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Abstract

The primary objective of this thesis is to address a major concern in the shipping
industry, which is predicting power consumption due to fouling in ships. Fouling re-
sults from mechanical damage and the growth of living organisms such as barnacles,
slime, and seaweed on the hull's surface, leading to reduced e ciency and increased
power consumption. The study examines the e ectiveness of hybrid models for
power prediction by combining physical models with a data-driven neural network
model. The research utilizes data collected from two sister crude oil tanker ships
between January 2019 and December 2022. Wind and wave resistance calculations

are also incorporated to achieve a precise understanding of the ship's performance.

The study evaluates the performance of two separate models, one taking into
account idle periods as parameters and the other not. Additionally, the study inves-
tigates the correlation between the level of biofouling on a ship and its chlorophyll
concentration. The research results demonstrate that the proposed method achieved
promising results, as indicated by the metrics used. Furthermore, the study high-
lights the potential for future research to explore the correlation between idle periods

and the level of biofouling.
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Chapter 1

Introduction

1.1 The Problem

The problem of predicting power consumption due to fouling in ships is a signif-
icant concern in the shipping industry. Poor hull and propeller performance can
result in billions of dollars in extra cost per year, as well as contributing to a 0.3%
increase in greenhouse gas emissions. This is caused by a combination of mechani-
cal damage and bio-fouling, which occurs when living organisms such as barnacles,
slime and seaweed grow on the surface of the hull. This creates additional viscous
resistance for the vessel during operations, leading to increased power consumption
and decreased e ciency. Conventional methods of assessing hull condition, such as
comparing vessel performance to a speed performance curve, do not e ectively dif-
ferentiate between the contribution of machinery degradation and the degradation
of the hull. A real-time assessment of the hull fouling condition using machine learn-
ing techniques, combined with smart data collected during vessel operation, could
assist in the decision making process of when to clean the hull or dry dock, leading

to better management of assets and prediction of the best time for maintenance.

1.2 Marine Bio-fouling

Marine Bio-fouling is the growth of organisms on submerged surfaces of ships and
other marine structures. These organisms, including barnacles, algae, and mollusks,
attach to the hull and increase the roughness of the surface, leading to increased

drag and decreased ship e ciency.

17



18 Chapter 1. Introduction

The accumulation of bio-fouling on ship's hull is related to several factors such as:
Immobile periods, Vessel speed, Voyage duration, Voyage movement patterns, and
Environmental factors. Longer periods of immobility, slow vessel speed and longer
voyage duration with few port stops provide more time for organisms to attach and
settle on the hull. Furthermore, some vessel movement patterns such as visiting a
port or region where suboptimal environmental conditions prevail, and in such cases

fouling organisms may be reduced through die-o .

Marine bio-fouling has a signi cant impact on the energy e ciency of ships,
leading to increased fuel consumption and decreased performance. In addition, bio-
fouling can also lead to increased maintenance costs, increased risk of structural
damage, and pose a risk to human health and the environment through the invasion

of non-indigenous species or the release of toxic substances.

Marine bio-fouling is a major concern in the shipping industry, as it can lead to
decreased ship e ciency and increased costs. Understanding the factors that a ect
the accumulation of bio-fouling is crucial in managing and reducing its impact on

ship's performance and costs.

Figure 1.1: Bio-fouling Impacts
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Figure 1.2: Economic impact of biofouling.

1.3 Related work

There have been several attempts to accurately predict Power Consumption. In
the next few paragraphs some of this work will be briey presented. Also, all of
the tables, gures and equations in this section have been taken from the related

papers-articles.

1.3.1 Berthelsen and Nielsen Improved Power-Speed Curves [1]

The paper "Prediction of ships' speed-power relationship at speed intervals below
the design speed"” investigates the speed-power relationship of ships, based on op-
erational data from more than 50,000 noon reports obtained from 88 tankers. The
study found that the speed-power exponent is signi cantly lower than 3 at speed
intervals below the design speed, which has implications for the environmental dis-
cussions related to slow steaming, since it implies that slow steaming will not be
as good as often stated. The authors suggest that speed optimisation, rather than
reduction, should be the focus of the political and environmental debate focused on

reducing carbon emissions from shipping.

The authors point out that sea trials and ship resistance model testing, typically
used as a benchmark in ship power performance monitoring, are often done around
the design speed and therefore at fairly high speed intervals, not necessarily match-
ing the actual operational speed of the ships. They illustrate this problem with a
graph 1.3 where real operational noon report data is plotted together with speed-
power curves derived from resistance model tests. While the model test curves only
extend down to the higher speeds of the noon reports, a benchmark that covers the

whole speed interval is needed for vessel performance monitoring. This problem is
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often encountered by shipping companies.

