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Abstract. Wind-assisted ship propulsion, also referred to as wind power for ships, has established 
itself as a proven technological solution to reduce shipping emissions and meet increasingly 
stringent regulations, such as those of the International Maritime Organisation. Indeed, reductions 
in carbon dioxide emissions have been evidenced for both retrofits and new builds, with increased 
efficiency achieved thanks to operational optimisation, e.g. weather routing. With numerous options 
available, ranging from sails to Flettner rotors to kites, and increasing uptake on large vessels, a 
strong case for wind as both a short and long-term solution can be made. However, there remain 
limitations in the tank-to-wake approach to life cycle assessment for wind-assisted ships, and recent 
advances in artificial intelligence afford new opportunities to quantify the emission reduction potential 
of wind propulsion systems, as well as their commercial viability. Consequently, in this work, we 
investigate (i) life cycle assessment for wind-assisted ships; (ii) the commercial viability of Flettner 
rotors in order to identify any optimum cost-effective solution for decarbonization, and (iii) the role of 
artificial intelligence in advancing and supporting the growth and techno-economic optimization of 
wind power for ships. These results offer novel insights into recent advances in wind power for ships, 
particularly with respect to well-to-wake life cycle assessment and the commercial implications of 
wind propulsion systems for emission reduction through the emerging use of artificial intelligence. It 
is anticipated that these findings will support future regulatory and policy developments, as well as 
inform subsequent research directions for maritime decarbonization. 
 
Keywords: wind power for ships, maritime decarbonization, well-to-wake, tank-to-wake, AI. 
 
 
NOMENCLATURE 
 
𝐶𝑏𝑎𝑠𝑙𝑖𝑛𝑒     Baseline annual CO₂ emissions without wind assistance [tCO₂/year] 
𝐶𝑐  Emissions credit generated by biomass growth [gCO2eq/g] 
𝐶𝑐𝑐𝑠  Carbon capture and storage emissions [gCO2/MJ] 
𝐶𝑐𝑐𝑢  Emission credits from used captured CO2 [gCO2eq/g] 
𝐶𝑓𝑒𝑐𝑢  Extraction emissions [gCO2/MJ] 

𝐶𝑙  Carbon stock changes emissions [gCO2/MJ] 
𝐶𝑜𝑐𝑐𝑠  Emission credits from carbon capture [gCO2eq/g] 
𝐶𝑝  Feedstock processing emissions [gCO2/MJ] 

𝐶𝑡𝑑  Feedstock transport emissions [gCO2/MJ] 
𝐶𝑠𝑎𝑣𝑒𝑑      Annual CO₂ emissions reduction due to Flettner rotors [tCO₂/year] 
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𝐶𝑠𝑐𝑎  Soil carbon accumulation [gCO2/MJ] 
𝐸  Power [kW] 

𝑓𝑏𝑎𝑠𝑙𝑖𝑛𝑒     Baseline annual fuel consumption without wind assistance [t/year] 
𝑓𝑠𝑎𝑣𝑒𝑑     Annual fuel savings due to Flettner rotor assistance [t/year] 

𝑓voy  Fuel consumption per voyage [t] 

𝐺𝑊𝑡𝑇   Greenhouse gas – Well to Tank [gCO2eq/MJ] 
𝐺𝑇𝑡𝑊  Greenhouse gas – Tank to Wake [gCO2eq/MJ] 

𝐼0  Initial capital investment [USD] 
𝐽𝐸𝑂𝐿  End of life of Flettner Rotor [kgCO2eq] 

𝐽𝑖  Installation of Flettner Rotor [kgCO2eq] 
𝐽𝑚  Manufacturing of Flettner Rotor [kgCO2eq] 

𝐽𝑡  Transportation of Flettner Rotor [kgCO2eq] 
𝐽𝑉𝑂𝑌  Vessel voyage for Flettner Rotor [kgCO2eq] 

𝑁  Number of Monte Carlo simulations [-] 
𝑃  Fuel saving fraction [-] 
𝑄𝑓𝐶𝐻4

  CH4 emission conversion factors [gCH4/g] 

𝑄𝑓𝐶𝑂2
  CO2 emission conversion factors [gCO2/g] 

𝑄𝑓𝑁20  N2O emission conversion factors [gN2O/g] 

𝑄𝑓𝑢𝑔  Fuel system losses [%] 

𝑄𝑠𝑓𝑥  Fuel GHG content [g GHG/g] 

𝑄𝑠𝑙𝑖𝑝_𝑠ℎ𝑖𝑝 Unoxidized fuel slip [%] 

𝑟  Discount rate [-] 
𝑇  Project lifetime [yr] 

𝑡voy  Voyage duration [h] 

W𝑓𝑢𝑒𝑙𝑥  Global Warming potential of fuel [gCO2eq/g] 

W𝐶𝐻4
  Global Warming potential of CH4 [gCO2eq/g] 

W𝐶𝑂2
  Global Warming potential of CO2 [gCO2eq/g] 

W𝑁2𝑂  Global Warming potential of N2O [gCO2eq/g] 

𝑋𝐹𝑅  Cradle to grave emissions [kgCO2eq] 

  
𝛾𝐹𝑐   Carbon source factor [-] 

𝛾𝐹𝑐𝑐𝑢  Carbon capture and utilisation factor [USD] 

𝜆𝑇  Salvage value at project lifetime 𝑇 [USD] 

𝜇  Net cashflow in year 𝑦 [USD] 

𝜋0  Carbon penalty at year 0 [USD] 

𝜋𝐸𝑜𝐿  End-of-life carbon penalty [USD] 

