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The environmental impact of air emissions produced by the maritime industry is being
reduced by increasing the operating energy efficiency of existing ships. An increasing number
of vessels are equipped with sensors and devices for monitoring operational behavior, and
the amount and access to operational data is gradually increasing. Big data analytics can
drastically improve the ship's performance. With the use of proper data preprocessing
techniques as well as domain expertise, this research provides an extensive data analytics
framework for tracking ship performance under localized operational conditions. A data set
from a containership is used to demonstrate the proposed framework. Due to various reasons
described in this thesis, the operational data may contain erroneous data points that are
critical to assess before performing data analysis or building mathematical and statistical
models. The presented investigation relates to detecting data anomalies, identifying the ship's
localized operational conditions, calculating the relative correlations among the ship’s
operational parameters, quantifying the ship's performance in each of the respective
conditions, and the visual representation and analysis of the results. The innovative aspect of
this study is the provision of a KPI (i.e., key performance indicator) for ship performance
guantification in order to determine the optimal performance trim-draft mode under the
engine modes of the case study ship. The suggested framework can be used as an operational
energy efficiency measure to provide data quality evaluation and decision support for ship
performance monitoring that is valuable to both ship operators and decision-makers.



Ot mepBAANOVTIKEG EMUMTWOELC TWV OTHOOGOLPIKWY PLMWV , oL omolol mapdyovtal anod tn
vautlAtakn Blopnxavia, pmopolv va pewBolV pe TNV alénon NG EVEPYELAKNAG
amodoTKOTNTAG TwV UPLoTAPEVWY TAoLwV. MoAAd untdpyovta mhola elval eomAlopéva e
aLoBNTHPEG KOL CUOKEUEG TTOU OTOXEUOUV OTNV GUVEXH TapakoAolBnaon Kal kataypodr) Tou
gMXeELpNoLakoU mpodiA Touc. N’ auto tov Adyo n moocoTNTA KoL N TPOoBaan OE EMXELPNOLAKA
Sebopéva ev-Asttoupyia mMAolwv audvetal otadlakd. Me tnv avaAuon EMXELPNOLAKWY
Sebopévwy pmopel va BeATwBel Spaotikd n evepyelakn anddoon tou mMAolou Katd Tnv
Slapkela Tou KUKAOU TWwr¢ TOU. ITNV CUYKEKPLUEVN UEAETN TAPOUCLAZETAL L0l KALVOTOUOC
peBodoloyia avaAluong SeSopévwy e OKOTIO TV TtapakoAolBnon kot Kataypodr g
EVEPYELAKNG AOS00NG TOU UTIO LEAETN TTAOLOU ,UTIO CUYKEKPLUEVEG ETILXELPNOLOKEG CUVONKEG,
HEOW TNG edappoynG KATAANAWY TEXVIKWY TIPOETOLUACLAG KAl avaAuong Se8opévwy KabBwg
KOL TNV a€lomoinon tng EUMELPLKAG YVWONG OTOV TOMEA TNG VAUTIALOKAG Blopnxaviag. Eva
OUVOAO AELTOUPYIKWV S£SOUEVWV ATIO VOl UTIAPXOV TTAOLO LETOPOPAC ELMOPEUUATOKLBWTIWY
peAeTBNKe yla TV mopoucioon kal tnv afloAoynon tng mpotelvopevng pebodoloyiag. MNa
Sladopouc Adyoug Tou TEPLypAdovVTaL OTNV Topouca e£pyocia, Ta Sedopéva Twv UNO
£€€taon AELTOUPYIKWY TAPAUETPWY TOU TTAOLOU UMOPEL val TIEPLEXOUV EMLOPAAEIC LETPAOEL,
KoL yU'auto eivat kpilown n dtepedivnon kot n afloAdynon twv SLaBEcipwy LETPROEWY TIPLY
v edappoyn e€elNTNUEVWY LOBNUATIKWY KOL OTATIOTIKWY HOVTEAWY avAAUONG SESOUEVWV.
210 Und peAETn cUvolo Sedopévwy efetdlete N aviyveuon Kol AMOUOVWON eMLoGAAWV
UETPAOEWV , SLEPEUVATE TO EMLXELPNOLOKO TIPOdGIA TOU TTAOLOU UTO TOTUKEC AELTOUPYLKEG
ouvOnkec, mpoodloplleté n oaAAnAemidpacn KoL N OUCXETION UETOED OUYKEKPLUEVWY
AELTOUPYLKWYV TTAPAUETPWY, TIPOCSLOPILLETE TOOOTLKA N amodoon Tou Aoiou os kaBe pia ano
TIC QVTIOTOLXEG TOTILKEC AELTOUPYLKEG CUVONKEG Kal yiveTol n ypadlki ovamapdotoon Kal
OVAAUGCN TWV TEAKWV OTMOTEAEOUATWY. H KALVOTOUOC TTUXA QUTAG TNG MEAETNG elval o
umoAoylopdc evog KPI (dnAadn, kaiplou deiktng amddoong) yla Tov mMoooTIKO TIPOCGSLOPLOUO
™G PBéAToTNG amodoong tou TAOIOU HE OKOTIO TOV EVIOTUOMO TOU KATOAANAOTEpPOU
oUVSUAOUOU TWV AELITOUPYLKWV TTOPAUETPWY TPlW Kot BuBiopatog. H avaluon auth pmopet
va amoteAEael xpriolo odnyo otnv dtadikacia AfYPng kpiolpwyv anodpdacewv nou adopolv
T ouvBnkeg Asttoupylag ,cuvtnpnong kat optwong evog mAoiou Kal va odnyrnoeL otnv
BeAtiwon TNG AELTOUPYLKAC ATOSOTIKOTNTA TOUG.
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Introduction Panagiotis Georgios lliopoulos

The marine industry is one of many in today's digital age, where competition is severe, and
businesses are continuously investing in solutions that can help them enhance efficiency while
cutting overall costs. As a result, commercial shippers and other end users are increasingly in
demand for cutting-edge solutions like marine data analysis. Big data is utilized in the shipping
sector to perform predictive analysis, enhance overall ship performance, and increase the
ship's productivity. In addition, big data analytics is being actively used to improve decision-
making and can be used for the duration of a ship's life to prevent and predict further costs.

(1]

By enhancing overall shipping operations, enhancing ship safety, and protecting the
environment, predictive analytics technologies have the potential to transform the shipping
sector. The great degree of customization that these solutions provide, depending on the
particular requirements of any port or shipping company, is also anticipated to support
demand over the projected period. The demand for freight transport will rise dramatically in
the upcoming years due to the expansion of globalization. As a result, maritime enterprises
will increasingly need advanced data processing and predictive analytics to improve
productivity and cost savings. These elements are fueling global demand for marine analytics.

(2]

Big Data in maritime and marine data analytics can essentially be classified into three sections
based on the type and volume of data generated:

e Utilizing information from numerous logs, manifests system parameters, bunker
statistics, etc., to manage vessels. This will involve effective bunkering, better staff
management, and improved vehicle maintenance using digital twins.

e Using information kept by port authorities, freight forwarders, trading houses, etc.,
for port and cargo management. This will entail effective cargo handling,
commodities tracking, port infrastructure improvement, etc.

e Data from location monitoring systems like AlS and LRIT, photos from ships, coastal
and space radars, optical sensors, etc., are used in the analysis of spatial imaging.
Soon, this will also encompass effective routing, fleet tracking, traffic pattern analysis,
anomaly detection, etc.

Even if the shipping industry acknowledges the importance of data analysis for decision-
making in areas like reduction in fuel consumption and improving the vessels’ environmental
footprint, there are many challenges they have yet to overcome in order to establish a data-
driven culture as it is moving towards digitalization. [3]

Some of them are summarized down below:

e Data transfer: Ships frequently have a huge number of sensors inside. Data transfer
from the sensors is a significant source of uncertainty. Every sensor has a unique
connection bandwidth requirement, so it's critical to have appropriate data
transmission for each sensor to send its data to the database. High-tech
communication technologies can help to accelerate the rate of data transport.
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e Data Accuracy: Interpretation mistakes could arise from insufficient data. All new
entries will be too many for the database to keep up with. Therefore, the data should
preferably be free from errors. A major issue for the sector will be data quality.

e Data Integration: The marine sector currently uses inconsistent and frequently
erroneous data collection methods. For analysis, it will be necessary to integrate data
from several sources. To monitor the performance of the ship, for instance, fuel
usage, GPS data, and engine data would need to be combined.

The shipping industry must address these challenges to drastically improve the quality of
available data. This will require critical investments in technological equipment. Remote
networks should be used to collect data from ships autonomously using sensors. A robust
wireless network with high transmission capabilities is required for the shipping industry. The
real-time sensor data will come to the database and be distributed to the interested parties
giving them up-to-date information on what is happening onboard. Data management needs
to be considered as well. It is necessary to store and structure the data effectively after data
acquisition, especially when dealing with big data sets. Sophisticated data storage systems
and technologies need to be implemented for the storage and distribution of the data for
further and more detailed analysis. After improving the quality of the available data, advanced
data analytics techniques need to be considered. A comprehensive description of data
analytics is presented in the next paragraphs.

Data analytics has just recently been incorporated into the maritime industry. So, there is a
lot of research yet to be done before engineers conclude effective and easily interpreted ways
to manage and analyze vessel data. The main phases of data analysis, followed by the four
most fundamental data analytics categories, are described below. A short description of data
analytics techniques is given afterward. [4]

Data analysis involves various phases, including:

e Identifying the data requirements or how the data is grouped is the first stage. Data
might be divided based on the ship’s operational profile, loading conditions, weather
conditions, or other factors. Data values could be categorical or numerical.

e The process of gathering data is the second phase in data analytics. Multiple tools,
including speed sensors, pressure sensors, mass flow meters, anemometers, and
others, can be used to accomplish this.

e Data must first be structured so that it may be studied after it has been collected. A
spreadsheet or other software tool that can handle statistical data may be used for
this.

o After then, the data is cleaned up for analysis. This indicates that it has been cleaned
up and double-checked to make sure there is no duplicate, errors, or missing
information. Before the data is sent to a data analyst for analysis, this stage aids in the
correction of any inaccuracies, and it’s called the data preparation process.

Four fundamental categories of data analytics are distinguished.

e Descriptive analytics: This explains what has occurred over a specific time period.
e Diagnostic analytics: It reflects an understanding of why something happened to the
system. This requires more varied data inputs as well as some speculation.
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e Predictive analytics: This shifts to what is most likely going to occur soon.
e Prescriptive analytics: This offers suggestions on how to proceed.

Nowadays, due to enormous volumes of data, new data analytics methods are being
investigated. A worth-mentioned category is visual analytics which aims to Synthesize
information and derive insight from massive, dynamic, ambiguous, and often conflicting data.
Research in visual analytics is very diverse and combines a number of related fields, including
statistics, data fusion, data management, visualization, data mining, and cognitive science
(among others). There is more to visual analytics than just visualization. Instead, it can be
thought of as a comprehensive strategy for making decisions that integrates data analysis,
human factors, and visualization. The difficulty lies in determining the best-automated
algorithm for the analysis task at hand, identifying its limits where further automation is not
possible, and then developing a tightly integrated solution that effectively integrates the best-
automated analysis algorithms with suitable visualization and interaction techniques.
Although some of this research has been done in the visualization field in the past, there hasn't
been much application of sophisticated knowledge discovery techniques. To radically alter
that is the goal of visual analytics. This will assist in keeping the emphasis on the proper aspect
of the issue and offer solutions to issues that we have previously been unable to address.