The authors present a simple power law model 1.3.1 to describe the relationship
between power and speed reported in the noon reports. They take the logarithm
of this model to make it linear and extend it to take other relevant variables into
account, such as draught and speed intervals. The extended model 1.3.2 includes the
draught as an independent parameter and an interaction term to take into account
that the resistance model test curves are not parallel in the log-log domain. The
authors also introduce a speed-dependent exponent through piecewise linear regres-
sion, with a dummy variable assigning the noon reports to di erent speed intervals.
The application of both models can bee seen in graphs 1.4, 1.5 along with the NR

data for a speci c vessel group for both ballast and laden conditions.

Equation of the simple regression model:
In(P) = In( x1) + x2In(V) (1.3.1)
Equation of the extended regression model:
IN(P) =1In( x1) + x2In(V) + X3T + x4In(V)T + x5(In(V) Bp)vd (1.3.2)

the dummy variable is de ned as:

8

20, ifV Bp
Vd=>

-1, ifV >Bp

In conclusion, the study by Berthelsen and Nielsen shows that the speed-power
exponent is signi cantly lower than 3 at speed intervals below the design speed. This
nding has implications for the environmental discussions related to slow steaming,
suggesting that speed optimisation, rather than reduction, should be the focus of
the political and environmental debate focused on reducing carbon emissions from
shipping. The authors present a simple power law model to describe the relationship
between power and speed reported in the noon reports, which they extend to take

other relevant variables into account, such as draught and speed intervals.
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Figure 1.3: lllustration of the operational pro le of a group of sister ships with respect
to corrected speed, corrected power and draught compared to the associated model test
curves for di erent but given draughts. This is data for two tankers of 74,000 DWT. Note

that the colour scale (draughts) is the same for noon report data and model test curves.

Figure 1.4: The speed dependent speed-power model plotted together with noon reports,

model test curve and the simple regression model for ballast for T050-12.

Figure 1.5: The speed dependent speed-power model plotted together with noon reports,

model test curve and the simple regression model for design for T0O50-12.

1.3.2 Kiriezis, Anthony, Sapsis and Chryssostomidis Approach [2]

This thesis focuses on predicting the shaft power of vessels under di erent conditions
using machine learning. The reduction of carbon emissions is a signi cant challenge

in the shipping industry, and optimizing voyage to minimize power consumption is
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a promising solution. The study uses data on two car carrying vessels collected over
eight years to build and test several models, including pure theoretical models, pure

neural network models, and combinations of the two.

The thesis begins with a discussion of related work and the study's contribu-
tion, followed by a background on multiple regression, LASSO regression, neural
networks, ensemble neural networks, and theoretical models. It then presents the
data, which includes two datasets for car carriers and LNG vessels. The datasets

are cleaned, processed, and presented for compatibility.

The setup of the problem is discussed, and the models used include the theoreti-
cal model, multiple regression, LASSO regression, sparse regression, fully connected
neural network, multiple neural network, naive theoretical and neural net, com-
bined models, admiralty neural network, and physical neural network. The thesis
validates the models through training and validation, with the neural networks that
incorporate physical intuition performing the best. The ndings suggest that neu-
ral networks that incorporate physical intuition can achieve high performance (see
gures 1.6, 1.7, 1.8, 1.9), with a mean absolute percentage error of less than 5%
and an R2 above 95% as shown in tables 1.1, 1.2. The addition of wave information
can further improve the models, but the performance deteriorates when the data

collection becomes less frequent.

MAE (KW/kW) MAPE (%) R? (%)

Naive Th and NN 0.024 3.8 95
Theoretical and Neural Net 0.025 4.1 95
Regression and Neural Net 0.028 4.5 94
Theoretical and Regression 0.043 7.7 91

Table 1.1: Numerical results for the primary vessel, using the combined models. All models
including neural networks perform equally well, with the naive model having the lowest

MAPE.

In conclusion, this thesis demonstrates that machine learning models can accu-

rately predict vessel shaft power under di erent conditions. The ndings suggest



1.3 Related work 23

() MAE (b) MAPE

Figure 1.6: Error plots for the predictions of the combined models on the primary vessel.

The error pro les are similar to those of the FCNN.

(a) Naive Th and NN (b) Theoretical and Neural Net

(c) Regression and Neural Net (d) Regression and Neural Net

Figure 1.7: Box plot for the primary vessel using the combined models. The neural network

models match the linear trend well.
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(a) MAE (b) MAPE

Figure 1.8: Error plots for the predictions of the neural network models on the secondary

vessel. All neural network models appear to have a low error pro le.