𝜋𝑦  Carbon penalty in year 𝑦 [USD] 

𝜎  Net Present Value [USD] 

𝜎𝐸𝐶𝑂  Eco-Net Present Value [USD] 

 
AI  Artificial Intelligence 
BSFC  Brake Specific Fuel Consumption 
CAPEX    Capital Expenditure 
CF  Cashflow 
DPP  Discounted Payback Period 
EU ETS European union emissions trading system 
GHG  Greenhouse gas 
GWP  Global warming potential 
HFO  Heavy fuel oil 
IPCC  Intergovernmental Panel on Climate Change 
ISO  International Organisation of Standardisation 
LCA  Life cycle assessment 
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MAE  Mean absolute error 
MAPE  Mean absolute percentage error 
MC  Monte Carlo 
MCR  Maximum continuous rating 
ML  Machine learning  
NPV  Net present value 
OPEX  Operational expenditure 
RF  Random forest 
RMSE   Root mean square error 
SARIMA  Seasonal autoregressive integrated moving average 
SPB  Simple payback period 
TtW  Tank-to-wake 
WtT  Well-to-tank 
WtW  Well-to-wake 
 
 
1. INTRODUCTION 

Shipping accounts for between 80% and 90% of global trade and is responsible for circa 2.5% to 3% 
of greenhouse gas (GHG) emissions (Dhainaut et al., 2025; Khan et al., 2021). With increasingly 
more stringent emission regulations (IMO, 2025), primarily driven by the International Maritime 
Organisation (IMO), wind-assisted ship propulsion (WASP), also referred to as wind power for ships, 
has emerged as an effective solution to reduce shipping emissions. Indeed, reviews by Bouman et 
al (2017), Fadaie et al. (2025) and Huang & Souppez (2025) have demonstrated the potential of 
WASP to reduce CO2 emissions up to 50%, with the latter quantifying the interquartile benefits of 
WASP between 7.5% and 22.5% for all technologies (e.g. sails, rotors, kites). 

However, the current regulatory boundaries of life cycle assessments (LCA), namely tank-to-wake 
(TtW) (i.e. fuel burn on the ship) have been increasingly criticised, with a well-to-tank (WtT) approach 
favoured to ensure accurate quantification of emissions (Ha et al., 2023; Kramel et al., 2021; Roux 
et al., 2024; Zamboni et al., 2024). This is particularly relevant to sustainable fuels, although the LCA 
of wind propulsion systems (WPS) remains comparatively under studied. 

Moreover, the advent of machine learning and artificial intelligence now offers new opportunities for 
maritime decarbonization (Nguyen et al., 2025), including for WASP (Lan et al., 2025; Li et al., 2025). 
Indeed, while cost-benefit analyses are based on constant or short-term average prices (Reche-
Vilanova et al., 2025), this does not allow to address long term uncertainty, as fuel savings are the 
primary factor that determines the economic viability of WASP. Recent developments in machine 
learning (ML) and artificial intelligence (AI) provide new opportunities to improve long-term price 
forecasting and risk modelling.  

Consequently, this paper explores the application of life cycle assessment and artificial intelligence 
to wind assisted ship propulsion to identify to which extent WASP contributes to emission reduction 
in both WtW and TtW LCAs, and the ability of AI to estimate the environmental and economic viability 
of WASP given long term fuel price uncertainty through an AI-assisted techno-economic framework. 
The latter is achieved thanks to time-series models (e.g. SARIMA), alongside ensemble learning 
approaches (e.g. Random Forest regression) to allow future price trajectories to be estimated using 
historical patterns. By integrating these within a Monte Carlo framework, probabilistic evaluation of 
investment outcomes is achieved, rather than relying solely on deterministic scenarios. 

The remainder of this paper is structured as follows. Section 2 details the methodology and case 
study employed in this work. Section 3 presents the results for both LCA and application of AI. 
Finally, the novel findings of this work are summarised in Section 4. 
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2. METHODOLOGY 

This section presents the details of the case study employed in this paper (Section 2.1) and 
methodology associated with the life cycle assessment (Section 2.2) and the artificial intelligence 
techno-economic analysis (Section 2.3). 

2.1 Case Study 

An Ultra Large Container Ship (ULCS), namely the Evergreen Ever Ace, fitted with a WinGD X92B 
engine, was selected as a case study for the purpose of this investigation, with the main 
specifications listed in Table 1. Here we assume a Shanghai Rotterdam trade route. The one-way 
sailing distance of 13,815.5 nautical miles was obtained from SeaRates and Oceanlook (SeaRates, 
2026; Oceanlook, n.d.), at a service speed of 14 kn. A total of 11 port calls per leg were assumed, 
see Figure 1, with a median port stay of 23.5 hours per port (UNCTAD, 2023), giving 7 voyages per 
year, or 6908 h/year at sea, and 1810 h/year of port time. These values are used to annualise fuel 
consumption and emissions in the analysis. 
 

Table 1. Evergreen Ever Ace specification (Evergreen, 2021) 

 
 
 
 
 
 
 
 
 

 

Figure 1. Evergreen Ever Ace voyage route (SeaRates, 2026).  

The WPS selected for this investigation is a Flettner rotor, shown by Huang and Souppez (2025) to 
yield the greatest carbon dioxide (CO2) emissions reduction potential based on a systematic review 
of the WASP literature. However, the emissions from methane (CH4) and nitrous oxide (N2O) have 
been accounted for as both the gases have a higher global warming potential based on the 
Intergovernmental Panel on Climate Change (IPCC) equivalent CO2 conversions (Ipcc.ch, 2023). 
The IPCC conversions allow for other gas emissions to be converted to CO2 emissions. Here, we 
base the Flettner rotor on that of Kim et al. (2024), depicted in Figure 2, for which masses and 
materials are detailed in Table 2, with components either made of glass-fibre reinforced polymer 
(GFRP) composite or steel. Each of the three rotors considered in this work is 30 m tall by 3 m 
diameter. 

