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Executive Summary

This report details the development and evaluation of data-driven machine learning (ML) models for
assessing the impact of Wind Assisted Ship Propulsion (WASP) systems, specifically eSAILs
(developed by Bound4Blue B4B), on ship shaft power during sea trials. The research utilized
comprehensive operational data collected from a vessel equipped with two eSAILs.

A significant initial challenge has involved imputing missing Speed Through Water (STW) values.
Initial attempts using external sea current data proved unreliable due to insufficient temporal and
spatial resolution, yielding a negative R? value (-0.207). A simpler mean-based imputation showed
marginal improvement (R? = 0.18), but a regression-based imputation method outperformed both,
achieving an R? of 0.56.

Key features influencing shaft power were identified through a combination of statistical metrics
(Distance Correlation and Mutual Information) and domain knowledge. These included STW, rudder
angle, apparent wind speed and angle, significant wave height, relative wave angle, loading
condition, and eSAIL status. The consistency between these quantitative measures and physical
principles reinforced the robustness of the chosen predictors.

The Random Forest Regressor was identified as the optimal model for shaft power prediction after
systematic evaluation and hyperparameter tuning. It achieved an R? of 0.9951 on the unseen test
set, with a Root Mean Squared Error (RMSE) of 12.2 kW and a Mean Absolute Percentage Error
(MAPE) of 1.29%. This high accuracy and generalization capability confirm the model's suitability for
reliable shaft power estimation under varying operational conditions.

The estimation of power savings was conducted using two distinct methods

= Method A: involving counterfactual predictions by artificially reversing the eSAIL status,
indicated average power savings of approximately 7.2% for Loading Condition 1 (LC1).
However, it showed negligible savings for Loading Condition 2 (LC2). This method
highlighted the challenge of making "out-of-distribution" predictions when the model
encounters feature combinations that are not well-represented in its training data.

= Method B, which utilized a synthetic dataset generated within observed overlapping
operational intervals, provided a more robust estimate. This approach confirmed average
power savings of 7.2% for LC1, aligning with Method A. However, Method B also indicated
no clear power savings for LC2, with predictions for 'ON' and 'OFF' statuses largely
overlapping. This lack of discernible savings for LC2 is likely attributable to a combination of
factors: the smaller dataset available for LC2, the specific operational conditions (e.g., lower
apparent wind speeds) experienced during LC2 sea trials, which resulted in lower theoretical
eSAIL drive force, and the inherent overlap in measured shaft power values between 'ON'
and 'OFF' states for this loading condition.

In addition to the data-driven analysis, the same sea trial dataset was further examined through a
methodology proposed by the International Towing Tank Conference (ITTC). While the
abovementioned approach provides estimates of relative power differences between ‘ON’ and ‘OFF’
operational states under similar environmental conditions, the ITTC framework evaluates the
effective propulsion benefit by taking into consideration the additional power that would be required
in the absence of the WPT to achieve the same speed observed during the ‘ON’ operation. This
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methodology also incorporates corrections for variations in wind conditions and accounts for
superstructure and idling WPT resistance.

The derived power differences ranged from approximately -391 kW to -564 kW for LC2 and from -
57 kW to -165 kW for LC2 after correction. These results indicate a clear measurable benefit of the
eSAIL system, with a stronger effect under the higher wind conditions of LC1. Both the ML-based
predictions of shaft power and the ITTC methodology provide a complementary perspective on
system performance, enhancing the interpretability of the results.

In conclusion, the developed ML model provides an accurate tool for predicting ship shaft power
based on sea trial data. The analysis suggests a quantifiable average power saving of approximately
7.2% when the eSAIL system is active under Loading Condition 1, while the ITTC-based analysis
further confirms a measurable power difference under comparable conditions, reinforcing the
observed benefit of the system. While the model demonstrates high predictive power, the current
dataset's limitations, particularly its size and the operational conditions captured for LC2, restrict the
ability to confidently assert power savings across all scenarios. Future work should focus on
conducting more extensive sea trials, covering a wider range of operational envelopes and
environmental conditions, especially for Loading Condition 2, to further validate and refine the
estimated power savings and fully leverage the potential of data-driven models.
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1 Introduction

The maritime industry increasingly focuses on enhancing energy efficiency and reducing its
environmental footprint. A promising avenue for achieving these goals lies in the adoption of Wind
Assisted Ship Propulsion (WASP) systems, such as the eSAILS developed by the company
Bound4Blue (B4B). These innovative technologies harness wind energy to supplement conventional
propulsion, thereby reducing fuel consumption and emissions. Accurately assessing the
performance and impact of such systems during real-world operations, particularly during sea trials,
is paramount to validating their efficacy and promoting their widespread adoption. Data-driven
approaches leveraging artificial intelligence and machine learning (Al/ML) can capture the complex
interplay of environmental factors and operational parameters and constitute a promising
complement to traditional physics-based and empirical methods for performance evaluation.

The primary objective of Task 7.2 was to develop data-driven machine learning models based on
comprehensive data collected during sea trials. The core aim was to precisely assess the impact of
the installed eSAILS under varying operational conditions on the vessel's shaft power. The scope of
this investigation specifically covered the analysis of short-term operational data, focusing on periods
when the eSAIL system was active ("ON") versus inactive ("OFF"). This comparative analysis
provides a robust framework for quantifying the energy savings attributable to the eSAIL system.

The dataset utilized for this study was collected from a vessel equipped with two eSAIL during a
series of sea trials. The dataset comprises five distinct runs, each approximately one hour in
duration, with a consistent sampling frequency of 15 seconds. Across the entirety of the collected
data, the eSAIL system was observed to be active for 42.8% of the total recorded time. Key data
conventions used during data collection include defining the ship's heading with 0 degrees
corresponding to North, apparent wind angle (AWA) with 0 degrees corresponding to headwind, and
rudder angle with negative values indicating a turn to port. The measurement sensors for apparent
wind speed (AWS) and AWA were installed at a height of 26 m above the waterline.

Section 2 presents an exploratory data analysis of the operational parameters, along with the
development of new features for use in model building. A key focus is the treatment of missing data,
particularly Speed Through Water (STW) values. Given the limited size of the dataset, multiple
imputation methods were explored and systematically validated. Section 3 outlines the development
of the shaft power prediction model. It begins with feature selection, where relevant parameters are
identified through appropriate correlation analyses, ensuring that the choice is both statistically
robust and physically meaningful. Subsequently, several candidate machine learning algorithms are
explored, along with systematic tuning of their hyperparameters. The chosen model is then rigorously
evaluated using multiple performance metrics and statistical validation tests to confirm its suitability
and reliability. Section 4 focuses on estimating power savings based on the developed model. It
begins with an assessment of the comparability between ON and OFF operating conditions.
Furthermore, the analysis examines whether the operating conditions indicate scenarios in which
the WASP system is the most effective. To this end, a comparison is made between the observed
wind conditions and the expected driving forces. To proceed with the power savings predictions, two
methods are employed to account for potential limitations of the model. In parallel with the data-
driven analysis, the same sea trial measurements were also examined in Section 5 using a post-
processing methodology in line with the International Towing Tank Conference (ITTC)
Recommended Procedures and Guidelines for the assessment of wind assisted propulsion systems.
This approach follows the standardized framework for sea trial analysis and focuses on extracting
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power differences at the sea trial conditions, while accounting for the influence of environmental
factors, such as wind speed and wind angle. The combined application of data-driven and ITTC-
based methodologies can provide a complementary perspective on the performance of the eSAIL
system and enhance the transparency of the results. Finally key conclusions are discussed in
Section 6, while in Appendix | is provided a complementary physics-based approach for the relevant
predictions supported by the input provided in Appendix II.
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2 Data Preparation and Feature Engineering

2.1 Preliminary Data Analysis

Initial exploratory analysis of the raw sea trial data provided a foundational understanding of the
dataset's characteristics and highlighted critical areas requiring pre-processing. The full dataset
comprised 1,319 samples, distributed across two loading conditions: Loading Condition 1 (LC1) and
Loading Condition 2 (LC2).

1. LCA1: characterized by a mean draft of 4.250m and a trim of -0.700 m, accounting for 846
samples.

2. LC2: characterized by a mean draft of 3.075 m and a trim of -1.450 m, accounting for 473
samples.

This distribution indicates that LC1 was nearly twice as represented as LC2 in the dataset, a factor
that could influence the generalizability of findings, particularly for LC2. Furthermore, the dataset
exhibited a distribution between system statuses, with the eSAIL system being 'OFF' for 754 samples
(57.2%) and 'ON' for 565 samples (42.8%). A significant data quality issue that was identified during
this preliminary phase is the presence of missing values in the Speed Through Water (STW) column.
Out of the 1,319 total samples, 213 samples (16.1%) had missing STW values. A closer examination
revealed a slightly higher percentage of missing STW values when the system was 'OFF' (129
samples, 17.1%) compared to when it was 'ON' (79 samples, 14.0%). The relatively small overall
dataset size of 1,319 samples underscored the necessity of imputing these missing values rather
than simply deleting them, as discarding 16.1% of the data would significantly reduce the available
information for model training and potentially compromise the robustness of the subsequent analysis.

Table 1 summarizes the loading conditions, Table 2 presents the system status distribution, and
Table 3 presents the prevalence of missing STW values.

Table 1: Summary of Loading Conditions and Sample Distribution.

Loading Condition Mean Draft (m) Trim (m) Samples
LC1 4.250 -0.700 846
LC2 3.075 -1.450 473
Table 2: Distribution of eSAIL Status and Missing STW Values.
Status Missing STW Mean STW (kn)
OFF 129 (17.1%) 8.56
ON 79 (14.0%) 9.53

Table 3: Distribution of Samples, eSAIL Status, and Missing STW Values Across Runs.

