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PROPOSING AN OPERATIONAL DATA ANALYTICS APPROACH IN
SHIP MANAGEMENT

SUMMARY

Over 80 % of global trade by volume and more than 70 % of its value has been carried
by the shipping industry. In addition, demand for the maritime transportation mode is
still expected to increase in the forthcoming years. Despite these facts, maritime
transportation shareholders are under the increasing pressure to improve their overall
service quality, while ensuring the competitive cost with the other transportation
modes. More importantly, maritime transportation is expected to facing with the global
overcapacity (the supply of ship capacity increased faster than demand). Its cause the
pressure on the on freight rates and profits. Environmental protection and social
awareness is another substantial component at this perspective, which environmentally
sustainable transportation modes is demanded. Specifically, International Maritime
Organization (IMO) has implemented the new regulatory regime, which aimed to
improve a ship energy efficiency through life cycle of a ship starting from with ship
design process and includes its service time. To improve a ship operational efficiency,
and to decrease the ecological footprint of its activity, maritime researchers have
focused on the ship operational performance monitoring since it would lead to
improving fuel savings rate with relatively low initial investments and correspondingly
low risk. Beyond that, ship operational performance monitoring might also be
extended to optimization of operations, maintenance, delivery plans, charter party
analysis, and vessel benchmarking. Thus, ship performance monitoring is an
increasingly growing research area since it has a huge potential to improve a wide
range of aspects in maritime industry.

Despite the mentioned benefits, current ship operational performance monitoring has
several fundamental obstacles that make it impractical for ship owners and ship
management companies to improve ship efficiency. At this point, data quality and
utilized data analysis techniques are main concerns. Most of the time, ship operational
data sets consist of the noon-reports. However, it is well-known that noon-reports are
not capable of the providing sufficient data quality to investigate ship operational
performance monitoring. Beyond that, utilized data analysis models in performance
monitoring of ships are categorized as a theoretical, statistical, and hybrid models.
Theoretical models have limited capacity to explain the complex behaviors of a
dynamic ship system, since they heavily depend on the deterministic mathematical
formulations. Moreover, current statistical models that have been implemented on the
ship operational performance monitoring are considered as a black box that relations
between the ship operational factors are not explained. Besides, low prediction
accuracy is another issue for the implemented statistical models.

Because of these reasons, this thesis is aimed to develop a ship operational
performance monitoring system based on the advanced statistical methods. As
indicated earlier, reliable ship operational data is pre-condition for ship performance
monitoring. Automatic data acquisition system based data set has been investigated to
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improve system reliability. In order to optimize ship operation, ship operation
characteristic and important variables, outputs, and their relation must be determined.
Therefore, shrinkage methods and tree-based methods have been utilized for the ship
operational performance monitoring. Shrinkage methods are one of the two statistical
estimation methods particularly capable of providing interpretable models than the
ordinary least squares. The tree-based methods, on the other hand, can be used on
situation where the parameters are non-linear related, such as ship operational data. It
guarantees to remove redundant and irrelevant variables (variable selection) to
improve the prediction accuracy.

As a result; shrinkage methods (Ridge and Lasso) enable to minimize complexity and
to enhance interpretability when comparing to current nonlinear models. The tree
based model has considerable superiority since the model provides high accuracy rate.
In the thesis, the concept of tree based models; bagging, random forest and bootstrap
are deployed and the bootstrap gives the most accurate prediction rate than the others.
Since statistical learning approaches can be used for the prediction and interference,
identifying the best model depend on the user perspective and motivation.
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GEMIi YONETIMINDE BIR OPERASYONEL VERI ANALIZI YAKLASIMI
ONERISI

OZET

Denizcilik endiistrisi global ticaret hacminin yiizde 80’ini ve degerinin yilizde 70'inden
fazlasini tasimaktadir. Dahasi, oniimiizdeki yillarda deniz yolu tasimaciligina olan
talebin artmasi beklenmektedir. Bu gergeklere ragmen, deniz yolu tasimaciligi
paydaslari, diger tasima modlari ile rekabetci bir maliyet sunmalari beklenirken, genel
hizmet kalitelerini de arttirma baskisi altindadir. Daha da Onemlisi, deniz
tagimaciliginin kiiresel kapasite arz fazlasi ile karsi karsiya kalacag: diigiintilmektedir.
Bunun neticesinde navlun fiyatlar1 ve kar oranlar1 {lizerindeki baskilar artacaktir.
Oteyandan, deniz ¢evresinin korunmast ile ilgili uluslararasi regiilasyonlar nedeni ile
denizcilik endiistrisindeki tasima maliyetleri yiikselme egilimi gdstermektedir.
Ozellikle, Uluslararas1 Denizcilik Orgiitii (IMO), gemi tasarim siirecinden baslayarak
bir geminin yasam dongiisii boyunca enerji verimliligini arttirmay1r amaglayan
diizenleyici regiilasyonlar yiiriirlige sokmustur. Bu kapsamda, Deniz Cevre Koruma
Komitesi (MEPC), tam potansiyel verimlilik ve ¢evresel faydalar elde etmek icin
Enerji Verimliligi Tasarim Endeksi'ni (EEDI), Enerji Verimliligi Operasyonel
Endeksini (EEOI) ve Gemi Enerjisi Verimliligi Yonetim Planim1 (SEEMP)
gelistirmistir. Tim bu ana sebepler gemilerin operasyonel verimliligini artirmay1 ve
gerceklestirilen tasima faaliyetlerinin ¢evreye olan olumsuz etkilerinin azaltilmasinm
gerekli kilmaktadir. Bu baglamda gemi operasyonel performans izlenmesi denizcilik
literatiiriinde her zaman yogun bir sekilde islenen konularin basinda yer almistir.

Gemi operasyonel performans izlemesinin diger yontemlere gore nispeten diistik ilk
yatirim maliyeti gerektirmesi ve diislik risk tasimasi en 6nemli avantajlar1 olarak
karsimiza ¢ikmaktadir. Bunlarin Gtesinde, gemi operasyonel performans izlemesi,
gemi operasyonlarin optimizasyonu, bakim ve teslimat planlari, charter parti analizi
ve gemi kiyaslama islemlerine de genisletilebilir. Bu sebeple, gemi performans
izlemesi, denizcilik endiistrisinde genis kapsamli uygulama alanlarmi gelistirme
konusunda biiyiik bir potansiyele sahiptir. Ancak, denizcilik literatiiriinde gemi
operasyonel performans izlemesine yonelik c¢alismalar1 inceledigimizde, bu
caligmalarda gelistirilmesi gereken 6nemli noktalarin oldugunu ve denizcilik sirketleri
icin bu yaklagimlari iglevsiz kilan yonler oldugu tespit edilmistir.

Sensor teknolojisindeki ilerlemelerin yol agtigr otomatik veri toplama sistemleri,
denizcilik endiistrisinde veriye ulasma sorununu ortadan kaldirmistir. Ancak, gemi
operasyonel performans izlemesi oOzelinde denizcilik literatiirii incelendiginde,
gerceklestirilen c¢alismalarin genellikle sensor verileri yerine noon-reportlardaki
(6glen raporu) veri kaynaklarina dayandirildigi gézlemlenmektedir. Halbuki, bir ¢cok
bilimsel c¢alisma noon report kaynakli verilerin bu konudaki yetersizliklerini ve
eksikliklerini ortaya koymaktadir. Noon reportlarin hergiin i¢in sadece tek veri noktasi
sunmast, kisitli sayida degisken icermesi ve insan kaynakli hatalara agik olmasi en ¢ok
alt1 ¢izilen dezavantajlarindandir. Dolayisi ile, otomatik veri toplama sistemlerinden
elde edilen wverilerin kullanilmasi, gemi operasyonel performans izlemesi
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calismalarinda elde edilecek sonuclarin giivenirliligi ve hassasiyeti acisindan biiyiik
Onem tagimaktadir.

Diger bir 6nemli husus ise kullanilan veri analiz yontemleri ile ilgilidir. Gemi
operasyonel performans izlemesinde kullanilan teorik modeller, gemi performansina
etki eden degiskenler arasindaki iliskileri basite indirgeyerek soz konusu iliskileri
belirli varsayimlara dayandirmaktadirlar. Teorik yontemler ozellikle gemi dizayn
asamasinda siklikla basvurulan yontemler olarak karsimiza ¢ikmaktadirlar. Ancak,
biiylik oranda varsayimlara dayandirilmis olmalar1 ve biiyiikk miktar ve ¢esitlilikteki
sensor verilerini analiz etmedeki yetersizlikleri, yeni metotlarin kullanilmasi
gerekliligini ortaya cikarmustir. Istatistiksel yontemler ise bu baglamda kullanilan daha
gelismis yontemler olarak karsimiza cikmaktadir. Genel itibari ile, istatistiksel
yontemler tahmin ve ¢ikarim yapmak i¢in kullanilirlar.  Gemi operasyonel
performansini iyilestirebilmek adina istatistiksel yontemlere dayali bir karar destek
sistemi olusturmanin gerekliligi asikardir. Baz1 durumlarda ise (charter parti analizi
vb.), kullanilacak yakit miktarina iliskin hassas tahminlerde bulunmakta 6nem arz
etmektedir. Ancak, gemi operasyonel performansinin ¢ok sayida degiskene bagli
olmasi1 ve bu degiskenler arasindaki iliskilerin dogrusal olmamasi, ¢ikarim yapmay1
zorlagtirmaktadir. Dahasi, istatistiksel yontemler kara kutu (black box) seklinde ifade
edilen yapilar sundugundan ¢ikarimda bulunmay1 giiclestirmektedirler. Dogrusal
olmayan iligkiler yapilan tahminlerin dogruluk diizeylerini de Onemli Olgiide
etkilemektedir. Denizcilik literatiiriinde, daha yliksek dogruluk oranlarina sahip
istatistiksel caligmalara olan ihtiya¢ agikca ortaya konmus ve bu konuda daha fazla
calisma yapilmasi gerekliligi tartisilmigtir.