Data analysts can process data and extract information using a variety of analytical
methodologies and techniques. Below is a list of some of the most widely used techniques.
(4]

e Regression analysis comprises examining the relationship between dependent
variables to determine whether a change in one may have an impact on a change in
another.

e In order to perform factor analysis, a huge data collection must be reduced to a
smaller data set. This strategy is to look for hidden trends that would have been more
challenging to spot otherwise.

e The practice of dividing a data collection into groups of related data is known as
cohort analysis. This enables data analysts and other data analytics users to go deeper
into the statistics relevant to certain subsets of data.

e Monte Carlo simulations simulate the likelihood that various events will occur. These
simulations, which frequently include many values and variables and frequently have
better-predicting abilities than other data analytics techniques, are frequently utilized
for risk reduction and loss prevention.

e Time series analysis examines data across time and establishes a connection between
a data point's value and its occurrence. This method of data analysis is frequently
employed to identify cyclical patterns or to forecast financial outcomes.

As illustrated in Figure 1 below, before moving to more detailed data analysis after the data
structure, a data preprocessing framework shall be implemented. This aims to improve the
quality of the data by removing outliers, handling missing values, etc. In the next paragraph,
we will discuss more details about the Data Preprocessing framework.
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Data Preperation
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Figure 1: Data preparation process bar.

Data preprocessing, a part of data preparation, refers to any type of processing done on raw
data to get it ready for another data processing technique. It has historically been a crucial
first stage in the data mining process. Data preprocessing approaches have lately been
modified for the training of Al and machine learning models as well as for gaining insights
about them. Data mining, machine learning, and other data science tasks can more quickly
and effectively analyze data that has undergone data preprocessing. In order to get correct
results, the techniques are typically applied early in the machine learning and Al development
pipeline.[5]

Real-world data is unorganized and frequently generated, processed, and stored by a variety
of people, business procedures, and software programs. A data set may therefore be
incomplete, contain manual input errors, contain duplicate data, or use several names to
represent the same thing. That’s why data used to train machine learning or deep learning
algorithms it’s important to be automatically preprocessed.

The main steps in data preprocessing are described as follows:

e Data profiling: Data profiling is the process of looking at, evaluating, and reviewing
data to gather statistics on its quality. It begins with an analysis of the qualities of the
currently available data. Data scientists find the data sets that are relevant to the issue
at hand, list their important characteristics, and make a hypothesis about which
properties would be pertinent for the suggested analytics or machine learning
assighment. Additionally, they think about which preprocessing libraries might be
employed and tie data sources to the necessary business principles.

e Data cleansing: Here, the goal is to identify the simplest way to address quality
issues, such as removing inaccurate data, completing data gaps, or generally ensuring
that the raw data is appropriate for feature engineering.

e Datatransformation: Here, data scientists consider how various data elements might
be arranged to best serve the objectives. This may entail actions like structuring
unstructured data, grouping significant variables where it makes sense, or choosing
crucial ranges to focus on.

e Data integration: the process of putting together data from diverse sources into a
single, unified view for effective data management, acquiring insightful
understanding, and making effective decisions.

e Data compression: Raw data collections typically contain redundant data that results
from categorizing occurrences in many ways, as well as data that is unrelated to a
certain ML, Al, or analytics application. Principal component analysis and other data
reduction techniques are used to simplify the raw data so that it is more acceptable
for specific use cases.
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e Data validation: Data validation refers to the process of making sure that data is
accurate and of high quality. In order to assure the logical consistency of input and
stored data, it is implemented by including a number of checks in a system or report.

The main techniques of data preprocessing are summarized in Figure 2.

Data
profiling

Data
cleansing

Data
validation

Data
Preprocessing
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Data
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Figure 2: Data preprocessing techniques.

1.4 Purpose and study structure

Data availability in shipping is continuously increasing. However, fleet managers and marine
superintendents often fail to identify complex data patterns and gain useful insights from the
available data. It is also challenging for them to integrate data analysis into the decision-
making process. The neglected area of data quality for the ship’s operation and performance
analysis is the main reason for this issue, and little attention has been given to this matter in
the scientific literature. Even though there are many available studies in detailed data analysis
with complex statistical and machine-learning models, little attention has been given to the
prepossessing of the available data prior to their analysis. This study aims to investigate the
available data preprocessing techniques, with the main goal of improving the quality of the
available data before their analysis.

Most scientific research concerning ship performance analysis mainly focuses on ship
performance quantification through consecutive time intervals, neglecting the effect that
other operational variables, such as weather or loading conditions, may have on the ship’s
performance. Additionally, the presented study aims to quantify the ship’s performance under
specific localized operational conditions.
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Domain knowledge is incorporated into every step of the presented study since the little
emphasis given to the existing literature failed to highlight its importance in data
preprocessing and ship performance analysis.

To sum up, the overall purpose of the diploma thesis is to present a data preprocessing
framework for ship performance quantification under localized operational conditions
concerning domain knowledge. The proposed framework is capable of: a) detecting and
isolating existing data anomalies in the available data set, b) investigating the ship’s localized
operational profile, and c) measuring the ship’s performance under specific localized
operational conditions.

The thesis structure is organized as follows. In the first chapter, an introduction to data
analysis and data preprocessing in the maritime industry is given, followed by a brief literature
review in chapter 2. An in-depth analysis of the proposed methodology is presented in chapter
3, accompanied by the corresponding mathematical equations and the constructed algorithm
flowchart. The results of the suggested methodology are reviewed in chapter 4, along with
the available interpretation of the corresponding outcome in each step of the proposed
framework. The final conclusions are summed up in chapter 5.
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In Perera and Mo’s publication [6], a marine engine-centered data analytics framework is
presented. Gaussian mixture models appliance is collectively proposed as part of the
framework with the expectation-maximization algorithm (EM). This study includes the data
set's three parameters (Shaft speed, ME power, and fuel consumption). Data points that stand
for slow-moving conditions are extracted from data analysis. Statistical analysis is used for the
identification of engine propeller operating regions. The combinator diagram is used in
considering engine-propulsion interactions. ME power and Shaft speed variables are used for
developing the combinator diagram in a high-dimensional space concerning other navigation
variables.

Also, Perera and Mo [7] proposed a structure for identifying ship power performance under
relative wind conditions using statistical data analysis and visualization approaches. The
selective data are investigated with the purpose of data outliers and data anomalies
detection. These anomalies are isolated and cleaned to further measure vessel performance
and navigation conditions. For predicting accurate ship speed and motion conditions along a
voyage, relative wind profiles along the shipping route and ship model tests are proposed.
Also, multiple visualization methods are presented in this study, targeting the extraction of
applicable information for ship performance quantification and data anomaly detection.
Statistical data analysis is presented with the ship’s main navigation parameters. The
combined plots of the individual parameters are utilized for pattern recognition throughout
each data set and form an effective technique for data cleaning, resulting in a better
representation of speed-power performance.

In their research [8], Perera presented a framework for sensor and data acquisition (DAQ)
fault detection based on statistical filters. An analysis of the principal components is used to
determine hidden paths in the data set and anomaly values in DAQ concerning a particular
operating region. Perera reports that a model learning approach can efficiently deal with large
data sets. The respective principal components are presented in descending order. The most
important information is shown on the top PCs, and the least important information is on the
bottom PCs. In this study, two parameters monitor condition is presented. Firstly, the
respective thresholds used for sensor and DAQ fault identification are discussed. Then, the
PCA method is implemented for the title of the sensor and DAQ faults detection, which are
within the thresholds. Then, the data set is presented with two new parameters based on two
principal components. It's worth noting that the bottom PC identifies all fault situations. Ship
performance and navigation data cluster are further analyzed by considering the vessel's main
engine. A normalized data set consists of ten parameters associated with ship performance
and navigational data. Statistical distributions are used to present the PCs derived from PCA.
The value of three standard deviations ( 30 ) is defined as the threshold limit, so every data
point beyond this range is considered an outlier. Sensor and DAQ faults are subdivided from
A to S windows for a more detailed investigation. The parameter variation under each fault
window and the separate filter that each fault situation is noted are presented. Results are
summarized in a table that displays the filter numbers versus the fault windows.

Dalheim and Steen [9] proposed a data preparation framework for ship operation and
performance investigation. Therefore, this paper offers a structure for unifying the maximum
physical interpretable data preprocessing strategies that are easy to use, identifies the order
in which the respective method should be implemented, and logically connects all relevant



Literature review Panagiotis Georgios lliopoulos

facts. Feature selection is the first stage in the proposed data preparation framework. As the
next step, time vector jumps, and synchronization should be considered. A mathematical
approach for coping with time synchronization is also presented. The primary purpose of this
approach is to select the most representative time reference for the whole data set. It also
ensures that the final time reference tries to obtain maximum overlap with its parent time
vector. Finally, a brief introduction to signal synchronization when the time vector is
unavailable is presented. An outlier detection method is also presented in this study, and the
outlier detection method is separated into four blocks, each used to identify a specific type of
outlier. In the first block, domain knowledge is implemented. In the second block, repeated
values are determined. And in the third and fourth blocks, dropouts and spikes are
respectively placed. Data validation is the last step in the presented data preparation
framework. Using this method ensures that erroneous data are removed from ship
performance analysis. Two methods for data extraction are presented in this study. The first
one is port-to-port trips to avoid low-speed maneuvering conditions in the port. The second
method involves a steady-state detector to identify stationary portions of the in-service data
measurement.
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3. Methodology

The proposed framework is aimed at preprocessing and analyzing data effectively to monitor
ship performance under specific operational conditions. Domain knowledge has been
incorporated into every step of this process. The techniques that have been examined can be
briefly described as follows: Data pattern recognition, Data Clustering, Outlier detection,
Visual analytics, and Ship performance analysis.

A flowchart illustrating the steps that must be implemented to achieve the final goal of ship
performance quantification under localized operational conditions is provided in Figure 3.

Figure 3: Abstract flowchart of the proposed framework.

Domain Knowledge

3.1 Domain knowledge

It is crucial to pinpoint the importance of domain knowledge in our investigation. In data
science, the term domain knowledge refers to the general background knowledge of the field
or environment in which data science methods are applied. Our case involves knowing the
ship's operational profile. Every vessel operates in a specific range, so knowing our ship's
behavior can help us better understand the outcomes of our implemented Statistics and
machine-learning models. For example, the ship's speed and propeller shaft power are non-
linearly related. The total ship's resistance is proportional to the square of the ship's velocity,
and the propeller's shaft power is proportional to the cube of the propeller's shaft speed
(propeller law). So, domain knowledge guide and intervenes in the data preparation process
when necessary. Domain knowledge is required to specify the minimum and maximum values
of parameters. These numbers represent the parameters' typical range of values. Whenever
the data points exceed the minimum and maximum thresholds, data anomalies are detected
and eliminated.

3.2 Data pattern recognition

Various data density estimation methods are explored in this framework. For example,
Histograms, scatter plots, density scatter plots, and the interesting case of the Kernel Density
Estimation method, which is based on the Probability Density Function. Examples of various
data estimation methods and plots are presented in Figure 4. The aforementioned methods
are assigned in the research literature as exploratory data analysis. These techniques aim to
identify structures and regularities in data, which can later be classified based on statistical
information or knowledge gained from patterns and their representation.
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3.2.1 Histograms

A frequency distribution shows how often each different value in a set of data occurs. A
histogram is the most used graph to show frequency distributions. There are many types of
histograms. We mainly use bivariate histograms, which allow us to group data in 2-d bins.