(a) Naive Th and NN (b) Theoretical and Neural Net

(c) Regression and Neural Net (d) Regression and Neural Net

Figure 1.9: Box plot for the secondary vessel using the combined models. All neural

network models have a behavior close to a straight line.
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MAE (KW/kW) MAPE (%) R? (%)

Naive Th and NN 0.030 5.5 95
Theoretical and Neural Net 0.024 4.0 96
Regression and Neural Net 0.026 4.4 96
Theoretical and Regression 0.052 10.2 91

Table 1.2: Numerical results for the secondary vessel, using the combined models. The

combined theoretical and neural network model has the best performance for this vessel.

that neural networks that incorporate physical intuition perform the best and that
the addition of wave information can further improve the models. However, the fre-
guency of data collection a ects the performance of the models. The results of this
study can be used to optimize voyages and reduce power consumption, contributing
to the reduction of carbon emissions in the shipping industry. Further research could
investigate the application of the models to other types of vessels and expand the

datasets used to train and validate the models.

1.3.3 Coraddu, Lim, Oneto, Pazouki, Norman, Murphy Approach [3]

In this paper, a solution is proposed to this problem that uses an unsupervised ma-
chine learning modelling technique to eliminate the need for collecting labelled data
related to the hull and propeller fouling condition. The authors use two anomaly
detection methods based on Support Vector Machines and k-nearest neighbour to
predict the hull condition using the available parameters measured on-board. They
use data from the Research Vessel The Princess Royal to show the e ectiveness of
the proposed methods and to benchmark them in a realistic maritime application.
The RV The Princess Royal is a multi-purpose science and technology vessel that
is used for a wide variety of full-scale marine measurements and observations. The
authors conduct a proof-of-concept study using real-time data collected when the

vessel was in operation to demonstrate the e ectiveness of their method.

The authors show that the degradation of the hull of a vessel can be classi ed and
distinguished without visual identi cation using data-driven models (see gure 1.11,

1.11c). Two separate sea trials were carried out six months apart to allow fouling
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to take place on the hull surface under normal operational conditions. During the
sea trials, the vessel operated over the full range of allowable speeds to capture all
parameters that change with the speed of the vessel. The sea trials were carried out
at a range of engine rotational speeds, and each speed run was carried out twice,
once in the direction heading into the waves and once in the direction following the
waves. This paper provides valuable insights into predicting the hull condition in
real operations based on data measured by the on-board systems (see table 1.3), and
the proposed methodology can allow better management of assets and prediction of

the best time for dry docking and hull maintenance work.

Figure 1.10: RV the princess royal.

One Class SVM
Speed Through Water 0.12+ 0.03
Engine Speed (port) 0.07+ 0.03
Engine Speed (starboard) 0.0 0.03
Engine Torque (port) 0.06 £ 0.04
Engine Torque (starboard) 0.06+ 0.04
Global KNN
Speed Through Water 0.14+ 0.04
Engine Speed (port) 0.08+ 0.03

Engine Torque (port) 0.07+ 0.04
Engine Speed (starboard) 0.0 0.04
Engine Torque (starboard) 0.06+ 0.04

Table 1.3: The top ve sorted list of features (from the most important one to the least

important) together with its mean increase in the mean number of misclassi ed samples.
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(a) Overlapping data sets of fuel consumption, engine speed and engine torque

- starboard shaft.

(b) Overlapping data sets of fuel consumption, engine speed and engine torque

- port side shaft.

(c) Water Depth.

Figure 1.11: Data from the two sea trials.
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1.3.4 Laurie, Anderlini, Dietz, Thomas Approach [4]

In the paper titled "Machine learning for shaft power prediction and analysis of foul-
ing related performance deterioration”, the authors present a method for predicting
the power consumption of a ship using machine learning techniques. The paper
rst outlines the importance of understanding and predicting power consumption in

ships, as it has a direct impact on the ship's fuel e ciency and costs.

The authors then proceed to describe the data preprocessing step, which involves
Itering and selecting the most relevant features for the prediction task using Re-
cursive Feature Elimination (RFE) and Extra Trees Regressor (ETR). The lItered
data is then split into a training and testing set, with 70% and 30% of the data

respectively.

One of the important variables in the study is the Days since clean (DSC) vari-
able, which is used to represent the level of fouling on the ship's hull, as it is known
to have a signi cant impact on ship performance and fuel e ciency. By incorpo-
rating DSC as an input feature, the authors aim to capture the e ects of fouling
on power prediction. The distributions of the features selected for the modelling

process are presented in gure 1.12.