Dataset Samples Status OFF Missing STW
Run 1 (LC1) 260 155 (59.6%) 48 (18.5%)
Run 2 (LC2) 239 159 (66.5%) 43 (18.0%)
Run 3 (LC2) 234 154 (65.8%) 33 (14.1%)
Run 4 (LC1) 323 124 (38.4%) 49 (15.2%)
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Run 5 (LC1) 263 162 (61.6%) 40 (15.2%)
Full 1,319 754 (57.2%) 213 (16.1%)

Figure 1 to Figure 5 show the change in SOG and Shaft Power over time for OFF and ON statuses,
across five sea trial runs. Figure 7 to Figure 10 illustrate the relative frequency distribution of the key
variables under different operational states and loading conditions, providing insights into the wind
conditions experienced during sea trials.

Shaft Power and SOG vs. Time for Run 1
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Figure 1: Time series plot of SOG (kn) and Shaft Power (kW) for OFF and ON statuses for Run 1.
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Figure 2: Time series plot of SOG (kn) and Shaft Power (kW) for OFF and ON statuses for Run 2.
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Shaft Power and SOG vs. Time for Run 3
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Figure 3: Time series plot of SOG (kn) and Shaft Power (kW) for OFF and ON statuses for Run 3.
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Figure 4: Time series plot of SOG (kn) and Shaft Power (kW) for OFF and ON statuses for Run 4.
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Figure 5: Time series plot of SOG (kn) and Shaft Power (kW) for OFF and ON statuses for Run 5.
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ON status: Histogram of ShaftPower kW
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Figure 6: Histograms of Shaft Power (kW) for OFF and ON statuses.
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Figure 7: Histograms of Shaft Power (kW) for Loading Conditions LC1 and LC2.
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Figure 9: Histograms of STW (kn) for Loading Conditions LC1 and LC2.
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Figure 10: Histograms of Wind parameters (AWS in kn, AWA in deg) for Loading Conditions LC1 and LC2,
comparing OFF and ON statuses.

2.2 Feature Engineering

To enhance the predictive power of the ML models, several new features were engineered from the
raw sea trial data. These transformations were designed to capture more meaningful relationships
between the environmental and operational parameters and the vessel's shaft power.

First, the Relative Wave Angle (Rel_Wave_Ang_deg) was calculated. This feature is derived by
subtracting the Course Over Ground (COG_deg) from the Mean Wave Direction (MWD _deg). The
resulting angle was then normalized to a range of [-180, 180] degrees. This normalization is critical
because the relative angle between the vessel's heading and the wave direction directly influences
wave-induced resistance and, consequently, shaft power. A value of 0 degrees signifies head waves,
+/-180 degrees indicate following waves, and +/-90 degrees represent beam waves, which aligns
with standard practices in naval hydrodynamics for analyzing wave effects on vessel performance.
The process involved a modulo operation to keep the angle within 360 degrees, followed by a
conditional adjustment to bring it into the [-180, 180] range.
.
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Second, the categorical 'Status' variable, which indicated whether the eSAIL system was 'ON' or
'OFF', was transformed through one-hot encoding into a binary numerical variable named
Status_ON. This involved assigning a numerical value of 1 when the system was 'ON' and 0 when it
was 'OFF'. This conversion is essential for ML algorithms, as they typically require numerical inputs
to process information. By encoding the status this way, the model can explicitly learn the distinct
impact of the eSAIL's operational state on shaft power.

Third, the discrete numerical variables representing the ship's loading conditions, “MeanDraft_m”
and “trim_m”, were also transformed using one-hot encoding. These two variables, while numerical,
took on only two specific sets of values, effectively representing two distinct loading conditions. A
single boolean variable, “Loading_Condition_2", was created. This variable takes a value of 1 if the
loading condition matches LC2 and 0 if it matches LC1. This approach treats the loading conditions
as distinct categorical factors rather than continuous numerical values, simplifying the feature space
for efficiency.

2.3 Handling Missing STW Values
2.3.1 Issue and Imputation Necessity

A notable challenge in the dataset was the presence of missing values, particularly within the STW
(Speed Through Water) column. Out of the total 1,319 samples, five samples were empty of data
across all columns and were consequently excluded from the analysis. More critically, 208 samples
had missing values exclusively in the STW column.

Given the small size of the overall dataset, the deletion of these 208 samples, representing
approximately 16.1% of the available data, was deemed unacceptable. Such a reduction would lead
to a significant loss of valuable information, potentially hindering the model's ability to learn robust
patterns and generalize effectively. Therefore, imputation was identified as a necessary step to retain
as much information as possible for subsequent model training and analysis.

2.3.2 Sea Current-Based STW Calculation

An initial attempt to impute STW values involved leveraging external sea current data, based on the
fundamental vector relationship: Speed Over Ground (SOG) is the vector sum of Speed Through
Water (STW) and Sea current. Sea current data was obtained from the Copernicus database using
the vessel’s geographic coordinates (longitude and latitude) during sea trials.

SOG = STW + current (1)
The approach involved decomposing SOG and Current into their X and Y components:
S0G, = SOG sin(COG) (2)
S0G, = SOG cos(COG) (3)
From these, the STW components (STW,, STW, ) were derived:
STW, = SOG,, — current, 4)
STW, = S0G,, — current,, (5)
D7.3 — Sea trial data processing using Al methods
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STW = \/STWxZ + STW)? (6)

The calculated STW values were then compared against the 1,106 actual STW measurements
available in the dataset to assess the accuracy of this imputation method. The evaluation revealed
significant inaccuracies, as summarized in Table 4 below:

Table 4: Performance Metrics for Current-Based STW Imputation.

Error Metric Value
Bias 0.70 knots

MAPE 9.96%

R2 -0.207

The results indicated a Bias of 0.70 knots, a Mean Absolute Percentage Error (MAPE) of 9.96%, and
a notably negative R? value of -0.207. An R? value below zero suggests that the model's predictions
are worse than simply predicting the mean of the measured data, indicating a very poor fit and
unreliability.

The primary challenges encountered with this current-based calculation stemmed from the low
temporal and spatial resolution of the acquired sea current data, which was sourced from the
Copernicus database. This insufficient resolution prevented the accurate capture of actual, localized
sea current conditions and their complex interaction with the vessel. This outcome highlights a critical
aspect of data-driven modelling: even a theoretically sound physical model can yield poor results if
the quality and resolution of its input data are inadequate. The inability to accurately represent real-
world phenomena at the necessary granularity rendered this physically derived imputation method
unreliable for this specific application.

2.3.3 Mean Imputation

In contrast to the complex current-based method, a simpler mean imputation approach was
evaluated. This method involved calculating the mean STW values separately for 'ON' and 'OFF'
statuses based on the available data, ignoring any missing values. The methodology for evaluation
involved splitting the 1,106 samples with available STW values into training (70%) and testing (30%)
sets. Mean STW values were computed from the training set, classified by the 'Status' (ON/OFF),
and these calculated means were then used as predictions on the test set.

The results of the mean-based imputation, while simplistic, showed an improvement over the current-
based method, as detailed in the table sotto:

Table 5: Performance Metrics for Mean-Based STW Imputation.

Error Metric Value
MAE 0.69 knots
MAPE 8.11%
R2 0.18

The mean-based imputation yielded a Mean Absolute Error (MAE) of 0.69 knots, a MAPE of 8.11%,
and an R? of 0.18. While these metrics represent an improvement over the negative R? of the current-
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based method, indicating a better fit, the approach was still considered simplistic. It failed to capture
the intricate relationships within the data, and its performance was ultimately deemed insufficient for
the operational needs of the research.

2.3.4 Regression Imputation

As a more sophisticated alternative, a regression-based imputation method was employed. This
approach involved training a regression model on the available data to predict the missing STW
values. This method leverages the observed relationships between STW and other ship and
environmental parameters to make more informed and context-aware imputation, rather than relying
on simple averages or external, low-resolution data. The following input variables were used in the
regression model: SOG, Shaft Power, Rudder Angle, AWS, AWA, SWH, Relative Wave Angle,
Loading_Condition_2, Status_ ON.

The regression imputation yielded superior results compared to both previous methods, as shown

in Table 6.
Table 6: Performance Metrics for Regression-Based STW Imputation.
Error Metric Value
Bias 0.56 knots
MAPE 6.37%
R2 0.56

These metrics represent a substantial improvement, with a Bias of 0.56 knots, a MAPE of 6.37%,
and an R? of 0.56. The higher R? value indicates that the regression model explains a considerable
proportion of the variance in STW.

A direct comparative analysis of the three imputation methods was conducted to determine the most
effective strategy for handling the missing STW values. The performance metrics for each method
are consolidated in Table 7.

Table 7: Comparative Performance of STW Imputation Methods.

Error Metric Sea-Current Based Mean-Based Regression
Bias 0.70 knots 0.69 knots 0.56 knots
MAPE 9.96% 8.11% 6.37%
R2 -0.207 0.18 0.56

The comparative analysis demonstrated that regression imputation yielded the best results across
all evaluated error metrics, exhibiting the lowest Bias and MAPE, and the highest R2. The robust
performance of the regression method solidified to be selected as the method for addressing missing
STW values in the dataset, ensuring the integrity and completeness of the data for subsequent
modelling. Figure 11 to Figure 13 visually compare the performance of different imputation
techniques, while Figure 13 to Figure 15 present the error distribution for each imputation approach.
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Figure 11: Calculated STW vs. Onboard Measurement STW for the Sea-Current-Based Imputation method.
This scatter plot visually compares the performance of the imputation technique against actual measured
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Figure 12: Calculated STW vs. Onboard Measurement STW Mean-Based Imputation method. This scatter
plot visually compares the performance of the imputation technique against actual measured values.
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Figure 13: Calculated STW vs. Onboard Measurement STW for the Regression Imputation method. This
scatter plot visually compares the performance of the imputation technique against actual measured values.
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Figure 14: Distribution of Differences (STW Measured - STW Calculated) for the Sea-Current-Based method.