Capacity 23,992 TEU 

Length overall  399.9 m 

Beam  61.5 m 

Draft  ~17 m 

Deadweight tonnage (DWT) ~241,000 tonnes 

Service speed (operational)  14 knots  
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Figure 2. Flettner rotor components, reproduced from Kim et al. (2024).  

 
Table 2. Mass and material of Flettner rotor subcomponents (Kim et al., 2024). 

Components Mass [kg] Material 

Thom disk 1096.9 GFRP Composite 

Mid-plate 6689 Structural Steel 

Shaft 1692.7 Structural Steel 

Cylindrical Rotor 8530.3 GFRP Composite 

Inner Tower 49678 Structural Steel 

 
Four scenarios will be considered in this work, a baseline case without Flettner rotor, and a low 
(scenario a), medium (scenario b) and high (scenario c) case for the benefits of Flettner rotors, 
respectively quantified as a 10.5%, 18% and 28.5% emissions reduction potential. These numbers 
correspond to the lower quartile, median and upper quartile according to the systematic review of 
Huang & Souppez (2025). The annual fuel and CO₂ savings are defined as proportional reductions 
relative to the baseline operational emissions: 
 

𝑓saved = 𝑓baseline 𝑃 (1) 
 

𝐶saved = 𝐶baseline 𝑃 (2) 
 
Equations (1) and (2) calculate the annual fuel savings and CO₂ emissions reductions by applying 

the fractional reduction 𝑃 which represents the fractional emissions reduction (0.105, 0.18 and 0.285 
for the low, medium and high benefit case, respectively) from Flettner rotor assistance to the baseline 
fuel consumption and baseline CO₂ emissions of the vessel. These reduction fractions are applied 
consistently throughout the life-cycle assessment, technical and economic phases of the study.  
 
Fuel and carbon prices are based on the January 2019-February 2026 period for the former, and 

European Union (EU) Emissions Trading System (ETS) for the latter and are represented using 

percentile-based scenarios to avoid reliance on a single assumed market condition and to reflect 

historical volatility (Reche-Vilanova et al., 2025). In this context, the 25th, 50th and 75th percentiles 

(P25, P50 and P75) of the historical price distributions are used to represent low, median and high 

market conditions, respectively. These percentile values define the fuel and carbon price levels used 

in the deterministic economic analysis and are given in Table 3. 
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Table 3. Assumed fuel (Bunker, 2019) and carbon (Investing.com UK, 2023) prices 

Market condition Fuel price [USD/t fuel] Carbon price [USD/tCO2] 

Low (25th percentile) 405 61 

Median (50th percentile) 480 79 

High (75th percentile) 523 91 

 
In contrast, Phase 3 simulation outcomes are summarised using Monte Carlo percentile indicators 
(P10, P50 and P90), representing the 10th, 50th and 90th percentiles of the simulated result 
distributions. These indicators provide a wider representation of uncertainty and are widely used in 
financial risk analysis to describe the range and likelihood of possible investment outcomes under 

uncertain fuel and carbon price trajectories (Glasserman, 2004). 

 
2.2 Life Cycle Assessment 

The LCA is undertaken using the OpenLCA (Openlca.org, 2026) software together with the BAFU 
database (Admin.ch, 2026), which contains processes and flows that allow for LCA modelling with 
modifiable data. The defined functional unit for this case study is a single 1 nm, with the ship 
boundaries including production and supply of heavy fuel oil (HFO) for WtT, as well as combustion 
and direct exhaust for TtW. The cradle-to-grave model adopted for the Flettner rotor considers 
manufacturing, transportation from China (Anemoi, 2024), installation, and maintenance. Both 
approaches are depicted in Figures 3(a) and 3(b), respectively.  

Well-to-wake life cycle assessment is undertaken following the IMO regulation (IMO, 2023) for GHG 
of marine fuels, with well-to-tank emissions given as 

G𝑊𝑡𝑇 = 𝐶𝑓𝑒𝑐𝑢 + 𝐶𝑙 + 𝐶𝑝 + 𝐶𝑡𝑑 − 𝐶𝑠𝑐𝑎 − 𝐶𝑐𝑐𝑠 , (3) 

where 𝐶𝑓𝑒𝑐𝑢 is the emissions associated with extraction, 𝐶𝑙  is the emissions from carbon stock 

exchanges, 𝐶𝑝 is the processing emissions during conversion of feedstock to the final fuel product, 

𝐶𝑡𝑑 is the emissions from transportation of the feedstock, 𝐶𝑠𝑐𝑎  is the soil carbon accumulated 

emissions and 𝐶𝑐𝑐𝑠 is emissions credit from carbon capture and storage that has not been accounted 
for in 𝐶𝑝 . 