3.2.2 Scatter plots

In a scatter plot, dots are used to show the values of two different numerical variables. The
placement of each dot on the horizontal and vertical axes indicates an individual data point's
values. To see how other variables relate to one another, utilize scatter plots. Finding different
data patterns can be done using a scatter plot. We can categorize data points into groups
based on how closely sets of points cluster together. If there are any unexpected gaps in the
data or any outlier points, scatter plots might also expose them.

oo s B2

_M8ToomAw

DATA DENSITY ESTIMATION

Figure 4: Data density estimation plots.

3.2.3 Density scatter plots
A sort of two-dimensional histogram that displays the number of points in each plot section is

called a density scatterplot. It is mainly used when the plotted data in the scatter plot are too
dense to get a good impression of the distribution of the data.

10
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3.2.4 Kernel Density Estimation method

The Kernel Density Estimation is a mathematical process for estimating the probability density
function of arandom variable. It produces a smooth empirical pdf based on individual
locations of all sample data. Such a pdf estimate seems to better represent the "true" pdf of
a continuous variable. In kernel estimating, two ideas are fundamental: kernel function form
and coefficient of smoothness, the latter of which is essential to the approach. In this
application, Kernel Density Estimation is used to gain insights into the properties of the data.
Let (x1,x2, ..., xn) be independent and identically distributed samples drawn from some
univariate distribution with an unknown density f at any given point x. We are interested in
estimating the shape of this function f. Its kernel density estimator is

() = 72 kn(x —x)=— T, k(52) (3.1

where K is the kernel — a non-negative function — and h > 0 is an explored parameter called
the bandwidth, K(x) = ¢p(x), where ¢ is the standard_normal density function. In principle, the
Kernel can be any valid probability density function but the usual choice is the gaussian one.
(10]

An example of a kernel density plot along with the individual gaussian kernels is presented in
Figure 5.
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Figure 5: Kernel Density Estimation Plot. [11]
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3.3 Data clustering

The goal of cluster analysis or clustering is to organize a collection of objects into groups that
are more similar (in some ways) to one another than to objects in other groups (clusters).
Clustering only required the data set to have data points without being provided with the
labels (unsupervised learning). Clustering is one of the most common exploratory data analysis
techniques used for pattern recognition and will provide us with useful findings about our
data's behavior. A clustering example is presented in Figure 6.

3.3.1 Types of clustering

In general, there are two clustering types:
e Hard Clustering: Data points in hard clustering either belong to a cluster completely
or not.
e Soft Clustering: In soft clustering, a probability or likelihood of each data point being
in those clusters is assigned rather than placing each data point into a separate

cluster.
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Figure 6: An example of a data set before clustering and after clustering.
3.3.2 Types of clustering algorithms

Connectivity models: These models, as their names imply, are based on the idea that data
points that are closer to one another in a data space show greater similarity than those that
are farther apart. There are two possible approaches for these models. In the first method,
they begin by grouping every data point into a different cluster and then aggregate them as
the distance grows less. The second method partitions the data as the distance grows after
classifying all the data points into a single cluster. Choosing a distance function is also an
individual decision. Although fairly simple to understand, these models cannot handle large
datasets due to their lack of scalability. These models include the hierarchical clustering
technique and its variations. [12]

12
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Centroid models: These techniques for iterative clustering get the idea of similarity from how
near a data point is to the centroid of the clusters. One well-known algorithm that fits this
description is the k-means clustering algorithm. It is crucial to have prior knowledge about the
dataset in these models since the number of clusters needed at the conclusion must be
specified beforehand. In order to locate the local optimum, these models run iteratively.[12]

Distribution models: The idea behind these clustering models is how likely it is for all the data
points in the cluster to belong to the same distribution (For example: Gaussian). Overfitting
affects these models frequently. Gaussian Mixture Model and the Expectation-Maximization
algorithm, which employs multivariate normal distributions, are well-known examples of
these models. [12]

Density models: These models look for regions in the data space where there is a variety in
the density of data points. The data points are assigned to the same cluster after the system
isolates different density zones. DBSCAN and OPTICS are common examples of density
models. [12]

In this framework, two data clustering techniques are proposed, the K-Means algorithm and
Gaussian Mixture Model. Although K-Means is an easy and quick clustering method, it might
not accurately represent the heterogeneity in the data set. Complex patterns can be found
using Gaussian Mixture Models, which can then be sorted into cohesive, homogenous
components that closely resemble the data set's actual patterns. Therefore, it is of actual
interest to implement both algorithms and evaluate their results based on similarities and
differences. By using K-Means and GMM's clustering methods, Ship's localized operational
profiles are further investigated. A key step in this process is clustering the examined data by
engine modes, utilizing domain knowledge and data density estimation plots. The identified
engine data clusters are further divided into sub-clusters regarding the identified trim-draft
modes of each cluster. The spotted sub-clusters represent the ship’s localized operational
conditions. They are particularly useful for quantifying the ship's performance under its
localized operational conditions, which can provide many insights into its operational profile.
(12]

The k-Means algorithm establishes the presence of clusters by finding their centroid points. A
centroid point is the average of all the data points in the cluster. By iteratively assessing the
Euclidean distance between each point in the dataset, each one can be assigned to a cluster.
The centroid points are random, to begin with, and will change each time as the process is
carried out. K-means is commonly used in cluster analysis, but it has a limitation in being
mainly useful for scalar data.[13], [14]

K-Means Algorithm [14]:

1. Indicate K, the number of clusters.

2. Choose K random data points for the centroids without replacing them after
shuffling the dataset.

13
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3. Continue iterating until the centroids remain unchanged. In other words, the clusters
to which the data points are assigned remain the same.

e (Calculate the total of the squared distances between each centroid and the
data points.

e Assign each data point to the nearest cluster (centroid).

e (Calculate the centroids for each cluster by averaging all the data points that
make up that cluster.

K-Means uses the Expectation-Maximization strategy to resolve the iteration problem. The
data points are assigned to the closest cluster in the E-step. The centroid of each cluster is
calculated in the M-step. Here is how we can resolve it mathematically, in detail. [13], [14]

The objective function is:

J =Xl TR w |xt - Hk”z (3.2)

Where w;, = 1 for data point x! if it belongs to cluster k, otherwise, wy, = 0. Also, i is the
centroid of x%’s cluster.

It's a two-part minimization problem. First, we treat p; as fixed and minimize J with respect to
Wir. Then, we assume wy as fixed and minimize J with respect to p. Technically, we
differentiate J regarding wy;, first and update cluster assignments (E-step). After the cluster
assignments from the previous phase, we differentiate J with respect to pux and recompute the
centroids (M-step). As a result, E-step is:

%]ik = X% Th=a i [|x" = Hk”z (3.3)
- Wy, = {1 if k = argmin; ||x* — #j”z 3.4)
0 otherwise.

Assign the data point x to the cluster that is closest to it, as determined by its sum of
squared distances from its centroid.

And M-step is:

9j
Iy

=2 X wa(x' —me) =0 (3.5)

14



Methodology Panagiotis Georgios lliopoulos

= Lz WikX (3.6)
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Which corresponds to recalculating each cluster's centroid to account for the new
assignments.

Gaussian mixture models are a type of machine learning algorithm that is commonly used
in data science. It is also a probabilistic model that assumes all the data points are generated
from a mix of Gaussian distributions with unknown parameters. A Gaussian mixture model
can be used for clustering. GMMs can be used to find clusters in data sets that may not be
clearly defined.[13], [15]

The Gaussian distribution of a Z~dimensional vector .ris defined as :

1

N(X/I’l: Z) = \/271T|Z| exp (_%(X -wTE 1 (x - H)) (37)

where W is a mean vector and X is a covariance matrix.

The probability given in a mixture of K Gaussians is defined as:

p(X)=Z§=1T[KN x/ My, Zic) (38)

where each Gaussian density N (/W , Zi ) is called a component of the mixture with its mean
vector i, and covariance X, for the k" Gaussian component,, is the prior probability of the
k™" Gaussian, m, is also defined as the mixing coefficients with the constraint that
SK .y me=1.(3.9)

Let us now illustrate these parameters graphically in Figure 7. In which three Gaussian
functions are presented. Each one interprets the data contained in each of the three existing
clusters. As mentioned before the mixing coefficients, are themselves probabilities and must
meet the condition },f_; m,=1.
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Figure 7: Gaussian mixture model parameters explained graphically. [16]

3.3.6 Expectation-Maximization algorithm

The expectation-maximization algorithm is an approach for performing maximum likelihood
estimation in the presence of latent variables. It does this by first estimating the values for the
latent variables, then optimizing the model, then repeating these two steps until convergence.
It is an effective and general approach and is mostly used for density estimation with missing
data, such as clustering algorithms like the Gaussian Mixture Model. [15], [16]

Step 1: Initialize ux, X, v, and evaluate the initial value of the
Log-likelihood.

Step 2: (Expectation step): Use the current values for parameters to evaluate the posterior
probabilities, or the responsibilities y(zk) which is taken by component £ for explaining the
observation of data point .1,:

e N(Xn / o Zx)
§'{=17TjN(Xn /1, 25)

V(@) =5 (3.10)

Zis a latent variable that takes only two possible values. It is one when x came from Gaussian
k, and zero otherwise.

Step 3: (Maximization step): Re-estimate the parameters using the current responsibilities:

1
IleneW=N_KZ£V1=1 ¥ (Zni)xn (3.11)
1
50 == Inm1 ¥ (Zni) G = 12 ) G- )T (312)
mew =K (3.13)
Where
Ni= X3=1 ¥ (Znk) (3.14)

N can be interpreted as the effective number of points assigned to cluster k.
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Step 4: Evaluate the log-likelihood:

In p(X /m, b, )= Xoioy In (Ekoy e N (n/ b, 2¢)) (3.15)

and check for convergence of either the parameters or the log-likelihood. If the convergence
criterion is not satisfied, get back to Step 2.

As already stated, in order to perform clustering analysis with the K-means algorithm and
GMM model, the number of clusters needs to be predefined. The best number of clusters in
the specific application is determined based on data density plots and domain knowledge. The
available literature has also proposed mathematical approaches for identifying the optimum
number of clusters and evaluating the clustering results. Some of them will be implemented
in the specific framework to examine the effectiveness of data density plots in identifying the
optimum number of clusters.

The first method, which will be examined, is the most well-known method in cluster validation
literature, and it’s called the “elbow” method. The “elbow” method uses the sum of squared
distance (SSE) to choose an ideal number of clusters (k) based on the distance between the
data points and their assigned clusters. We would select a value of k where the SSE begins to
flatten out, and we see an inflection point. When visualized, this graph would look somewhat
like an elbow, hence the method's name.

An example of an elbow plot is presented in Figure 8:
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Figure 8: Elbow plot. [17]
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This plot shows that the number of optimal clusters (k) is four. Initially, the SSE, within-cluster
variance, decreases with an increase in cluster number. However, after a particular point, k=4,
the SSE value starts flattening. So, there is no added value in increasing the number of clusters.
Therefore, the number of clusters corresponding to that point, k=4, should be considered the
optimal number of clusters. The "Elbow” method is an easily applicable measure for
identifying the optimum number of clusters, but sometimes it can be hard to interpret the
plotted results. That’s why it’s considered a subjective measure of clustering validation. [17]

Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) are considered to
evaluate the clustering results of the implemented GMM model. The simplest way to choose
the best model that fits the data is to compare all the competing models and select the one
with the highest likelihood. However, the maximization of likelihood can lead to an overfitting
of the model to the data with additional degrees of freedom. That’s why a more robust and
accurate criterion, which penalizes the use of extra free parameters, is needed. That can be
achieved by using the Information criterion tests, such as Akaike Information Criteria (AIC) and
the Bayesian Information Criteria (BIC), commonly used in Astrophysics literature. Information
criteria are likelihood-based measurements of model fit with a penalty for complexity
(specifically, the number of parameters). Different information criteria can favor various
models and can be recognized by how the penalty is formed.