This histogram illustrates the error distribution for the imputation approach.
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Figure 15: Distribution of Differences (STW Measured - STW Calculated) for the Mean-Based Imputation
method. This histogram illustrates the error distribution for the imputation approach.
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Figure 16: Distribution of Differences (STW Measured - STW Calculated) for the Regression Imputation
method. This histogram illustrates the error distribution for the imputation approach.
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3 Shaft Power Prediction Model Development

3.1 Feature Selection

The primary objective of this stage was to identify the most relevant features from the pre-processed
dataset that significantly influence the Shaft Power, ensuring accurate and efficient model prediction.
This process involved a combination of statistical methodologies and domain knowledge.

Two key statistical methods were employed to quantify the relationships between candidate features
and the target variable:

e Distance Correlation: This metric assesses the dependency between Shaft Power and each
candidate feature, capturing both linear and non-linear relationships. Unlike traditional Pearson
correlation, distance correlation can detect dependencies even when variables are uncorrelated
in the Pearson sense [1]. A zero-distance correlation implies independence, making it a robust
measure for feature relevance.

e Mutual Information: Rooted in information theory, mutual information quantifies the amount of
information obtained about the target variable (Shaft Power) through the observation of a given
feature [2]. Features with higher mutual information scores are considered more informative
and relevant for prediction, capable of handling both linear and non-linear relationships.

Beyond these statistical metrics, domain knowledge was leveraged to validate and refine the feature
selection process. This ensured physical plausibility and operational relevance of the chosen
predictors, reinforcing the data-driven findings with practical understanding.

Table 8 presents the distance correlation and mutual information scores for each candidate feature:

Table 8: Distance Correlation and Mutual Information Scores for Candidate Features.

Feature Name Distance Correlation Mutual Information
SOG_kt 0.2146 0.2669
STW kt 0.3534 0.3234
ShaftSpeed rpm 0.0892 0.1187
RudderAngle_deg 0.6205 0.4903
AWS kt 0.8014 0.5564
AWA deg 0.9226 0.7294
SWH_m 0.4389 1.2291
Rel_Wave_Ang_deg 0.5654 0.5883
Loading_Condition_2 0.9898 0.6527
Status_ ON 0.2565 0.4363

Analysis of the scores revealed several important patterns. For distance correlation, high values
were observed for Loading Condition 2 (0.9898), AWA (0.9226), AWS (0.8014), and Rudder Angle
(0.6205). These high scores indicate strong dependencies, encompassing both linear and non-linear
relationships between these variables and shaft power. It was also observed that STW (0.3534)
exhibited a higher distance correlation than SOG (0.2146), which is hydrodynamically sound as
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speed through water is directly related to hull resistance and thus power demand. Conversely, Shaft
Speed showed a very low distance correlation (0.0892), consistent with the fact that RPM was kept
nearly constant during the sea trials, offering minimal explanatory significance for variations in shaft
power.

In terms of mutual information, high scores were recorded for SWH (1.2291), AWA (0.7294), Loading
Condition 2 (0.6527), and Relative Wave Angle (0.5883). AWS also showed a strong score (0.5564).
Similar to distance correlation, Shaft Speed exhibited a very low mutual information score (0.1187),
further confirming its limited utility for predicting shaft power variations in this specific dataset. Figure
17 and Figure 18 summarizes the results of distance correlation and mutual information between
Shaft Power and candidate features.

Distance Correlation
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Figure 17: Bar Chart of Distance Correlation between Shaft Power and Candidate Features.
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Mutual Information
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Figure 18: Bar Chart of Mutual Information between Shaft Power and Candidate Features.

The consistency between statistical feature importance metrics (Distance Correlation and Mutual
Information) and domain knowledge reinforces the robustness of the selected features. For instance,
it is expected that Shaft Speed presents a very low correlation and mutual information with Shaft
Power, as the RPM was maintained at a near-constant level during the sea trials. If Shaft Speed
does not vary significantly, it cannot explain variations in power, even though it is fundamentally
linked to it . It shall be noticed that the current ship uses a Controllable Pitch Propeller (CPP), which
justifies the derived results. Conversely at Loading Condition 2, AWA, AWS, Rudder Angle, SWH,
and Relative Wave Angle all exhibited high scores. These are all physically intuitive drivers of ship
resistance and power: Loading Condition 2 directly impacts the hull submerged volume and shape,
thereby affecting resistance; AWA and AWS are directly related to aerodynamic resistance and
eSAIL thrust; Rudder Angle induces drag, increasing power; SWH and Relative Wave Angle are
critical for wave-induced resistance. The higher relevance of STW over SOG for hydrodynamic
resistance was also reflected in its higher correlation.

Based on the combined insights from distance correlation, mutual information, and domain
knowledge, the features that were selected as inputs for the shaft power prediction model are listed
in Table 9.
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Table 9: Selected Features for Shaft Power Prediction Model.
Selected Features
STW_kt
RudderAngle_deg
AWS_kt
AWA_deg
SWH_m
Rel_Wave_Ang_deg
Loading_Condition_2
Status ON

3.2 Model Selection and Hyperparameter Tuning

The objective of this stage was to systematically evaluate a diverse range of regression models and
optimize their hyperparameters to identify the best-performing model for predicting Shaft Power. This
approach aimed to capture the complex relationships within the data effectively.

A comprehensive set of regression models was considered, each with distinct characteristics:

e Linear Regression: This is a fundamental statistical model that assumes a linear relationship
between the input features and the target variable. It is valued for its simplicity and
interpretability.

e Ridge Regression: An extension of linear regression, Ridge Regression introduces an L2
regularization penalty to the model's coefficients. This technique is particularly useful for
mitigating multicollinearity (high correlation among independent variables) and improving the
stability of the model, especially in scenarios with many parameters.

e Decision Tree Regressor: This is a non-linear, rule-based model that partitions the data into
smaller subsets based on simple rules derived from the input features. It works by creating a
tree-like structure to predict continuous values.

e Bagging Regressors (Linear and Shallow Tree): Bagging (Bootstrap Aggregating) is an
ensemble meta-estimator that fits multiple base regressors on random subsets of the original
dataset (drawn with replacement). The individual predictions from these base models are then
aggregated (typically by averaging for regression tasks) to form a final prediction. This method
primarily aims to reduce the variance of a black-box estimator, such as a decision tree, by
introducing randomization.

e Random Forest Regressor: This is an ensemble learning method that builds a multitude of
decision trees during training. Each tree is constructed from a different, bootstrapped subset of
the data, and the final prediction is the average of the predictions from all individual trees.
Random Forests are highly effective at mitigating the common problem of overfitting in single
decision trees and generally provide a significant boost in predictive performance.

e Extra Trees Regressor: they are also known as Extremely Randomized Trees. This ensemble
method is similar to Random Forest but introduces additional randomization. Instead of
searching for the optimal split point at each node, Extra Trees randomly generates several split
points for each feature and picks the best among these random splits. It typically uses the entire
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dataset for each tree, which often results in faster training while maintaining comparable
predictive performance.

e Gradient Boosting Regressor: This ensemble technique builds a series of decision trees
sequentially, where each new tree is specifically designed to correct the residual errors (the
differences between actual and predicted values) of the combined previous models. This
iterative error-correction process, where each new model focuses on fixing the mistakes of its
predecessors, leads to highly accurate predictions.

To ensure a robust model evaluation and prevent overfitting to a single train-test split, a 5-fold cross-
validation strategy was employed. The dataset was first shuffled to randomize the order of samples
before being divided into five equal folds. In each iteration of the cross-validation, the model was
trained on four folds and validated on the remaining one. The performance metrics were then
averaged across all five iterations, providing a more reliable estimate of the model's generalization
performance.

For each model, the hyperparameter space was searched systematically for the optimal
combination. This involved defining a grid of hyperparameter values for each model (e.g.,
regularization strength alpha for Ridge Regression, maximum depth and minimum samples per leaf
for tree-based models, and number of estimators for ensemble methods). The hyperparameter
values explored for each ML algorithm are detailed in Table 10. Every possible combination within
the defined grid was evaluated using the specified cross-validation strategy. The model and
hyperparameter combination that yielded the best performance, based on the chosen scoring metric
(Negative Root Mean Squared Error), was then selected.

Feature standardization ((i.e., rescaling features to zero mean and unit variance) was performed for
models that are sensitive to feature scaling, such as Linear Regression and Ridge Regression. Tree-
based models (Decision Tree, Random Forest, Extra Trees, Bagging with Shallow Tree) are
generally investitive to feature scaling, so feature standardization was not performed for them, to
avoid unnecessary computations+.

Following the exhaustive grid search and cross-validation process, the Random Forest Regressor
was identified as the best-performing model for predicting Shaft Power. The model achieved optimal
performance with a maximum tree depth of 15, a minimum of 5 samples per leaf, and 200 estimators.
The best Root Mean Squared Error (RMSE) achieved by this configuration was 11.9 kW.

Simpler linear models, while interpretable, often struggle to capture data complexities. Ensemble
methods like Random Forest excel by combining multiple "weak" learners (decision trees) to model
these complex interactions effectively. This approach also provides more stable and accurate
predictions than single models, crucial for reliable power prediction. Table 11 lists the mean cross-
validated RMSE of each ML algorithm.
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Table 10: Overview of the hyperparameter values explored for each ML algorithm using grid search
combined with cross-validation.

ML Algorithm Hyperparameter Grid Values
Linear Regression - -
Ridge Regression alpha 0.1,1.0,10.0

Decision Tree Max depth None, 5, 10, 20

Min samples leaf 3,5,10
Bagging (Linear Number of estimators 10, 50, 100
Regression) Max samples 0.5,0.8,1.0
. Number of estimators 10, 50, 100
Bagging (Shallow Tree) Max samples 0.5,0.8,1.0
Number of estimators 50, 100, 200
Random Forest Max depth 5,10, 15, 20
Min samples leaf 3,5,10
Number of estimators 50, 100, 200
Extra Trees Max depth 5,10, 15, 20
Min samples leaf 3,5,10
Number of estimators 50, 100, 200
. . Learning rate 0.01,0.1,0.2
Gradient Boosting Max depth 3.5 10
Min samples leaf 3,5,10
Table 11: Mean Cross-Validated RMSE for Each ML Algorithm.
ML Algorithm Mean cross-validated RMSE [kW]
Linear Regression 25.2
Ridge Regression 25.0
Decision Tree 15.7
Bagging (Linear Regression) 20.5
Bagging (Shallow Tree) 12.3
Random Forest 11.8
Extra Trees 12.0
Gradient Boosting 12.0

3.3 Model Evaluation

A comprehensive evaluation of the selected Random Forest Regressor's performance was
conducted on both the training and an independent test set (a subset of the data not used during
training). This assessment utilized several key regression metrics to provide a holistic view of the
model's accuracy and generalization capabilities.

