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file://///Users/owner/Desktop/Αναστασιάδης_final_draft_thesis_19_9_23.docx%23_Toc146182144
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ABSTRACT 
One of the most persistent challenges facing the maritime industry revolves around the 

problem of hull and propeller biofouling. As ships navigate across the oceans, their hulls 

and propellers inevitably accumulate marine growth and deposits, which significantly 

lowers their performance. This decrease in performance can lead to increased fuel 

consumption, higher operating costs, and, ultimately, a more significant environmental 

impact. Traditional methods of assessing this decline in performance often fall short, as 

they rely on labor-intensive and costly approaches that may not be readily available or 

applicable to all vessels. This challenge underscores the need for the development of 

more practical and accessible methods for measuring the impact of fouling on ship 

performance 

 

In response to this, our research focuses on a different approach for constructing a 

reference model against which current ship performance can be evaluated. Traditionally, 

such models are derived from speed-power curves generated through towing tank tests 

during the ship design stage or from advanced computational techniques like 

Computational Fluid Dynamics (CFD). Both methods however require reliable resources 

and considerable efforts to provide data suitable for reference model preparation. Within 

the presented study our method explores the process of creating a reference model using 

data gathered during the ship's operation. Various machine learning algorithms are 

utilized in the presented framework. Our operational dataset is evaluated with respect to 

outliers and preprocessed in order to get consistent input for further analyses. After 

identifying the reference model, the next step involves unsupervised data clustering that 

were applied to it, in order to detect most common operational patterns. Subsequently, the 

remaining operational data are assigned into these clusters, thereby organizing the data 

into similar operational conditions according to shipôs trim and draft. In the concluding 

phase, two pivotal key indicator factors (KPI) are computed to evaluate shipôs propulsion 

power and speed due to fouling of the hull and propeller, using the results obtained from 

the clustering algorithms.  
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ɄȺɅȽȿȼɊȼ 
ɀɘŬ Ŭˊɧ Űɘɠ ˊɘɞ ůɡɢɜɏɠ ŭɞəɘɛŬůɑŮɠ ˊɞɡ ŬɜŰɘɛŮŰɤˊɑɕŮɘ ɖ ɜŬɡŰɘɚɑŬ ůɐɛŮɟŬ ɏɢŮɘ ɜŬ əɎɜŮɘ ɛŮ 

Űɖɜ Ŭɝɘɞɚɧɔɖůɖ Űɖɠ Ŭˊɧŭɞůɖɠ Űɞɡ ˊɚɞɑɞɡ ɚɧɔɤ Űɖɠ ɟɨˊŬɜůɖɠ Űɖɠ ɔɎůŰɟŬɠ əŬɘ Űɖɠ 

ɏɚɘəŬɠ. ȾŬɗɩɠ ŰŬ ˊɚɞɑŬ ŭɘŬůɢɑɕɞɡɜ Űɞɡɠ ɤəŮŬɜɞɨɠ ɧŰŬɜ ŰŬɝɘŭŮɨɞɡɜ, ɖ ɔɎůŰɟŬ Űɞɡɠ əŬɘ ɖ 

ˊɟɞˊɏɚŬ Űɞɡɠ ŬɜŬˊɧűŮɡəŰŬ ɛŬɕŮɨŮɘ Űɞɡɠ ɟɨˊɞɡɠ Űɞɡ ɤəŮŬɜɞɨ ɛŮ ŬˊɞŰɏɚŮůɛŬ ɜŬ 

ɛŮɘɩɜŮŰŬɘ ůɖɛŬɜŰɘəɎ ɖ Ŭˊɧŭɞůɐ Űɞɡɠ. ȼ ŬɟɜɖŰɘəɐ ŬɡŰɐ ŮˊɑŭɟŬůɖ ůŰɖɜ Ŭˊɧŭɞůɖ Űɞɡ 

ˊɚɞɑɞɡ ɞŭɖɔŮɑ ůŮ Ŭɨɝɖůɖ Űɖɠ əŬŰŬɜɎɚɤůɖ əŬɡůɑɛɞɡ əŬɘ əŬŰô ŮˊɏəŰŬůɖ Ŭɨɝɖůɖ Űɤɜ 

əɧůŰɤɜ ɚŮɘŰɞɡɟɔɑŬɠ əŬɘ ˊɟɞűŬɜɩɠ ɛŮɔŬɚɨŰŮɟɖɠ ŮˊɑˊŰɤůɖɠ ůŰɞ ˊŮɟɘɓɎɚɚɞɜ. Ƀɘ 

ˊŬɟŬŭɞůɘŬəɏɠ ŰŮɢɜɘəɏɠ ɔɘŬ Űɖɜ Ŭɝɘɞɚɧɔɖůɖ Űɖɠ ɛŮɘɤɛɏɜɖɠ Ŭˊɧŭɞůɖɠ ˊɚɞɑɤɜ ůɡɢɜɎ ŭŮɜ 

ŮɑɜŬɘ ŮˊŬɟəŮɑɠ, əŬɗɩɠ ɓŬůɑɕɞɜŰŬɘ ůŮ ɛŮɗɧŭɞɡɠ ˊɞɡ ŮɑɜŬɘ ŮɑŰŮ ɢɟɞɜɞɓɧɟŮɠ ŮɑŰŮ ŭŬˊŬɜɖɟɏɠ, 

əŬɘ ŮɜŭɏɢŮŰŬɘ ɜŬ ɛɖɜ ŮɑɜŬɘ ɎɛŮůŬ ŭɘŬɗɏůɘɛŮɠ ɐ əŬŰɎɚɚɖɚŮɠ ɔɘŬ ɧɚŬ ŰŬ ˊɚɞɑŬ. 

ɈˊɞɔɟŬɛɛɑɕŮŰŬɘ ɚɞɘˊɧɜ ɧŰɘ ŮɑɜŬɘ ɘŭɘŬɑŰŮɟŬ ůɖɛŬɜŰɘəɐ ɖ ŬɜɎˊŰɡɝɖ ɛɘŬɠ ˊɘɞ ˊɟŬəŰɘəɐɠ əŬɘ 

ˊɟɞůɘŰɐɠ ɛŮɗɧŭɞɡ ɔɘŬ Űɖɜ Ŭɝɘɞɚɧɔɖůɖ Űɖɠ ŮˊɑŭɟŬůɖɠ Űɖɠ ɟɨˊŬɜůɖɠ ůŰɖɜ Ŭˊɧŭɞůɖ Űɞɡ 

ˊɚɞɑɞɡ. 

 

ɋɠ ŬˊɎɜŰɖůɖ ůŮ ŬɡŰɧ, ɖ ɏɟŮɡɜɎ ɛŬɠ ŮˊɘəŮɜŰɟɩɜŮŰŬɘ ůŮ ɛɘŬ ŭɘŬűɞɟŮŰɘəɐ ˊɟɞůɏɔɔɘůɖ ɔɘŬ 