The AIC compares models from the perspective of information entropy, as measured by
Kullback-Leibler divergence. The AIC for a given model is :

AIC=2q - 2In(L) (3.16)

The BIC compares models from the decision theory perspective, as measured by expected
loss. The BIC for a given model is

BIC =In(n)q - 2In(L) (3.17)

Where n is the number of observations, g is the number of parameters learned by the model,
and L is the maximized value of the likelihood function of the model. In both cases, a lower
value denotes the better model.

Although information criteria penalize the models with a large number of clusters, there are
many cases in which the greater the number of clusters, the lower the AIC/BIC value. So
overfitting cannot always be avoided. In such cases, an additional technique is implemented
to calculate the gradient of the AIC/BIC scores curve. Comparing the gradient values of the
AIC/BIC score curve can reveal the optimum number of clusters. Such an example is given in
Figure 9, in which we notice that the greater the number of clusters, the lower the BIC score.
That can cause overfitting to the model.
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Figure 9: BIC score curve. [18]

That’s why the gradient value of the BIC score curve is calculated and plotted in Figure 10, and
it can be noticed that after the cluster size of seven, the gradient becomes almost constant.
So, the BIC scores in the original function are decreasing much gentler. That leads to the
conclusion that there is little gain in increasing the number of clusters. So, according to this
technique, the ideal number of clusters is six (6).
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Figure 10: Gradient plot of the BIC scores. [18]
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3.4 Outlier detection

In actual data sets, it frequently occurs that some observations deviate from the norm. These

observations are referred to as outliers. Observations that are outliers may be errors, or they

may have been acquired under unusual circumstances. They, therefore, do not accurately suit
the model. Understanding how to spot these outliers is crucial for the final quality of the data
set. [19], [20]

3.4.1 Types of outliers

Relevant to machine learning models, there are three basic categories of outliers. Each type
differs in terms of the ability to detect anomalous data and the characteristics that set the
data point apart from the rest of the data collection. For outlier analysis, types are crucial
since each type has a unique pattern to look for.

The three main types of outliers are:
e Point outliers

A point outlier is a single data point that falls beyond the dataset's normal operational range.
Within the dataset, there may be a definite pattern, trend, or grouping; an outlier as a data
point will be very distinct from this. Point outliers are frequently the result of a measurement
or data entry error.

e Contextual outliers

A data point that significantly deviates from the dataset only when seen in a particular context
is known as a contextual outlier. A dataset's context may change seasonally or shift in response
to larger trends or human activity. When the context of the dataset changes, a contextual
outlier will become apparent. This could be due to seasonal variations in the weather, the state
of the economy, modifications in consumer behavior around important holidays, or simply the
time of day. A contextual outlier may therefore appear to be a typical data point in other
situations.

e Collective outliers

A group of data points that deviates significantly from the overall dataset's trends is referred
to as a collective outlier. A collective outlier's individual data points might not appear to be
outliers in terms of point or context. Anomaly patterns are only visible when the data points
are seen as a group. Because of this, collective outliers may be the most challenging kind of
outlier to spot. Collective outliers play a crucial role in machine learning's notion of drift
monitoring. A series of data has deviated from the model's predicted behavior.

There are machine learning methods for a wide variety of applications. The type of data and
potential outlier will change depending on the model, whether it is trained to cluster engine
data or to identify operational regions with the lowest fuel oil consumption. Outlier detection
is fundamentally divided into three broad categories based on how outliers are detected.
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3.4.2 Outlier detection methods

e Statistical Methods

Finding the extreme values in the data can be done by simply beginning with a visual study of
the Univariate data using Boxplots, Scatter plots, Whisker plots, etc. Calculate the z-score,
which represents how far away from the sample mean the standard deviation (o) times the
data point is, presuming a normal distribution. We can recognize data points that are more
than three times the standard deviation as outliers because we know from the Empirical Rule
that 68% of the data falls within one standard deviation, 95% percent within two standard
deviations, and 99.7% percent within three standard deviations from the mean. Another
approach would be to treat outliers that are more than 1.5 times the first or third interquartile
range (IQR) as a criterion.

e Proximity Methods

Proximity-based methods utilize clustering techniques to locate each cluster's centroid and
identify the clusters in the data. If an object's closest neighbors are far away from it in feature
space, deviating noticeably from the proximity of the majority of the other objects to their
neighbors in the same data set, they are assumed to be outliers. The typical method is as
follows: Set a threshold, measure each data point's separation from the cluster centroid, then
exclude any outliers before continuing with the modeling. As obvious as it may seem, the
metric chosen to measure distance has a significant impact on the effectiveness of these
models. The disadvantages include the possibility of difficulty in determining the appropriate
distance measure for some particular problem types. Another issue is that it is less reliable
when the outliers are clustered together. Two categories of proximity-based approaches are
recognized: Data points are evaluated using distance-based approaches based on how far they
are from their neighbors. The density-based approach interprets the behavior of data groups
based on their local density. Proximity-based outlier detection approaches include DBScan, k-
means, and hierarchical clustering.

e Projection Methods

By exploiting linear correlations, projection methods map the data into a lower-dimensional
subspace using techniques like Principal Component Analysis. Post that, the distance of each
data point to a plane that fits the sub-space is calculated. Then, the outliers can be identified
using this distance. Methods for projecting values are intuitive, simple to use, and can draw
attention to minor values. The PCA-based method analyzes the features that are currently
accessible to decide what constitutes a "normal" class. The module then applies distance
metrics to identify cases that represent anomalies.

3.4.3 Common outlier causes

Machine learning algorithms and models are trained using a variety of several sorts of data.
Particularly if data needs to be prepared and labeled, as, in supervised machine learning, a
human mistake can frequently be the cause of outliers. However, there can be outliers as a
result of measurement or data extraction problems in all kinds of datasets and machine
learning use cases.
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Common causes of outliers in machine learning include:
e Human error when entering or labeling data.
e Errors in measuring or collecting the data.
e Errors in data extraction, processing, or manipulation.
e Man-made outliers for testing outlier detection processes.

e Natural occurrences of outliers that aren’t errors, which can be called dataset
novelties.

3.4.4 Challenges of outlier detection

1. Effective Identification

An outlier can be defined in a very specific way, depending on the application scenario and the
domain. Often, the difference between normal observations and outliers is quite narrow, and
even a little misinformation can result in an outlier being treated as a regular observation. As a
result, we must be extremely careful while choosing the outlier identification approach to
handle the outliers.

2. Application-Specific Challenges

As previously said, selecting the similarity or distance metric as well as the relationship model
to represent data objects is crucial for outlier detection. Sadly, they are frequently application-
specific. As an illustration, datasets from the medical industry may have outliers that are even
slightly off from the rest of the dataset. Different applications may have quite different needs.
Consequently, it is necessary to create specialized outlier identification techniques for a
particular application.

3. Handling Noise

Noise in the data tends to be similar to the actual outliers and hence is difficult to distinguish
and remove them from harmful outliers. Since noise in the data often resembles true outliers,
it can be challenging to separate it from harmful outliers. We must comprehend that outliers
and noise are two distinct things that differ from one another. Additionally, because noise can
frequently and clearly be present in all types of data collected, it can pose several difficulties
for outlier detection by distorting the distinction between regular observations and outliers.
Outlier objects are hidden by noise, which reduces the effectiveness of the method used to
find them.

3.4.5 Outlier detection method selection

Effective outlier detection can be a real challenge in many real-world applications. This can
happen due to various types of outliers that are difficult to identify and due to the complexity
of the data, making it harder to distinguish regular data points from outliers. However, many
methods are available to deal with any outlier point. The technique used in this case for outlier
detection is Principal Component Analysis (PCA). This simple method can be applied in a
machine learning model and is effective in identifying complex outliers.
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3.4.6 Principal Component Analysis

Principal component analysis (PCA) is a technique for reducing the dimensionality of large
datasets, increasing interpretability while minimizing information loss. It does so by creating
new uncorrelated variables that successively maximize variance.

Accordingly, "preserving as much variability as possible" entails identifying new uncorrelated
variables, linear functions of the original dataset's variables, and successively maximizing
variance. Solving an eigenvalue/eigenvector problem is how the principal components (PCs),
these new variables, are identified.

PCA implementation is essential in our data set because smaller data sets are easier to explore
and visualize and make analyzing data much easier and faster for machine learning algorithms
without extraneous variables to process. [21]

PCA Algorithm
e Standardization

This stage standardizes the range of the continuous initial variables with the intention of
ensuring that each one contributes equally to the analysis. Standardization must be done
before PCA because the latter is very sensitive to variations in the initial variables. That is, if
there are significant differences in the initial variable ranges, the variable with the larger range
will take precedence over the variable with the smaller range.

Mathematically, this can be done by subtracting the mean and dividing it by the standard
deviation for each value of each variable.

value—mean

"~ standard deviation

Once the standardization is done, all the variables will be transformed to the same scale.

e Covariance matrix computation

In other words, this step's goal is to determine whether there is any link between the variables
in the input data set and how they differ from the mean relative to one another. Because
variables can occasionally be highly connected in a way that causes them to contain redundant
information. Therefore, we compute the covariance matrix to find these relationships.

e Compute the eigenvectors and eigenvalues of the covariance matrix to identify the
principal components

Principal components are new variables constructed as linear combinations or mixtures of the
initial variables. As a result of these combinations, the new variables (i.e., principal
components) are uncorrelated, and most of the information in the initial variables is squeezed
into the first components. Principal components are the lines that, geometrically speaking,
encompass most of the information in the data and reflect the directions of the data that
account for the greatest amount of variance. The eigenvectors are computed and sorted by
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their eigenvalues in descending order to find significant principal components. Simply defined,
principal components are new axes that offer the greatest perspective for seeing and
analyzing the data, making the differences between the observations easier to see.

e  Feature vector

In this step, we decide whether to keep all of these components or discard any that have low
eigenvalues and create a matrix of vectors that we refer to as the "Feature vector" using the
ones that are left. Therefore, the feature vector is just a matrix with the eigenvectors of the
components that we choose to maintain as columns. This makes it the first step towards
dimensionality reduction since the final data set will only have p dimensions if we decide to
keep only p eigenvectors (components) out of n.

e Recast the data along the principal components’ axes

The goal of this final step is to reorient the data from the original axes to those represented
by the principal components using the feature vector created using the eigenvectors of the
covariance matrix. This can be done by multiplying the transpose of the original data set by
the transpose of the feature vector.

The steps of the Principal Component analysis are summarized in

Figure 11:

Figure 11: Steps involved in Principal Component Analysis.

3.5 Visual analytics

Visual analytics combines automated analysis techniques with interactive visualizations for a
practical understanding, reasoning, and decision-making based on extensive and complex
data sets.