Bahsi gecen eksikliklerin ve uygulama zorluklarmin {stesinden gelebilmek bu
calismanin temel amacini olusturmaktadir. Bu kapsamda; otomatik veri toplama
sistemlerinden elde edilen veriler analiz ederek veri kaynakli eksiklikler giderilmesi
amaglanmistir. Dahasi, gelismis istatistiksel yontemler kullanilarak daha yiiksek
dogruluk oranlarina ulagilmasinin yani sira ¢gikarim yapmaya olanak saglayan metotlar
kullanilmas1 amaglanmaktadir.

Bu kapsamda analiz edilen veriler Faroe Adalari'ndaki bir feribot’dan 16 Subat - 12
Nisan 2010 tarihleri arasinda bir aragtirma projesi kapsaminda toplanmigtir. Gemi,
baskent Torshavn'dan en giineydeki ada Suduroy'a belirli bir rota lizerinden her giin
iki veya li¢ sefer yapmaktadir ve herbir sefer ortalama 1 saat 55 dakika stirmektedir.
Gemi iizerine farkli noktalardan veri elde etmek icin sensorler yerlestirilmis ve bu
sensorler lizerinden toplam 254 sefer verisi toplanmustir.

Elde edilen verilerin incelenmesi igin 6ncelikle shrinkage metotlar1 (Ridge ve Lasso)
kullanilmistir. Shrinkage metotlarinin se¢ilmesinin nedeni; model karmagsikligi azaltan
ceza terimi (penalty term) igermesi, boylelikle degisken se¢imine imkan tanimasidir.
Dabhasi, kisith sayidaki degiskeni iceren modeller sagladig i¢in varyansi azaltip daha
yiiksek oranda bir tahmin yapilmasina da imkan saglamaktadir. Boylelikle, yiiksek
dogruluk oranindan feragat etmeden, karar destek sistemine temel olusturan model
elde edilebilmektedir. ikinci olarak, agac tabanl (tree-based) modeller ¢ikarimlarin
temel olarak amaclanmadigi, daha ziyade hassas tahminlerin gerek duyuldugu
durumlar i¢in kullanilmistir. Bu baglamda, bagging, random forest and bootstrap
yontemleri kullanilmistir. Bu yontemler parametrik olmadiklarindan kompleks
yapidaki sistemler iizerinde daha etkili sonuclar elde edilebilmektedir. Dahasi,
istatiksel yontemlerde var olan varsayimlara (normal dagilim, sabit ortalama ve
standart sapma gibi) da gerek duyulmamasi en 6nemli avantajlarindandir. Gemi
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operasyonel performansi dinamik degiskenlere bagli kompleks bir problem oldugu
icin bu tiirdeki modellerin kullanilmasi uygun goriilmiistiir. Sonrasinda, elde edilen
sonuglar aymi verileri kullanan diger ¢alismalar ile karsilagtirilmis ve kullanilan
modellerin etkinlikleri degerlendirilmistir.

Bu dogrultuda, shrinkage modelleri ile yapilan analiz sonugunda beklendigi gibi belirli
sayida degiskenin yer aldigi modeller elde edilmis ve bu modeller kullanilarak elde
edilen tahmin degerleri diger ¢alismalarda elde edilenlerde rekabet edebilir diizeyde
oldugu saptanmistir. Daha da Onemlisi, model karmagikligi azaltilmis oldugu icin
karar destek sistemi olarak kullanilmasi miimkiin olan bir model gelistirilmesine
imkan taninmigtir. Bu ise gemi operasyonel performans izlemesi ¢aligmalarinin karar
destek sistemi olarak uygulabilirligini artiran Onemli bir katki olarak
degerlendirilmektedir. Tree-based modeller kullanilarak elde edilen sonuglarin
dogruluk dereceleri diger caligmalarla kiyaslandiginda ise bazi noktalarda daha iyi
sonuglar verdigi goriilmistiir. Dahasi, degiskenlere ait birer dnem siras1 sagliyor
olmasi da bir diger 6nemli avantaj olarak karsimiza g¢ikmaktadir. Dolayisi ile,
calismada elde edilen sonuclar hedeflenen amaglarin gerceklestirildigini ortaya
koymaktadir.

Istatistiksel yontemlerin degiskenler arasindaki iliskileri, kullanilan veriler araciligiyla
ogrendigi dikkate alinacak olursa, daha uzun siireli ve daha fazla degisken kullanilmasi
ileriki ¢aligmalarda dikkate alinmasi gereken noktalar olarak karsimiza ¢ikmaktadir.
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1. INTRODUCTION

Since ships have carried over 80 % of global trade by volume and more than 70 % of
its value, the importance of maritime transportation has steadily growing (UNCTAD,
2017). The Review of Maritime Transport 2017, to illustrate, forecasts global maritime
transportation to increase by 2.8 per cent in 2017, with total volumes reaching 10.6
billion tons (UNCTAD, 2017). In addition, demand for the maritime transportation
mode is still expected to increase in the forthcoming years, related with the world
economic growth. On the other hand, maritime transportation shareholders are under
the increasing pressure to improve their overall service quality, while ensuring the
competitive cost with the other transportation modes. More importantly, maritime
transportation is expected to facing with the global overcapacity, which implies the
supply of ship capacity increased faster than demand, and its cause the pressure on the
on freight rates and profits. Environmental protection and social awareness is another
substantial component at this perspective, which environmentally sustainable
transportation modes is demanded (UNCTAD, 2017).

International Maritime Transportation (IMO) has developed a sustainable maritime
concept regarding the handle the continues challenges that the shipping industry have
been faced with the mentioned segments. This concept is mainly aimed to identify the
various goals that must be met to achieve sustainable growth and development in
maritime industry. At this perspective, reducing fuel consumption in shipping
operations is a one of the key objectives so that it would enable to improve ship
operational efficiency, as well as decrease the environmental impact of ships, and
eventually lead to sustainable maritime transportation. Figure 1.1 shows the changes
at oil prices over the time. Global crude oil demand as well as the negative effect of
fluctuating oil price on the consumers paid is growing. Thus, the fuel costs of the ship
operations are also expected to increase with respect to the fluctuated oil prices.
Considering the fact that fuel cost as percentage of a ship’s total operation is one of

the major components, operating the more efficient ships and investigating the reliable



practices of ship management for optimal operation strategies is urgently needed now
more than ever (Jafarzadeh and Utne, 2014; Soner et al., 2018a; Soner et al., 2018Db).

Moreover, new amendments have been implemented by the Marine Environmental
Protection Committee (MEPC) on the International Convention for the Prevention of
Pollution from Ships (MARPOL) to minimize the particular gases emission from
ships. For example; Energy Efficiency Design Index (EEDI) stands for new ships and
the Ship Energy Efficiency Management Plan (SEEMP) for all ships. Energy
Efficiency Operational Indicator (EEOI) is a voluntary technical measure for ships in

operation (Faber et al., 2011).
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Figure 1.1 : Inflation adjusted oil price chart, (McMahon, 2018).

Comparing to the improving the fuel efficiency, which are structural, operational,
technical, and alternative fuels, controling of operational measures offers great
potential to fuel saving on board. There is a relatively low initial investments and a
correspondingly low risk (Aldous, 2016). The recent and future technologies and
innovations, employing batteries and electric motors, returning to wind propulsion,
using the liquefied natural gas (Ing) or nuclear propulsion are other options that have

been investigated.

Ships operate within dynamic working conditions so that its operational performance
realted with the various independent factors. Ship conditions, environmental

conditions, and loading conditions are the major component of these factors. Relations



between these variables are nonlinear that’s why linear based approaches would not
provide demanded assistance. Therefore, advance statistical models are required to be

implemented in such complex problem (Soner et al., 2018a; Soner et al., 2018b).

Besides, along with the advances of the sensor technologies and automatic data
acquisitions systems, utilizing the capable advance tool in ship operational
performance monitoring have become a necessity, since theoretical models are not
structured to solve nonlinear problems. Considering the problem characteristic, it is
clear that there is a gap between the problem requirements and utilized models in the
ship operational performance monitoring. Therefore, the research is aimed to
investigate the certain statistical models capability in the ship operational performance

monitoring to fulfil the gaps in the literature (Soner et al., 2018a; Soner et al., 2018b).