Űɖ ŭɖɛɘɞɡɟɔɑŬ Ůɜɧɠ ɛɞɜŰɏɚɞɡ ŬɜŬűɞɟɎɠ ɛŮ ɓɎůɖ Űɞ ɞˊɞɑɞ ɛˊɞɟŮɑ ɜŬ ŬɝɘɞɚɞɔɖɗŮɑ ɖ 

ŰɟɏɢɞɡůŬ Ŭˊɧŭɞůɖ Űɞɡ ˊɚɞɑɞɡ. ɄŬɟŬŭɞůɘŬəɎ, ŰɏŰɞɘŬ ɛɞɜŰɏɚŬ ˊɟɞəɨˊŰɞɡɜ Ŭˊɧ əŬɛˊɨɚŮɠ 

ŰŬɢɨŰɖŰŬɠ-ɘůɢɨɞɠ ˊɞɡ ŭɖɛɘɞɡɟɔɞɨɜŰŬɘ əŬŰɎ Űɖ űɎůɖ ůɢŮŭɘŬůɛɞɨ Űɞɡ ˊɚɞɑɞɡ ɛɏůɤ 

ŭɞəɘɛɩɜ ůŮ ˊŮɘɟɎɛŬŰŬ ŭŮɝŬɛŮɜɐɠ ɐ Ŭˊɧ ˊɟɞɖɔɛɏɜŮɠ ɡˊɞɚɞɔɘůŰɘəɏɠ ŰŮɢɜɘəɏɠ ɧˊɤɠ ɖ 

ɈˊɞɚɞɔɘůŰɘəɐ ȹɡɜŬɛɘəɐ ɅŮɡůŰɩɜ (CFD). ȾŬɘ ɞɘ ŭɨɞ ɛɏɗɞŭɞɘ ɧɛɤɠ ŬˊŬɘŰɞɨɜ 

ŬɝɘɧˊɘůŰɞɡɠ ˊɧɟɞɡɠ əŬɘ ůɖɛŬɜŰɘəɏɠ ˊɟɞůˊɎɗŮɘŮɠ ɔɘŬ ɜŬ ˊŬɟɎůɢɞɡɜ əŬŰɎɚɚɖɚŬ ŭŮŭɞɛɏɜŬ 

ɔɘŬ Űɖɜ ˊɟɞŮŰɞɘɛŬůɑŬ Űɞɡ ɛɞɜŰɏɚɞɡ ŬɜŬűɞɟɎɠ. ɆŰɖɜ ˊŬɟɞɨůŬ ɛŮɚɏŰɖ, ɖ ɛɏɗɞŭɧɠ ɛŬɠ 

ŮɝŮŰɎɕŮɘ Űɖ ŭɘŬŭɘəŬůɑŬ ŭɖɛɘɞɡɟɔɑŬɠ Ůɜɧɠ ɛɞɜŰɏɚɞɡ ŬɜŬűɞɟɎɠ ɢɟɖůɘɛɞˊɞɘɩɜŰŬɠ ŭŮŭɞɛɏɜŬ 

ˊɞɡ ůɡɚɚɏɔɞɜŰŬɘ əŬŰɎ Űɖ ɚŮɘŰɞɡɟɔɑŬ Űɞɡ ˊɚɞɑɞɡ. ȹɘɎűɞɟɞɘ Ŭɚɔɧɟɘɗɛɞɘ ɛɖɢŬɜɘəɐɠ 

ɛɎɗɖůɖɠ ɢɟɖůɘɛɞˊɞɘɞɨɜŰŬɘ ůŰɞ ɡˊɞɚɞɔɘůŰɘəɧ ˊɚŬɑůɘɞ ˊɞɡ ˊŬɟɞɡůɘɎɕŮŰŬɘ. ɇɞ ůɨɜɞɚɞ 

Űɤɜ ŭŮŭɞɛɏɜɤɜ ŬɝɘɞɚɞɔŮɑŰŬɘ ɤɠ ˊɟɞɠ ŰŬ ŬɜɩɛŬɚŬ ůɖɛŮɑŬ əŬɘ ˊɟɞŮˊŮɝŮɟɔɎɕŮŰŬɘ ɏŰůɘ 

ɩůŰŮ ɜŬ ŮɑɜŬɘ ůŮ əŬŰɎɚɚɖɚɖ ɛɞɟűɐ ɔɘŬ ˊŮɟŬɘŰɏɟɤ ŬɜɎɚɡůɖ. ȷűɞɨ ŮɜŰɞˊɘůŰŮɑ Űɞ ɛɞɜŰɏɚɞ 

ŬɜŬűɞɟɎɠ, Űɞ ŮˊɧɛŮɜɞ ɓɐɛŬ ˊŮɟɘɚŬɛɓɎɜŮɘ Űɖɜ ŮűŬɟɛɞɔɐ ɛŮɗɧŭɤɜ ůɡůŰŬŭɞˊɞɑɖůɖɠ ůŮ 

ŬɡŰɧ, ɛŮ ůəɞˊɧ Űɞɜ ŮɜŰɞˊɘůɛɧ Űɤɜ ˊɘɞ əɞɘɜɩɜ ɚŮɘŰɞɡɟɔɘəɩɜ ɛɞŰɑɓɤɜ-əŬŰŬůŰɎůŮɤɜ. ɆŰɖ 

ůɡɜɏɢŮɘŬ, ŰŬ ɡˊɧɚɞɘˊŬ ɚŮɘŰɞɡɟɔɘəɎ ŭŮŭɞɛɏɜŬ ŰŬɝɘɜɞɛɞɨɜŰŬɘ ůŮ ŬɡŰɏɠ Űɘɠ ůɡůŰɎŭŮɠ, 

ɞɟɔŬɜɩɜɞɜŰŬɠ ɏŰůɘ ŰŬ ŭŮŭɞɛɏɜŬ ůŮ ˊŬɟɧɛɞɘŮɠ ɚŮɘŰɞɡɟɔɘəɏɠ əŬŰŬůŰɎůŮɘɠ ŬɜɎɚɞɔŬ ɛŮ Űɞ 

ɓɎɗɞɠ əŬɘ Űɞ trim Űɞɡ ˊɚɞɑɞɡ. ɆŰɖɜ ŰŮɚɘəɐ űɎůɖ, ɡˊɞɚɞɔɑɕɞɜŰŬɘ ŭɨɞ əɟɑůɘɛɞɘ ŭŮɑəŰŮɠ 

Ŭˊɧŭɞůɖɠ (KPI) ɔɘŬ Űɖɜ Ŭɝɘɞɚɧɔɖůɖ Űɖɠ ɘůɢɨɞɠ əŬɘ Űɖɠ ŰŬɢɨŰɖŰŬɠ Űɖɠ ˊɟɧɤůɖɠ Űɞɡ 

ˊɚɞɑɞɡ ɚɧɔɤ Űɖɠ ɟɨˊŬɜůɖɠ Űɖɠ ɔɎůŰɟŬɠ əŬɘ Űɖɠ ɏɚɘəŬɠ, ɢɟɖůɘɛɞˊɞɘɩɜŰŬɠ ŰŬ 

ŬˊɞŰŮɚɏůɛŬŰŬ ˊɞɡ ˊɟɞɏəɡɣŬɜ Ŭˊɧ Űɞɡɠ Ŭɚɔɧɟɘɗɛɞɡɠ ůɡůŰŬŭɞˊɞɑɖůɖɠ.

 

 

 

 

 

 

 

 



Anastasiadis Alexandros   INTRODUCTION 

 

 

11 

1 Introduction 

1.1 Introduction to Hull and Propeller Fouling 

The phenomenon of hull fouling, also known as biofouling, occurs when a ship is in 

operation at sea. Biofouling refers to the accumulation of microorganisms, algae, and 

even marine animals on the vessel's hull and propellers. This primarily happens in the 

parts of the hull close to the water's surface due to easier access to sunlight for these 

organisms. Biofouling can be categorized into micro-fouling, caused by algae and small 

plant organisms, and macro-fouling, induced by larger organisms. [1] 

 

 

 
Figure 1:Factors affecting hull and propeller fouling [1] 

 

The growth rate of these microorganisms depends on various factors, such as water 

salinity, temperature (favoring warmer waters), geographical location, submersion, and 

the vessel's period of inactivity. Additionally, the quality and age of the hull's coating 

significantly influence the fouling rate; as time passes, the antifouling capability of the 

paint diminishes. Hull fouling increases the vesselôs resistance, thereby reducing its 

overall performance. This reduction in efficiency is attributed to the increase in hull 

roughness, which can result from either the adhesion of marine organisms or an increase 

in the material's roughness due to corrosion or mechanical wear and tear. The higher 

roughness contributes to a thicker, more turbulent boundary layer, subsequently leading 

to increased frictional resistance.  
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Figure 2: Picture of propeller and hull biofouling [2] 

 

To mitigate this issue, antifouling paints and periodic hull and propeller cleanings are 

commonly employed. The cleaning can occur during a dry-docking process or 

underwater by divers. For optimal timing of these cleanings or dockings, the ship owner 

or operator must have a clear understanding of the hull's condition. Specifically, they 

should be able to estimate the excess power requirements from the main engine for 

sailing at a given speed due to fouling. Typically, data for this assessment comes from 

midday reports, known as Noon Reports, and Main Engine Performance Reports. 