Additionally, the tank-to-wake emissions are computed as 

G𝑇𝑡𝑊 =
1

𝐿

[
 
 
 
 (1 −

1

100
(𝑄𝑠𝑙𝑖𝑝_𝑠ℎ𝑖𝑝 + 𝑄𝑓𝑢𝑔)) × (𝑄𝑓𝐶𝑂2

+ W𝐶𝑂2
+ 𝑄𝑓𝐶𝐻4

× W𝐶𝐻4
+ 𝑄𝑓𝑁20 × W𝑁2𝑂)

+ (
1

100
(𝑄𝑠𝑙𝑖𝑝_𝑠ℎ𝑖𝑝 + 𝑄𝑓𝑢𝑔) × 𝑄𝑠𝑓𝑥 × W𝑓𝑢𝑒𝑙𝑥) − 𝛾𝐹𝑐 × 𝐶𝑐 − 𝛾𝐹𝑐𝑐𝑢 × 𝐶𝑐𝑐𝑢 − 𝐶𝑜𝑐𝑐𝑠 ]

 
 
 
 

, (4) 

where 𝐿 is the low calorific value of the fuel used, 𝑄𝑠𝑙𝑖𝑝𝑠ℎ𝑖𝑝
 is the percentage of total fuel mass, 𝑄𝑓𝑢𝑔 is 

a percentage of mass fuel escaping between the tanks, 𝑄𝑠𝑙𝑖𝑝 is percentage of total fuel mass which 

escapes from the energy convertor without being oxidized, 𝑄𝑠𝑓𝑥 is the share of GHG in the 

components of fuel, 𝑄𝑓𝑥 are the emission conversion factors for the GHG as x represents the gasses 

(CO2, CH4, N2O), 𝛾𝐹𝐶 is the carbon source factor, 𝐶𝑐 are the emissions credit and with the other 
components representing specific scenarios. Results are generated for the Global Warming 
Potential for 20 years (GWP20), employing IPCC CO2 emission conversions. 
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Figure 3. LCA methodology for (a) the well-to-wake ship emissions, and (b) for Flettner Rotor. 
 

The LCA modelling for the 3 Flettner rotors, 𝑋𝐹𝑅, is computed as 

𝑋FR = 𝐽𝑚 + 𝐽𝑡 + 𝐽𝑖 + 𝐽𝑉𝑜𝑦 + 𝐽𝐸𝑂𝐿. (5) 

The method includes the following considerations and assumptions: 

• manufacturing, 𝐽𝑚, assuming 1.0522 × 105 kWh of electricity, 28.9t of GFRP, 174.2 t of steel, 
and 900 kg of electrical units (Kim et al. 2024; Marketreportsworld.com. 2026); 

• transportation, 𝐽𝑡, and installation, 𝐽𝑖, considers the tugboat engine power as 3482 kW, 
distance transported as 300 km and the crane’s generator as 50 W (Chen and Lam, 2022; 
Tillig et al., 2020); 

• voyage savings, 𝐽𝑉𝑂𝑌, considering maintenance at 2.21 × 10-5 per nm and allocation for the 
rotors at 4.136 × 10-7 per nm. The fuel used through the voyage is 422.96 kg/nm with a Brake 
Specific Fuel Consumption (BSFC) of 154.3 g/kWh. The allocation is based on calculations 
made from the lifetime years of the rotor, voyages per year and the nautical miles per voyage; 
and 

• 𝐽𝐸𝑂𝐿, which considers the recycling of the Flettner rotor components, with recycling rates of 
85% for steel and 13% for GFRP based on Watari et al. (2025) and Karuppannan Gopalraj 
and Kärki (2020). 

The Flettner rotors will be powered by the ship’s auxiliary engines as included explicitly in the LCA 
(Arabnejad et al., 2025), as well as maintenance has been allocated as a once-a-year event 
(Anemoi, 2024).  

(a) (b) 
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2.3 AI-Assisted Techno-Economic Framework 

Here, we assess the vessel's yearly operational performance over a 25-year economic lifetime, with 
an AI methodology divided into three phases: Phase 1 which tackles performance prediction, 
Phase 2 which covers the economic model, and Phase 3 which considers long-term forecasting and 
uncertainty. These processes are depicted in Figures 4(a), 4(b) and 4(c), respectively.                        

 

Figure 4. AI-Assisted Techno-Economic Framework for (a) phase 1; (b) phase 2 and (c) phase 3. 

 
2.3.1 Phase 1: Performance Modelling 

In this first phase, baseline annual fuel consumption and Tank-to-Wake CO₂ emissions are first 
calculated using engine and operating data, as defined in Section 2.1. From the LCA’s functional 
unit, voyage-level fuel consumption and emissions are scaled to support the 25-year techno-
economic assessment. Using an effective propulsion power of 38,362.5 kW, a BSFC of 
154.36 g/kWh, an emission factor of 3.114 gCO₂/g fuel, and 6,908 annual open-sea operating hours, 
the baseline performance was calculated as 40,904 t/year of fuel consumption and 
127,376 tCO₂/year of TtW emissions. 

The emissions reduction parameter 𝑃 is applied to the baseline fuel consumption and TtW CO₂ 
emissions to estimate the savings from wind-assisted ship propulsion. These calculated fuel and 
emissions reductions are used as inputs for the Phase 2 economic analysis and for integrating 
operational TtW reductions into the 25-year life-cycle assessment. 
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2.3.2 Phase 2: Deterministic Economic Model 

Phase 2 converts the Phase 1 annual fuel and TtW CO₂ savings into a deterministic investment 
business case using a discounted cashflow model over a 25-year lifetime (Reche-Vilanova, 2025). 
The model evaluates the economic viability of a three-unit rotor sail retrofit on Ever Ace by combining 
capital expenditure (CAPEX), additional operational costs (OPEX), and realised fuel and carbon 
savings under different market scenarios. To move from ideal technical savings to economically 
realised savings, a set of operational and regulatory adjustments are applied. These adjustments 
reflect real-world implementation conditions rather than theoretical performance, and are applied to 
the Phase 1 savings before financial evaluation: 

1) utilisation factor: rotors are not effective all the time because wind conditions vary 
(Norsepower, 2022); 

2) availability factor: allowance for downtime, maintenance, and operational interruptions 
(Carlton, 2018); 

3) carbon coverage factor reflects that not all CO₂ savings are exposed to carbon pricing for 
example partial European Union Emissions Trading System (EU ETS) route coverage; and 

4) performance degradation: performance is assumed to reduce slightly each year over the 
lifetime (Hamilton et al., 2020). 