Figure 1.12: Distributions of features selected for the modelling process, to indicate Ship

A's operational pro le with the y axis indicating the number of observations.



1.3 Related work 29

The authors evaluate the performance of four di erent regression algorithms for
power prediction: K-Nearest Neighbors (KNN), Decision Tree (AdaBoost), Ran-
dom Forest, and Arti cial Neural Network (ANN). Additionally, a multiple linear
regression model is built as a baseline for comparison 1.13. The best performing
model is then used to investigate the e ects of fouling and wave in uences on power

prediction.

Model RMSPE (%) MAPE (%)
Random Forest 0.0264 1171
KNN 0.0302 1.245
ANN 0.0317 1.893
Linear Regression 0.0930 6.453
Decision Tree 0.0932 6.987

Table 1.4: RMSPE and MAPE for all models.
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Figure 1.13: True power against predicted power for: (a) Random Forest (b) KNN (c)

ANN (d) Linear Regression (e) AdaBoost Decision Tree.
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The authors found that Random Forest performed the best, with a Root Mean
Square Percentage Error (RMSPE) of 1.17% on the testing set according to table
1.4. This is lower than the error obtained in previous studies, highlighting the im-

portance of preprocessing and feature selection in improving model performance.

The results of the analysis of the e ects of fouling and wave in uences on power
prediction are shown in Table 1.5, where it can be seen that including the DSC vari-
able led to reductions in the RMSPE and Mean Absolute Percentage Error (MAPE)
of 0.0005% and 0.07% respectively. Additionally, including thel, . variable re-
duced the RMSPE and MAPE by 0.0008% and 0.12%. The authors found that the
addition of both DSC andH,, , ., were statistically signi cant, but the improvement
in predictive accuracy was small.

Model RMSPE (%) MAPE (%)
Base Model 0.0264 1171
DSC Model 0.0259 1.01

H Model 0.0256 1.048

W1/3

Table 1.5: RMSPE and MAPE for the DSC.

Ship RMSPE (%) MAPE (%)

Ship A 0.026 1.10
Ship B 0.050 1.72
Ship C 0.035 1.38
Ship D 0.066 2.74
Ship E 0.072 2.37

Table 1.6: Model Results on Sister Ships

In conclusion, the authors present an approach for predicting power consump-
tion in ships using machine learning techniques 1.15 and show that their method
is able to achieve lower error than previous studies. Additionally, they found that
while fouling and wave in uences have a small impact on power prediction, it is still

important to consider them in order to improve model performance.
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Figure 1.14: Speed-power curves for 60 and 360 DSC, showing an o set of 5.2%.

Figure 1.15: Flow diagram outlining the data mining and modelling approach taken in

this work.
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1.3.5 Valchev, Coraddu, Kalikatzarakis, Geertsma, and Oneto Review
[5]

The paper "Numerical methods for monitoring and evaluating the biofouling state
and e ects on vessels' hull and propeller performance: A review" provides a com-
prehensive review of various numerical methods for monitoring and evaluating the

biofouling state of vessels and their impacts on hull and propeller performance.

The authors review a range of numerical methods for monitoring and evaluat-
ing biofouling, including computational uid dynamics (CFD), boundary element
method (BEM), neural networks, and machine learning techniques. They describe
the strengths and limitations of each method, highlighting the speci c types of bio-
fouling problems they are best suited to address. For example, CFD is useful for
modeling hydrodynamic ow around hulls and propellers, while BEM is better suited

to studying acoustic emissions from fouled surfaces.

The paper also discusses various monitoring techniques, such as visual inspections
and remote sensing methods, which can be used to validate the results of numerical
simulations. The authors emphasize that a combination of numerical methods and
monitoring techniques (see gure 1.16) is necessary to obtain a comprehensive un-

derstanding of biofouling e ects on vessel performance.

1.4 This Study's Contribution

The aim of this study is to evaluate the performance of hybrid models for power
prediction. To accomplish this, physical models will be combined with a data-driven
model, speci cally a neural network as suggested in previous sections. The study
has two objectives: rst, to investigate the impact of idle periods on hull fouling
and whether this can be used as a parameter to estimate the additional power con-
sumption due to fouling. Secondly, the study will use the Berthelsen and Nielsen
Improved Power-Speed Curves, along with pre-processing techniques and parame-
ters from other relevant studies. To optimize hyperparameters, the study will use

the optuna tool. In addition, an encoder will be employed to allow for the insertion
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