 

1.2 Introduction to Data Analysis 

Data analysis involves the transformation of disordered, raw data into beneficial insights 

through the process of cleaning, restructuring, and examining. The knowledge derived 

from the data is visually represented via diagrams, graphs, or control panels. Utilizing 

raw data assists businesses or organizations in broadening customer outreach, amplifying 

performance, and escalating profit. Fundamentally, data analysis is about pinpointing and 

forecasting trends, interpreting patterns, associations, and linkages within the data, and 

resolving intricate problems. [3] 

 

The mechanism of data analysis encompasses five primary phases, which are elaborated 

below. [4] 

 

1. The preliminary step requires identifying the specific objectives of the analysis, 

particularly the question or challenge that the research aims to address. This phase 

involves the formulation of a clearly defined problem statement and the 

development of a pertinent research question or hypothesis for empirical 

examination. The subsequent task involves recognizing the nature of the data 

required and its source. 
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2. The second phase in data analytics necessitates data collection. This task is 

accomplished utilizing a variety of equipment, such as speed sensors, pressure 

sensors, mass flow meters, anemometers, and others. 

 

3. Following data gathering, it is necessary to prepare the data for analysis. This 

stage involves the thorough cleansing of the dataset to remove duplicates, 

irregularities, or missing data that could misinterpret the results.  

 

4. At this point, the actual data analysis is conducted. The approach to analyzing the 

data is subject to the nature of the question asked and the type of data being 

handled. 

 

5. The concluding phase involves converting data into insightful information. Based 

on the analysis undertaken, findings are presented in an easily comprehensible 

manner, perhaps through a graph or chart. Here, the data interpretation concerning 

the initial query is revealed, and potential steps forward are discussed with 

relevant parties. This stage also serves as an opportunity to indicate any 

restrictions in the data analysis and ponder over any additional analysis that might 

be needed. 

 

In Figure 3 above, the essential steps that a data analyst typically follows when starting a 

new project are clearly outlined. 

 

 
Figure 3: Data analysis steps [4] 

 

Having established a functional understanding of data analytics, it's now feasible to 

explore the four fundamental categories of data analysis. [4] 

 

¶ Descriptive analytics: ȷ basic yet significant type of analysis, explores historical 

data. This involves data aggregation and data mining techniques, where data is 

first accumulated and summarized, and then scrutinized for patterns. The data is 

subsequently illustrated in a manner that can be effortlessly comprehended by a 

diverse audience, not solely data experts. 

 

¶ Diagnostic analytics: This involves utilizing the accumulated data to comprehend 

the root cause of the problem under investigation and to detect patterns. 
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¶ Predictive analytics: It applies historical data and probability theory to evaluate 

future outcomes' likelihood. It doesn't provide total precision, but it significantly 

minimizes the uncertainty in important business judgments. 

 

¶ Prescriptive analytics: This provides guidance on the necessary actions and 

decisions. It illustrates how to leverage the predicted outcomes. During 

prescriptive analysis, data analysts evaluate various potential scenarios and the 

differing actions the company could implement. 

 

1.2.1 Data Analysis Techniques 

Before diving into the main techniques used in data analytics it is crucial to distinguish 

between two diverse types of data under consideration: quantitative and qualitative. 

Quantitative data, often structured and precisely formatted to fit into spreadsheets, 

pertains to numerical valuesðexpressed as percentages, whole numbers, or statistical 

data analysisðthat represent a specific quantity. On the contrary, qualitative data, 

which lacks a pre-configured format or design, hence referred to as unstructured data, 

focuses on features or characteristics. This type of data, typically expressed in words, 

provides an understanding of the rationale behind numerical statistics and offers insights 

into behavioral patterns and tendencies. While data analysts typically work with 

quantitative data, certain roles necessitate the collection and analysis of qualitative data. 

Hence, an understanding of both data types is beneficial. [5] 

 

With these distinctions made clear, the subsequent section will outline the most common 

techniques employed in data analytics. [4] 

 

¶ Regression analysis, primarily used for predictive purposes, models the 

relationship between a set of variables, though it cannot establish causality.  

 

¶ Factor analysis, also referred to as dimension reduction, identifies underlying 

variables driving behavior and condenses multiple variables into fewer 'super-

variables' for ease of analysis.  

 

¶ Cohort analysis segments customer data into groups sharing a characteristic 

within a specific timeframe, allowing for trend and pattern identification for 

targeted service provision. 

 

¶ Cluster analysis identifies data structures, segmenting the dataset into 

homogeneous groups, aiding in the identification of distinct target groups within 

a larger base.  

 

¶ Time-series analysis collects data at specific intervals to identify trends and 

cycles, enabling accurate future predictions. Each of these techniques serves a 

unique function in the data analysis process. 
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1.2.2 Data Preprocessing 

Data preprocessing, a component of data preparation, involves manipulating raw data to 

make it suitable for subsequent processing techniques. Recent adaptations of data 

preprocessing techniques have been made to facilitate the training of artificial 

intelligence and machine learning models, as well as to gain insights about these models. 

Tasks related to data mining, machine learning, and other areas of data science can 

analyze data more efficiently and accurately when it has been preprocessed. To ensure 

accurate outcomes, these techniques are typically implemented early in the development 

pipeline for machine learning and AI. In general, it has been a pivotal initial step in data 

mining operations and encompasses several integral steps. [6] 

 

¶ Data Cleaning rectifies errors or inconsistencies in the data by identifying and 

adjusting missing values, outliers, and duplicates, utilizing methods like 

imputation, removal, and transformation. 

 

¶ Data Integration combines data from multiple sources to form a cohesive 

dataset, necessitating the management of varied formats, structures, and 

semantics. Techniques like record linkage and data fusion aid in this process. 

 

¶ Data Transformation converts data into an analysis-friendly format. Approaches 

include normalization, standardization, and discretization, modifying the scale, 

mean and variance, and continuous data into discrete categories, respectively. 

 

¶ Data Reduction minimizes the dataset size while maintaining the pertinent 

information, facilitated by feature selection and extraction. 

 

¶ Data Discretization segments continuous data into discrete categories, useful for 

algorithms requiring categorical data. 

 

¶ Data Normalization scales the data to a common range, accommodating data 

with different units and scales. 

 

1.3 Data Analysis in Maritime 

In the era of digitization, 'Data' has become a crucial resource. Various industrial sectors 

are increasingly leveraging data to help their operations, and the maritime sector is no 

exception. It collects a ton of data from different sources, whether onboard vessels or 

while ships are docked. Analyzing the data offers numerous benefits, such as improving 

the vessel support network and enhancing safety measures. From data collection and 

analysis to interpretation, the shipping industry is exploring every possible resource and 

technology to maximize the utility of the data. 
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1.3.1 History of Data Analysis in Maritime  

It is crucial to discuss the evolution of data analytics and how it has shaped industries, 

notably the maritime sector. Specialists suggest that maritime data analytics has gone 

through three distinct periods and is poised to enter its fourth. The different periods of 

evolution are outlined below: [7] 

 

¶ The initial stage, starting in 1734, saw Lloyd listing vessels and their cargo 

arriving in London. This time is often referred to as the era of informal talk. 

 

¶ The second era, which commenced around 1988, marked the introduction of the 

IMO number for ships and the advent of the internet. This period saw the creation 

of many online shipping databases with analytical abilities, and it also brought 

SIN, a widely used shipping database, to the industry. 