1.1 Motivations Behind Thesis

There are significant benefits that ship operational performance monitoring would be
provide for shipping industry. Apart from the motivations related to fuel efficiency
and environmental policy, operational real time optimization, maintenance trigger,
evaluating technological interventions, operational delivery plan optimization, fault
analysis, charter party analysis, and inform policy are other particular applications with
the scope of the ship operational performance monitoring (Aldous, 2016; Soner et al.,
2018a; Soner et al., 2018b).

Operational real time optimization is mainly based on the adjusting the controllable
variables with respect to the uncontrollable conditions to optimize ship operations.
Weather routing, slow steaming, and trim and propeller pitch optimizations are some
of the operational real time optimization applications (Armstrong, 2013; Maloni et al.,
2013). Moreover, ship operational performance monitoring can determine the dry
docking intervals and hull and propeller maintenance or conversion to improve the hull
and propeller performance, as a maintenance trigger. Ship operational performance
monitoring enables to evaluate the technological intervention by comparing the prior
and post analysis of newly installed technology on ships. Operational delivery plan
optimization implies the longer term and ship fleet perspective to optimize operational
parameters. Ship operational performance monitoring can identify abrupt changes in
ship performance so that make timely repairs possible, which is considered fault

analysis. Under the time charterer, frequent dispute between owners and charterers is



fuel consumption for a given speed might be overcome by taking advantage of the ship
performance monitoring (Soner et al., 2018a; Soner et al., 2018b). Lastly, ship
performance monitoring might also lead to inform authorized parties to prove

complying with regulations and conventions (Hasselaar, 2011; Aldous, 2016).

Despite the mentioned benefits, current ship operational performance monitoring has
several fundamental obstacles that make it impractical for ship owners and ship
management companies to improve ship efficiency. At this point, data quality and
adapted data analysis techniques are mainly mentioned concerns (Pedersen and
Larsen, 2009-a, Soner et al., 2018-b). Most of the time, ship operational data sets
consist of the noon-reports, as a traditional approach (Pedersen and Larsen, 2009-g;
Aldous et al., 2015). However, it is well-known that noon-reports are not capable of
the providing sufficient data quality to investigate ship operational performance
monitoring. Noon-reports’ shortcomings are clearly underlined in the literature. To
illustrate; frequency of recording, required to human intervention, and provide
restricted number of features are some of them (Erto et al., 2015; Soner et al., 2018a).
On the other hand, automatic data acquisition system can provide high quality of data
which are interrelated with different ship operational factors (Aldous et al., 2015;
Soner et al., 2018b).

Beyond that, utilized data analysis models in performance monitoring of ships are
categorized as a theoretical, statistical, and hybrid models (Aldous, 2016). Theoretical
models have limited capacity to explain the complex behaviors of a dynamic ship
system, since they heavily depend on the deterministic mathematical formulations
(Coraddu et al., 2017; Soner et al., 2018b). Moreover, current statistical models that
have been implemented on the ship operational performance monitoring are
recognized as a black box that relations between the ship operational factors are not
explained (Hasselaar, 2011, Soner et al., 2018a). Besides, low prediction accuracy is
another argue that for the implementation of statistical models (Aldous, 2016). The
hybrid models, on the other hand, combine the theoretical and statistical models
(Leifsson et al., 2008; Soner et al., 2018a).

In this facts, this study is aimed to develop a ship operational performance monitoring
system based on the advanced statistical methods. As mentioned previously, reliable
ship operational data is pre-condition for ship performance monitoring. Automatic data

acquisition system based data set has been investigated to improve system reliability.



In order to optimize ship operation, ship operation characteristic and important
variables, outputs, and their relation must be determined (Soner et al., 2018a; Soner et
al., 2018b). Therefore, developed model will be capable of provide high prediction
accuracy rate and interpretable ship operational performance model to overcome the
mentioned drawbacks. As a result, this thesis has a great potential to contribute both

shipping literature and industry.

1.2 Thesis Objectives

The main objective of the study is to investigation of potential in advance statistical
learning methods that are capable of the predict ship operational performance with
high accuracy. Besides, it is also aimed at developing a model that is as accurate for
predictions as easy-to-interpret. Considering the ship performance depends on the
various interrelated factors (environment, loading, and ship condition), having an
interpretable model is also desirable. Therefore, the thesis focusses on the statistical
learning models that can eliminate the unrelated factors (variable selection) in the ship
operational performance. Moreover, statistical learning models heavily depend on the
data quality, since they establish a model based on the collected (train) dataset. The
thesis has also taken advantage of the high quality ship operational data, which
collected from the automatic data acquisition system on-board ship. In this perspective,
the objectives of the thesis are i) to investigate the current ship performance monitoring
models ii) to identify the research gaps in the ship performance monitoring iii) to
propose advance ship operational performance monitoring iv) to demonstrate and test
the proposed monitoring model v) to compare of the prediction accuracy of the

proposed and existing ship performance monitoring models (Soner et al., 2018b).

1.3 Thesis Layout

Chapter 1 discuss the research potential, motivations, and recent development with
detailes. Within the chapter, the requirements of the sustainable maritime concept are
highlighted. Significance of the ship performance monitoring in this concept is
thoroughly discussed. Moreover, drivers of the ship performance monitoring, which
stem from international maritime regulations, economic and environmental concern,
are elaborately investigated. Section 1.1 covers the motivations behind the thesis. The
benefits and industrial application of the ship operational performance monitoring are



exemplified with the related research in this sub-section. Section 1.2, on the other
hand, express the thesis objectives, which are specified to clear the contributions of
the thesis.

Chapter 2 reviews the existing ship performance monitoring research by classifying
the studies with regard to the utilized models. Respectively, section 2.1 stands for the
theoretical model based studies, section 2.2 stands for the statistical learning based
studies, and section 2.3 stands for the hybrid model based studies. Section 2.4
underlines the shortcomings in the examined studies and identify literature gaps with

respect to the requirements of the ship operational performance monitoring.

Chapter 3 describes the available data set that has been used in the thesis. Detailed
information about the ferry where data collected from is also given in this chapter.
Section 3.1 is focuses on the data collection system and specifications. Section 3.2
explains the data pre-processing techniques that transforms the raw data into desirable
data format to conduct the required analysis.

Chapter 4 provides the technical background about the implemented statistical models.
Section 4.1 is concerned with the regression based models; Lasso and Ridge models,
respectively. Section 4.2 is concerned with the tree based models; Random Forest,
Bagging, and Boosting, respectively. Section 4.3 demonstrates how the methods

performance are measured.

Chapter 5 demonstrates the practical applications of the thesis. The proposed ship
operational performance monitoring models are described. Visualization of the
applications are displayed so that prominent variables are identified in this chapter.
Comparison of the prediction accuracy of the proposed and existing ship performance

monitoring models is also conducted.

Chapter 6 highlights the critical findings and summarize the aims and objectives of the

thesis. Further, recommendations for the future work are also suggested in this chapter.



2. LITERATURE REVIEW

The aim of this chapter is to underpin the motivational drivers of the thesis. For this
reason, recent state of-the-art ship operational performance monitoring literature have
been critically examined in detail in order to justify the literature gaps. Moreover, it is
also intended to show that ship operational performance monitoring is worth of

attention to accomplish sustainable maritime concept.

In the literature, the utilized methods on ship operational performance monitoring
studies are clustered and reviewed under three sections. The models, theoretical,
statistical and hybrid, have been investigated to comparatively identify the strength
and weakness of the model elaborately within the different sub-section, respectively.

2.1 Theoretical Model Based Studies

In the theoretical based models, hydrodynamic relations have been implemented to
assess ship performance in relation with the environmental and ship’s loading
conditions. With these models, dynamic ship working environment is simplified in
order to the reducing the problem complexity. In addition, the theoretical models are
based on assumptions and uncertainties associated with interaction ship operational
factors (Harvald, 1983; Soner et al., 2018a; Soner et al., 2018b). Generally, theoretical
models are used in the ship design phase for determining ship characteristics; main
engine size, propeller and hull dimension etc. Then, sea trials are dedicated to verify
the model outcomes. Even if the numerous performance analysis methods utilize the
identical hydrodynamic relations to calculate ship performance, the main differences
between them are how they correct the calculated ship performance (Harvald, 1983;
Hasselaar, 2011).

One of the first research that based on the theoretical model have been conducted by
Telfer (Telfer, 1926). In the study, Generalized Power Diagram (GPD) has been
introduced. GPD enables to demonstrate ship power, ship speed and propeller
revolutions for a particular wake fraction in one diagram. Since the ship working

environment and ship state is subject to continuous change, the wake fraction should



be adjusted periodically. Besides, GPD is not only used for the ship speed calculation
but also using to transform ship operational performance data to design speed or power
(Hasselaar, 2011).