The model's performance was assessed using the following metrics:

e R? (Coefficient of Determination): this metric represents the proportion of the variance in the
dependent variable (Shaft Power) that is predictable from the independent variables. An R?

A

D7.3 — Sea trial data processing using Al methods &

Dissemination level — PU x
Page 33 of 73



== RETROFITS5

Funded by
the Eurepean Union

Horizon Europe programme, grant agreement No. 101096068

value close to 1 indicates that the model explains a large proportion of the variance, signifying

an excellent fit.

e RMSE (Root Mean Squared Error): RMSE is calculated as the square root of the average of
the squared differences between predicted and actual values, giving higher weight to larger

errors.

e MAE (Mean Absolute Error): MAE measures the average magnitude of the errors, where all
individual differences between predicted and actual values are weighted equally. It is less
sensitive to outliers compared to RMSE.

e MAPE (Mean Absolute Percentage Error): MAPE expresses accuracy as a percentage of the

actual values, providing a relative measure of prediction accuracy.

The evaluation results for the Random Forest model are summarized in Table 12:

Table 12: Performance Metrics of the Random Forest Regressor on Training and Test Sets.

Evaluation Metric Training Set (80%) Test Set (20%)
R? 0.9979 0.9951
RMSE (kW) 8.0 12.2
MAE (kW) 6.2 9.7
MAPE 0.82% 1.29%

The model achieved an R? of 0.9979 on the training set and 0.9951 on the test set. These
exceptionally high R? values indicate that the Random Forest model accounts for nearly all the
variance in shaft power, indicating an excellent model fit. The RMSE values were 8.0 kW on the
training set and 12.2 kW on the test set, while MAE values were 6.2 kW (training) and 9.7 kW (test).
The MAPE values were considerably low, 0.82% for the training set and 1.29% for the test set. These
low absolute and percentage errors confirm the model's high predictive accuracy.

The minimal difference in performance between the training and test sets is a crucial indicator that
the model generalizes very well to test dataset and is not significantly overfit to the training data.
This robustness is essential for reliable application in operational scenarios, where the model will
encounter new, unobserved conditions. The developed Random Forest model demonstrates high
predictive capability for shaft power, making it suitable for assessing the eSAIL’s impact. Figure 19
illustrates the model’s performance by comparing predicted values with measured ones, while Figure
20 highlights that the prediction errors exhibit a random pattern. Moreover, the distribution of
residuals (Figure 21), along with their comparison to a normal distribution using a Q—Q plot (Figure
22) indicates that the residuals are approximately normally distributed. Specifically, the Q-Q plot of
residuals in Figure 22, showing approximately a straight line, confirms that the model's errors are
normally distributed, which is a desirable property for regression models. This implies that the model
is capturing the underlying patterns well and that the errors are random noise, rather than systematic
biases. The learning curve in Figure 23, showing training and cross-validation RMSE converging
and remaining low, suggests that the model is neither underfitting nor overfitting. This indicates that
the current dataset size is likely sufficient for this model configuration. However, further
improvements may require more diverse data or alternative model architectures to better capture
broader operational conditions.
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Figure 19: Predicted vs. Actual Shaft Power on the Test Set. This scatter plot compares the model's
predictions against the true measured shaft power, with points ideally clustering around the diagonal line.

Residuals Plot

[ ]
20 4 (3 L %
¢

10 A odd

Residuals
238

Juid 2
o q' ®

N ®
® L
00 -y
-20 ® &
% L]
e} ® o°
L
-30 - ° °
@
500 600 700 800 200 1000

Actual Shaft Power [kw]

Figure 20: Residuals Plot of the Shaft Power Prediction Model. This plot shows the distribution of prediction
errors (residuals) against actual shaft power, ideally showing a random scatter around zero.
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Figure 21: Distribution of Residuals for the Shaft Power Prediction Model. This histogram illustrates the
frequency distribution of prediction errors, ideally resembling a normal distribution centered at zero.
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Figure 22: Q-Q Plot of Residuals, assessing normality assumptions. This quantile-quantile plot compares the
distribution of residuals against a theoretical normal distribution, with points ideally falling along a straight

line.
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Figure 23: Learning Curve of the Random Forest Regressor, showing training and cross-validation RMSE as
a function of training size. This curve helps diagnose bias-variance trade-off and assess if more data would
significantly improve model performance.
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4 Estimation of Power Savings

4.1 Objective and Approach

The core objective of this section was to quantify the power savings (AP) achieved by the eSAIL
system. This involved a comparative analysis of the vessel's shaft power demand when the eSAlLs
were active versus when they were inactive. The analysis was structured to compare the 'OFF' and
'ON' statuses under the same loading conditions: specifically, 'OFF' versus 'ON' at Loading Condition
1 (LC1) and 'OFF' versus 'ON' at Loading Condition 2 (LC2).

The analytical approach consists of two steps. First, an initial examination of feature histograms was
conducted to understand the distribution of operational parameters across different statuses and
loading conditions. This visual inspection helped to ascertain if the 'ON' and 'OFF' states were
experienced under truly comparable operational conditions. Second, the trained ML model was
deployed to predict and compare shaft power demand between 'ON' and 'OFF' conditions under
similar operational settings (e.g., ship speed, weather), thereby isolating the eSAIL's effect and
providing a controlled basis for estimating power savings.

From the available dataset, four distinct operational scenarios were identified based on loading
condition and eSAIL status, each with a specific number of samples:

Table 13: Operational Scenarios and Sample Counts for Power Savings Analysis.

Loading Condition Status Sample Counts
LC1 OFF 441 samples
LC1 ON 403 samples
LC2 OFF 313 samples
LC2 ON 160 samples

The table sopra defines the specific comparison groups for the power savings analysis. The
significantly lower sample count for LC2-ON (160 samples) compared to other scenarios highlights
a potential limitation regarding the robustness of power savings estimates for this specific scenario.

4.2 Comparison of Histograms and Theoretical Drive Force

Visual comparisons of the histograms for key operational parameters (STW, Rudder Angle, AWS,
AWA, SWH, Relative Wave Angle, Shaft Power) between the 'OFF' and 'ON' statuses for both LC1
and LC2 were performed. These comparisons, shown in Figure 24 to Figure 30, were crucial to
understanding if the operational conditions were truly comparable when the eSAIL system was active
or inactive.
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Figure 24: Comparative Histogram of STW for LC1 and LC2: OFF vs. ON.
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Figure 25: Comparative Histogram of Rudder Angle for LC1 and LC2: OFF vs. ON.
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Figure 26: Comparative Histogram of AWS for LC1 and LC2: OFF vs. ON.
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Figure 27: Comparative Histogram of AWA for LC1 and LC2: OFF vs. ON.
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Figure 28: Comparative Histogram of SWH for LC1 and LC2: OFF vs. ON.
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Figure 29: Comparative Histogram of Relative Wave Angle for LC1 and LC2: OFF vs. ON.
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Figure 30: Comparative Histogram of Shaft Power for LC1 and LC2: OFF vs. ON.

A crucial visualization for contextualizing the eSAlL's performance was the Polar Plot of the
Theoretical Drive Force of the WASP vs. Operational AWS-AWA (Status ON). This plot, shown in
Figure 31, overlays the ship's actual operational wind conditions (Apparent Wind Speed and Angle)
when the eSAIL was 'ON' onto the theoretical drive force (DF) curves of the WASP system.

The process for generating this plot involved several steps:

1. Theoretical drive (longitudinal) force data for the WASP system was derived from the WASP
provider. This data represents the expected thrust generated by the eSAILs under various
wind conditions.

2. The theoretical AWA data was mirrored to cover the full [-180, 180] degree range. This
mirroring allows the polar plot to accurately represent wind from all directions relative to the
vessel.

3. The theoretical data was then filtered to include only specific AWS levels (e.g., 10, 20, 30,
40, 50 knots) to provide clear, representative drive force curves.

4. The theoretical drive force values (DF [kN]) were scaled to fit on the same radial axis as the
operational AWS values. This normalization allows for a direct visual comparison of the ship's
actual operating points against the eSAIL's theoretical performance envelope. The scaling
factor, 90% of the maximum operational AWS, ensured the theoretical curves were visible
within the typical operational wind speed range.

5. Operational AWA values were converted to radians and wrapped to the [-Tr, 1] range for
proper plotting on the polar coordinate system.

Finally, operational data points for AWS and AWA were extracted specifically for 'Status ON' under
both LC1 and LC2. The plot then combined scatter points representing the ship's actual operational
wind conditions (AWS and AWA) with lines representing the theoretical drive force at various wind
speeds.
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Figure 31: Polar Plot of Theoretical Drive Force (DF) of the WASP vs. Operational AWS-AWA (Status ON)
for LC1 and LC2. This plot visualizes the ship's operational wind conditions relative to the eSAIL's theoretical
thrust generation capabilities.

This polar plot provides vital context for interpreting power savings. It visually demonstrates whether
the ship operated in conditions where the eSAIL was theoretically most effective. For instance, if a
significant number of "ON" samples fall outside the high-DF regions of the polar plot, it suggests that
the eSAIL was not always optimally utilized, and that the prevailing weather conditions during those

operational periods were not favourable to generating significant thrust.