 

¶ The current, third era of maritime analytics has seen data become a valuable asset, 

with Big Data algorithms significantly contributing to sector growth by enabling 

shipping companies to leverage databases for business benefit. 

 

¶ The fourth era, as per experts, might be defined by the crowd-sourcing of 

maritime data. The industry understands the value of data and is expected to 

concentrate on obtaining information directly from ship crews. This untapped 

resource could provide in-depth ship specifications, enhancing the accuracy and 

security of maritime databases. 

 

1.3.2 óBig dataô and Artificial Intelligence 

Big data and artificial intelligence (AI) are crucial components of data-driven decision-

making in most industries and as mentioned above, the maritime industry. Big data and 

AI have received considerable attention in recent years, through a number of 

publications, and some scholars have portrayed the concept of óbig dataô as hype. The 

term big data is typically used to denote large amounts of data. With the recent burst of 

data volume, researchers have been continuously scrutinising novel techniques for 

analysing big data. 

 

A branch of these techniques is now integrated into the concept of óAIô. AI research 

initially aimed to mimic human decision-making by utilising a large volume of data using 

machines. Nowadays, AI is capable of doing things that were impossible a decade ago. 

For example, sophisticated AI systems introduce autonomous ships, which can operate 

independently without human interaction, and the error rate is lower than that of human-

operated ships. AI is gradually transforming the traditional operational process of the 

maritime industry. Consequently, the amount of research on the application of big data 

and AI has increased significantly since 2012. Following this trend, data-centric 

innovative technologies and new business models are being developed. This 
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transformation is reshaping the maritime industry, providing new opportunities to 

improve productivity, efficiency and sustainability. 

Studies on the synthesis of big data application in maritime are rare, which has created a 

gap in the academic literature due to the importance of big data and AI in maritime 

operations. Big data- and AI-enhanced maritime operations can contribute to the 

economic and environmental aspects of the maritime business. Maritime trade accounts 

for approximately 80% of world trade and the industry faces many challenges due to its 

vastness as well as continuously evolving regulatory requirements Big data and AI offer 

viable solutions to some of these challenges. For example, data about ship performance 

and navigation systems can help shipping firms monitor vesselsô performance and take 

necessary steps to improve the operational efficiency of the vessels. The industry 

generates large amounts of data that, if appropriately utilised in decision-making, can 

improve maritime safety, reduce environmental impacts and minimize cost. [7] [8] 

 

1.4 Purpose and Study Structure 

The pollution of the hull and the propeller adversely affects the performance of the ship, 

increasing its resistance and consequently its fuel consumption at a given speed. 

Therefore, the decision to dry-dock the vessel for the application of hull and propeller 

cleaning methods is particularly critical. Metrics that can be associated with the condition 

of the hull and the propeller include the power generated on the shaft with a given 

propeller shaft speed or shipôs speed over ground. Initially, questions arise such as the 

quality and reliability of the results, that is, to what extent the measured quantities 

correspond to reality. Metrics are difficult to measure with high precision, and even at the 

laboratory level, deviations exist.  

 

The second and more significant issue, even if the topic of measurement accuracy is 

neglected or overcome, is the comparison of analogous operational states. Any decision-

making process presupposes the comparison of measured data with reference data. The 

reference data usually available are the curves from Sea Trials, Computational Fluid 

Dynamics (CFD) simulations, or a combination. In Sea Trials and CFD methods, the hull 

and propeller are clean, and the ship is usually in ballast condition, thus the engine is 

loaded with a very light curve. Throughout the life of the vessel, its operating points are 

far removed from these curves.  

 

In the present thesis, the aim is to introduce an alternative method for assessing the 

fouling of a ship's hull and propeller by utilizing clustering techniques and machine 

learning models. The training for these models will arise from the ship's noon reports and 

telemetry data. Additionally, the study will explore the mathematical models underlying 

the clustering techniques used for addressing this specific issue. 

 

The proposed computational framework is capable of detecting and isolating anomalies 

in the available data set. It can identify the period where the hull is in its cleanest state, 

which will serve as the reference data. By employing clustering methods, the framework 

groups the data based on vesselôs trim and draft into similar operational states. Based on 



Anastasiadis Alexandros   INTRODUCTION 

 

 

18 

these results, it calculates the loss in speed and power of the ship as a function of time, 

attributable to the fouling of the hull and propeller. Lastly, it evaluates how both the 

vessel's speed and power have deteriorated over time due to the fouling accumulation on 

the hull and propeller. 

 

 
Figure 4: Flowchart of the computational framework 

 

The thesis structure is organized as follows. In  chapter 1, an introduction to hull and 

propeller fouling, data analysis and data preprocessing in the maritime industry is given, 

followed by a brief literature review in chapter 2. Chapter 3 provides an overview of data 

clustering techniques and introduces the specific clustering algorithms that will be 

employed in our case study. An in-depth analysis of the proposed methodology is 

presented in chapter 4, accompanied by the corresponding mathematical equations and 

the constructed algorithm flowchart. The results of the suggested methodology are 

reviewed in chapter 5, along with the available interpretation of the corresponding 

outcome in each step of the proposed framework. The final conclusions are summed up 

in chapter 6.
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2 Literature Review 

Vanem& Brandsaeter [9] proposed a framework to detect changes in shipôs performance, 

which may signify a potential failure. They focused on using unsupervised machine 

learning methods, primarily those based on clustering, to detect anomalies within sensor 

data collected from a marine diesel engine onboard an ocean-going ship. The idea is to 

identify patterns in the sensor data under normal operating conditions and then assess 

whether new observations match these patterns. If new data points do not fit into these 

clusters, they can be considered anomalies, possibly indicating a problem. Several 

machine learning algorithms were used, including K-means, Gaussian Mixture Model, 

Density-based Clustering, self-organising maps and support vector machine. The 

preliminary performance of these methods has been found to be generally good, and the 

paper concluded that cluster-based methods show potential for real-time anomaly 

detection and condition monitoring in ship machinery systems based on sensor data. 

 
In their comprehensive study, Laurie, Anderlini, Dietz & Giles Thomas [10] proposed an 

advanced framework aimed at predicting the diminishing shaft power over time, 

primarily as a consequence of hull and propeller fouling. The ultimate goal of this 

prediction is to ascertain when the hull accumulates enough fouling to necessitate 

cleaning. In the execution of this study, the researchers utilized operational data 

combined with various supervised machine learning techniques. These included Multiple 

Linear Regression, the AdaBoost variant of Decision Tree, K-Nearest Neighbors, 

Artificial Neural Network and Random Forest. A significant highlight of the study was 

the importance placed on data preprocessing, noted for its considerable contribution 

towards error minimization, marking an improvement on previous studies in this field. 

The research findings revealed that the Random Forest algorithm emerged as the most 

effective machine learning technique for power prediction. 

 

Górski, Michniewicz & Szlendak [11] conceptualized an architectural framework for the 

creation of a ship performance reference model. Their analysis utilized unsupervised 

machine learning methodologies, with a particular emphasis on K-means, the Gaussian 

Mixture Model, and Density-Based Spatial Clustering of Applications with Noise 

(DBSCAN). These techniques were applied to data collected during the ship's operation, 

specifically during the period when the ship's hull was at its cleanest, with the objective 

of detecting predominant operational patterns. In comparing the techniques, they 

concluded that DBSCAN was the most user-friendly for this particular analysis. Each 

cluster that emerged from this method was evaluated regarding outliers and preprocessed 

to provide a consistent input for further analyses. Each cluster represents a different 

operational condition and collectively they make up the reference model. To validate 

their framework, the authors compared the shipôs performance before and after cleaning 

events to its reference model, in order to assess the performance, decline due to propeller 

and hull fouling.
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3 Review of Clustering Methods 

3.1 Data Clustering 

Clustering is an unsupervised learning method. Unsupervised learning methods are 

approaches where we derive insights from datasets composed of input data that don't 

have labeled responses. Typically, unsupervised learning is employed to discover 

meaningful structure, underlying explanatory processes, generative features, and inherent 

groupings within a collection of examples. 