These factors convert idealised annual savings into effective annual economic savings. This 
approach aligns with implementation-oriented wind propulsion cost-benefit structures that 
incorporate operational penalties when transitioning from physics-based savings to business-case 
modelling (Reche-Vilanova, 2025). Fuel and CO₂ savings remain proportional under TtW accounting 
to ensure consistency between the technical and economic models (Huang & Souppez, 2025). The 
key economic and operational assumptions applied in Phase 2 are summarised in Table 4. 

Table 4. Key techno-economic model parameters used in the discounted cash flow and Monte Carlo 
analysis.  

Parameter Value Purpose 

Project lifetime 25 years Ship lifetime  

Discount rate range 3%, 7%, 10% Sensitivity testing of financial performance 

Utilisation factor  0.35 Fraction of time favourable wind conditions  

Availability factor  0.95 
Technical uptime allowance for rotor system 

operation 

Carbon coverage  0.50 
Fraction of CO₂ savings exposed to carbon 

pricing  

Degradation rate 0.5% per year Long-term decline in technology performance 

CAPEX 6,000,000 USD Estimated retrofit investment for three rotor sails 

Salvage value 15% of CAPEX at end-of-life Residual value recovered at end of asset life 

Maintenance cost 2% of CAPEX per year Additional operational expenditure  

Electrical demand 650,000 kWh/year Auxiliary electricity consumption  

Electricity price 0.12 USD/kWh Industrial electricity cost assumption 

Survey & certification 

cost 
60,000 USD/year 

Annual classification inspection, certification and 

operational compliance costs 
  

For the cashflow construction, annual gross savings are calculated from realised fuel savings and 
the portion of CO₂ savings exposed to carbon pricing under the fuel and carbon price scenarios, with 
savings declining gradually over time due to the degradation factor. Net annual cashflow is obtained 
by subtracting additional operating expenditures associated with the rotor sail system from annual 
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savings. These expenditures include maintenance costs, auxiliary electricity consumption, and 
annual survey and certification costs. To reflect market uncertainty, sensitivity tests are also 
conducted by varying fuel price, carbon price, and discount rate. 

Economic feasibility is evaluated using three standard financial indicators: Net Present Value (NPV), 
given as 𝜎 in Equation 6; Simple Payback Period (SPB), which represents the time required for 
cumulative net cashflows to recover the initial investment; and discounted Payback Period (DPP), 
that accounts for the time value of money by using discounted cashflows. 

𝝈 = −𝑰𝟎 + ∑
𝜇

(𝟏+𝒓)𝒚

𝑻

𝒚=𝟏

+
𝝀𝑻

(𝟏+𝒓)𝑻
(6) 

where 𝐼₀ is the initial capital investment (CAPEX) at year 0, 𝜇 is the net annual cashflow in year 𝑦, 𝑟 
denotes the discount rate, which accounts for the time value of money, 𝑇 represents the total project 

lifetime, and 𝜆ₜ corresponds to the residual (salvage) value recovered at the end of the project 
lifetime. 
 
The discounted cash flow structure, degradation modelling, and operational adjustment methodology 
are consistent with established engineering economic theory (Blank & Tarquin, 2018; Fisher, 1930) 
and with wind propulsion techno-economic frameworks reported by Reche-Vilanova (2025). The 
proportional relationship between fuel and TtW CO₂ reduction follows the synthesis approach 
described by Huang & Souppez (2025) and established IMO carbon accounting practice. 
Phase 2 therefore establishes a structured and reproducible deterministic economic baseline linking 
technical performance to investment feasibility over a 25-year horizon. However, fuel and carbon 
prices exhibit long-term volatility and structural uncertainty that cannot be captured through fixed 
percentile scenarios alone. Consequently, Phase 3 extends this framework through AI/ML-based 
forecasting and Monte Carlo simulation to quantify price uncertainty and evaluate investment 
robustness under stochastic market conditions. 

2.3.3 Phase 3: AI/ML and Uncertainty Model 

Phase 3 continues the deterministic economic model developed in Phase 2 by introducing 
uncertainty in long-term fuel and carbon prices. Instead of fixed price scenarios, forecasting models 
are used to produce stochastic price trajectories which are propagated through a Monte Carlo 
simulation. This enables the economic and environmental performance of wind-assisted ship 
propulsion to be evaluated under realistic market volatility while maintaining the same 25-year 
lifetime and the three scenarios (low, medium, high savings). 

Historical fuel and carbon price data described in Section 2.1 were used as inputs to the forecasting 
framework. A statistical time-series model and a machine-learning model were implemented for 
comparison and validation. A Seasonal Autoregressive Integrated Moving Average (SARIMA) model 
was used as a transparent statistical benchmark capable of representing trend and seasonal 
behaviour commonly observed in energy price series (Box et al., 2015; Hyndman & Athanasopoulos, 
2021). In comparison, a Random Forest regression model was applied to capture nonlinear 
relationships in the price series using lagged variables and rolling statistical features (Breiman, 2001; 
Pedregosa et al., 2011). Together these models form an AI-assisted forecasting framework, 
combining traditional statistical modelling with machine-learning techniques. 