4.3 Method A: Estimation of Power Savings (Reversed Status Prediction)

Method A for estimating power savings involved a counterfactual analysis using the trained ML
model. For each of the four identified scenarios (LC1-OFF, LC1-ON, LC2-OFF, LC2-ON), the ML
model was applied, but with the Status ON variable artificially reversed. This means that 'ON'
samples were predicted as if their status was 'OFF', and 'OFF' samples were predicted as if their
status was 'ON'. The average percentage difference between the actual (measured) shaft power in
each dataset and the predicted shaft power under the reversed status was then calculated to

estimate the power savings (AP).
.
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Table 14 presents the actual (measured) shaft power alongside the predicted shaft power under the
reversed status for each scenario, alongside the estimated power savings (AP):

Table 14: Actual vs. Predicted Shaft Power (Reversed Status) for Power Savings Estimation (Method A).

Loading Condition Status Actual SP (kW) Predicted SP AP (%)
(kW)
LC1 OFF 955.5 885.5 (ON) 7.3%
LC1 ON 886.3 952.7 (OFF) 7.0%
LC2 OFF 571.4 567.5 (ON) 0.7%
LC2 ON 564.4 563.8 (OFF) -0.1%

For LC1, the analysis indicated an average power saving (AP) of approximately 7.3% when
comparing actual 'OFF' power to predicted 'ON' power, and 7.0% when comparing actual 'ON' power
to predicted 'OFF' power. This consistency across both directions of comparison suggests a tangible
saving for LC1. However, for LC2, the estimated power savings were negligible: 0.7% (actual 'OFF'
vs. predicted 'ON') and -0.1% (actual 'ON' vs. predicted 'OFF").

A significant limitation of Method A arises from the small dataset size, which captures only a limited
range of operational conditions. This is mainly a data-related constraint rather than a method-specific
one. Within this context, the application of counterfactual analysis in Method A—where the Status
ON variable is artificially reversed—can generate feature combinations that are not represented in
the training data. As a result, the model may be required to operate in an out-of-distribution (OOD)
regime, where prediction reliability is inherently reduced. The consistency observed for LC1 suggests
that sufficient overlap exists in the dataset to support these counterfactual predictions. In contrast,
the negligible savings estimated for LC2 may reflect either OOD effects due to limited data coverage
or a genuine absence of savings under those conditions. This highlights a broader challenge: when
the available dataset does not adequately cover the full range of operating conditions, counterfactual
analyses—and, more generally, causal interpretations based on predictive models—become less
reliable, particularly when they rely on extrapolation beyond the observed data distribution.

4.4 Method B: Estimation of Power Savings (Synthetic Dataset
Approach)

To obtain more reliable estimates of power savings under limited data coverage—particularly where
Method A requires extrapolation—Method B was developed. This approach constructs a synthetic
dataset restricted to operational conditions observed in both ‘OFF’ and ‘ON’ states under comparable
loading conditions, thereby avoiding out-of-distribution predictions.

The methodology for Method B involved three key steps:

1. Identify Overlapping Intervals: For each continuous feature, a range was determined where
data points existed in both 'OFF' and 'ON' statuses under the same loading condition. This
ensures that the synthetic data points represent conditions for which the model has observed
real data in both eSAIL states.

2. Generate a Synthetic Dataset: For each loading condition (LC1 and LC2), a synthetic dataset
of 1,000 samples was created. For each continuous feature, values were sampled from a
random uniform distribution within the overlapping boundaries identified in the first step. This
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approach ensures that the synthetic dataset is representative of the operational envelope where
direct comparisons are valid.

3. Apply the ML Model & Compare Predictions: The trained ML model was run on the synthetic
dataset twice: once with the Status ON variable set to 'OFF' and once with it set to 'ON'. The
predicted shaft power values from these two runs were then compared to estimate the power
savings achieved by the eSAIL system under these controlled, comparable conditions.

The overlapping feature intervals identified for generating the synthetic datasets are detailed in Table
15 and Table 16.

Table 15: Overlapping Feature Intervals for Synthetic Dataset Generation (Scenario 1 - LC1).

Feature Min Max

STW_kt 7.5 10.5
RudderAngle _deg 0 10
AWS_ kt 20 40
AWA_deg -90 -70

SWH_m 3.2 3.45

Rel Wave Ang_deg -150 -100

Table 16: Overlapping Feature Intervals for Synthetic Dataset Generation (Scenario 2 - LC2).

Feature Min Max
STW_kt 7.5 9.5
RudderAngle_deg -3 3
AWS_kt 12.5 20
AWA deg -150 -125
SWH_m 3.25 3.3
Rel_Wave_ Ang_deg 160 180

For the LC1 Synthetic Scenario, the ML model's predictions for shaft power under 'ON' and 'OFF'
statuses showed clearly distinct distributions. Based on this method, the ML model estimated that
the eSAIL system provides an average power saving of 7.2% for Loading Condition 1. This result
aligns closely with the savings estimated by Method A for LC1. Figure 32 illustrates the distribution
of the model's predictions for LC1 synthetic data.
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Figure 32: Comparison of Predicted Shaft Power Distributions for Scenario 1-OFF-Synth vs. Scenario 1-ON-
Synth (LC1 Synthetic Data). These histograms show the model's predictions under synthetic conditions,
highlighting the impact of eSAIL status.

In contrast, for the LC2 Synthetic Scenario, the ML predictions for shaft power under 'ON' and 'OFF'
statuses were largely overlapping, indicating no clear power savings. This suggests that under the
specific operational conditions observed for LC2, the eSAIL system did not provide a discernible

reduction in shaft power. Figure 33 illustrates the distribution of the model's predictions for LC2
synthetic data.
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Figure 33: Comparison of Predicted Shaft Power Distributions for Scenario 2-OFF-Synth vs. Scenario 2-ON-
Synth (LC2 Synthetic Data). These histograms illustrate the model's predictions for LC2 synthetic data,
assessing eSAIL impact.
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This method is considered more robust than Method A because it explicitly considers a range of
operational conditions that the ML model has encountered in both 'OFF' and 'ON' statuses under the
same loading condition. This mitigates the risk of "out-of-distribution" predictions that could arise
from artificially reversing status in Method A. On average, the results of this method align with Method
A, both estimating 7.2% power savings for LC1.

However, Method B also presents some limitations.The absence of clear power savings for LC2 may
be attributed to several factors:

e Smaller Dataset: LC2 contains 44% fewer data points than LC1, potentially leading to poorer
generalization and less robust predictions for this condition.

e Lower AWS Values: The selected range for synthetic data generation is based on the available
sea trial data. The data for LC2 generally had lower Apparent Wind Speed (AWS) values
compared to LC1. Lower AWS values inherently lead to significantly lower theoretical drive force
(DF) from eSAlLs, thus resulting in lower or negligible actual power savings.

e Overlapping Measured Power: In LC2, the measured shaft power values for 'ON' and 'OFF'
statuses exhibited significant overlap, which explains the overlapping model predictions for
power savings.

This analysis underscores the importance of data distribution and quantity for reliable power savings
estimation. While Method B offers a more controlled comparison, the scarcity and nature of data for
LC2 limit the ability to assert power savings for that specific loading condition.
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5 Post-Processing of Sea Trial Data According to ITTC Guidelines

In addition to the data driven analysis presented in the previous sections, the sea trial measurements
were independently processed in accordance with the ITTC Recommended Procedures and
Guidelines 7.5-04-01-02 for assessing the effect of wind propulsion technologies (WPT) [3]. The
objective of this section is to apply the recommended methodology to the same sea trial datasets
and derive the power difference attributed to the WPT under the measured conditions. Due to the
absence of prior speed-power trials or model test results for the examined vessel, certain
assumptions were required, which are explicitly stated. The results presented in this chapter should
therefore be interpreted as indicative values of the power savings achieved at the sea trial conditions,
rather than as fully normalized power savings.

5.1 Overview of the Sea Trial Framework

According to [3], the sea trials consist of paired ON/OFF runs conducted at a reference ship speed,
and over a range of wind directions where the WPT is expected to generate thrust. Each run has a
minimum duration of 15 minutes and a constant course over ground. During OFF runs, the WPT is
deactivated or retracted, depending on the technology type, and transient periods associated with
activation or deactivation are excluded from the evaluation. The paired run sequence adopted during
the sea trials is illustrated in Figure 34.

Approach Measure Approach Measure

Long enough Long enough

‘ to be steady | i Sl T steady ‘ 12 A~
WPT ON WPT OFF

Figure 34: Schematic representation of a paired ON/OFF sea trial run, highlighting the steady-state intervals
used for data averaging and post-processing [3].

A critical aspect of the trial execution is selecting an appropriate power setting. In accordance with
the ITTC recommendations, two approaches are possible:

1. Constant propulsion setting: where the propulsion setting is kept unchanged between the
two runs of a pair. For a fixed pitch propeller this translates into a set point on power using a
power control if available, or a constant setting of engine throttle and shaft speed. For a
controllable pitch propeller, a constant shaft speed and pitch angle is required. This option is
preferred if there is no accurate power meter and the power is estimated using fuel flow.

2. Constant speed setting: where the speed of the second run in a pair is aimed to be the
same as the speed of the first run by adjusting the engine power setting, allowing power to
vary in response to the activation of the wind propulsion system. This option is advantageous
in the case where a large speed increase is expected after the WPT’s activation, or if the
speed-power curve of the ship is uncertain.
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The measurements extracted from the paired runs constitute the common datasets used both for
the data-driven analysis presented earlier and for the subsequent ITTC based post-processing in
the following sections.

5.2 Post-Processing Steps

In order to extract meaningful results from the run pair measurements, the data are post-processed
through a series of steps, which are outlined in this section. Steps 3 and 4 are optional and depend
on the intended application of the results.

Step 1: Power Difference at Sea Trial Conditions

In this step, the measured speed and power are converted to a power difference, APrrc,
representing the effect of the WPT on the propulsion demand at the sea trial conditions. The notation
APrrc is used to distinguish this value from the power savings derived from the data-driven model
in previous sections, AP, as they refer to the percentage reduction in measured and estimated shaft
power between the ON and OFF segments of the run pairs.