 

Clustering is the process of partitioning the population or data points into multiple 

groups, such that data points in the same group are more alike to other data points in the 

same group and unlike the data points in other groups. It's fundamentally a gathering of 

objects based on the degree of similarity and dissimilarity between them. [12] 

 

Clustering can be categorized into two subgroups: 

 

1. Hard Clustering : In hard clustering, each data point is fully included in a cluster 

or not included at all. For instance, in the given example, every customer is 

assigned to one out of the ten groups. 

 

2. Soft Clustering: Contrarily, in soft clustering, rather than assigning each data 

point to a distinct cluster, a probability or likelihood of that data point belonging 

to those clusters is established. For example, in the mentioned scenario, each 

customer is attributed a probability of being in any of the ten clusters of the retail 

store. 

 
Figure 5: An example of hard and soft clustering [13] 
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3.1.1 Different Categories of Clustering Algorithms 

Clustering is inherently subjective, given the multiple methodologies available to 

establish 'similarity' among data points. In general, there are four types of clustering 

algorithms: 

 

Connectivity models: As the name implies, these models rest on the premise that data 

points in close proximity in data space share greater similarity than those situated farther 

apart. These models can adhere to one of two approaches. The first initiates by 

categorizing all data points into individual clusters and then consolidating them as the 

distance decreases. Conversely, the second approach begins by classifying all data points 

as a single cluster and then dividing them as distance grows. The choice of distance 

function is subjective in this model. While easy to interpret, these models suffer from a 

lack of scalability when dealing with large datasets. Hierarchical clustering algorithms 

and their variants serve as examples of these models. 

 

Centroid models: These iterative clustering algorithms establish similarity based on the 

proximity of a data point to the centroid or cluster center. The k-Means clustering 

algorithm, a renowned member of this category, necessitates the specification of the 

number of cluster parameters beforehand, stressing the need for prior knowledge of the 

dataset. These models operate iteratively to discover local optima. 

 

Distribution models: These clustering models consider the likelihood that all data points 

in a cluster originate from the same distribution (e.g., Normal, Gaussian). Overfitting is a 

common problem for these models. The Expectation-maximization algorithm, which 

employs multivariate normal distributions, is a familiar example of these models. 

 

Density models: These models scour the data space for regions with varying densities of 

data points. They identify and isolate different high-density regions, assigning data points 

within these regions to the same cluster. Density models, such as DBSCAN and OPTICS, 

are particularly adept at identifying clusters of irregular shape and detecting outliers. 

They can pinpoint and distinguish points situated in sparse regions of the data space, as 

well as those belonging to dense regions. 

 

3.1.2 Difference between Clustering and Classification 

Classification and clustering are both pattern recognition techniques utilized in the field 

of machine learning. Despite some similarities, they have a fundamental difference. 

Classification is a process that assigns objects to predefined classes, whereas clustering 

identifies common characteristics among objects and groups them based on these shared 

attributes, thereby distinguishing them from other object groups. The groups formed in 

this way are referred to as "clusters". [14] 
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3.2 Examined Clustering Algorithms 

In this architecture, three distinct data clustering methods are suggested: K-Means, 

Gaussian Mixture Model, and the DBSCAN algorithm. While K-Means offers a 

straightforward and rapid means of clustering, it may not adequately capture the data set's 

inherent diversity. Both Gaussian Mixture Models and the DBSCAN algorithm are 

capable of detecting intricate patterns, which can then be classified into uniform, coherent 

clusters that more closely reflect the actual configurations in the data set. Hence, it is 

genuinely valuable to employ all three algorithms and assess their outcomes through a 

comparative analysis of their similarities and differences. 

 

3.2.1 K-Means Algorithm 

The K-Means Algorithm is a centroid-based algorithm, where each cluster is associated 

with a centroid. The main aim of this algorithm is to minimize the sum of distances 

between the data point and their corresponding clusters. 

The algorithm takes the unlabeled dataset as input, divides the dataset into k-number of 

clusters, and repeats the process until it does not find the best clusters. The value of k 

should be predetermined in this algorithm. 

 

The k-means clustering algorithm mainly performs two tasks: 

 

¶ Determines the best value for K center points or centroids by an iterative process. 

 

¶ Assigns each data point to its closest k-center. Those data points which are near to 

the particular k-center, create a cluster. 

 

The working of the K-Means algorithm is explained in the below steps: [15] 

 

Step 1: Select the number K to decide the number of clusters. 

 

Step 2: Select random K points or centroids. (It can be other from the input dataset). 

 

Step 3: Assign each data point to their closest centroid, which will form the predefined K 

clusters. 

 

Step 4: Calculate the variance and place a new centroid of each cluster. 

 

Step 5: Repeat the third steps, which means reassign each data point to the new closest 

centroid of each cluster. 

 

Step 6: If any reassignment occurs, then go to step-4 else go to FINISH. 

 

Step 7: The model is ready. 
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K-means implements the Expectation-Maximization strategy to solve the problem. The 

Expectation-Maximization (EM) algorithm is an iterative method used to estimate the 

parameters of a statistical model that involves latent variables. 

 

The EM algorithm for K-Means can be summarized in two steps: 

 

¶ Expectation step (E-step): Compute the expected value of the latent variables 

given the current estimate of the model parameters. 

 

¶ Maximization step (M-step): Update the model parameters to maximize the 

likelihood of the observed data, given the expected values of the latent variables. 

 

The EM algorithm is guaranteed to converge to a local maximum of the likelihood 

function, but may not converge to the global maximum. The Expectation-step is used to 

assign data points to the nearest cluster, and the Maximization-step is used to compute 

the centroid of each cluster. [16] 

 

The mathematical approach of the algorithm is described below: [17] 

 

Let ɯ סȟȣȟּסּ  be a data set in a d-dimensional Euclidean space ᴙ  

Let ! ὥȟȣȟὥ  be the c cluster centers and 

Let z=ּפ  , where ּפ  is a binary variable (i.e. ּפ ᶰπȟρ  indicating if the data 

point ּס belongs to the k-th cluster, k=1, é, c.  

 

The K-Means objective function is J(z,A)= В В פּ ᴁὼ ὥᴁ.The K-Means 

algorithm is iterated through necessary conditions for minimizing the k-means objective 

function J(z,A) with updating equations for cluster centers and memberships, 

respectively, as: 

 

ὥ
В פּ

В פּ
                                                                (3.1) 

 

 

פּ
ρ ȟ         ὭὪ ᴁὼ ὥᴁ άὭὲᴁὼ ὥᴁ

πȟ         έὸὬὩὶύὭίὩȢ                                          
                               (3.2) 

 

 

where ᴁὼ ὥᴁ is the Euclidean distance between the data point ὼ and the cluster 

center ὥ. 
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3.2.2 Gaussian Mixture Model Algorithm 

Gaussian mixture model (GMM) is a popular clustering method that models the data as a 

mixture of Gaussian distributions. GMM is a probabilistic clustering method that assigns 

a probability distribution to each cluster, allowing for more flexible and accurate 

clustering than other methods. GMM can model complex cluster shapes and can handle 

overlapping clusters. GMM is also useful for density estimation, which involves 

estimating the probability distribution of a set of data points. [18] 

 

Gaussian distribution, also called the Normal distribution, is a continuous probability 

distribution, given by: 

ὔὢȿ‘ȟ 
ȿȿ
Ὡ                                      (3.3) 

 

 

where µ is a D-dimensional mean vector, Ɇ is a D × D covariance matrix, which 

describes the shape of the Gaussian and |Ɇ| denotes the determinant of Ɇ. 