The goal of visual analytics is the creation of tools and techniques to enable people to:

e Synthesize information and derive insight from massive, dynamic, ambiguous, and often
conflicting data.

e Detect the expected and discover the unexpected.

e Provide timely, defensible, and understandable assessments.

o Communicate assessment effectively for action.
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Figure 12: Tight integration of visual and automatic data analysis methods with database technology for scalable
interactive decision support. [22]

Visual analytics is more than just visualization. It can rather be seen as an integral approach
to decision-making, combining visualization, human factors, and data analysis. A challenge lies
in determining the best-automated algorithm for the analysis task at hand, identifying its
limitations that cannot be further automated, and developing an integrated solution that
integrates the best-automated analysis algorithms with appropriate interaction and
visualization techniques. Visual analytics can help us better understand our data. By visualizing
the enhanced data, we can determine the relationships or correlations among ship
performance and navigation characteristics under localized operational conditions. MATLAB
has extended capabilities for data visualization and analysis. This analysis uses interactive
plots and more sophisticated charts to extract as much information as possible.[22]

Evaluating the Ship’s performance requires a good amount of qualitative data obtained in our
case in the data preprocessing framework as mentioned above. The interpreted results of ship
performance analysis can be a practical guide for the Ship’s captain, crew, and operators. For
guantifying a ship’s performance considering localized operational conditions, two selected
key performance indicators (KPIs) are proposed. The proposed KPls are calculated in each
subcluster (trim-draft) mode concerning the identified clusters (engine modes).

The resulting KPI for ship performance quantification can be expressed as:

P: - ’
e KPlaj=—: It corresponds to the propeller curve coefficient. When the KPI’s value
n;
decreases, the vessel’s performance increases since less engine power is required
to maintain constant shaft revolutions, and greater rpm can be achieved for the

same level of engine power.

Where: P;, is the propeller’s shaft power [KW] and njis the propeller’s shaft speed [RPM].
i corresponds to the ship’s localized operational conditions.

e KPlbi= : Is the representation of the ship’s main engine fuel consumption per

l

nautical mile. When the KPI’s value decreases, the vessel’s performance increases
since less fuel oil is consumed for the same traveled distance, and greater distance
is covered for the same fuel oil consumption.
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Where: FCi=FCavgix ti [Ton/day], Di= SOGavgix ti [NM].

FCiis the main engine (ME) fuel consumption (cons) [ton], FCay, i is the average ME fuel cons
[ton/day], D is the traveled distance [NM], ti is the time traveled [day], and SOG., is the
average speed over ground (SOG) [NM/h] under the respective localized operational condition
i, correspondingly. For the sake of unit, consistency can be rewritten as follows.

FCapg.i
KPIb; = —=2—
24 S0Gayg,;

After presenting all the methods which are investigated in this analysis, a brief introduction
to the structure of the proposed algorithm is going to be given.

Once the investigation vessel's operational data has been collected, the first anomaly detector
is applied. The first anomaly detector defines the minimum-maximum values that each
investigated parameter can obtain. The used thresholds are based on domain knowledge,
specifically in identifying the physical range of the investigated parameters and the ship's
operational limitations. Additional limitations are imposed in the propeller shaft speed and
power parameters to exclude measurements that apply to the ship's maneuvering conditions
from the investigating data set. Afterward, the data density plots are utilized to identify
regularities and patterns in the engine data, i.e. (propeller shaft speed and power). K-means
algorithm and Gaussian Mixture model clustering methods are applied in the engine data set.
The number of clusters needs to be predefined in both clustering methods. The optimum
number of clusters is selected based on domain knowledge and the implemented data density
plots. Note that the "Elbow" method and AIC/BIC information criteria are utilized to evaluate
KMEANS and GMMS clustering implementation, respectively. Once the data set is divided into
clusters, the second anomaly detector is deployed to detect outlier points in each data set.
The second anomaly detector is based on principal component analysis since the engine data
are transformed and projected into principal axes. The detected outliers are isolated and
omitted from the respective engine data cluster. Data density plots are presented again in
order to gain insights into the behavior of trim-draft parameters and identify the optimum
number of clusters under the respective engine mode. Trim-draft data are classified into
subclusters concerning each engine mode cluster. These sub-clusters represent the ship's
localized operational conditions. A KPl index is calculated under each trim-draft mode in order
to quantify the ship's performance. The optimum trim-draft mode is identified based on the
KPI analysis. Identifying and analyzing the ship's localized operational conditions is vital since
hidden data patterns and underlying parameter correlations may be distinguished. It is also a
robust and versatile way to identify the optimum operating range of the investigated ship's
parameters. Finally, two extra algorithms are presented to evaluate the second data anomaly
detector results. The first is based on assessing each outlier point individually, and the second
is in evaluating the detected outliers in groups. There is also an attempt to explain why these
outliers occur.

In the flowchart down below (Figure 13), we see every step of this algorithm in sequential
order.
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Figure 13: Graphical representation of the constructed algorithm.

The first and the second anomaly detector isolate and exclude the detected outliers in the
data set. As already stated, the second anomaly detector is based on Principal Component
Analysis to identify the existing outliers effectively and comprehensively. After integrating the
presented framework, the results of the second anomaly detector are further investigated to
evaluate if the algorithm marked the emerged outlier points correctly. Also, an attempt to
explain what causes these outliers is based on their time position and the correlation between
the investigated operational variables, and the number of identified outliers. For the specific
application, we construct two algorithms. The first is called “Outlier evaluation 1”, and the
second is called “Outlier evaluation 2”.

The “Outlier evaluation 1” algorithm examines the detected outliers individually in a time
series order.

Let DATAnxm be a matrix, where n represents the number of observations and m represents
the parameters in the investigated data set after the first data anomaly detector
implementation.

Let d be a list of the identified outlier data points of a particular parameter’s signal, which are
contained in the DATAnm matrix, and t a list of the data points’ time stamps.

Then di, i=1,...,n is the i-th element of the list d, and ti, i=1,...,n is the corresponding i-th
timestamp, and n is the number of the identified outlier points by the second anomaly
detector. Also, di-1 and di+1 are the consecutive points of the di outlier point.

The absolute difference between the identified outlier value and its previous measured value,
plus the absolute difference between the identified outlier value and its occurring measured
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value, is calculated. The corresponding values are marked as adi, i=1,...,n, and are stored in a
vector called DIFFix, , DIFF= [ad1,..,adi,...,adn]

Then the maximum value of the DIFFix, vector is identified, and the corresponding outlier
point, along with its timestamp, is presented in a time-series plot, along with ten previous
points and ten successive points, so as to give the end-user a sense of the particular
parameters’ signal local behavior. Next, the identified outlier is plotted with green color and
considered a “reasonable outlier” point since the difference between the specific outlier and
its consecutive points is the maximum observed within the cluster. Finally, the regular data
points are plotted with blue color.

The exact process is followed for the minimum value of the DIFFix, vector. But with the
difference that, the identified outlier point is plotted with red color and considered an
“unreasonable outlier” point since the difference between the specific outlier and its
consecutive points is the minimum that can be observed in the cluster.

At that point, we need to highlight that the outlier designations are objective, and the main
goal of the presented algorithm is to give the end user a sense of the behavior of the outlier
data points in a time-series plot. Furthermore, the principal component analysis is well known
for detecting outliers based on the mean and standard deviation of a whole set of data, which
includes many different operational parameters rather than just the consecutive
measurement of a single parameter.

In addition, it is essential to note that the algorithm has been designed so that the end user
can choose from a variety of cluster types, such as (slow, transient, and service), along with
the corresponding clustering method (KMEANS, GMMS). The algorithm can also be adjusted
to simultaneously examine more than one outlier data point. As a result, the final plots can
include several "reasonable" or "unreasonable" consecutive outliers. This modification can
give the end user a greater sense of the local behavior of the identified outliers in a time-series
format. The algorithm can also be modified to examine outlier points in between the minimum
admin and maximum admax values.

The “Outlier evaluation 2” algorithm collectively evaluates the detected outliers based on a
time series order.

Let DATAnxm be a matrix, where n represents the number of observations and m represents
the parameters in the investigated data set after the first data anomaly detector
implementation.

Let d be a list of the identified outlier data points of a particular parameter’s signal, which are
contained in the DATAnxm matrix, and t a list of the data points’ time stamps.

Then di, i=1,...,n is the i-th element of the list d, and ti, i=1,...,n is the corresponding i-th
timestamp, and n is the number of the identified outlier points by the second anomaly
detector.

The data set is sorted into eleven equally spaced time groups, and the sum of the detected
outliersin each group is calculated. Afterward, a time-series plot is presented, split into eleven
sections containing the corresponding data group. Red lines delimit the sections. The
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distinctiveness of this plot is that the sections that contain a sufficient number of detected
outliers are marked with dark red color, and the sections which contain very few outliers are
marked with light red color. The color intensity depends on the number of identified outlier
data points. So, it becomes easier for the end user to decide visually the groups that contain
a lot of outliers and those that contain fewer outliers and consequently to identify the time
period when these outliers occur. Finally, a histogram presents the calculated sums of the
detected outliers in each group. Also, the detected outliers are presented in ascending time
order by blue pulses in a signal plot.

After visualizing the detected outliers in a time series plot, the “Outlier evaluation 2” algorithm
examines what caused these outlier points to occur. In order to achieve that, the mean values
for the main operational parameters in each of the eleven date-time groups of the data set
are calculated. Then, the correlation between the mean values and the number of the
identified outlier data points of the respective groups is calculated and plotted for every
investigated parameter. In this way, the algorithm reveals any possible connections between
the number of the identified outliers and the measured values of each parameter. For
example, if the mean value of the trim parameter is higher in the groups that contain a lot of
outliers and lower in the groups that include only a few outliers, the measured correlation
between these two variables will be close to 1. That can strongly indicate that higher trim
values cause more outlier points.

The “Outlier evaluation 2” algorithm can also investigate the connection between the ship’s
main operational parameters and the number of the identified outlier data points to a greater
degree. That can be done by calculating the correlation between the variability in each main
operational parameter and the number of the identified outliers for the eleven date-time
groups.

The following variability measures are being used in the specific application:

e Range: the difference between the highest and lowest values

e Interquartile range: the range of the middle half of a distribution

e Standard deviation: average distance from the mean

e Variance: average of squared distances from the mean
This way, the algorithm can reveal the connection between the ship’s operational parameters
variability and the identified number of outlier points. For example, groups with many outlier

points display high variability in wind speed measurements. That possibly means that sudden
changes in weather conditions can spark more outlier points in the final data set.
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In this chapter, the results of the proposed framework are presented. Below are the minimum-
maximum values of the navigation parameters imposed by the first anomaly detector,
followed by data density plots of the engine data (i.e., propeller shaft speed and propeller
shaft power). Afterward, we present the plots of the K-Means and GMM clustering methods.
A scatter plot and a consecutive table highlight both clustering methods’ second anomaly
detector outcome. Next, data density plots and clustering implementation plots represent the
ship's localized operational modes. Afterward, Ship performance quantification results and
visual analytics are displayed with the respective tables and figures. Finally, the two
constructed algorithms, outlier evaluation 1 and outlier evaluation 2, are presented to assess
the efficiency of the second anomaly detector.

For the specific application, a data set from a containership was obtained. The main
characteristics of the investigated containership are presented in Table 1.

Table 1: Main ship's particulars.

Main Ship’s particulars

Length B.P 199.00 (m)
Breadth 30.20 (m)
Depth 16.70 (m)
Draft 11.50 (m)
TEU 2550

Engine type: Hyundai-Wirtsila 7RTA72U-B M.C.R : B.H.P (kW):21560 / 99.0 R.P.M

This application obtained a data set of fifteen ship operational parameters (navigation,
engine data, etc.). This time series data set contains data measurements from mid-
December 2016 till late December 2017, with a sampling rate of 1 minute. Table 2 below
presents the physical quantities that were examined in the respective data set.