Validated forecasts are then integrated into the techno-economic model using a Monte Carlo 
simulation implemented in MATLAB with 10,000 runs. Fuel prices, carbon prices and selected 
operational parameters were sampled within realistic ranges, and annual cashflows were calculated 
using the cost structure defined in Phase 2. 
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Lifecycle emissions were integrated into the Monte Carlo model using the LCA results described in 
Section 2.2. Fixed lifecycle emissions from manufacturing, installation, and end-of-life of the rotor 
system were included. These emissions were monetised using the simulated carbon price and 
incorporated into the economic model through the Eco-NPV metric, which extends the standard NPV 
by accounting for carbon costs during installation, operation, and end-of-life. This is computed as 

𝝈𝐄𝐂𝐎 = −𝐼0 − 𝜋0 + ∑
𝜇 − 𝜋y

(1+𝑟)𝑦

𝑇

𝑦=1

+
𝜆𝑇 − 𝜋EoL

(1+𝑟)𝑇  (7)  

 
where 𝜎ECO is the Eco-Net Present Value (Eco-NPV), 𝐼0 is the initial investment cost, 𝜋0 is the carbon 
penalty in year 0, 𝜇 is the annual net cash flow, 𝜋𝑦 is the carbon penalty in year 𝑦, 𝑟 is discount rate 

is, 𝑇 is the project lifetime, 𝜆𝑇 is the salvage value at year 𝑇 , and 𝜋EoL is the end-of-life carbon 
penalty. 

The economic model assumes a 25-year vessel lifetime, which reflects the typical service life of large 
commercial ships and retrofit investments. However, the LCA results use the IPCC and global 
warming potential (GWP20), which evaluates climate impacts over a 20-year period. Therefore, the 
end-of-life emissions from the LCA are applied in Year 20 to remain consistent with the available 
dataset. Since these emissions occur only once and are discounted in the financial model, applying 
them in Year 20 instead of Year 25 has very little impact on the Eco-NPV results. Monte Carlo 
simulation results are summarised using P10, P50 and P90 percentiles, representing optimistic, 
median and conservative outcomes. 

This forecasting and uncertainty framework follows established financial risk modelling approaches 
where uncertain inputs are propagated through discounted cash-flow models to evaluate investment 
risk (Glasserman, 2004; Kroese et al., 2011). By combining statistical forecasting, machine-learning 
models and Monte Carlo simulation within the techno-economic structure developed in earlier 
phases, Phase 3 provides an AI-assisted techno-economic uncertainty analysis of wind-assisted 
ship propulsion performance. Before the forecasts are used for long-term price trajectories; the 
forecasting models must first be validated and compared to determine which approach best 
represents price behaviour 

2.3.4 Validation  

For Phase 1, the annual baseline fuel consumption and TtW CO₂ emissions were checked for 
physical consistency using the engine parameters and operating hours defined in Section 2.1. The 
resulting baseline values and the linear scaling of savings using the reduction factor 𝑃 follow 
standard IMO-style carbon accounting practice and ensure that fuel and CO₂ savings remain 
proportional throughout the study. 

For Phase 2, the discounted cashflow model was validated through behavioural checks rather than 
repeating derivations. Using the assumptions summarised in Table 4, the model responds as 
expected: higher fuel and carbon prices increase annual savings and improve economic indicators, 
while higher discount rates reduce NPV and extend payback periods. This trend is consistent with 
established engineering economy theory and wind propulsion techno-economic frameworks (Blank 
& Tarquin, 2018; Fisher, 1930; Reche-Vilanova, 2025), supporting the credibility of the deterministic 
business case before uncertainty is introduced. 

For Phase 3, model validation was performed using a time-ordered hold-out approach where the 
final 12 months of observations were reserved as an out-of-sample test period. This preserves the 
temporal structure of the data and avoids information leakage, which is essential for financial time-
series forecasting (Bergmeir & Benítez, 2012).  
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Figure 5 presents the validation results for both forecasting models. The SARIMA validation plots 
are shown in Figure 5(a) and Figure 5(b) for fuel and carbon prices respectively. These plots 
compare one-step-ahead forecasts with the observed price series during the hold-out period. In both 
cases the SARIMA forecasts follow the overall direction of the realised data and remain within the 
95% prediction bands, indicating that the models provide a reasonable statistical representation of 
the underlying price dynamics. The Random Forest validation results are presented in Figure 5(c) 
and Figure 5(d) for the fuel and carbon prices, respectively. Compared with SARIMA, the Random 
Forest forecasts respond more strongly to short-term changes and nonlinear movements in the data. 
This behaviour is particularly visible for the fuel price series, where Random Forest better captures 
the downward trend observed during the hold-out period. 

      

      

Figure 5. Validation results for (a) fuel and (b) carbon price using SARIMA, and for (c) fuel and (d) 
carbon price using Random Forest.  

Forecast accuracy was evaluated using three standard metrics: Root Mean Square Error (RMSE), 
Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE) and Ljung-Box test is used 
for the SARIMA model to check whether residuals are independent and contain no remaining 
autocorrelation. Table 5 summarises the validation results for both forecasting models. The results 
show that the Random Forest model achieves lower prediction errors for both price series. For fuel 
prices, Random Forest achieves a MAPE of 9.23% compared with 14% for SARIMA, while for carbon 
prices the error decreases from 7.57% to 5.96%. These values fall within the range typically 
considered acceptable for volatile commodity markets such as bunker fuel and carbon allowance 
prices (Weron, 2014; Zhang et al., 2019). 