Gaussian distribution is symmetrical about the mean and is described by the mean and the 

standard deviation. Complex, multimodal distributions can be appropriately modelled 

using a mixture of Gaussian distributions. A GMM is an unsupervised clustering 

technique that forms ellipsoidal shaped clusters based on probability density estimations 

using the Expectation-Maximization. Each cluster is modelled as a Gaussian distribution. 

The mean and the covariance rather than only the mean as in K-Means, give GMMs the 

ability to provide a better quantitative measure of fitness per number of clusters. A GMM 

is represented as a linear combination of the basic Gaussian probability distribution and is 

expressed as 

 

ὴὢ В “ὔὢȿ‘ȟ                                              (3.4) 

 

where, K is the number of components in the mixture model and ḱ is called the mixing 

coefficient, which gives an estimate of the density of each Gaussian component. The 

Gaussian density given by N (X|µk, Ɇk), is called a component of the mixture model. 

Each component k is described by a Gaussian distribution with mean µk, covariance Ɇk 

and the mixing coefficient ́k. [18] 

 

Given a set of N independent and identically distributed observations {x1, x2, ...xN}, the 

log likelihood function for a mixture of Gaussians is given by 

 

 ÌÎὴὢȿ“ȟ‘ȟ  ὰὲ “ὔὢȿ‘ȟ                           σȢυ       

The log of likelihood function avoids numerical underflow due to product of a large 

number of small probabilities. 

The EM algorithm gives maximum likelihood estimates for GM in terms of the mean 

vector µ, the covariance matrix Ɇ and the mixing coefficients ́ as in equation (3.5). 
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The procedure that the GMM algorithm follows is summarized in the following steps: 

[19], [20] 

 

Step 1: Initialize ‘ə,  ə, “ə, 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 ɔ(znk) which is taken by component Ὧ for explaining 

the observation of data point ὼn: 

 

‎ῶ
Ⱦ ȟ

В Ⱦ ȟ
                                              (3.6) 

 

Z is 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: 

‘ В ‎ῶ ὼ                                                (3.7) 

 

  В ‎ῶ ὼ ‘ ὼ ‘                          (3.8) 

 

“                                                            (3.9) 

 

ὔ В ‎ῶ                                                   (3.10) 

 

Step 4: Evaluate the log-likelihood (3.5) and check for convergence of either the 

parameters or the log-likelihood. If the convergence criterion is not satisfied, get back to 

Step 2. 

 

Let us now illustrate these parameters graphically in Figure 6, in which three Gaussian 

functions are presented. Each one interprets the data contained in each of the three 

existing clusters. 
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Figure 6: Gaussian Mixture model parameters explained graphically [21] 

 

3.2.3 Density-Based Spatial Clustering of Applications with 
Noise (DBSCAN) Algorithm 

Density based clustering methods can find arbitrary shaped clusters in the dataset and 

also insensitive to noise. In density-based clustering methods clusters are formed by 

merging dense areas separated by regions of spares areas. DBSCAN is proposed for 

clustering large spatial databases with noise or outliers. If similarity measure is taken as 

Euclidean distance the region is a hyper sphere of radius eps at the given point p as 

center. [22] 

 

¶ Eps-neighborhood: for a point ὼɴ Ὀ, the eps-neighborhood denotes the set of 

points whose distance from x is less than or equal to eps. The cardinality of eps-

neighborhood defines the threshold density of x. 

 

¶ Eps-connected: for a pair of points ὼȟώᶰὈȟὭὪ ȿὼ ώȿ Ὡὴίȟ then ὼȟώ are eps-

connected points 

 

From the view of a DBSCAN method every point in the dataset will fall into either core 

point or border point. Further a border point can be either noise point or density 

connected point. 

 

¶ Core point: A point with threshold density greater than or equal to minpts 

 

¶ Border point: A point with threshold density less than minpts 

 

¶ Noise point: A point p is a noise point if the threshold density of p is less than 

minpts and all points in the eps-neighborhood of p are border points. 

 

¶ Density-connected point: A border point with at least one core point in its eps-

neighborhood 
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Figure 7: DBSCAN model parameters explained graphically [23] 

 

DBSCAN algorithm takes two input parameters eps and minpts. Eps specifies the 

maximum distance neighborhood for given point. minpts is the minimum number of 

points required in the eps-neighborhood of a point to form a cluster. Initially all points are 

marked unvisited. The algorithm starts by randomly selecting an unvisited point and 

finding its eps-neighborhood. If the number of points in its eps-neighborhood is less 

than minpts then it is marked as noise or outlier, otherwise it is considered as dense-point 

and a new cluster is created. Further points are added iteratively to the cluster by finding 

dense points for each point in the eps-neighborhood of the cluster. If no unvisited points 

can be added to cluster, the new cluster is complete and no points will be added to the 

cluster in subsequent iterations. To find out the next cluster find an unvisited point in the 

dataset and repeat the above clustering process. The process is halted when all the points 

are either assigned to some cluster or marked noise. Every point in a cluster is eps-

connected with at least one point in the same cluster to which it belongs and is not eps-

connected with any other points in remaining clusters. However, there may exist a border 

point which is eps-connected with points in some other clusters. In which case, the point 

is assigned to the cluster that processed it first. Such exceptional cases are rare in 

practice. The total number of eps-neighborhood operations performed is equal to the size 

of dataset. If no index structures are used then eps-neighborhood involves computing 

distances to all remaining points in the data set. [22] 

 

3.3 Evaluation Methods 

Contrary to supervised learning where we have the ground truth to evaluate the modelôs 

performance, clustering analysis doesnôt have a solid evaluation metric that we can use to 

evaluate the outcome of different clustering algorithms. Moreover, since K-Means and 

Gaussian Mixture Model requires K as an input and doesnôt learn it from data, there is no 

right answer in terms of the number of clusters that we should have in any problem. 
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Sometimes domain knowledge and intuition may help but usually that is not the case. In 

the cluster-predict methodology, we can evaluate how well the models are performing 

based on different K clusters since clusters are used in the downstream modeling. 

Weôll cover two metrics that may give us some intuition about k: [24] 

 

¶ Elbow method for K-Means algorithm 

 

¶ AIC/BIC for Gaussian Mixture model algorithm 

 

Regarding the DBSCAN algorithm, it distinctively doesn't require the cluster count as an 

input parameter. Rather, it operates on 'eps' and 'minPts'. Our analysis will pivot around 

these using the Epsilon Value evaluation algorithm to pinpoint the ideal input variables, 

and consequently, the optimal clusters. 

 

3.3.1 Elbow Method for K-Means Algorithm 

As we know in the k-means clustering algorithm we randomly initialize k clusters and we 

iteratively adjust these k clusters till these k-centroids riches in an equilibrium state. 

However, the main thing we do before initializing these clusters is that determine how 

many clusters we have to use. Recall that, the basic idea behind elbow method is to 

define clusters such that the total intra-cluster variation (known as total within-cluster 

variation or total within-cluster sum of square) is minimized: [25] 

 

άὭὲὭάὭᾀὩВ ὡ ὅ                                               (3.11) 

 

Where Ck is the kth cluster and ὡ ὅ   is the within-cluster variation. The total within-

cluster sum of square (WSS) measures the compactness of the clustering and we want it 

to be as small as possible. Thus, we can use the following algorithm to define the optimal 

clusters: 

 

1. Compute clustering algorithm (e.g., k-means clustering) for different values of K. 

For instance, by varying k from 1 to 10 clusters 

 

2. For each k, calculate the total within-cluster sum of square (WSS) 

 

3. Plot the curve of WSS according to the number of clusters k 

 

4. The location of a bend (knee) in the plot is generally considered as an indicator of 

the appropriate number of clusters. 