Table 2: Examined parameters description.

Measured physical quantity Parameter name Units
Speed over ground SOG Knots (kn)
Propeller shaft speed PSS revolutions per minute (rpm)
Propeller shaft power PSP kilowatts (kW)
Draft mean DM meters(m)
Trim T meters(m)
Main engine’s fuel oil MEFOC
consumption Tons/day
Propeller shaft torque PST kilonewton meters (kN*m)
Wind Speed WS Meters per second (m/s)
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4.3 First data anomaly detector

It was discovered that numerous data points were erroneous during the deployment of the
first data anomaly detector, which is based on domain knowledge. For example, many Main
Engine (ME) fuel consumption measurements are identified with zero values while their
physical value should be different. These points were characterized as outliers and removed
from the data set. In addition, all data points with propeller shaft Power and Shaft Speed
measurements less than 3000kW and 60 rpm were excluded from the study because they
were considered to correspond to not an open-sea operation (e.g., port maneuvers). These values
were isolated and omitted from the data set. A percentage of 24.33 % of the data points were
omitted from the original data set during the first anomaly detector implementation.

The minimum and maximum values of the navigation parameters, which are based on domain
knowledge, are shown in Table 3.

Table 3: Ship operational parameters and their minimum-maximum values.

Parameter Unit Min-value Max-value
Propeller shaft power [kw] 3000 21560
Propeller shaft speed [rom] 60 100
Main Engine (ME) fuel oil consumption (cons)  [Ton/day] 1 100
Speed over ground (SOG) [Knots] 2 25
Average (Avg) draft [m] 0 11.5
Trim [m] -2 4
Propeller shaft torque [kN*m] 0 -
Wind Speed [m/s] 0 -

Figure 14 shows the propeller shaft power - Speed diagram before and after the First Anomaly
Detector implementation. There are two main regions in this plot where outliers have been
identified. Outlier points are detected in the first region, which is in the bottom-left of the
diagram, and are prompted by thresholds applied to propeller shaft power and propeller Shaft
Speed measurements. There is a second smaller region on the right, which is prompted by
some zero values in fuel consumption measurements, as identified by the respective
thresholds. The interesting case of zero values in fuel consumption measurements is further
investigated in Figure 15. In which the identified zero fuel consumption values are presented
in the propeller shaft power-speed diagram on the left and in the propeller shaft power-time
diagram on the right in red color. According to the right plot in Figure 15, the data acquisition
system acquired the second region measurements in a relatively short time. As a result, we
assume that there was an error in the specific system during that period.
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Propeller shaft power-speed scatter plot (initial data set)

Propeller shaft power-speed scatterplot (After the first anomaly dtector)
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Figure 14: Propeller shaft power-speed diagram before and after first anomaly detector implementation.
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Figure 15: Propeller shaft power - speed diagram and propeller shaft power - time diagram concerning main
engine’s fuel consumption zero values.

The histograms for each of the examined parameters before and after the first anomaly
detector implementation are presented in the left and the right plot, respectively. The black
dotted lines represent the applied thresholds of the first anomaly detector, which are based
on domain knowledge. The propeller shaft speed, propeller shaft power, speed over ground,
main engine fuel oil consumption, mean draft, and trim histogram plots are presented in
Figure 16, Figure 17, Figure 18, Figure 19, Figure 20, and Figure 21 correspondingly.
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Figure 16: Propeller shaft speed histograms before and after the first anomaly detector implementation.
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Figure 17: Propeller shaft power histograms before and after the first anomaly detector implementation.
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Figure 18: Speed over ground histograms before and after the first anomaly detector implementation.
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Figure 19: Main engine fuel oil consumption histograms before and after the first anomaly detector
implementation.
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Itis worth noting that most measurements of the respected parameters fall within the applied
thresholds, except for the lowest data points of the propeller shaft power and shaft speed
parameters, which are set to exclude maneuvering conditions from the investigated data set.
So, the main volume of the excluded data points is marked as maneuvering measurements. It
is also visible in the presented histograms that the observed values of the speed over ground
measurements are approximately between 8 and 22 knots, higher than the 2 knots lower limit
we imposed during the first anomaly detector.

4.4 Data pattern recognition

The bivariate histogram is utilized to visualize the behavior of our data about the propeller
shaft power-Speed variables. The Kernel Density Estimation Function is considered afterward
with the main goal of giving us insights into the number of clusters in our data combined with
univariate histograms into a scatterhist plot. Lastly, a density scatter plot is regarded to give a
better insight into the density of our data. The results are presented in Figure 22, Figure 23,
and Figure 24, respectively.
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Figure 22: Bivariate colored histogram based on engine data density.
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Figure 23: Scatterplot combined with univariate histograms and kernel Density Estimation plots.
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Figure 24: Data density scatter plot based on engine data (i.e., Propeller shaft power - speed).

In the above figures, it is noticed that there are specific areas with high-density data and some
others with low-density data. The bivariate histogram is very insightful about the frequency
of the examined data. In the scatterhist plot, it is worthwhile to note that the histogram plot
and kernel density estimation function follows the same trend, so the insights provided by
these plots are nearly identical. It is primarily due to MATLAB's automated binning algorithm
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that reveals the shape of the underlying distribution with high accuracy in histogram plots.
Lastly, the Data Density plot depicts very accurately the density of our data in a 2-D space
making this plot informative and comprehensible at the same time.

4.5 Data clustering

Approximately three components (clusters A, B, and C) may be distinguished from the density
estimation of the engine data, as illustrated in Figure 22, Figure 23 and Figure 24. Among
these, clusters A and C represent the two primary engine operating modes, the slow speed
mode and the service speed mode. Whereas the data points which are included in cluster B
represent a transient engine condition. Therefore, K = 3 was recommended as the number of
components (i.e., the number of clusters) for the K-Means algorithm and GMMs. Clustering
results are presented in Figure 25 and Figure 26.
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Figure 25: K-MEANS Clustering plot based on engine data (i.e., Propeller shaft speed and power).
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Figure 26: GMM'S Clustering plot based on engine data (i.e., Propeller shaft speed and power).

It is observed in Figure 25 and Figure 26 that the clustering results in implemented methods
are similar but not identical. That may be due to differences in the mathematical approaches
of these methods. The Euclidean distance, the within-cluster similarity measure in K-Means,
cannot detect complex non-linear usage patterns in the data set. The main difference
between these methods is that K-means uses a deterministic approach and assigns each data
point to a unique cluster. This is referred to as the hard clustering method. GMM uses a
probabilistic approach and gives the probability of each data point belonging to any of the
clusters. This is referred to as the soft clustering method. Two clustering evaluation
techniques are deployed for clustering assessment as presented in chapter 4.6. Also, a time
series plot is shown in Appendix A: to manifest the behavior of the speed over ground
parameter after the clustering implementation to the engine data.

4.6 Clustering evaluation criteria

The clustering results are further investigated as described in chapter 3.3.7. The optimum
number of clusters is also identified based on heuristic and information criteria for the K-
means algorithm and gaussian mixture models, respectively.
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4.6.1 Evaluation of K-means algorithm clustering results

The elbow plot method is implemented to evaluate the clustering results of the k-means
algorithm, as presented in Figure 27. The investigated range of clusters for that specific case
varies from 1 to 10. It is evident that when the number of clusters rises, the sum of squared
distances within clusters is reduced. But after the third cluster, the respective value gradually
decreases. As a result, according to this method, the k-means algorithm works best for three
clusters. Also, at this point, the “elbow shape” is presented.
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Figure 27: Elbow plot for k-means clustering results evaluation.

Another way to identify the optimum number of clusters is to calculate the gradient values
of the elbow plot so as to be informed about the magnitude difference of two consecutive
points. The individual results are presented in Figure 28.
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Figure 28: Gradient values of elbow plot.

As expected, all the gradients have negative values. But We can notice that after the fourth
cluster, the gradient becomes almost constant, so the ideal number of clusters for this data
set is three.
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4.6.2 Evaluation of gaussian mixture models clustering results

For Gaussian mixture model clustering, the AIC/BIC criterion is investigated. The lowest
calculated AIC/BIC score for a range of clusters depicts the best fit for the model.
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Figure 29: AIC/BIC information criterion plot.

In Figure 29, it is evident that the greater the number of clusters, the better the model should
be. Unfortunately, that causes overfitting to our data, and it's one of the major disadvantages
of these criteria. One way to overcome this problem is to calculate the Gradient of the AIC/BIC
score curves. The calculated Gradient of the AIC/BIC score is depicted in Figure 30.
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Figure 30: Gradient value of AIC/BIC score.

As expected, all the gradients have negative values. But we see more clearly that starting from
a cluster size of four, the gradient becomes almost constant, i.e., the original function has a
gentler decrease, i.e., there is not much gain in increasing the number of clusters. In short,
this technique suggests we use three clusters.
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4.7 Second data anomaly detector

After dividing the data into clusters, the second data anomaly detector was set up and used.
The results of the Second anomaly detector implemented in the Service Speed cluster after
the K-MEANS clustering algorithm are first analyzed. As already stated, the second anomaly
detector was based on Principal Component Analysis, where the first components contain the
most information and the last components contain the least information. Then our data were
projected along the principal component axes. It should be noted that the proper threshold
values were -30 and 30, where o is the standard deviation of the corresponding data
distribution. Data points that are greater than specified values are marked as anomalies by
this detector. Several abnormalities are found in this regard, as demonstrated in Figure 31.
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Figure 31: Histogram of Service Speed Cluster Data represented by the Second Principal Component.

A graph is also presented in Figure 32, in which pulses represent outlier data points. Our
analysis shows that outliers are highly concentrated in some areas, whereas in other areas,
there are only a few detected outlier points. That can be justified by the fact that sensor
measurements are more vulnerable in unsteady and harsh weather operational conditions
(areas with high concentrations of outliers) in comparison with more steady weather
operating conditions (areas with low concentrations of outliers). This is also supported by
Figure 33, which displays a histogram of detected outliers in relation to the time-series format
of our data set.
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Figure 32: Detected data anomalies presented in a discrete-time signal plot.
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Figure 33: Frequency of detected outliers concerning the time-series format of our data set.

In Figure 34, the Service Speed Cluster after the K-MEANS algorithm and Second Anomaly
Detector implementation is presented. The identified outliers are marked with red color and
the regular data points with green color. It is observed that the identified outliers are located
on the edge of the cluster where the detected data density is low. That’s one of the main
characteristics of outlier points, so we conclude that the Second Anomaly Detector efficiently
identified the existing outlier points.
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Figure 34: Graphical representation of Service speed cluster after k-means clustering regarding inlier and
identified outlier data points.

In Figure 35, the Service Speed Cluster after the GMMS model and Second Anomaly Detector
implementations are presented. The identified outliers are marked with red color and the
regular data points with green color. It is observed that the identified outliers are located on
the top edge of the cluster where the detected data density is low. Most of the detected
outlier points identified in the KMEANS Service Speed Cluster and GMM'’S Service Speed
Cluster are identical. The existing differences are attributed to the differences in the structure
of the clusters.

The graphical representations of Slow and Transient Speed Clusters for K-MEANS and GMMS

clustering methods regarding inlier and identified outlier data points are presented in
Appendix B:.
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Figure 35: Graphical representation of Service speed cluster after GMM'S clustering regarding inlier and identified
outlier data points.