One of the early online data collecting system has been developed by Journée et al.,
(1987) and Journée (2003) to predict ship performance with theoretical models. Kim
et al., (2001) have conducted a research that develop a computer program to analysis
ship resistance increase with respect to the ship motion, wave diffraction, wind,
steering, drifting, water temperature and salt content, deviation of displacement, hull
and propeller surface roughness, and shallow water. The research mainly depends on
the Taniguchi-Tamura's Method, which aimed to correct wind resistance with related
to the analysis of speed trial results (Taniguchi and Tamura, 1966). Apart from the
other theoretical models, the effect of the reduced ship speed on hull resistance is
taking into account with this method. Moreover, semi-theoretical models are also
derived from the regression analysis of random model and full-scale data, which
accessible at the Netherlands Ship Model Basin (Holtrop and Mennen, 1982). The
research has conducted extensive towing tank tests and dedicated ship trials to develop
the model (ITTC, 2002).

In addition to these, certain theoretical based studies suppose propulsive efficiency and
ship speed is constant (Aertssen and Sluys, 1972; Andersen et al., 2005). Despite the
assumption of the constant propulsive efficiency, basic corrections are considered,
such as; shallow water, draft deviations, and resistance due to waves, and wind
(Hasselaar, 2011). In order to take propeller efficiency into account, propeller open-
water diagram would be used to convert the performance to standard conditions by
measuring the engine RPM, delivered power, ship speed, and laws of propeller action
(Hasselaar, 2011).

A theoretical study is implemented to optimize trim conditions through the
computational evaluation system called SoLuTion (Lee et al., 2014). The study has
taken advantage of the Reynolds Stresses Model (RSM) so as to a good estimation of
the wake distribution. The study comperes the model of the trim optimization with the
towing test results to evaluate the model accuracy. Another research focuses on the
bulk carriers to optimize trim configuration with respect to the three loading conditions
at different speed range (Moustafa et al.,2015). The study is based on the empirical
models that developed by Holtrop-Mannen (Holtrop and Mennen, 1982). Martelli et



al., (2014), on the other hand, have developed multi-physic simulation platform to
represent the dynamics of a twin-screw ship. The simulation platform enables to
capture the ship heel angles within the turning circles and it represents simplified
behavior of the two propeller shafts during maneuvers. Besides, a new approach in
engine-propeller matching is developed by using numerical tools and available
hardware resources (Coraddu et al., (2011).

2.2 Statistical Learning Based Studies

Statistical learning models are mainly concerned with the high prediction accuracy rate
and model interpretability (Petersen et al., 2012-a; James et al., 2013). Statistical
methods learn relations between the ship operational factors from the collected dataset.
Therefore, these methods highly depend on the training data quality. Moreover,
statistical learning models require a large amount of data both in terms of variety
(number of different measured variables) and volume (size of the data) (Karlaftis and
Vlahogianni, 2011; Coraddu, et al., 2017; Soner et al. 2018a). Take modeling complex
datasets with possible nonlinearities (ship operational environment etc.) into account,
the statistical learning models would be regarded as more flexible compared to
theoretical models. Moreover, statistical learning models are excessively desirable
since a-priory knowledge of the underline physical system is not required and they
make possible to reveal some kind of hidden information that cannot be easily
extracted with a theoretical model (Coraddu et al., 2015; Soner et al. 2018b).

A large amount of data that collected from the sensors and data acquisition systems
are needed in order to an adequate investigation for ship performance monitoring.
Data handling process (data pre-preparation) has paramount importance with this
regard. Due to various nonlinearities among ship performance, ship operational
datasets are usually obtained in unstructured formats (Perera and Mo, 2016). Thus,
Perera and Mo is focused on the sensor fault identification, data compression and
expansion to improve the quality of the process (Perera and Mo, 2016-a). Principal
component analysis (PCA), which is a non-parametric method that extracts relevant
information from complex data sets, is utilized in this study. Perera and Mo (2016-b),
on the other hand, have emphasized the burden of ship operational data transfer to
shore based data analysis centers for further processing and storage. Thus the study

suggests autoencoder system architecture (a deep learning approach) to compress ship



performance and navigation information to reduce the data set (Perera and Mo, 2016-
b). Moreover, ship speed power performance under relative wind profiles is also

investigated by Perera and Mo, (2016-c).

Sasa et al., (2015) have taken advantage of the EUT (Enhanced Unified Theory) and a
numerical simulations of ship motions to estimate the frequency spectra of the roll and
pitch motions in following waves. In addition, multiple linear regression analysis is
also implemented to recognize the correlation among particular parameters related
with the ship speed loss and the fuel consumption (Sasa et al., (2015). Erto et al.,
(2015) have also conducted a multiple linear regression based analysis in order to
predicting and controlling the ship fuel consumption. Utilized dataset has been
collected from a cruise ship and it covers navigational data: speed over ground (SOG),
apparent wind speed and direction etc., and engine data: main engine and diesel

generator rpm, thrust power, and temperature etc. (Erto et al., 2015).

Pedersen and Larsen (2009-a) and Pedersen and Larsen (2009-b) have utilized the
Artificial Neural Networks (ANN) to predict propulsion power. Pedersen and Larsen
(2009-b) take ship peed through the water, wind speed and direction, seawater
temperature, air temperature water depth, wave height and direction as a set of input
variables from four different loading conditions. Pedersen and Larsen (2009-a) have
taken advantage of the four independent data set, with different loading conditions, for
the analysis. It is assumed that the ship performance including the hull and propeller
fouling was constant, so their effect not included in the analysis (Pedersen and Larsen
2009-a).

Petersen et al., (2012-a) and Petersen et al., (2012-b) have analyzed the same high-
quality sensor data collected from a ferry over a period of two months. ANN and
Gaussian processes (GP) have been implemented to modelling for ship propulsion
efficiency by Petersen et al., (2012-a). Petersen et al., (2012-b), on the other hand, have
aimed to predict main energy consumption under realistic operational conditions in

order to trim optimization.

Brandseter and Vanem, (2018) have aimed to predict ship speed under the
environmental condition with full scale sensor measurements of shaft thrust. Linear
regression, projection pursuit (PPT) and generalized additive models (GAM) have

been implemented in this study for the comparison purposes (Brandseter & Vanem,
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2018). Ahlgren & Thern, (2018) take advantage of the machine learning (linear
regression with the Tree Pipeline Optimization Toiol) model for predicting the fuel oil
consumption. Utilized data set have been obtained on the cruise ship engine operating
in the Baltic Sea. Utilized sensors was newly installed mass flow meters, as well as an
extensive set of logged time series data from the machinery logging system (Ahlgren
& Thern, (2018).

2.3 Hybrid Based Studies

Hybrid modelling methods combine the white-box and black-box modeling methods.
In the literature, different expressions have been used for the hybrid modelling, to
illustrate; grey-box modelling, semi-physical modelling, and semi-mechanistic
modelling etc. (Leifsson et al., 2008). Duarte et al., (2004) have consider the hybrid
modelling based on the combination of mechanistic models with Multivariate
Adaptive Regressive Splines (MARS), Artificial Neural Networks (ANN), and
Regression Analysis (RA). In order to evaluate the performance of the various
combinations of modules and hybrid approaches two simulated case studies are
performed, and the mechanistic model/MARS combination has the lowest prediction

errors.

Te Braake et al., (1998) have also used to white-box and black-box modeling to predict
the process states. The study underlines the fact that availability of enough dataset is
pre-request for the nonlinear black-box modeling. On the other hand, where the
process conditions are not allowing to measure the variables and outfits then semi-
mechanistic models become preferable (Te Braake etal., (1998). Leifsson et al., (2008)
has implemented a grey-box modeling approach for the simulation of ocean vessels
(medium sized container vessel) in order to the improve the prediction of the vessel
fuel consumption. Utilized grey-box modeling combines conventional analysis
models, which based upon the theoretical formulation (a white-box modeling), with a
feed forward neural network (a black box modeling). Moreover, these two models
combine together not only in parallel but also in series, as well. Despite the potential
advantages of the grey box modelling, the model has slightly improved the prediction
of the vessel speed (Leifsson et al., 2008).Coraddu et al., (2017) have compared the
white, black and grey box modelling approaches performance when they predict the

ship fuel consumption. The investigated dataset have been obtained in real operations
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from the onboard ship automation systems to optimize the trim of a vessel in real
conditions. The study result shows that black box modeling has superior prediction
accuracy rate over two other modellings (Coraddu et al., 2017). Regularized Least
Squares (RLS), the Lasso Regression, and the Random Forrest (RF) have been
exploited in this research as a black box modelling. Coraddu et al., (2015), on the other
hand, implemented RLS as a black box modelling for the same problem in a grey box
modeling approach. The study discusses that white box modelling neglects the critical
aspect of the ship fuel consumption. Therefore, black box modelling provides great

potential at this perspective.

2.4 Discussion on Literature Review

Although there are considerable studies may improve the ship fuel efficiency, there is
still a gap in improving ship operational performance from the point of view of model
interpretability and estimation accuracy (Aldous et al., 2015; Lepore et al., 2017; Wang
et al., 2018; Soner et al. 2018a; Soner et al. 2018b). Table 2.1 illustarte the methods
used in the ship performance monitoring studies (Soner & Celik, 2017). As can be seen
in the table, there are particular statisticals methods that could be used for this issue.
However, there are numerous factors that affect the operational performance of the
ship such as wind speed, wind angle, wave height, air pressure, and cargo weight.
Given that some of them are highly correlated, they increase the variance and bias that
can lead to complex modeling and low accuracy. Therefore, utilized methods should

handle the these problems.