Considering two runs within a pair, one without and one with the WPT, the mean ship speed and
delivered power over each run are denoted as V, and Py, and V; and P, respectively. To account for
small speed differences between the two runs, a baseline speed-power curve for the vessel without
the WPT is required. This can be derived from conventional sea trials, model test results or a speed
variation test conducted in conjunction with the wind assistance sea trials. A polynomial relationship
P = f(V) is then fitted to the baseline speed-power curve, covering the range of ship speeds
observed during the trials. It is noted that for the purpose of this methodology, it is primarily the shape
of the speed-power curve that is required rather than its absolute level.

Therefore, the ITTC-based power difference at sea trial conditions is calculated as:

APirre = =[f (V1) — f(Vp) + Py — Py] @)

The extraction procedure for AP;rr¢ using the baseline curve is illustrated in Figure 35.
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v, Ships speed (knots) v,

Propulsion power (kW)

® Trial run without WPT ® Trial run with WPT
® f(Vi —f(V)=PwoWPT(V)
Figure 35: Schematic illustration of ITTC Step 1 for extracting the power difference at sea trial conditions,
using the baseline speed-power curve without WPT f (V) [3].
It is important to highlight the fact that the resulting power difference AP,y is valid only at the specific
ship speed and the corresponding AWS and AWA encountered during the trial.

Step 2: Sea Trial Result and Prediction Comparison

The next step entails comparing the sea trial result with the predicted performance of the WPT for
the exact same conditions. This comparison serves to verify the computational model used in turn
to derive the EEDI force matrix or the performance expectation. As part of this step a correction of
the wind measurements to a reference height is required by using the atmospheric boundary layer
profile with an exponent of 1/9 [4]. An example of the comparison between sea trial results and
predicted performance is shown in Figure 36.

1600

1400

1200
S
= 1000
T 800
=
§ s00
=
& 400
1

200

0
a 200 400 600 800 1000 1200 400 1600

AP from Sea trial (kw/!

O Example - prediction model

Figure 36: Example provided in ITTC 7.5-04-01-02 illustrating the comparison between sea trial power
difference and predicted power difference under identical operating conditions [3].
.

D7.3 — Sea trial data processing using Al methods —

Dissemination level — PU x
Page 49 of 73



Funded by
the Eurepean Union

2
=& RETROFIT55 —

Horizon Europe programme, grant agreement No. 101096068

In the present study, the aim was not to compared with a physics-based performance prediction
model, and consequently this and the following steps were not applied. They are however outlined
to provide a complete overview of the methodology.

Step 3: Normalization to Reference Condition

This step is optional and aims to translate the measured power difference to a specific reference
condition close to the sea trial condition. This reference condition is selected after the trial and is the
average ship speed, V;.., and true wind speed at 10m height over water, TWS,.. 1o, observed during
the trial.

Firstly, like before, the measured apparent wind by the anemometer is converted to the height of the
midpoint of the WPT using the 1/9 power law exponent. The apparent wind corresponding to the
reference condition is then determined at the midpoint height for the TWA encountered during the
sea trial (AW Srefm, AW Aref m)-

Using the power difference AP, = AP; obtained in Step 1 at speed V; and apparent wind conditions
AW S m AWA,;,, a pseudo-thrust coefficient is calculated. It is defined
as:

~ _ —AP]_'T)D 1
Cxl = R I I 2 (8)
Vi 0.5'past' AwpT AW ST 1

Cy1 = C, sin(AWA,,,) — Cp cos(AW A,,) (9

This can then be corrected to the reference AW A according to:

Crirer = Co1 + [CLcos(AWA; ) + Cp sin(AW Ay )] - (AW Ayef i — AW Ay 1) (10)

Finally, the power difference at the reference condition is estimated as:

C 1 " V
APl,ref =—-— refD ref. 0.5- Paref *Awpr AWSEef,m (11)
The lift and drag coefficients C;, C, and the propulsive efficiency n, are chose to be suitable values
for the specific scenario. It should be noted that the normalized power is only valid at the loading
condition at the trial. An example of the normalized result of this process is illustrated in the figure
sotto, as it is presented in the original documentation.
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Figure 37: Example provided in ITTC 7.5-04-01-02. Presentation of normalized results showing power
difference as a function of true wind angle at a reference ship speed and reference true wind speed,
compared to a prediction model [3].

Step 4: Net Power Saving and Voyage Simulation

The final and optional step of the procedure is performed if the comparison between measured and
predicted performance in the previous steps is satisfactory. In this case, the power savings derived
according to [5] can be used to calculate the average power saving potential for a given route and
operational profile. If the comparison in Step 2 is unsatisfactory, the prediction model should be
revised entirely, rather than only adjusted for the conditions examined in the trials.

5.3 Baseline Curve Approximation and Initial Power Difference
5.3.1 Baseline Speed-Power Approximation

Before evaluating the power difference achieved by the wind propulsion technology, a baseline
speed-power curve for the vessel without the WPT is required. Under ideal circumstances, the
baseline curve would be derived from prior conventional sea trials or model test results. However,
as was mentioned earlier, no such data were available for the examined vessel. Therefore, the
baseline speed-power relationship was approximated using a cubic formulation of the
form:

P=k-V3 (12)

which is a commonly adopted assumption in practice. While this approximation does not aim to
reproduce the absolute value of the vessel’s delivered power with high accuracy, it was considered
sufficient for the purposes of the present analysis, as the ITTC Step 1 procedure primarily requires
the shape of the curve over the speed range encountered during the trials.

The coefficient k was determined using measurements from the OFF runs only, representing
operation without wind assistance. For each loading condition, k was computed by calculating the
ratio between the measured shaft power and the cube of the corresponding ship speed at each
measurement point and then averaging these values.

.
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Based on this procedure, the following relationships were obtained:

e LC1: P = 1.424-V3 with a standard deviation of 0.17
e LC2: P =0.988- V3 with a standard deviation of 0.15

To further illustrate the variability and consistency of the derived coefficient, Figure 38 and Figure 39
present the distribution of k = P/V3 for the OFF runs under each loading condition, together with the
corresponding mean value and standard deviation bands.

k = PV

0.5

LC1

Figure 38: Scatter plot of k = P/V3 for LC1, together with the corresponding mean value and +1c bands.

k = PP

0.8

0.6

0.4

0.2

LC2

Figure 39: Scatter plot of k = P/V? for LC2, together with the corresponding mean value and +1c bands.
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5.3.2 Power Difference at Sea Trial Conditions

Using the approximation for the speed-power curves described above, the first step of the procedure
was applied to each paired ON/OFF run. Table 17 summarizes the mean ship speed and shaft power
extracted from each run, while Table 18 and Table 19 present the resulting difference at the sea trial
conditions, including the sensitivity to the curve uncertainty.

Table 17: Mean ship speed and delivered power for the OFF and ON segments of each paired run.

Value LC1 LC2

Run 1 Run 2 Run 3 Run 4 Run 5
Vo (kn) 8.82 8.33 8.79 8.19 8.36
Po (kW) 957.5 964.0 956.0 576.4 577.4
V1 (kn) 10.10 9.32 9.64 8.97 8.65
P1 (kW) 899.3 882.0 872.4 562.3 567.0

Table 18: Power difference at sea trial conditions for LC1, including sensitivity to the baseline curve
approximation.

Power LC1
Difference Run 1 Run 2 Run 3
APITTC (k-0) |-492.1 (10.7%) kW | -371.1 (9.5%) kW | -355.8 (9.4%) kKW
APITTC (K) -551.0 kW -410.3 kW -392.7 kW
APITTC (k+0) |-609.8 (10.7%) kW | -449.5 (9.5%) kW | -429.6 (9.4%) kW
APITTC/f(V1) % 37.5% 35.6% 30.7%

Table 19: Power difference at sea trial conditions for LC2, including sensitivity to the baseline curve
approximation.

Power LC2
Difference Run 4 Run 5
APITTC (k-0) | -158.8 (14.0%) kW | -63.0 (13.1%) kW
APITTC (K) -184.7 kW -72.5 kW
APITTC (k+0) | -210.6 (14.0%) kW | -81.9 (13.1%) kW
APITTC /f(V1) % 25.9% 11.3%

The results presented in Table 18 show a consistent reduction in the delivered power across all runs
for LC1, confirming the positive effect of the WPT under the specific conditions. However, the
magnitude of the power savings varies between runs with higher values observed in Run 1 and
gradually lower values in Runs 2 and 3. This variation appears to be linked to differences in the
prevailing wind conditions that can be observed in Table 20.

A similar trend is observed in LC2, although the overall power savings are significantly lower
compared to LC1. This is consistent with the lower apparent wind speeds recorded for LC2, that are
shown in the following section. At the same time, the apparent wind angles in LC2 may be less
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favourable for thrust generation, further reducing the effectiveness of the WPT. Overall, the results
suggest that the achieved power savings are strongly dependent on both wind speed and wind
direction.

5.4 Wind Conditions During ON/OFF Runs and Associated Corrections

The post-processing methodology assumes that the paired ON and OFF runs are conducted under
comparable environmental conditions, so that the extracted power difference can be attributed
primarily to the activation of the WPT. However, in practice small differences in wind conditions
between the run pairs are difficult to avoid and may influence the measured power through changes
in wind resistance.

To assess the validity of this assumption, in addition to the mean speed and power measured during
the steady-state portions used for Step 1, the AWS and AWA were measured as well. Table 20
summarizes the mean values and standard deviations of AWS and AWA for each run pair, while
Figure 40 and Figure 41 provide a graphical comparison of the corresponding wind conditions.

Table 20: Mean values and standard deviations of AWS and AWA for the ON and OFF segments of each
sea trial run pair.

