30: for each charging station i ∈ NC do
31: Extract operation completion times at i from existing arcs in A
32: Form set of consecutive time pairs Pi
33: for each consecutive time pair (t, t+∆t) ∈ Pi do
34: ∆i ← (rCi − P aux)×∆t ▷ Net charging amount
35: Add charging arc ((i, t), (i, t+∆t)) to A
36: end for
37: end for
38: return Arc set A
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