 

 

An example of an elbow plot is presented in Figure 8: 
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Figure 8: Elbow plot for K-Means 

 

 

This plot shows that the number of optimal clusters (k) is four. Initially, the wss, within-

cluster variance, decreases with an increase in cluster number. However, after a particular 

point, k=4, the WSS 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 ñelbowò method is an easily 

applicable measure for identifying the optimum number of clusters, but sometimes it can 

be hard to interpret the plotted results. Thatôs why itôs considered a subjective measure of 

clustering validation.  

 

3.3.2 AIC/BIC Criterion for GMM Algorithm 

Bayesian Information Criterion (BIC). The BIC is the most widely used and most heavily 

studied information criterion. The objective of the BIC is to maximize the probability of 

observing the data given the model, while controlling for the capitalization on chance by 

penalizing the likelihood by a function of the number of parameters used to estimate the 

mixture model. It also follows the structure that most information criteria follow: Model 

Fit - Parameter Penalization. The BIC is formulated: [26] 

 

ὄὍὅ=2ǎ(♥ ȟ Ὠ logὲ                                                  (3.12) 
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where d is the number of estimated parameters, n is the sample size, ǎ(Ā) is the log 

likelihood and ♥ ȟ denotes jointly the data, ●, and the parameters of the model with K 

clusters and covariance model M, where M are different types of covariance matrices that 

can be used in GMM, which are: [26] 

 

1. Full : Each component has its own general covariance matrix. 

 

2. Tied: All components share the same general covariance matrix. 

 

3. Diagonal: Each component has its own diagonal covariance matrix (variance 

along the dimensions, but no covariance between dimensions). 

 

4. Spherical: Each component has its own single variance value (a special case of 

the diagonal covariance matrix where the diagonal values are all the same). 

 

Akaike's Information Criterion (AIC).  The second most popular information criterion 

for model selection is the AIC. The AIC's popularity is mainly rooted in theoretical 

justification. It follows the same structure as the BIC, but they differ in the parameter 

penalization:  

 
ὃὍὅ= 2ǎ(♥ ȟ 2Ὠ                                                        (3.13) 

 

 
Figure 9: AIC/BIC criterion for Gaussian Mixture Model algorithm 
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In the above figure, multiple Gaussian Mixture Models (GMMs) were evaluated to 

identify the most optimal configuration. The Bayesian Information Criterion (BIC) and 

the Akaike Information Criterion (AIC) were employed as a metric for this evaluation, 

providing a balanced measure that considers both models fit and complexity. Lower BIC 

and AIC values indicate a more favorable model. The study examined models with 

component counts ranging from 1 to 5 and various covariance structures, namely 'full-

shared,' 'full -unshared,ô ódiagonal-shared' and 'diagonal-unshared.' Ultimately, the model 

featuring 2 components and a 'full-unshared' covariance matrix yielded both the lowest 

BIC and AIC score. This model was thus selected as it not only demonstrated the best 

statistical fit but also closely aligned with the true generative structure of the dataset. 

 

3.3.3 Epsilon Value Criterion for DBSCAN Algorithm 

As mentioned before, DBSCAN has two parameters: epsilon (Eps: defines the radius of 

neighborhood around a point x), and minimum points (MinPts: the minimum number of 

neighbors within ñepsò radius). Despite DBSCAN discovers clusters with arbitrary shape 

and outliers, but it has certain limitations, that is not easy to determine proper initial 

values of Eps. Also, conventional DBSCAN cannot produce optimal Eps. Finding 

optimal Eps could be done manually that researchers keep trying different values till they 

got a result of clusters that satisfies them. This is possible, but with large datasets, it is 

harder to find the optimal Eps. Manually, it will cost long time, and big effort. [27] 

 

Using the Epsilon Value algorithm, our validation depends on Silhouette index. We used 

Silhouette index as an evaluation of which objects lie well inside the cluster, and which 

do not. The silhouette score falls within the range [-1, 1]. The silhouette score of 1 means 

that the clusters are very dense, and nicely separated. The score of 0 means that clusters 

are overlapping. The score of less than 0 means that data belonging to clusters may be 

wrong/incorrect. With that being said, the algorithm iterates the parameter óóepsôô with a 

given step and a given range by its user and prints the silhouette score that occurred for 

every óóepsôô value. The higher the score the more optimal the óóepsôô value. [27] 
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Figure 10: Epsilon value plot 

 

In Figure 10, the Density-Based Spatial Clustering of Applications with Noise 

(DBSCAN) was applied to a dataset for clustering. A range of epsilon values from 0.1 to 

0.7 was considered, and the silhouette score was calculated for each setting. The epsilon 

value that maximized the average silhouette score was identified as the most suitable, 

providing a data-driven method for parameter selection. This approach thus not only 

ensures a robust clustering result but also offers a quantitative justification for the choice 

of epsilon. 

 

3.4 Cluster Assignment 

Cluster assignment is used to assign data to the clusters that were previously generated by 

some clustering methods such as K-means, GMM (Gaussian Mixture Model) and 

DBSCAN (Density-Based Spatial Clustering of Applications with Noise) [28]  

 

This algorithm requires that the corresponding clustering procedures save cluster 

information, or cluster model, which also includes the control parameters for consistency. 

It assumes that new data is from similar distribution as previous data, and will not update 

the cluster information.  
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For clusters generated by K-Means, distances between new data and cluster centers are 

calculated, and then the new data is assigned to the cluster with the smallest distance. 

Therefore, K-means algorithm was rejected due to difficulty in handling non-linear 

boundaries and a need of defining a number of clusters as the input parameter. The latter 

problem can be solved by multiple runs of algorithms with different cluster numbers and 

the application of clustering quality measures as mentioned in previous chapters. 

However, the inability to cope with non-linear divisions among clusters makes k-means 

incompatible with the problem that we want to analyze and will no further being 

discussed. 

  

The GMM portrays the dataset as a combination of multiple Gaussian distributions, with 

each distribution being viewed as a cluster. For clusters generated by GMM, the 

assigning algorithm evaluates the probability of each data point belonging to every 

Gaussian component. Following this, each data point is assigned to the component to 

which it exhibits the highest probability of belonging.  

 

For clusters generated by DBSCAN, all core objects are stored. For each piece of new 

data, the algorithm tries to find a core object in some formed cluster whose distance is 

less than the value of the RADIUS parameter. If such a core object is found, the new data 

is then assigned to the corresponding cluster, otherwise it is assigned to cluster -1, 

indicating that it is noise. It is possible that a piece of data can belong to more than one 

cluster, which can be further divided into the following two cases: [28] 

 

¶ If the number of core objects whose distances to the new data is less than the 

MINPTS parameter value, meaning that the new data is a border object, the new 

data is assigned to the cluster where there is a core object having the smallest 

distance to the new data 

 

¶ If the number of core objects whose distances to the new data is not less than 

MINPTS, which means the new data is also a core object, it is then assigned to 

cluster -2, indicating that it belongs to more than one cluster. In this case, re-

running the DBSCAN function is highly suggested.
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4 Methodology 

4.1 Domain Knowledge 

It is crucial to pinpoint the importance of domain knowledge in our investigation. In the 

context of data science, domain knowledge is basically the general understanding of the 

subject area where data science methods get used. In this specific study, this means being 

familiar with how a ship usually operates. Each ship has a distinct operational pattern, 

and recognizing this can provide valuable insights when using 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 can be really helpful in the data pre-processing step of the machine 

learning model development cycle. It also assists in figuring out which data features are 

more significant, allowing for better data management strategies. [29] 

 

 

 
Figure 11: Visualization of the basic steps for a data analysis project [29] 

 

4.2 Importance of Reference Model 

Reference models are highly beneficial for monitoring and assessing the performance of a 

ship. Their function is to exhibit the optimal performance that the ship could attain under 

specified conditions, facilitating a comparison between the actual and ideal performance. 