Average (st.dev.) LC1 LC2
values Run 1 Run 2 Run 3 Run 4 Run 5
AWS (kn)-OFF 32.7 (4.3) 29.7 (5.8) 29.1 (5.7) 16.0 (1.9) 13.0 (1.7)
AWS (kn)-ON 35.3(5.0) 30.2 (5.0) 31.7 (4.8) 20.8 (2.5) 17.3 (2.3)
AWA (deg)-OFF -82.2 (4.9) -74.1 (7.0) -83.9 (6.2) -133.5 (9.7) -137.2 (7.9)
AWA (deg)-ON -76.7 (6.4) -77.7 (8.7) -84.8 (4.2) -141.1 (6.5) -148.5 (8.0)
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Figure 40: Comparison of mean AWS across runs, with corresponding standard deviation.
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Figure 41: Comparison of mean AWA across runs, with corresponding standard deviation.

The results indicate that while the runs were executed as paired measurements, noticeable
differences in both mean AWS and mean AWA are present between the ON and OFF segments. In
practice, this difference is particularly relevant to the interpretation of the results as the wind induced
resistance acting on the ship’s exposed surfaces depends strongly on both wind speed and angle.
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Therefore, in order to isolate the effects of the WPT and ensure that the power difference obtained
in Step 1 does not account for contributions that are not attributable to the eSAIL’s thrust, a further
correction is necessary.

This correction was applied to the measured averages of power in each run, in line with ITTC
Recommended Procedures and Guidelines 7.5-04-01-01.1 [4]. The objective of this correction is to
adjust the power of the OFF run to the apparent wind conditions of the corresponding ON run,
ensuring a fair comparison between the two states.

For each run pair, the change in resistance due to the different apparent wind conditions was
expressed as:

ARgq = Raa—on — Raa—oFF (13)

1 1
ARyq = 2 pa Cpa(AWApy) - Ar 'AWS(%N ) pa Coa(AWAppg) - Ap - AW +

1
+§ “pa Cpa(0) - Ap - (Vg — V) (14)

where R,,_on and R,,_orr represent the added air resistance acting on the vessel during the ON
and OFF segments of the run respectively. The added wind resistance coefficients C,, were
calculated using the empirical regression proposed by Fujiwara (See Appendix Il) and also proposed
by ITTC [4].

Furthermore, if the WPT is not tiltable or retractable or if larger structures such as WPT fundaments
remain exposed, their aerodynamic resistance has a measurable contribution and should be
subtracted from the total air resistance in the runs when the WPT is inactive. While this subtraction
is required in the case of a baseline curve that does not account for the idling WPT thrust, which is
typically the case, it was not applied in this study because the baseline curve was derived from the
OFF runs and thus already incorporates the idling drag.

The corresponding power correction was then estimated using a linear relation between resistance
and delivered power:

AR,V
Ub)

where V is the mean ship speed during the corresponding run and 7, represents the propulsive
efficiency, assumed here as 0.7 as proposed in [4].

AP, = (15)

In the complete ITTC Direct Power Method formulation this correction includes a load variation factor,
¢, that accounts for the change in propeller operating conditions when the propulsive load varies [4].
However, no propeller load variation test data were available for the examined vessel, and therefore
the required load variation factor could not be determined. Consequently, the simplified linear
relationship shown above was adopted.

The corrected power difference was then assumed to be as follows
APITTC,corr = _[f(Vl) - f(VO) + (PO + APaa) — Pl] (16)

with the resulting values summarized in Table 21.
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Table 21: Corrected power difference calculation.

LC1 LC2

Run 1 Run 2 Run 3 Run 4 Run 5
AWSon - AWSorr (kn) 26 0.5 26 4.9 4.3
AWAON - AWAGFF (deg) 5.5 -3.6 -0.9 -7.6 -11.2
ARaa (KN) 2.04 -1.15 -0.20 -3.24 -2.49
AP2a (KW) 13.22 -7.02 -1.32 -19.49 -15.30
AP 1, original (KW) -551.0 -410.3 -392.7 -184.7 -72.5
APrre.corr (KW) -564.2 -403.3 -391.4 -165.2 -57.2
%APrrc diff. -2% 2% 0.3% 11% 21%

5.5 Discussion on ML Predictions and ITTC-Based Power Savings

It is important to clarify the different roles of the data-driven model and the ITTC-based post
processing methodology used in this study.

The machine learning model is trained to predict shaft power based on the observed operational and
environmental conditions, including the WPT status (ON/OFF). In that capacity, it provides estimates
of shaft power for given conditions within the range of the available data, enabling a comparison
between ON and OFF operation at similar conditions.

The methodology proposed by the ITTC complements this approach by incorporating the underlying
speed-power relationship of the vessel. More specifically, the power difference is calculated by
evaluating the power that would be required to achieve the speed observed during the ON condition
in the absence of the WPT.

In this context, the two approaches are complementary. The ML model provides estimates of shaft
power under comparable ON and OFF conditions, while the ITTC methodology translates these
conditions into a consistent measure of power savings. In the future, a more integrated use of the
two approaches could further improve the robustness and consistency of the results.
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6 Closing remarks

This research successfully developed and evaluated data-driven machine learning (ML) models for
analysing data from sea trials, with the primary aim of assessing the impact of eSAILs on ship shaft
power. The comprehensive methodology encompassed data preparation, including advanced
imputation techniques, feature engineering, and a systematic approach to model selection and
hyperparameter tuning.

The data preparation phase addressed critical challenges, particularly the imputation of missing
Speed Through Water (STW) values. Initial attempts using external sea current data proved
unreliable, due to insufficient temporal and spatial resolution, yielding a negative R? value (-0.207).
A simpler mean-based imputation showed marginal improvement (R? of 0.18), but a regression-
based imputation method significantly outperformed both, achieving an R? of 0.56. This
demonstrated the power of leveraging intrinsic data relationships to accurately estimate missing
values, even when external physical data is inadequate.

Feature selection, guided by both statistical metrics (Distance Correlation and Mutual Information)
and domain knowledge, identified key drivers of shaft power, including STW, rudder angle, apparent
wind speed and angle, significant wave height, relative wave angle, loading condition, and eSAIL
status. The consistency between these quantitative measures and physical principles reinforced the
robustness of the chosen predictors.

The Random Forest Regressor was identified as the best-performing model for shaft power
prediction, achieving an R? of 0.9951 on the unseen test set, with an RMSE of 12.2 kW and a MAPE
of 1.29%. The high accuracy and generalization capability confirm the model's suitability for reliable
shaft power estimation under varying operational conditions.

The estimation of power savings was conducted using two distinct methods.

= Method A, involving counterfactual predictions by reversing the eSAIL status, indicated
average power savings of approximately 7.2% for Loading Condition 1 (LC1). However, it
showed negligible savings for Loading Condition 2 (LC2). This method highlighted the
challenge of making "out-of-distribution" predictions when the model encounters feature
combinations not well-represented in its training data.

= Method B, which uses a synthetic dataset generated within observed overlapping operational
intervals, provided a more robust estimate. This approach confirmed average power savings
of 7.2% for LC1, aligning with Method A. However, Method B also indicated no clear power
savings for LC2, with predictions for 'ON' and 'OFF' statuses largely overlapping. This lack of
discernible savings for LC2 is likely attributable to a combination of factors: the smaller
dataset available for LC2, the specific operational conditions (e.g., lower apparent wind
speeds) experienced during LC2 sea trials that resulted in lower theoretical eSAIL drive force,
and the inherent overlap in measured shaft power values between 'ON' and 'OFF' states for
this loading condition.

In parallel with the data-driven analysis, the recommended procedure of assessing the power saving
from wind assisted propulsion technologies by the ITTC was implemented using the same datasets.
This provided a physics-based evaluation of power savings directly at the sea trial conditions. By
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accounting for the vessel’'s speed-power relationship and correcting for environmental differences,
this approach enabled the derivation of AP+ as a physically consistent measure of the power
savings achieved by the eSAIL system.

In conclusion, the developed Al model provides a highly accurate tool for predicting ship shaft power
based on sea trial data. The analysis suggests a quantifiable average power saving of approximately
7.2% when the eSAIL system is active under LC1. While the model demonstrates exceptional
predictive power, the current dataset's limitations, particularly its size and the operational conditions
captured for LC2, restrict the ability to confidently assert power savings across all scenarios.

Future work should focus on conducting more extensive sea trials, covering a wider range of
operational envelopes and environmental conditions, especially for LC2, to further validate and refine
the estimated power savings and fully leverage the potential of data-driven models. The integration
of the data-driven model into the existing ITTC framework should also be explored.
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8 Appendix|

This appendix presents an additional analysis with the scope of hindcasting the performance of the
vessel fitted with B4B eSAILs by combining surrogate models based on simulation and experimental
data. The results are included for completeness and documentation purposes, providing additional
insight into the modelling capabilities and limitations of surrogate approaches under the available
data constraints.

8.1 Geometry Reconstruction

Due to the limited availability of geometric data and the requirement for vessel anonymization, a
representative hull and rudder geometries have been reconstructed using the Ship Modelling
Workflow in CAESES, as presented in WP1. As the vessel remains anonymous, only a general
overview is presented in Figure 42.

Figure 42: Reconstruction of target vessel hull shape in CAESES.

8.2 Data Generation and Surrogate Modelling

For the hindcasting approach, Loading Condition 1 (LC1) was selected, as it is more representative
of typical loaded operating conditions.

8.2.1 Hydrodynamic Properties

Multiple sets of CFD-runs were carried out to obtain the hydrodynamic properties of the vessel:

» Three speeds, straight line for flat water resistance curve and Taylor wake fraction in the
speed range of interest.
= Thrust variation at a reference speed of 9 knots using five operating points, to obtain the
effect of sail thrust, respectively propeller loading, on the thrust deduction.
.

D7.3 — Sea trial data processing using Al methods —

Dissemination level — PU x

Page 61 of 73



== RETROFITS55

Funded by
the Eurepean Union

Horizon Europe programme, grant agreement No. 101096068

Sailing conditions: A Sobol distribution of 30 points with drift angle, rudder angle and sail
thrust as design variables. Resistance, side force and yawing moment were evaluated.

Based on these results, Kriging-based surrogate models were generated for resistance, side force

and yawing moment and evaluator features implemented in CAESES (see for example Figure 43
and Figure 44).

Figure 43: Re-sampled resistance maps as function of drift and rudder angle. The delta between the maps
shows the effect of varying propeller loading.