In order to provide the high prediction accuracy, nonlinear models should be selected,
whereas; the relations among the features are not explained in these models. Therefore,
it is not possible to intervene in ship operation when using non-linear models.
Nevertheless, when looking for interpretability, statistical models offer significant
difficulty to monitor the operational performance of the ship. (Soner et al. 2018b). For
example, shrinkage models predict coefficients that shrink to zero. Therefore, they
reduce variance and improve prediction accuracy. Feature selection can help increase
accuracy and reduce unnecessary model complexity. The decision tree is a
nonparametric model which means that there is no assumption about space distribution
and classifier structure. (Song and Ying, 2015; Soner et al. 2018a). The decision tree

can be used in cases where parameters such as operational data of ships are not linear.
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It guarantees to remove unnecessary and irrelevant variables (variable selection) to
increase the accuracy of the prediction (Ramezankhani et all., 2016). As a result, the
thesis based on shrinkage methods and tree based methods for monitoring ship

operational performance (Soner et al. 2018a; Soner et al. 2018b).
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Table 2.1 : Methods that used in reviewed articles.

Year/Author

Regularization Based Tree-Based Methods

Regression Regression Non-linear Monte

GMMs PCA

LR MLR Ridge Lasso Bagging RF Boosting ANN Carlo

Other

2008
Leifsson et al.
2009-a Petersen
and Larsen
2009-b Petersen
and Larsen

2010 Hasselaar

2012-a Petersen
etal.
2012-b Petersen
et al.
2012
Hansen
2014
Mak et al.
2015
Coraddu et al.
2015
Mak et al.
2015
Aldous et al.
2015
Lu et al.
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Table 2.1 (continued) : Methods that used in reviewed articles.

Year/Author

Regression

Regularization Based
Regression

Tree-Based Methods .
Non-linear

LR MLR

Ridge Lasso

ANN

Bagging RF Boosting

Monte
Carlo

GMMs

PCA

Other

2015
Erto et al.

2015
Sasa et al.

2016 Perera

2017
Coraddu et al.

2017
Perera and Mo

15






3. DATA REQUIREMENTS

3.1 Data Collection System

Data collection system is installed on a ship which is performing a few trips forward and
backward in a regular schedule from the Térshavn to Suduroy in the Faroe Islands (Petersen,
2011; Petersen et al., 2012a). Each trip takes about 2 hours. The ship was equipped with four
main engines, 3360 kW (13,440 kW) and four auxiliary engines 515 kW (Petersen, 2011). The
service speed of the ship is 21 kn and the total length is 135.00 m, the width is 22.70 m and the
width of the main deck is 5.60 m. (Petersen, 2011). Moreover, she is equipped with two
controllable pitch propellers and two rudders (Petersen, 2011). Data collection timeline includes
a 2-month period between February 16, 2010 through April 12, 2010 (Petersen et al., 2012a).
The ship's operational performance is related not only to ship conditions (ie machinery) but also
to additional features such as weather conditions and loading conditions (Orihara and
Tsujimoto, 2017). Therefore, numerous features should be considered to improve the
operational performance of ship. The devices that were used to collect data were: Doppler speed
log, gyrocompass, GPS (Global Positioning System), main fuel pipe flow meter, rudder angles,
wind, and propeller pitches (Petersen, 2011). In addition, an inclinometer was used to measure
the ship's trim, and two-level meters were placed on the sides of the ship. Table 3.1
demonstrates the collected ship operational features (Propulsion modelling, 2017).

There are some costs for each data collection point: cabling, connections, software, storage, etc.
Thus, while measuring all relevant signals is important, in each case there is also a limiting cost
and complexity factor to consider (Petersen, 2011). Brief information about the considering

features are given, as follows;

Trim is defined as the aft and forward draughts difference, which results in a positive aft trim.
In addition, the displacement and speed are kept constant when a vessel is trimmed, i.e. no
additional ballast is added and the power consumption varies when the resistance is changed

when trimmed. At a given condition, the optimal trim is the trim angle where the required
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propulsion power is lower than any other trim angle at that condition (Abouelfadl and
Abdelraouf, 2016). Considering the data used in this study, an inclinometer was installed in the

engine room to measure the vessel's trim (Petersen, 2011).

In addition, the system is fitted with two level measuring devices on the ship's sides. They use

radio waves to measure the distance to the surface of the sea (Petersen, 2011).

Wind, on the other hand, has nature that is highly fluctuating. The relevance of ship operating
fluctuations is limited primarily to longitudinal high-energy wind turbulences with relatively
long periods and dimensions, so that the entire ship can be assumed to be affected. Visual
estimates, forecast information or direct measurement using an anemometer can be used to
estimate the wind speed. A continuous reading of the apparent wind speed and direction is
needed for performance monitoring. Therefore, visual observations are not appropriate for

performance monitoring (Hasselaar, 2011).

A rudder is a primary surface for controlling a ship. Due to the high and low pressure regions
generated by the water flow, a force is generated when a rudder is turned to some angle. The
flow decreases in speed on one side of the rudder while on the other it increases. Therefore,
movements of the rudder add drag to the hull and increase strength. Minimizing the number of
times the rudder is used and saving fuel will be the amount of rudder angle applied to keep the

course or execute a course change.

SOG is a non-critical performance monitoring parameter because it is not associated with the
ship's actual performance. However, it is used to validate speed by measuring water and to
identify currents. STW, on the other hand, is one of the most important parameter of
performance analysis. The following techniques on ships can be used to measure STW; such as

doppler logs, electromagnetic logs, acoustic correlation logs etc. (Hasselaar, 2011).

Pitch effectively converts the propeller shaft's torque to thrust by deflecting or accelerating the
astern water. In view of ship motions generated by external waves, long, regular waves like
swell have the greatest influence on motions. Therefore, pitch is especially important for
performance monitoring as a major contributor to wave resistance and propulsive

characteristics changes (Hasselaar, 2011).

True course or true heading is expressed as angular distance between 000 ° and 360 ° from the

true North clockwise.
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Table 3.1 : Available raw dataset features (Propulsion modelling, 2017).

Features Units
Fuel density ka/l
Fuel temperature C
Fuel volume flow rate L/s
Inclinometer trim angle degrees
Latitude degrees
Longitude degrees
Port level measurements m
Starboard level measurements m
Speed through water (STW) kn
Port propeller pitch -10-10V
Port rudder angle -10-10V
Speed over ground (SOG) Km/h
Speed over ground (SOG) Kn
Starboard propeller pitch -10-10V
Starboard rudder angle -10-10V
Track degree magnetic degrees
Track degree true degrees
True heading degrees
Wind angle degrees
Wind speed m/s

The true heading is the course used in the chart and the compass course is the course that the
helmsman will steer with the navigation compass. The magnetic course refers to the north of
the magnet. The course applies through the water to the direction. Wind, sea, and current,
however, may defer a vessel from its intended course on Earth. Track is Earth's intended
(horizontal) direction of travel. The track consists of one or a series of course lines from the
starting point to the destination along which a journey is intended to continue. (Bole, Nicholls,
and Dineley, 2013). is the number of samples (Soner et al., 2018a; Soner et al., 2018b).

3.2 Data Pre-processing

The data set obtained consist of 254 trips in the timeline. The data set is organized in a window
size of 3 minutes (total 9001 windows) to capture changes in variables before analyzing the

operational data set (Petersen, 2011; Petersen et al., 2012a; Petersen et al., 2012b).
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In addition, feature extraction was performed to obtain the mean, variance and derivative of the
variables (Petersen et al., 2012a). As mentioned, the system collected values from many
sources. Therefore, it is possible to lose some values. At least one sample should be provided
in each window to provide each required entry. Otherwise, the window is removed to deal with
missing values. Outliers were specified at acceptable intervals for each entry. If a value is out
of range, it is dropped (Petersen, 2011). In addition, the feature extraction process, the average
of an entry, such as retrieving the variance or derivative is carried out by simple mathematical
operations (Petersen et al., 2012a). While the variance of the feature expresses how much the
signals in a window change, the increase or decrease in a signal in a window will be understood
by the derivative of the feature. For example, the variance of surface distance measurements
will give an idea of the pattern of waves surrounding the ship (Petersen, 2011). Because the
wind direction contains a circular discontinuity, headwind and cross wind are used to reflect
the measurements. Therefore, headwind and crosswind are produced in terms of relative wind
speed and angle (Petersen, 2011). Application and problem properties have an impact on the
window size (Petersen, 2011). Some research found a window size of 10 minutes, which would
be more appropriate for their application (Leifsson et al., 2008; Pedersen and Larsen, 2009).
The data set obtained for this study was arranged in a window size of 3 minutes (total of 900
windows) (Petersen et al., 2012a). Different indicators can be used to evaluate vessel
performance. Generally, ship speed or fuel consumption is used for this perspective. This study

takes into account fuel consumption and STW to monitor ship operational performance.

3.3 Data Description

In this sub-section, application data set is presented with the detailed figures. Figure 3.1, Figure
3.2, and Figure 3.3 shows a scatter diagram showing the relationship between STW with trim,
draft, and heeling (Soner et al., 2018b).
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Figure 3.1 : Scatter plots of the ship STW versus trip.