The total number and the percentage of the identified outliers for each of the three engine
modes for both Clustering methods are summarized in Table 4. Finally, the detected outlier
points are omitted from the respective cluster to improve the quality of the data set and
proceed with further analysis of the ship’s performance under specific localized operational
conditions.

Table 4: Number and percentage of identified anomalies based on the second anomaly detector.

The percentage of identified outliers varies depending on the clustering method. A significant
percentage difference is noticed in the Slow Speed Region, as expected. In this cluster, the
results of clustering deviate the most. In the other two clusters, the percentages of identified
outliers converge because the structure of the identified clusters also converges. In total, 3605
outlier points are detected in K-MEANS Service Speed Cluster, 39.2% more than 2589
detected outlier points in GMM’S Service speed cluster. That difference is attributed to the
inadequacy of the K-MEANS algorithm to detect complex data clusters in comparison with
GMM’S model, which can identify hidden data patterns and return robust results in complex
data sets. So, we consider the results of the second anomaly detector more reliable in GMM
clustering.
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To further explore the efficiency of the Second Anomaly Detector and the outlier’s behavior,

Visual analytics are applied.

The detected anomaly points for the KMEANS Service speed

Cluster are presented in a time-series plot, as shown in Figure 36 and in Figure 37 for GMMS

Service Speed Cluster.
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Figure 36: Time series plot of the Main engine operational variables regarding the KMEANS Service Speed Cluster

identified outlier points.
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Figure 37: Time series plot of the Main engine operational variables regarding the GMMS Service Speed Cluster

identified outlier points.
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In the aforementioned plots, the first three detected outliers are marked in a time series plot
with red color, and the regular data points between them are marked with blue color. Five
operational parameters are included in this time-series format. The first one is Shaft Speed
(rpm), followed by propeller shaft power (kW), Main Engine fuel consumption (Ton/day),
Speed over ground (knots), and Propeller Shaft torque (kN*m). We notice that in these
detected anomalies, sudden changes are observed with respect to Shaft Speed, Main Engine
Power, and Propeller shaft torque. Due to the extreme challenge of visually investigating all
the detected outliers in the specific cluster, two different algorithms were constructed, with
the primary goal of providing us some more insights into the behavior of the detected outliers.
More details about these algorithms are discussed in 4.11.

4.8 Exploration of the ship’s localized operational conditions

To better understand the ship's localized operational conditions, we investigate the trim-draft
modes under which the vessel operates in each engine mode. To achieve that, the deployment
of data density plots is determined. Domain knowledge combined with KDE provides us with
the most information to decide under how many trim-draft modes our ship operates
concerning each engine mode. Subclusters can represent these regions.

The bivariate histogram is utilized to visualize the behavior of our data in relation to the Trim—
Draft variables. The Kernel Density Estimation Function was considered afterward with the
main goal of giving us insights into the number of subclusters in our examined cluster,
combined with univariate histograms into a scatterhist plot. Lastly, a density scatter plot is
regarded to give a better insight into the density of our data in the respective cluster.

Based on GMMS and K-MEANS clustering, the Slow Speed Cluster (Cluster A) is being analyzed.
The results of the implemented data density plots are shown in Figure 38.

The respective results of bivariate Histogram, Kernel Density Estimation plot are presented in
Appendix C:
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Figure 38: Data density scatter plot of trim/draft variables with respect to Slow Speed Cluster. After GMMS (on
the left) and K-MEANS clustering (on the right).
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Based on GMMS and K-MEANS clustering, the Transient Speed Cluster (Cluster B) is being
analyzed. The results of the implemented data density plots are shown in Figure 39.

The respective results of Histograms, Kernel Density Estimation plots are presented in

Appendix C:
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Figure 39: Data density scatter plot of trim/draft variables with respect to Transient Speed Cluster. .After GMMS
(on the left) and K-MEANS clustering (on the right).

Based on GMMS and K-MEANS clustering, the Service Speed Cluster (Cluster C) is being
analyzed. The results of the implemented data density plots are shown in Figure 40.

The respective results of Histograms, Kernel Density Estimation plots are presented in

Appendix C:
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Figure 40: Data density scatter plot of trim/draft variables with respect to Service Speed Cluster. After GMMS (on
the left) and K-MEANS clustering (on the right).
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4.9 Data sub-clustering

From the previous analysis, we conclude that the number of sub-clusters varies depending on
the Engine mode (i.e., Cluster A, Cluster B, Cluster C). Therefore, three Trim-Draft modes are
identified under the Slow Speed Region (Cluster A), two Trim-Draft modes are identified under
the Transient Speed Region (Cluster B), and one Trim-Draft mode is identified under Service
Speed Region (Cluster C). The respective Sub-clusters are presented in Figure 41,
Figure 42, and, Figure 43 regarding GMMS and K-MEANS clustering implementation.

Figure 42: Subclusters plot of Trim-Draft variables concerning Transient Speed Region. After GMMS (on the left)

Trim-Draft Subclusters plot

Trim-Draft Subclusters plot

and K-MEANS clustering (on the right).
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Figure 43: Subcluster plot of Trim-Draft variables concerning Service Speed Region. After GMMS (on the
left) and K-MEANS clustering (on the right).

4.10 Ship performance quantification

The final goal is to provide a Ship performance index to measure the ship’s performance under
localized operational conditions. The calculation is being made concerning each trim-draft
mode under the respective engine mode. The results are summarized in the table below for
both K-Means and GMMS clustering methods. By comparing the results for each cluster, we
can identify the best performance mode with the lowest KPI value. As described in chapter
3.6, the mean values of two different KPIs are calculated, KPla and KPlb. The mathematical
expression of these two key performance indexes is given down below:

_Ppkw
KPIa.—n—i3 ) [rpms]
FC
KPlb; = _1' [Ton

D; NM

i corresponds to the respective subcluster under the concerning engine mode.
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Table 5: Ship performance quantification results.

Subcluster 1 0.0175 0.0818 0.0173 0.0811
CLUSTERA  Subcluster 2 0.0168 0.0860 0.0166 0.0855
Subcluster 3 0.0166 0.0845 0.0161 0.0826
Subcluster 1 0.0173 0.1146 0.0175 0.1175
CLUSTERB  gypcluster 2 0.0171 0.1128 0.0174 0.1157
CLUSTERC  Subcluster 1 0.0170 0.1374 0.0169 0.1385

After completing the investigation, it turns out that each key performance indicator results
converge for K-Mean and GMM'’S clustering concerning the ship’s localized operational mode.

In relation to KPla, subcluster 3 in the slow speed cluster, cluster A, is the most efficient in
total and in the specific cluster since it has the lowest KPI value. For the transient speed region,
cluster B, subcluster2, is the best performance trim-draft mode. As we pointed out before, for
cluster C, there is only one trim-draft mode with a KPla value (0.0170/0.0169) for KMEANS
and GMM clustering, respectively.

According to KPIb, for cluster A, the slow speed region, subcluster 1, is the best performance
mode and the best performance mode in total since it has the lowest KPI value. For cluster B,
the transient speed region, subcluster 2, is the best performance trim-draft mode. Finally, as
we pointed out before, for cluster C, there is only one trim-draft mode with a KPlb value
(0.1374/0.1385) for KMEANS and GMM clustering, respectively.

4.11 Outlier evaluation algorithms

4.11.1 Outlier evaluation 1 algorithm

The first algorithm aims to examine the behavior of each detected outlier individually. A brief
description of the construction and the visualization of the presented algorithm is given in
chapter 3.8.1. Three different cases of the proposed algorithm are presented here for two
variables. Firstly, the outlier evaluation 1 algorithm results are displayed for one outlier point,
followed by the respective outcome when three consecutive outliers are investigated. Finally,
the results of 5 successive detected outliers are presented to highlight the flexibility the
specific algorithm offers when examining the detected outliers in a time-series format. The
propeller shaft power variable is investigated in this case. The presented algorithm also
evaluates outliers in other variables efficiently. Note that the investigated outliers emerged in
the service speed cluster after GMM’S model implementation.

Firstly, the reasonable and unreasonable outliers of the aforementioned cases for the
propeller shaft power variable are presented in Figure 44/Figure 45 for an individual outlier,
Figure 46/Figure 47 for three successive outliers, and Figure 48/Figure 49 for five successive
outlier points.
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Figure 44: Time series plot of a reasonable individual outlier concerning propeller shaft power measurements.
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Figure 45: Time series plot of an unreasonable individual outlier concerning propeller shaft power measurements.
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Figure 46: Time series plot of three reasonable successive outliers concerning propeller shaft power
measurements.
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Figure 47: Time series plot of three unreasonable successive outliers concerning propeller shaft power
measurements.
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Figure 48: Time series plot of five reasonable successive outliers concerning propeller shaft power measurements.
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Figure 49: Time series plot of five unreasonable successive outliers concerning propeller shaft power
measurements.

In Figure 44, Figure 46, and Figure 48, the “reasonable’ outlier data points are presented in
green color. We notice sudden changes between the identified anomalies and their
consecutive points on these occasions. So, the second anomaly detector correctly
characterized these points as outliers. In Figure 45, Figure 47, and Figure 49, we present the
“unreasonable” outlier data points in red. It is obvious that even though they were marked
as outliers, there are no sudden changes between the identified anomalies and their
consecutive points. So, the second anomaly detector possibly wrongly indicated these
measurements as outliers. Please note that the unreasonable outliers must be further
investigated before we can draw any conclusions. As the second anomaly detector examines
and characterizes the data points combined for propeller shaft speed-power variables, it
projects them onto the principal component axis to determine the anomalies.

56



Results Panagiotis Georgios lliopoulos

4.11.2 Outlier evaluation 2 algorithm

As noted in chapter 3.8.2, the outlier’s evaluation 2 algorithm points to a broader visual
analysis and investigation of the second anomaly detector efficiency. It focuses more on
identifying the general trend of the outlier data and comparing it with the general trend of
the regular data points. As illustrated in the figure below, the total data set is plotted in a time
series format and divided into eleven groups of data regarding the propeller shaft speed and
the propeller shaft power variables. The goal is first to identify the time position of the
detected outliers and bin the data points that belong to the same group. Then the binning
results are plotted in a histogram, as presented in Figure 50. The identified outliers are shown
as discrete signal points. Note that the groups with a high frequency in outlier points are
marked with red color. The red color gets more intense as the outliers rise in frequency in the
specific group. In Figure 50, the identified outliers in the service speed cluster after GMM’S
implementation are investigated.

1 2 3 9 10 11
Propeller shaft speed

M”MMMM

104 Propeller shaft power

A

Detected outliers Histogram

90

Outliers Position

Figure 50: Graphical representation of the outlier evaluation 2 algorithm in the service speed cluster after GMMS
implementation.