Table 5. Forecast RMSE, MAE, and MAPE predictive accuracy for SARIMA and Random Forest 
fuel and carbon price using a 12-month validation period.  
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Price Series Model RMSE  MAE  MAPE Ljung-Box 

Fuel SARIMA 68.30 USD/t – 14.0% 0.142 

Fuel Random Forest 46.01 USD/t 39.35 USD/t 9.23% – 

Carbon SARIMA 7.64 USD/tCO₂ – 7.57% 0.065 

Carbon Random Forest 6.09 USD/tCO₂ 5.32 USD/tCO₂ 5.96% – 

 
Given its improved predictive accuracy and better representation of short-term price variability, the 
Random Forest model is selected to generate stochastic fuel and carbon price trajectories for the 
Monte Carlo uncertainty analysis. A total of 10,000 simulations were performed to ensure stable 
probabilistic results (Glasserman, 2004). 

3. RESULTS 

This Section details the results of the life cycle assessment in Section 3.1, and of the AI-assisted 
techno-economic framework in Section 3.2, highlighting the novel contributions of this work. 

 
3.1 Life Cycle Assessment 

Results for GWP20 are presented in Figure 6(a), comparing the Flettner rotor scenarios to the 
baseline voyage. Whilst the three main GHG variables are CO2, N2O and CH4, the results show 
negligible levels of N2O and CH4. Figure 6(a) further presents the WtT emissions, with Figure 6(b) 
provides the emissions at other stages of the whole lifecycle assessment. 

 

Figure 6. GWP20 emissions for the baseline and Flettner rotor scenarios: (a) well-to-wake emissions 
and (b) cradle to grave emissions from Flettner rotor manufacture. 

The baseline emissions consist of the vessel without Flettner rotors, and leads to the highest GWP 
20  at 1515.6 kg CO2 eq per nm. Scenario a (10.5% savings) yields a GWP 20 of 1360.9 kg CO2 eq 
per nm, while scenario b (18% savings) results 1247.2 kg CO2 eq per nm, and scenario c (28.5% 
savings) leads to 1087 kg CO2 eq per nm. These figures are in line with previous fuel saving 
estimates for Flettner rotors (Hochkirch and Bertram, 2022; Kolodziejski and Sosnowski, 2025). 

The WtT emissions show a lower, yet non-negligible, level compared to TtW. For the baseline case, 
WtT contribute to 11.5% of the total emissions. In terms of the cradle to grave analysis, it indicates 
that the end-of-life is the highest contributor of emissions, with 8.892 × 105 kg CO2 for 3 rotors, with 
manufacturing being the second highest at 5.975 × 105 kg CO2 for 3 rotors. On the other hand, 
installation and transportation show a negligible impact on emission levels. The results demonstrate 
a clear reduction as WASP is introduced, with the Flettner rotors leading to measurable GWP20 
reductions, thus, WASP can deliver long term climate benefits. This is further supported by Figure 7, 
presenting the emissions of the main gases affecting the environment. Despite N2O, CH4 and other 
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gases contributing a small fraction of the total GWP20, N2O has a GWP 264 times its mass when 
converted to kg CO2 eq, while CH4 has a GWP 84 times its mass. However, even after conversion 
to CO2 equivalent, their contribution remains minor compared to CO2.  

   

Figure 7. Contribution of minor greenhouse gases to GWP20 emissions for the baseline and rotor-
assisted scenarios. 

3.2 AI-Assisted Techno-Economic Framework  

3.2.1 Phase 1 

Phase 1 results are summarised in Table 6 and provide key inputs for Phase 2. Annual fuel savings 
are converted into fuel cost savings using bunker fuel prices, while CO₂ reductions estimate avoided 
EU ETS carbon costs, which are used in discounted cash flow calculations for NPV and payback 
analysis. 

Table 6. Annual fuel consumption, fuel savings, and CO₂ emission reductions for the baseline vessel 
and Flettner rotor performance scenarios. 

Scenario 
Fuel Consumption 
[t/year] 

Fuel Savings 
[t/year] 

CO₂ Emissions 
Reduction [tCO₂/year] 

Baseline 40,904 – – 

10.5% 36,609.3 4,295.0 13,374.5 

18% 33,541.5 7,362.8 22,927.7 

28.5% 29,246.6 11,657.7 36,802.1 

 

3.2.2 Phase 2 

Figures 8(a) and 8(b) respectively present the simple and discounted payback periods for the 
Flettner rotor retrofit under market conditions represented by the 25th, 50th and 75th percentiles of 
historical fuel and carbon prices.  
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Figure 8. Simple payback period (a) and discounted payback period (b) for the three Flettner rotor 
performance scenarios under different market fuel price percentiles 

Across all cases, payback improves as propulsion savings increase from 10.5% (scenario a) to 
28.5% (scenario c). Simple payback ranges from 9.1 to 2.7 years at the 25th percentile, 7.1 to 2.2 
years at the 50th percentile, and 6.2 to 2.0 years at the 75th percentile. Discounted payback ranges 
from 16.1 to 3.1 years, 10.5 to 2.5 years, and 8.7 to 2.2 years, respectively. These results fall within 
ranges reported in previous wind-assisted ship propulsion studies. For example, Reche-Vilanova 
(2025) reports payback periods of 3-8 years, while DNV (2021) and Norsepower (2022) indicate that 
high-performing installations on large vessels can achieve payback within 2-6 years. The close 
agreement with literature supports the realism of the techno-economic modelling assumptions. 

Then, the economic performance of the Flettner rotor retrofit is shown in Figures 9(a). NPV increases 
significantly as propulsion savings rise from 10.5% to 28.5%, reaching values between 
approximately 1.3 MUSD and 28 MUSD across the analysed cases. These results highlight the 
strong financial benefit of fuel savings over the vessel lifetime. Furthermore, Figure 9(b) depicts the 
cumulative discounted cashflow, where the investment recovers the initial CAPEX after 
approximately 4.4 years, after which sustained positive economic returns for the remainder of the 
operating period is generated. 