The relationship between speed and related properties is not linear as expected.
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Speed vs. Draft
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Figure 3.2 : Scatter plots of the ship STW versus draft.

Distribution as shown in the chart, trim is between -1.5 to 1.25, and draft mostly spread between
5.0 to 6.0 meters’ (Soner et al., 2018b).
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Speed vs. Heeling
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Figure 3.3 : Scatter plots of the ship STW versus heeling.

On the other hand, heeling tend to increase STW. Furthermore, the data set includes mainly
STW sample is between 15 knots to 20 knots (Soner et al., 2018b).

With basic figures, summary statistics can define a complicated set of data. After the data is
obtained, it is important to understand the data before applying algorithms and making
predictions. The minimum (Min), 1st quartile (1st Qu), median, mean, 3rd quartile (3rd Qu),

and maximum (Max) have been used for the summary statistic.

Table 3.2 demonstrates the summary statistic of the features. Mean or average is a central data
trend, i.e. a number that spreads a whole data, the average data values. While the minimum is
the lowest data value, the highest data value is the maximum. The median (or 50th percentile)
for the sorted data values is the "middle number.” The 75th to 25th percentile difference (the
3rd and 1st quartiles). This represents the range of 50% of the data in the middle. It serves as a
robust data variation measure. As a branch of descriptive statistics, data visualization makes

complex data more accessible, understandable and usable.
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Table 3.2 : Summary statistic of the features.

Features Statistics
Min 1st Qu. Median Mean 3rd Qu. Max
Speed 0.00 18.69 19.46 18.13 19.93 21.59
Fuel 0.1928 0.5977 0.6306 0.5967 0.6478 0.7110
Fuel Mass Flow 0.1786 0.5544 0.5840 0.5529 0.6003 0.6580
Rate
Ahead Speed -19.47 18.45 19.38 17.43 19.89 21.58
Trim -1.40257 -0.29875 -0.19321 -0.17835 -0.09085 1.29117
Port Pitch 0.05548 81.44289 83.34849 78.68136 84.91733 89.58378
Starboard Pitch 0.01 80.66 82.67 77.38 84.11 88.70
Port Rudder -74.10195  -0.84585 -0.34845 -1.86341 0.06516 44.61400
Starboard Rudder -60.89206  -0.86545 -0.40670 -0.20063 0.04032 77.09591
Heeling -0.6131 0.0541 0.2222 0.2074 0.3644 0.7945
Draft 5.042 5.448 5.563 5.561 5.666 6.366
Port Level 4.530 5.607 5.809 5.784 5.986 6.507
Starboard Level 4,513 5.203 5.361 5.369 5.513 6.302
Longitude -6.982 -6.733 -6.679 -6.691 -6.633 -6.532
Latitude 61.53 61.61 61.76 61.76 61.90 62.06
Headwind -13.97 4.77 10.49 10.93 16.84 35.80
Crosswind -25.1039 -6.7292 -0.1009 -1.6452 2.8555 18.4672

For further understanding, colored figures are also provided. Figure 3.4 demonstrates the ship
speed against the trip and the fuel consumed presented by the colored points. As shown in
Figure 3.4, speed change is extremely constrained (Soner et al., 2018b). Therefore,
measurements below 15 knots ship speed can be considered outliers. At the points when the
ship achieves high speed, fuel consumption likewise increments, however, there are a few data

points that show otherwise.
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Figure 3.4 : For ship speed [knots] versus trip number.

Figure 3.5 shows the average speed for each trip. Average speeds up to 20 knots from 16 knots
fluctuate.

Mean Speed for each Trip
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Figure 3.5 : Mean speed [knots] for each trip.

Another way to summarize data, as an input into a more advanced analysis, and as a diagnosis
for advanced analysis, a correlation matrix also has been used. The correlation between each
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feature, to illustrate the relationship between ship operational data are presented in Figure 3.6.
The strength and direction of the linear relationship between two variables are measured by
correlation. The coefficient of correlation values may vary from -1 to + 1. The closer it is to +

1 or -1, the closer the relationship between the two variables is.
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Figure 3.6 : The correlation analysis of the features.

The positive sign means the direction of the correlation, i.e. if one of the variables increases,
the other variable should increase as well. Positive correlations are displayed in a blue scale
while a red scale displays negative correlations. There are complex interactions. The fuel,
environmental conditions, trim, pitch, and draught are physically inextricably releted. Because
of the non-linear relationships among the different features, ship performance monitoring is
considered, as a complex problem.
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4. ADVANCED STATISTICAL LEARNING METHODS

It has developed statistical models to monitor the operating performance of the ship.
The scope of this study, however, is primarily intended to develop a model that is easy
to interpret and accurate for prediction (Soner et al., 2018a; Soner et al., 2018b).
Prediction and interpretation are the main objectives of the use of statistical learning
methods (James et al., 2013). In some cases, inference is the main objective of the
analysis to elicit the relationship between each respondent and the predictor. On the
other hand, the prediction aims to high accuracy rate when predicting the response.
However, there is limited research focusing on this issue regarding ship operational
performance monitoring. In recent years, there have been various statistical methods
proposed to monitor ship operational performance. In this thesis, shrinkage methods
and tree-based methods have been utilized for the ship operational performance
monitoring (Soner et al., 2018a; Soner et al., 2018b). According to James et al., (2013)
shrinkage methods, is one of two statistical learning methods that can provide more
interpretable models from ordinary least squares (James et al., 2013). Tree-based
methods can be used where parameters such as ship operational data are in a non-linear
state. It guarantees to remove unnecessary and irrelevant variables (variable selection)
to increase the accuracy of the prediction. (Ramezankhani et all., 2016). The next sub-
sections give brief description about these methods (Soner et al., 2018a; Soner et al.,
2018b).

4.1 Ridge and Lasso Methods

In the shrinkage methods, predicted efficiencies are regularized or shrunken toward
zero when all the features are used to fit a model. Despite the negligible increasing in
bias, shrinkage models can severely reduce a model variance. Hence, they enhance the
overall performance of a model. Ridge regression and the Lasso are well known
shrinkage models used in statically learning (James et al., 2013; Pereira et al., 2016,
Lepore et al., 2017). Equation 4.1 for Ridge regression and equation 4.2 for Lasso are

provided to describe technical background of models (James et al., 2013). In the
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equations, yi defines the ith observation of the variable that is to be predcited, xij
represents the value of the jth variable for the ith observation, where i =1,2,...,n
andj=1,2,...,p; coefficients Po, B1, . . ., Bp, RSS for the residual sum of squares, and

A is a tuning parameter (A > 0).

As clearly depicted in the equations, the Ridge and the Lasso are modified version of
the least squares. The modification is made by adding a penalty term to the objective
function to regularize the estimated coefficients. In spite of the Lasso penalty based on

the absolute coefficients (4 Y |B;| ), the Ridge regression penalty term is depending
on the squared coefficients (4 X:; ﬁjz ) (Hoerl and Kennard, 1970; James et al., 2013).

Tuning parameter A need to be selected with the fact that when A = 0, the penalty term
has not enough effect on the model. Therefore, it creates the least squares estimates,
whereas as A — oo, the impact of the shrinkage penalty grows, and the Ridge regression
coefficient estimates will approach zero but not exactly to zero (unless A = o) (James

etal., 2013).

p

2 P 14
yi—ﬁo—zﬁjxij +2 Zﬁf = RSS + 1 Eﬁ} 4.1)
' =1 =1

n
i=1 j=1

On the other hand, the Lasso is a relative recent alternative to Ridge regression which
tackles with disadvantage by forcing some of the estimated coefficient to be exactly
equal to zero when the tuning parameter A is sufficiently large (Tibshirani, 1996; James
etal., 2013; Lepore et al., 2017). Hence, the Lasso is expected as a feature selection or

variable selection model.

p

2 p P
Yi— Bo— Z,Bjxij + 1 Zlﬁjl =RSS+ 4 ZIﬁjl (4.2)
; = =

n
i=1 j=1

In the literature, there have been various models proposed with respect to the choosing
a good value of A, while it is a critical step for both methods (Pereira et al., 2016, Cule

and De lorio, 2012; Hastie et al.,2009). Cross-validation enables a quick way to handle
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this issue when comparing to the other techniques (James et al., 2013; Pereira et al.,
2016). In this study, it is performed cross-validation error for each value of A.
Thereafter, it can be selected the tuning parameter value for which the cross-validation

error is smallest (James et al., 2013).

4.2 Tree-Based Methods

Generally, in clustering and regression problems, tree based model approach can be
used (Breiman, 1984; Dietterich, 2000). There are two basic main steps defined for a
regression tree. While the predictor space is considered as the first one which is
required to split district and non-overlapping, predictions are defined as the second
step which are formed from the mean output values of the training monitoring falling
into each section which might have any shape. Equation (4.3) states Residual Sum of
Square (RSS).