Figure 44: Re-sampled side force maps as function of drift and rudder angle. The effect of propeller loading
on side force is negligible.
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8.2.2 Windage Modelling

Windage coefficients for longitudinal and transverse forces and yawing moments as a function of the
apparent wind angle, based on the methods by Fujiwara and Blendermann, were provided by NTUA
(see Appendix II).

These two-dimensional datasets were implemented as features in CAESES, providing the
corresponding force or moment as a function of apparent wind angle, wind speed, and lateral and
frontal area.

8.2.3 Added Resistance in Waves

Likewise, added resistance in waves was incorporated using data provided (see Appendix Il). The
formulation accounts for significant wave height, peak period, vessel speed, and encounter angle,
allowing estimation of wave-induced resistance under the examined conditions (Figure 45).

"resMap.bdt" ——
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Figure 45: Exemplary added resistance map as provided by NTUA.

8.2.4 eSAIL Forces and Power Consumption

B4B provided tabulated data for eSAIL driving force, side force, and power consumption
corresponding to the installed sail configuration. From these tabular maps CO-continuous surfaces
were generated within features in CAESES with evaluator functions providing the respective value
as function of apparent wind angle and speed. CO-continuity ensures that no artificial values by
oscillating curve-fitting occur between the tabular data points (Figure 46).

.
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Figure 46: Exemplary driving force map as provided by B4B. Visualization of re-generation as geometrical
surface for probing in CAESES.

8.3 Evaluation Workflow

The developed model is applied in a hindcasting framework (Figure 47), where measured sea trial
conditions are used as input. This differs from predictive approaches, aimed at evaluating
performance across a wide operational envelope.

The following parameters from the sea trials were used as inputs:

e Speed through water

e Apparent wind speed

e Apparent wind angle

¢ Significant wave height

o Relative wave direction as a function of mean wave direction and heading

For comparison of model outputs, measured shaft power and rudder angle are available. However,
due to limited information about the propulsion train — apart from the shaft revolutions indicating a
controllable pitch propeller — the comparison is performed in terms of required power. Measured
delivered power Pj, in the case of measurements is compared with computed effective power Py,
assuming a constant propulsive efficiency.
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Figure 47: Workflow for hindcasting sea trial data.

8.4 Results

The sea trial measurements indicate a power reduction of approximately 8.3%, corresponding to a
decrease from 960 kW (eSAlLs OFF) to 880 kW (eSAILs ON), alongside a speed increase from
approximately 8.5 to 10.5 knots. The rudder angle increased from 4° to 7°.

The hindcasting model, under a representative operating condition (9 kts vessel speed, apparent
wind angle of 80°, and apparent wind speed of 30 kts), predicts a reduction in required thrust of
approximately 10% (from 50 kN to 45 kN). The corresponding rudder angle increases from 2.4° to
7°.

It should be noted that the current hindcasting implementation is limited to the conditions examined
during the sea trials and does not cover a full operational profile.
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9 Appendix Il

This appendix summarise the models used and the results provided for the calculations described
in Appendix I.

9.1 Added Wave Resistance Results

The added wave resistance calculations were carried out for the two different loading conditions, at
the corresponding draft and trim, considering a range of forward advance speed from 7 to 11 knots.
By varying a few parameters related to the prevailing weather conditions, namely the significant
wave height and peak period, but also considering different wave directions relevant to the vessel’s
speed, a range of head to following waves is investigated. Therefore, a sufficient set of cases is
examined to obtain the vessel’s behaviour in terms of added wave resistance over the anticipated
operational profile of the vessel, as expressed by the loading condition, the speed range and the
weather conditions. In Table 22 the examined cases are described.

Table 22: Case matrix for added wave resistance calculations.

Loading Conditions LC1/LC2
Vessel speed [kn] 7-11 (incr. 1)
Wave direction [°] 0 (head) — -180 (following) (incr. 5)
Significant wave height [m] 3-3.5 (incr. 0.25)
Wave peak period [s] 7-11 (incr. 1)

The added wave resistance calculations are based on the SNNM formula described in [6]. The
method relies on the principal dimensions of the ship and on some geometric features of the
waterline. Based on the available 3D hull model, the parameters required to describe the geometry
for application of the SNNM formula were determined for both loading conditions and are
summarized in Table 23.

Table 23: Geometric features values needed for SNNM added resistance estimation.

Loading Condition LC1 LC2
Draft aft Ta [m] 4.6 3.8
Draft fore Tr [m] 3.9 2.35
Block coefficient Cs 0.7082 0.6599
Waterline entrance length Le [m] 26.242 31.412
Waterline length of run Lr [m] 16.077 20.576
Radius of gyration in roll Kyy [M] 21.16 21.16

For each combination of significant wave height and peak period a JONSWAP spectrum is assumed
to characterize the sea state. Assuming different speeds of advance and wave directions, as
described in Table 22, a total number of 185 cases were evaluated. In Figure 48 to Figure 51 the
results for two spectra characterized by the maximum significant wave height (3.50m) for two
different wave periods and both loading conditions are given. The figures represent the most
unfavourable wave conditions, as the maximum added wave resistance is obtained, compared to
other spectra. In each graph the mean added resistance considering a different forward speed of
advance is given against the wave direction (0 corresponds to head seas).
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Based on the obtained results for LC1, for the spectrum characterized by 7 s peak period (Figure
48) a hump is observed at about 40° off bow wave direction, presumably due to the maximization of
the motions of the ship in the transversal plane. For the peak period of 8 s (Figure 49) the maximum
added wave resistance is achieved for head waves, implying that the diffraction component of
resistance is higher than the radiation part.

For the lighter loading condition LC2, a behaviour similar to LC1 is observed at Tp=7 s (Figure 50),
However, the maximum mean added wave resistance occurs at approximately 30° off-bow waves
and remains nearly constant up to head-sea conditions. This behaviour can be attributed to the fact
that the radiation and diffraction components are comparable for this lighter displacement, and a
definitive trend of superiority of one component over the other cannot be established, leading to an
almost constant mean added resistance. In Figure 51 referring to the peak period of 8 s, the
maximum mean added resistance is achieved in head seas and it is marginally lower than the
corresponding values for LC1.

In Figure 52 typical Response Amplitude Operator (RAO) curves of the added wave resistance in
different regular waves (wave direction and wavelength), for the speed of 11 knots and LCA1, are
shown. The added wave resistance calculations in regular waves are combined to obtain the mean
wave added resistance in irregular seaways, characterized in each spectrum by applying standard
spectral analysis techniques.

Hs=3.50m - Tp=7.00s
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= ]
& 2

Wave Added Res. [kN]
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Figure 48: Mean added wave resistance for JONSWAP spectrum (Hs=3.50m/ Tp=7.00s) for different wave
directions and speed of advance. Loading Condition - LC1
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Figure 49: Mean added wave resistance for JONSWAP spectrum (Hs=3.50m/ T=8.00s) for different wave
directions and speed of advance. Loading Condition - LC1
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Figure 50: Mean added wave resistance for JONSWAP spectrum (Hs=3.50m/ Tp=7.00s) for different wave
directions and speed of advance. Loading Condition - LC2
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Figure 51: Mean added wave resistance for JONSWAP spectrum (Hs=3.50m/ T=8.00s) for different wave
directions and speed of advance. Loading Condition - LC2
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Figure 52: Added wave resistance RAO for three wave headings (head to off-bow) for a vessel speed of
11kn. Loading Condition - LC1
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9.2 Added Wind Resistance Results

For the loading conditions presented in Table 24 and Table 25, the added wind resistance was
calculated.

The windage projected areas (AL, AF, Ass) listed in the table were estimated based on a simplified
hull representation developed in NAPA. Specifically, the vessel geometry was modelled to enable
the calculation of these projected areas for the loading conditions of interest.

For the calculation of wind added resistance, two different methods were applied, namely those
proposed by Blendermann [7] and Fujiwara [8]. For each method, the estimation required the

calculation of additional parameters, which are also presented in the table below.

Table 24: Hydrostatic parameters for Loading Condition 1 (LC1).

Mean Trim AL Ar Ass SI*/C* Cor Hc Hor
Draft
[m] [m] [m?] [m?] [m?] [m] [m] [m] | [m]
LG 4.25 -0.7 | 380.469 121.403 | 72.468 -6.534 35.13 2.709 10.1
4.25 0 381.06 ' ' 7736 | T 2.71 |
Table 25: Hydrostatic parameters for Loading Condition (LC2).
Mean | Trim AL AF Ass SI*/C* Cbr Hc Hbr
Draft
[m] [m] [m2] | [m2] [m2] [m] [m] [m] | [m]
3.075 | -1.45 | 486.34 1375 -4.027 3.15
LC2 | 3.075 0 | 48222 6 | 72468 | 6.007 | -35.13 | 3.193 | 11.3
9

*Calculated from midship.

The corresponding hull sketches used for these estimations are presented in Figure 53 and Figure
54.

(a) Trimmed

]
T,

(b} Even keel

Figure 53: Hull sketches in NAPA for Loading Condition 1 regarding trimmed (a) and even keel (b) state.
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(b} Even keel
n

Figure 54: Hull sketches in NAPA for Loading Condition 2 regarding trimmed (a) and even keel (b) state.

Figure 55 to Figure 58 present a comparison of the wind force and yaw moment coefficients as
derived from Blendermann’s and Fujiwara’s methods, providing an overview of the differences
between the two approaches for each loading condition mentioned above.

Cx - Fujiwara Cx - Blendermann
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Figure 55: Aerodynamic coefficients considering Fujiwara’s and Blendermann’s method for trimmed LC1.
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Figure 56: Aerodynamic coefficients considering Fujiwara’s and Blendermann’s method for even keel LC1.
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Figure 57: Aerodynamic coefficients considering Fujiwara’s and Blendermann’s method for trimmed LC2.
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Figure 58: Aerodynamic coefficients considering Fujiwara’s and Blendermann’s method for even keel LC2.
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