     

Figure 9. NPV results (a) for the Flettner rotor scenarios under different fuel price cases (P25, P50, 
P75), and cumulative discounted cashflow (b) showing the discounted payback period. 
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The economic performance of the Flettner rotor retrofit varies with fuel and carbon price 
assumptions. For the medium performance case (scenario b, or 18% savings), Figure 10 quantifies 
the NPV for varying fuel and carbon prices. 

 

Figure 10. NPV sensitivity to different fuel prices and carbon prices for the 18% fuel-saving scenario. 

NPV is shown to increase with both fuel and carbon prices because higher fuel costs increase the 
value of fuel savings, while higher carbon prices raise the financial benefit of emissions reductions. 
The resulting NPV range (8-14.4 MUSD) is consistent with values reported for large commercial 
vessels in previous studies (Reche-Vilanova, 2025; CE Delft, 2016), supporting the validity of the 
modelling assumptions. However, these deterministic results do not capture the volatility of fuel and 
carbon markets, which can significantly influence long-term investment outcomes, hence the need 
for Phase 3 

3.2.3 Phase 3 

Figure 11 presents the Monte Carlo simulation results for NPV and Eco-NPV across the three 
Flettner rotor performance scenarios. Each histogram shows the distribution of outcomes from 
10,000 simulations, while the vertical lines represent the P10, mean, P50 (median), and P90 
percentiles. In the 10.5% case, shown in Figures 11(a) and 11(b), the mean NPV is ~2.5 MUSD, 
with P10 slightly negative, indicating a small risk of loss but generally positive outcomes. In the 18% 
scenario, depicted in Figures 11(c) and 11(d), the mean increases to ~10.6 MUSD, with P10 
remaining strongly positive, showing robust profitability. Lastly, the 28.5% scenario, presented in 
Figures 11(e) and 11(f), produces the strongest results, with mean values ~22 MUSD and P10 above 
18 MUSD, indicating high financial resilience. Differences between NPV and Eco-NPV are minimal, 
suggesting lifecycle carbon costs have limited impact on overall investment viability. Overall, the 
distributions are narrow, indicating stable simulation behaviour with limited extreme outcomes. The 
small gap between NPV and Eco-NPV shows that including lifecycle carbon costs slightly lowers 
returns but does not change the overall economic viability of the investment. 
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Figure 11. Monte Carlo distributions of NPV (a, c, e) and Eco-NPV (b, d, f) for the 10.5%, 18%, and 
28.5% fuel-saving scenarios, showing uncertainty ranges and key percentiles (P10, P50, mean, 
P90). 

Figure 12 presents the uncertainty ranges for the SPB and DPP derived from the Monte Carlo 
simulations across the three fuel-saving scenarios. The markers represent the median values (P50), 
while the error bars show the P10-P90 uncertainty ranges. In the 10.5% savings scenario, the 
median SPB is ~8 years, while the DPP increases to 11-12 years because of discounting future cash 
flows. The uncertainty range is wider in this case, reflecting the greater sensitivity of the investment 
to fuel and carbon price variability under lower performance assumptions. 
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Figure 12. Monte Carlo uncertainty ranges for SPB and DPP across the three fuel-saving scenarios. 
Markers represent median values (P50) and error bars show the P10-P90 range. 

Figures 13(a) and (b) present the Monte Carlo cumulative discounted cashflow over the 25-year 
project lifetime under the 10.5% and 28.5% case saving, respectively. The solid black line represents 
the median cumulative net cashflow, while the shaded regions indicate the uncertainty ranges (50%, 
80%, and 95% confidence intervals) generated from the simulations. 

   

Figure 13. Monte Carlo cumulative discounted cashflow for the 10.5% (a) and 28.5% (b) scenarios, 
showing the median and uncertainty ranges. 

In Figure 13(a), cumulative cashflow increases steadily, reaching ~18-20 MUSD by Year 25. The 
widening shaded bands show increasing uncertainty over time due to fuel and carbon price 
variability, but the median trend remains positive, indicating consistent profitability. In Figure 13(b), 
cumulative cashflow grows faster, reaching ~60 MUSD by Year 25. The steeper slope reflects higher 
fuel savings and stronger economic performance, while the expanding uncertainty bands still 
maintain a clearly positive median outcome. 
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4. CONCLUSIONS 

In this work, and integrated framework combining well-to-wake life cycle assessment with an AI-
assisted techno-economic model was presented for wind assisted ship propulsion, and applied to 
the case study of a containership equipped with Flettner rotors. The findings highlights that well-to-
tank emissions, often overlooked from regulations, are not negligible. Furthermore, the life cycle of 
Flettner rotors is primarily driven by emissions during end-of-life and manufacturing. The use of AI 
for techno-economic assessment, particularly for long term while accounting for uncertainty was also 
evidenced, with the Random Forest model outperforming the SARIMA one. This work provides novel 
insights into the use of AI for maritime decarbonisation, and the integration of life cycle assessment 
for techno-economic assessments, further supporting the environmental and economic viability of 
wind-assisted ship propulsion. Future work may focus on expanding the current work to a wider 
parameter space, with additional variables (ship type, ship speed, wind propulsion systems, etc), 
considerations for application to alternative fuels, increased robustness of the AI forecasting models, 
and the inclusion of dynamic wind conditions and route strategies to quantify actual savings thanks 
to wind propulsion instead of the present scenarios for low, medium and high expected savings. 
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