] 4 2
RSS = Xj_1 iew, (Yi y YR]-) (4.3)

where i = 1,2,...,n and j = 1,2,...,p ((n gives the number of data points; p
states the number of variables), y; denotes the response variable for the ith

observation, 9Rj is the mean response for the training observations within the j th

region (James et al., 2013). In order to determine splitting points and splitting
variables, recursive binary splitting is conducted (Maindonald and Braun, 2006;

Lepore et al., 2017). In the first step, predictor X; and the cut point s are determined
for splitting the predictor space into the regions {X|X; < s} and {X|X; > s}minimize

the RSS. The pair of half-planes can be depicted as follows for any j and s.
R,(,s) = {X|X; < s} and R,(j,s) = {X|X; = s} (4.4)

The value of j and s can be used to decrease the equation.

N2 N2
X X ERl(j,s)(yi - YRl) + X x; € Rz(j,s)(yi - YRZ) (4.5)

where $, and y,is the mean response for the training observations in R, (j, s) and
R,(j,s) sequentially (James et al., 2013). According to the James et al. (2013), the

process can be kept going until some stopping criteria is reached. In this paper, the
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process is considered as continuing till region does not involve more than five
observations. Although this process enables high prediction accuracy on the training
set, a tree might over-fit the data. Hence, a good strategy is to grow an extensive large
tree T,, and then prune it back to get a subtree (James et al., 2013). There corresponds

asubtree T c T, such that for each value of a

T Sixer, (Vi —9r,) +alT] (4.6)
is as small as possible (James et al., 2013). Here |T| states the number of the terminal
nodes of the tree T, R,,, can be defined as the subset of predictor space corresponding
to the mth terminal node, and y_ is the predicted response related with R,, (James
et al., 2013). Complexity of subtree can be managed by tuning parameter a and it is
quite applicable to the training data. Predcition of a can be performed by tenfold cross-

validation. Final tree is T, (Friedman et al., 2001).

Bagging, random forest, and boosting

High variance can be considered as the major limitation of decision tree although it
has some advantages. Averaging a set of observations reduces variance is calculated
fr(x), f2(x), ..., fB(x) by using B separate training sets and average them to get a

single low-variance statistical learning model adopting following equation.

favg () =2 T, 2 (x) 4.7)

As the accessing the multiple training sets is rarely probable, it is not always applicable
(James et al., 2013). At this point, bootstrap is capable of taking recurring samples
from the single training data set. In this context, B different bootstrapped training data
sets are created (James et al., 2013). Furthermore, the technique can be trained on the
bth bootstrapped training set to obtain f£*(x) and finally average all the predictions.

Following equation is used.

foag(®) = 2 X512 (x) (4.8)
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The bagging method can take benefits of the bootstrap to produce various datasets
from the original dataset. The random forest is also taking benefits of the bootstrap.
Besides, the predictors of restricted random (i.e. \/5 ) are considered to use at each
split for décor-relating the trees in the random forest (James et al., 2013). On the other
hand, the boosting method uses an extensive version of the original dataset to construct

each tree. Equation (4.9) show aforementioned point.

fe) =Z5-12f7(0) (4.9)

Shrinkage parameter A slows the learning process. It is also called as learning rate.
Hence, a wide range of shaped tree can be gathered by utilizing boosting. The
shrinkage parameter (A) and number of tress are determined by cross-validation in this
paper. Whilst the slow learner statistical methods are adopted, the boosting will
increase their accuracy when comparing to the bagging and random forest (James et
al., 2013).

4,3 Performance Measure

To evaluate the statistical model performance, the use of a data set different from that
used for the model is very important. The data must, therefore, be divided into two
sizes: training and testing. The train data set is used for model training, and the model
performance is evaluated using the test set. Fuel consumption and ship speed are model
responses in this study and other variables are considered input variables. To guide the
comparison of a similar study with Petersen et al., (2012a) and Petersen et al., 2012b),
a root - mean - square error (RMSE) was adopted. It is also a convenient measure for
the performance of statistical methods and provides a common basis for these studies.
The RMSE calculated according to equation 4.10.

n

_f )2
RMSE = \/zyzlm (4.10)

Each where, y; denotes the ith observation of the variable, f(x;) gives prediction that

f states for the ith observation and n is the number of samples (Soner et al., 2018a;
Soner et al., 2018b).
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5. MODELING OF SHIP PERFORMANCE MONITORING SYSTEM

Mentioned advanced statistical models and collected dataset are analyzed in this
section. The following sub-section provides detailed explanation about the practical

application of the methods.

5.1 Practical Application of Shrinkage Methods

The Ridge and Lasso models are applied by utilising the dataset collected from the
ferry. Since choosing the tuning parameter is a fundamental part of the two methods,
the tenfold cross-validation is utilized. STW corresponding mean square error of the
setting parameters for Ridge and Lasso model are presented in Figure 5.1. (Soner et
al., 2018b).

Ridge Model for STW Lasso Model for STW

L]

Mean-Squared Emor
Mean-Squared Efror

Figure 5.1 : MSE across tuning parameter of STW for Ridge and Lasso.

Table 5.1 presents the number of features that shown in the shrinkage models. The
changes in the coefficients according to the tuning parameter are shown in Figure 5.2
and Figure 5.3 for the Ridge and Lasso regression when predicting fuel consumption.

Although most of the features do not have an important value, it makes it difficult to
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interpret the model, all features are shown in the Ridge regression model (Soner et al.,
2018b).

Table 5.1 : Number of the features in the shrinkage models.

No Features No Features

1 Derivative of crosswind 15 Trim

2 Derivative of headwind 16 Heeling

3 Variance crosswind 17 Starboard level

4 Port rudder 18 Starboard rudder

5 Derivative of starboard level 19 Variance of starboard level
6 Derivative of port level 20 Derivative of port pitch
7 Derivative of trim angle 21 Crosswind

8 Variance of headwind 22 Headwind

9 Variance of port pitch 23 Port level

10 Draft 24 Variance of port level
11 Variance of starboard rudder 25 Variance of port rudder
12 Variance of starboard pitch 26 Port pitch

13 Derivative of starboard pitch 27 Starboard pitch

14 Variance of trim angle

According to the figure 5.2; the derivative of headwinds, derivative of crosswind,
derivative trim angle and variance of trim angle significantly affects the ship
performance regarding fuel consumption in the Ridge regression. For instance,
derivative of trim angle, it requires extraordinary consideration during a voyage. Trim
angle is very important to ensure maximum fuel efficiency because the vessel must
know the exact trim to keep it in the narrow and optimum trim range. Otherwise, fuel

consumption will increase drastically (Soner et al., 2018b).
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Ridge Model for Fuel Consumption

Influence of A on the estimated coefficients for Ridge model for fuel
consumption.

Lasso Model for Fuel Consumption
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Figure 5.3 :

Influence of A on the estimated coefficients for Lasso model for fuel
consumption.
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On the other hand, the Lasso model chose only a few features and provided a better
interpretable model. The Lasso model coefficients are presented in Figure 5.3. As
portrayed in the figure, it uncovers that change of variance of starboard level, trim,
port pitch and starboard pitch considerably affect ship operational performance. The
variance of starboard level has a remarkable effect on reducing fuel consumption. The
variance of starboard level is measured from the special automatic data acquisition
system that installed in starboard draft marks. In parallel with the increasing the
resistance and decrease speed through the voyage, they have a considerable effect on
the fuel consumption of the ship. Trim is also a vital parameter that influences ship
operational performance. The point of the optimum trim on-board ship is to lessen the
resistance of sea water or increment the all-out productivity so as to pick up from
trimming. The optimal trim for the vessel is the trim angle in a particular case where
the desired propulsion power is lower than the other trim angles in this case
(Abouelfadl and Abdelraouf, 2016).

Lasso Model for STW
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Figure 5.4 : Influence of A on the estimated coefficients for Lasso model for speed.

Furthermore, the figure 5.4 and figure 5.5 shows the changes in coefficients when
predicting ship speed. Derivative of headwind, derivative of starboard pitch and
variance of trim angle appears to have significant effects on ship speed during ship
operational performance monitoring with regard to Lasso and Ridge models (Soner et
al., 2018b).
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Ridge Model for STW
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Figure 5.5 : Influence of A on the estimated coefficients for Ridge model for speed.

The headwind derivative has a negative impact on the speed of the ship as the
headwind blows against the travel direction. The headwind reduces the speed of the
ship and increases the time needed to reach the port of arrival. Due to the lateral
movement of the ship caused by cross currents, the starboard pitch also reduces the
ship's speed. Another paramount feature is the variance of the trim angle, which can
reduce the ship's speed, since trimming the ship by bow will increase the resistance in
general (Soner et al., 2018b).

5.2 Practical Applications of Tree-Based Methods

Firstly, training data set is used to predict STW based on heeling, crosswind,
headwind, trim, draft, port pitch, and starboard pitch to illustrate the regression tree.
Figure 5.6 shows a regression tree fitting the training data. It consists of a series of
rules splitting from the top of the tree. The regression tree only demonstrates the
features that meet the splitting conditions. The top split assigns observations having
starboard pitch <55 to the right branch, and smaller to the left. Observations with
greater than starboard pitch >55 are also further subdivided by starboard pitch <81.
Moreover, headwind and starboard pitch are also subdivided on the left branch.
Overall, the tree has stratified or segmented speed into six predictor space regions. The

regions are known as terminal nodes or tree leaves in accordance with the tree analogy.
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Figure 5.6 : Regression tree analysis for the STW.