Most outliers are detected in group 2, while some are in groups 3, 4, 9, and 10. The same
results arise when the outlier evaluation 2 algorithm is utilized in the service speed cluster
after the K-means algorithm implementation. So the majority of the identified outliers
emerged under a specific time period. That strongly indicates that the marked outliers didn’t
come up by chance, but possibly there is a systemic failure in the data collection system under
these periods. The reason for that systemic failure will be investigated in PART C, in which the
correlation between the ship’s main operational parameters and the number of the identified
outlier data points concerning each data group is calculated.
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4.11.3 Correlation matrices

Firstly the correlation matrix between the number of the identified outliers and the
measurements of seven operational variables concerning each data group is presented. The
presented operational variables are wind speed (W.SPE), draft (DRAFT), trim (TRIM), speed
over ground (SOG), fuel oil consumption (FOC), propeller shaft power (PSP), propeller shaft
speed (PSS). In the presented matrix, we notice a moderate positive correlation between the
number of identified outliers and the wind speed measurements, a negligible correlation
between the number of identified outliers and the draft, trim, and speed over ground
variables, and a low positive correlation between the number of identified outliers and the
fuel oil consumption, propeller shaft power-speed variables. In this case, we can not make any
safe conclusions about the connection between the number of identified outliers and the
measurements of the presented operational variables.
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Figure 51: Correlation matrix between the number of identified outlier and seven operational parameters of the
investigated data set.

The investigation extends to a greater degree in which the correlation between the variability
in each main operational parameter and the number of the identified outliers is calculated for
the eleven date-time groups. As described in chapter 3.8.2, four variability measures are
utilized in the specific application, including variance (VAR), standard deviation (ST.DE), range
(RANGE), and Interquartile range (IQR).

The results are presented down below:
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Figure 52: Correlation matrix between the number of identified outliers and the measured variability in the
propeller shaft power values.

In Figure 52, we notice a moderate positive to a high positive correlation between the number
of identified outliers and the calculated variability measures of the propeller shaft power
values. That’s a strong indication that higher variability to the propeller shaft power
measurements leads to more identified outlies by the second anomaly detector.
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Figure 53: Correlation matrix between the number of identified outliers and the measured variability in the
propeller shaft speed values.

In Figure 53, we notice a low to moderate positive correlation between the number of
identified outliers and the calculated variability measures of the propeller shaft speed values.
That may suggest that higher variability to the propeller shaft speed measurements leads to
more identified outlies by the second anomaly detector.
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Figure 54: Correlation matrix between the number of identified outliers and the measured variability in the
propeller shaft toque values.

In Figure 54, we notice a high positive correlation between the number of identified outliers
and the calculated variability measures of the propeller shaft torque values. That strongly
indicates that higher variability to the propeller shaft torque measurements leads to more
identified outlies by the second anomaly detector.
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Figure 55: Correlation matrix between the number of identified outliers and the measured variability in the Main
engine’s fuel oil consumption values.

In Figure 55, we notice a moderate positive to a high positive correlation between the number
of identified outliers and the calculated variability measures of the Main engine’s fuel oil
consumption values. That’s a strong indication that higher variability to main engine fuel oil
consumption measurements leads to more identified outliers by the second anomaly
detector.
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Figure 56: Correlation matrix between the number of identified outliers and the measured variability in speed over
ground values.

In Figure 56, we notice a low positive to moderate positive correlation between the number
of identified outliers and the calculated variability measures of the Speed over ground values.
That may suggest that there is an underlying connection between the number of identified
outliers and the variability in the Speed over ground measurements.
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Figure 57: Correlation matrix between the number of identified outliers and the measured variability in Mean
draft values.

In Figure 57, we notice a negligible correlation between the number of identified outliers and
the calculated variability measures of the Mean Draft values. That strongly indicates that there
is not an actual connection between the number of identified outliers and the variability in
the mean draft measurements.
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Figure 58: Correlation matrix between the number of identified outliers and the measured variability in Trim
values.

In Figure 58, we notice a negligible to low positive correlation between the number of
identified outliers and the calculated variability measures of the Trim values. Consequently,
we can not set up any connection between the number of identified outliers and the variability
of the Trim measurements.
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Figure 59: Correlation matrix between the number of identified outliers and the measured variability in wind
speed values.

In Figure 59, we notice a negligible to low positive correlation between the number of
identified outliers and the calculated variability measures of the wind speed values.
Consequently, we can not set up any connection between the number of identified outliers
and the variability of the wind speed measurements.
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After presenting all the correlation matrices between the number of identified outliers and
the variability of the ship’s main operational parameters, we lead to some final conclusions.
Firstly there is a strong indication that the number of identified outliers largely depends on
the variability of the main engine's operational parameters, such as propeller shaft power,
propeller shaft speed, propeller shaft torque, and main engine fuel oil consumption. There is
a possible connection between the number of identified outliers and the varibility in speed
over ground measurements, which is closely correlated with the main engine’s operational
parameters. Finally, we can not establish any actual connection between the number of
identified outliers and the variability in wind speed, trim, and draft measurements. The
conclusions mentioned above are desirable and foreseeable since the second anomaly
detector is based on engine data measurements to mark and isolate the outliers points.
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The intention and purpose of this thesis was twofold. First, we constructed a data
preprocessing framework able to detect and isolate erroneous data points and identify
underlying data patterns concerning the ship’s localized operational conditions in the
investigated data set. To achieve this, data density plots were deployed along with two
different clustering techniques and domain knowledge to quantify the ship’s operational
behavior. Also, two distinct clustering evaluation methods were presented to determine the
efficiency of the applied clustering techniques. Furthermore, domain knowledge coupled with
principal component analysis was utilized to detect and isolate erroneous data measurements
aiming to improve the quality of the investigated data set. Also, two outlier evaluation
algorithms were constructed to assess the results of the applied outlier detection technique
and to identify possible connections between the identified outliers and the behavior of the
ship’s main operational parameters. Secondly, two key performance indicators were
proposed to quantify the ship’s performance under the specified operational conditions. The
following are the main conclusions derived from this analysis:

e Domain knowledge utilization in every step of the process is decisive to the
construction and evaluation of the presented framework and should gain more
attention in the scientific literature.

e The applied minimum-maximum thresholds in the data set’s variables should be
defined carefully since they have a significant impact on the final results of the applied
framework.

e Histograms, scatter plots, and data density plots can be insightful in identifying
underlying data patterns and quantifying a ship’s operational behavior.

e The k-means algorithm is a relatively easily implemented and time-efficient clustering
technique since the computational cost is low and the execution time is short. But the
k-means algorithm can not identify complex data patterns that may exist in the
examined data set.

e Gaussian mixture models can identify complex data patterns and provide more
accurate and realistic results. But it can be hard to implement and time-consuming,
especially in large data sets, since the computational cost is high and the execution
time is long.

e The k-means algorithm can be used in cases where the time limits are strict, the
computational capacity is low, and there is no demand for highly accurate results.
Gaussian mixture models can be used when there are extended time limits, high
computational capacity, and a need for high-quality, accurate results.

e Clustering evaluation methods can be very insightful about the final clustering results
and the existing number of clusters in the examined dataset.

e The principal component analysis is an effective and easily interpretable technique
for identifying outlier data points in the respected data set.

e The two constructed outlier evaluation algorithms are very informative about the
behavior of the detected outliers in a time series plot and capable of identifying
possible causes of the occurring outlier points.
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e The ship performance quantification under the ship’s localized operational conditions,
utilizing Key performance indexes, drastically increases our awareness about the
ship’s total and side performance efficiency.

Concerning the aforementioned, it is concluded that the utilization of proper data
preprocessing techniques, coupled with domain knowledge, drastically improves the quality
of the examined data sets and provides powerful insights about underlying data patterns and
possible connections between the examined variables. Furthermore, ship performance
guantification can also enhance our understanding of the investigated ship’s operational
behavior and performance efficiency. Also, the outlier evaluation algorithms efficiently
validate the identified outliers and identify possible outlier causes. The constructed
framework is, therefore, a versatile and functional tool for ship operators and managers.

Based on the present thesis and the above conclusions, some suggestions for further
research are listed.

e Try to define the minimum - maximum thresholds of the examined parameters that
apply to maneuvering conditions concerning the engine propeller combinator
diagram and ship’s position data.

e Consider adding more operational variables than the two in the specific investigation
in order to extend the clustering analysis to a higher dimensional space.

e Perform principal component analysis to identify outlier points in a more detailed
data set by adding extra variables in the respective study.

e Utilize the ship’s position data to perform data preprocessing and ship performance
guantification techniques between voyages.

In conclusion, data preprocessing and analysis can play a key role in improving a ship's
operational performance. So, more research needs to be done in that direction. In addition,
more applicable and flexible algorithms and tools need to be constructed to serve each
investigation's application-specific needs.
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Appendix A: Engine data clustering investigation

A time series plot of the speed over ground variable concerning the identified engine mode
clusters is presented. Each point is plotted with a different color based on the cluster
assignment. A polynomial fitting is also applied to the specific investigation to give us a greater
sense of the behavioral patterns of the respective data.
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Figure 60: Time series plot of speed over ground variable concerning the identified engine data clusters.
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Appendix B: Cluster plots after the second anomaly detector
implementation.

The graphical representations of Slow and Transient Speed Clusters for K-MEANS and GMMS
clustering methods regarding inlier and identified outlier data points are presented next. The
outlier points are marked with red color and the inlier points are marked with green color.

PART A: Cluster plots based on k-means algorithm
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Figure 61: Graphical representation of Slow Speed Cluster after K-MEANS clustering regarding inlier and identified
outlier data points.
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Figure 62: Graphical representation of Transient Speed Cluster after K-MEANS clustering regarding inlier and
identified outlier data points.
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PART B: Cluster plots based on gaussian mixture models
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Figure 63: Graphical representation of Slow Speed Cluster after GMM'S clustering regarding inlier and identified
outlier data points.
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Figure 64: Graphical representation of Transient Speed Cluster after GMM'S clustering regarding inlier and
identified outlier data points.

70



Appendix Panagiotis Georgios lliopoulos

Appendix C: Exploration of the ship’s localized operational conditions.

Based on K-MEANS and GMMS clustering, the engine mode clusters (cluster A, cluster B,
cluster C) are being analyzed. The results of the implemented data density estimation
methods are shown in the following figures. Bivariate Histograms and Kernel Density
Estimation plots are presented.

PART A: Slow speed cluster (cluster A) investigation.
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Figure 65: Bivariate histogram of trim/draft variables in Slow Speed Cluster. After GMMS (on the left) and K-
MEANS clustering (on the right).
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Figure 66: Scatterplot Combined with univariate Histograms and kernel Density Estimation plots for trim/draft
variables of Slow Speed Cluster. After GMMS (on the left) and K-MEANS clustering (on the right).
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PART B: Transient speed cluster (cluster B) investigation

BIVARIATE HISTOGRAM BIVARIATE HISTOGRAM

1600
1600
1400
” 1400 1500
w
B 1500 2
@© @
[ 1200 2 1200
@ @
(3} o
= c 1000
S 1000 1000 g 1000
o o
3 &
5 800 s 800
& 500 5 500
Qo
€ 600 £ 600
-] =1
zZ g z
400 0 400
1
200 200
0 0.5

8
Draft (m) -1 Trim (m) Draft (m) 8 05 il
rim (m

Figure 67: Bivariate histogram of trim/draft variables in Transient Speed Cluster. After GMMS (on the left) and K-
MEANS clustering (on the right).
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Figure 68: Scatterplot Combined with univariate Histograms and kernel Density Estimation plots for trim/draft
variables of Transient Speed Cluster. After GMMS (on the left) and K-MEANS clustering (on the right).
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Appendix Panagiotis Georgios lliopoulos

PART C: Service speed cluster (cluster C) investigation.
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Figure 69: Bivariate histogram of trim/draft variables in Service Speed Cluster. After GMIMS (on the left) and K-
MEANS clustering (on the right).
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Figure 70: Scatterplot combined with univariate histograms and kernel Density Estimation plots for trim/draft variables of Service
Speed Cluster. After GMMS (on the left) and K-MEANS clustering (on the right).
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