In order to monitor ship operational efficiency, tree-based models have been
performed on high-frequency ship operational data. In addition to the high predictive
accuracy, the most important operational efficiency variables are also revealed by the
models used. The results of the models were compared with each other and similar
studies in order to demonstrate the performance of the bagging, random forest and
bootstrap on the ship's operational performance monitoring. Figure 5.7, Figure 5.8 and
Figure 5.9 thus illustrate the variable importance of bagging, random forest and

bootstrap for speed through water (Soner et al., 2018a).
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Figure 5.7 : Variable importance assigned by bagging.

Depending on the bagging model, the most critical variables for the % IncMSE are the
starboard pitch, trim, headwind, starboard rudder and draft. According to
IncNodePurity, the pitch and rudder of port and starboard are the most important
variables in Figure 5.7 and Figure 5.8. Headwind, trim, port and starboard pitch are of
paramount importance according to Figure 5.7. In Figure 5.8, on the other hand, the
the starboard and port pitch as well as trim has a significant effect on ship operational
performance. In particular, ship trim poses major challenges in monitoring the

performance of ship operations (Soner et al., 2018a).
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Figure 5.8 : Variable importance assigned by random forest.

The impact of trim optimization plays an important role in reducing fuel consumption,
as it reduces sea water resistance and increases overall efficiency. Starboard and port
pitches also have a significant impact on fuel consumption. The main engine of the
ship is started with a pitch of the blade set at zero, which can increase fuel
consumption. Reduce the load on different engine rolls and shafts if the vessel is

equipped with controllable pitch control (Soner et al., 2018a).
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Figure 5.9 : Variable importance assigned by bootstrap.
5.3 Performance Measure of the Applied Methods

The test data sets are used to assess the performance of the model. Figure 5.10 and
Figure 5.11 therefore illustrate the predicted vs. ship speed and fuel consumption for
Lasso and Ridge models. The performance of the model is then checked by the test
dataset. Table 5.2 shows the RMSE for all the models that have been utilized. (Soner
et al., 2018a; Soner et al., 2018b).

Table 5.2 : RMSE for utilized methods.

Models RMSE for Speed (kn) RMSE for Fuel (L/h)
Bootstrap 0,32 41,3
Random Forest 0,34 43,5
Bagging 0,35 45,2
Lasso 0,45 44,6
Ridge 0,52 48,7

After comparative analysis of the ship's speed and fuel consumption with the Ridge
and Lasso models, three main features are highlighted: Trim, starboard and port pitch
and headwind and crosswind. In other words, trim, pitch and wind are prominent. The
different configuration of the trim and pitch have a significant impact on the fuel

consumption of ships, as the analysis findings show (Soner et al., 2018b).
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Figure 5.10 : Actual vs predicted speed for Lasso and Ridge models.

The optimum trim and pitch on-board ship is to minimize the resistance of sea water
and improve overall performance, in particular ship speed. Therefore, the lowest fuel
consumption is provided for the trim and pitch. In the light of comparative analysis of
the ship's operational performance, the results show that efficient ship performance

depends on the operation and environmental condition.
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Figure 5.11 : Actual vs predicted fuel for Lasso and Ridge models.
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Figure 5.12 also shows the predicted and actual water speed values for the tree-based
models. Bootstrap performed far better results compared to other tree-based models,

according to Figure 5.12 (Soner et al., 2018a).
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Figure 5.12 : The predicted versus actual STW for tree-based models.

As shown in the figure, the bootstrap provides a predictive rate more accurately than

bagging and random forest (Soner et al., 2018a).

5.4 Comparison with the Similar Studies

The results of the study can be compared with similar studies, such as Petersen et al.
(2012a); Petersen et al. (2012b), since they are based on the same dataset. Study
performance of Petersen et al., (2012a); ANN speed 0.32 and fuel 41.1 and GP speed
0.76 and fuel 51.4 RMSE. In addition, the performance results of Petersen et al.
(2012b) using the instantaneous ANN speed model are 0.38 and 47.2 for fuel RMSE.
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Moreover, the current relative error in fuel consumption for ANN models is 1.50
percent, and 1.87 percent for the GP (Petersen et al., 2012a). The present relative error
in the fuel consumption of Bootstrap model is 1.50 percent, and 1.77 percent for the
Ridge model. This means that average consumption of the ship is predicted as a 2753
liters of fuel per hour by the Bootstrap model with an error rate 41.3. Compared to the
other studies, Lasso and Ridge models provided a competitive accuracy rate. In
addition, they provide a better rate of accuracy compared to the GP. Since
instantaneous ANN and ANN provide a high precision rate rather than explain the
relationship between the features, their ability to improve operational performance is
limited in interference. On the other hand, the model used in the thesis can be a
selection of features that provides a relatively high rate of accuracy and, more
importantly, indicates the relationships between the features. The proposed model can

therefore be used as a decision support system for the efficiency of ship operation.

On the other hand, tree - based models provide nearly the same result (bootstrap) as
other studies. Because tree - based models allow variable selection (variable sequences

of importance), they have a great advantage over similar studies.
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6. CONCLUSIONS AND RECOMMENDATIONS

In order to save fuel consumption, ship management companies are interested in ship
operational efficiency (Yu et al., 2017). As the cost of fuel has a major impact on ship
management sustainability, fuel efficiency becomes a priority. Moreover, reducing the
air pollution caused by ship is one of the paramount objectives of IMO. The Annex VI
under the MARPOL convention requires energy efficieny and performance
enehancement of ship. In recent decades, advanced data analytics, digitalization, and
big data have gained enormous momentum in the maritime industry to improve ship
operational efficiency (Gracia et al., 2017; Thun et al., 2017). Since the optimisation
of ship operations begins with the monitoring of ship operational performance, the
study aims at presenting statistical modelling which is adopting shrinkage and tree-
based models for ship operational performance monitoring (Soner et al., 2018a; Soner
et al., 2018b).

6.1 Conclusion

Monitoring the operational performance of ships is essential to improve the energy
efficiency of ships in the maritime sector. This study adopts statistical methods for
monitoring ship operational performance, including shrinkage and tree-based
methods. The strength of the methods lies behind the theories that allow not only the
complexity of the model to be minimized, but also the usual sum of square errors,
which are limited to the sum of the absolute coefficients. The utilized dataset has been
previously analysed for the ship propulsion efficiency and trim optimization by the
Petersen et al. (2012a) and Petersen et al. (2012b). The dataset was gathered from ferry
ship which performed consecutives voyages in two months’ periods. The automatic
data acquisition system (sensors) was installed to the ship to obtain the real ship
operational data. The numerical parameters were measured with the sensor such as
ship speed, wind, fuel density, fuel temperature, port propeller pitch, true heading, etc
(Soner et al., 2018a; Soner et al., 2018b).
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The shrinkage models (the Ridge and Lasso) allow to minimize the complexity of the
model and improve interpretability when compared to current non - linear models in
the view of the test dataset. The models based on the tree have considerable superiority
since the models provide a high rate of accuracy. The concept of tree - based models
is used in the study; bagging, random forest and bootstrap are used and the bootstrap

provides the most precise prediction rate than the others.

The test data set results show that the starboard pitch, port pitch and trim have
significant effects on the performance of the ship. In particular, ship trim poses great
challenges in monitoring the operational performance of ships. The impact of trim
optimization plays an important role in reducing fuel consumption, as it reduces
marine water resistance and increases overall efficiency. Starboard and port pitches
also have a significant impact on fuel consumption. The main ship engine starts with
a pitch of the blade set to zero. This can increase fuel consumption and reduce the load
on different engine bearings and shafts if the vessel is equipped with controllable pitch
control (Soner et al., 2018a; Soner et al., 2018b).

Since the ultimate objective of ship performance monitoring is to improve the
operational efficiency of the ship, the proposed model should also provide the
information required for the inference. The proposed methods would improve the
operational efficiency of the ship in view of the findings. As a result, the identification
of the best model depends on the user perspective and motivation, as statistical learning
approaches can be used for prediction and interference (Soner et al., 2018b).

6.2 Recommendation for Future Studies

Although parameters affecting ship operational performance pose a serious challenge
to ship management companies, future research can be extended to include an interface
design to transform the instant monitoring features into control actions from the point
of view of ship operational performance. The proposed models for the monitoring of
ship performance can be extended to DSS in order to develop a practical ship
performance management concept. In addition, the proposed methods could also be
extended to other logistics and maritime systems. The task of data acquisition is
achieved in research-oriented studies at this stage, while existing ships still have major
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challenges on board. On the other hand, statistical analysis is being used to determine
and implement measures to improve performance in real time. Further studies can be

carried out on data acquisition and control measures.

In addition, since the statistical learning methods learn from the data set used, the use
of the additional variables could improve the ability of the model. The requirement for
long-term data collection also limits the efficiency of the model. Therefore, additional
variables with long-term data collection should be considered in order to obtain more

accurate and efficient modelling (Soner et al., 2018c).
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