Several techniques exist for constructing ship reference models. For instance, these 

models could be generated at the design stage of the vessel, by conducting tests in a 

model basin or executing numerical calculations using the Computational Fluid 

Dynamics (CFD) method. Another valuable source of data are the sea trial reports created 

shortly after the construction of the ship, when it departs the shipyard. This is when the 

ship can yield its peak performance, which is then recorded and set as the reference 

model. [11] 

 

However, the main issue with these methodologies is the limited variety of tests 

conducted, which do not encompass the entire range of conditions that the ship may 

encounter while sailing. Consequently, we might obtain a reference model for a fixed 

water depth, wind speed, and direction, but without any comprehensive information on 

how to adjust the model when any of these factors change during usage. 

This data scarcity can produce misleading outcomes with inadequate precision when 

comparing reference models to the actual ship's performance. Ideally, we should be able 

to identify when the ship is losing efficiency, but with overly broad models, it's 

challenging to discern whether this is a result of actual deterioration or merely a 

misrepresentation of the model. 
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The construction of the reference model begins with establishing the time frame for the 

vessel's operation. The selection of this period is discretionary, with the user determining 

which timeframe should serve as the reference. Even though there are no official 

restrictions when selecting reference periods, certain general guidelines should be 

observed: 

 

¶ The ship's performance during the reference period should be steady. This means 

it's advisable to avoid choosing periods where significant changes in performance 

occur, whether due to maintenance procedures like hull cleaning or natural 

processes such as fouling. The reference model comprises local models, each 

defined for different drafts and trims, and each local model should represent the 

same level of ship performance. 

 

¶ Both periods of high-quality performance (such as a new ship or a ship post-

cleaning) and lower performance (such as a vessel with substantial fouling) can be 

used as reference periods, as long as they're not combined within one period. 

Though both options are viable, the interpretation of the results will differ since 

the performance presented is relative. 

 

¶ Timeframes featuring continuous operation in adverse weather conditions or 

shallow waters should be avoided. Operating periods under weather and 

bathymetric conditions that could impact vessel performance will be eliminated. 

If these are the prevailing conditions, the final dataset, after filtering, might be 

insufficient for constructing the model. 

 

¶ The operational conditions of the vessel during the reference period should reflect 

the general operational pattern. If the ship operates under unique conditions 

during the reference period, conditions not seen in other periods of operation, 

such a reference period, although formally acceptable, might not be practical. 

 

4.3 Data Pattern Recognition 

Various data density estimation methods are explored in this framework. For example, 

Histograms, scatter plots, density scatter plots. 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. [30] 
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4.3.1 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. 

 

4.3.2 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 

pointôs value. 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 clusters together. If there are any 

unexpected gaps in the data or any outlier points, scatter plots might also expose them. 

4.3.3 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. 

 

Data Density 

estimation 

Figure 12: Data density estimation plots 
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4.4 Data Clustering and Reference Curve Generation 

The dataset upon which the machine learning model will be trained, and subsequently 

deployed, is determined by the user. In our case, the model was trained using the 

reference model derived from the operational dataset and was later employed to classify 

the remaining points within that dataset. The algorithms utilized for model training in this 

specific research are K-Means, Gaussian Mixture Models (GMM), and DBSCAN. The 

efficacy of these models was validated through various methods including the Elbow 

Method, the AIC/BIC Criterion, and the Epsilon Value Method, as elaborated in Chapter 

3. Due to the limitations of the K-Means algorithm in handling disproportionate and 

voluminous data, the final models for data classification were drawn from GMM and 

DBSCAN algorithms. Below, the three steps followed in this research process are 

succinctly presented. 

 

1. Train the Model: Use a dataset to train the chosen algorithm 

 

2. Validate the Model: Utilize a criterion (e.g., AIC/BIC, Elbow Method, Silhouette 

Method) to validate the model's effectiveness 

 

3. Use the Model: Assign data into clusters based on the trained and validated model 

 

The algorithms, as mentioned in the above, were trained using specific reference points, 

which also serve as the basis for generating reference curves. For each cluster resulting 

from this training phase, a corresponding reference curve was computed using linear 

regression methods to chart the P-N and P-V parameters. 

 
Figure 13: An example of linear regression method [31] 
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4.5 Measurement of Changes in Hull and Propeller 
Performance 

To distinguish the increase in fouling of the hull and propeller over time, and 

consequently the change in ship performance, we utilized the two following indicators 

that refer to the changes in power and speed respectively, as illustrated in Error! 

Reference source not found.  and Figure 15: [11] 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ῳὖ ρzππϷ                                       (4.1) 

 

ὖ - is power measured during vessel operation  

ὖ- is power according to reference model defined for same operational conditions  

 

More specifically,  ὖ  for each operational data point was calculated using the reference 

curve P(kW)-N(RPM) of the cluster to which it belongs. 
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ῳὠ ρzππϷ                                               (4.2) 

 

 

ὠ - is speed measured during vessel operation  

ὠ- is speed according to reference model defined for same operational conditions  

 

Similarly, ὠ for each operational data point was computed using the reference curve 

P(kW)-VSTW(kn) of the cluster to which it belongs. 

 

The reason for utilizing these two indices is to examine the power variation from two 

different perspectives: that of the ship's speed over ground, VSTW, and the propeller shaft 

power, N(rpm). 
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Figure 14: Calculation of the speed reduction for a given power 
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4.6 Calculation framework 

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. 

 

Initially, the data we used for our calculations were the telemetry data of a ship for a 

period of one and a half years, where each observation was made per minute. In total, we 

had 683,665 observations from January 1, 2021, to April 30, 2022. The first thing in our 

process was to identify the cleanest period of the hull-propeller to be characterized as the 

reference model period. It was observed that from July 21, 2021, at 18:30 and for a 

period of three months later, the slope of the P-N curve shifted significantly to the right. 

Therefore, it was concluded that a brief hull-propeller cleaning process was carried out on 

the ship, and consequently, we are able to characterize the period from July 21, 2021, at 

18:30 to October 21, 2021, at 18:30 as the cleanest hull-propeller period compared to the 

overall one-and-a-half-year period we are studying, or otherwise the period of the 

reference model. 

 

Following the determination of the reference model period, it underwent a filtration 

process informed by domain knowledge to ensure the contained observations conformed 

to ISO 19030 criteria. Simultaneously, the dataset was bifurcated into laden and ballast 

states to optimize the efficacy of the clustering algorithms. Next, the Gaussian Mixture 

Models and DBSCAN algorithms were deployed on the ship's trim and draft parameters. 

This led to the emergence of clusters, which were subsequently validated as optimal via 

the AIC/BIC criterion and Epsilon Value algorithms, corresponding to each method. The 

K-Means method was sidelined due to its incapacity to handle clusters of disparate sizes 

and manage the complexity inherent in our problem. Post the training and validation of 

the model, it was applied to assign all the operational data points spanning the year-and-

a-half period under examination to the clusters emanating from the reference model. 
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Figure 15: Flowchart for clustering algorithms 

 

 

Beyond the study and presentation of the use of unlabeled machine learning algorithms 

on telemetry data, the results obtained were used to subsequently calculate the change in 

hull-propeller fouling over time. More specifically, the study of hull-propeller fouling 

was conducted from two perspectives: 
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1st application: After placing the same filters as those of the reference model on the 

operational dataset, the optimal reference curve P-N was found for each cluster based on 

only the points of the reference model, as these are the points that characterize the 

cleanest form of the hull during the time period of the dataset. The curve is of the form 

P=a*Nb and was calculated using the linear regression method. The power change ȹP 

was then calculated according to the formula (4.1), where for each operational data point, 

the corresponding reference curve of the cluster to which it belongs was used. In this 

way, the diagram of power change as a function of time was calculated. 

 

 
Figure 16: Flowchart for 1st application 

 

The second application follows a similar process to the one described for the first 

application, with some differences in the filters applied to the operational dataset. 

Initially, the optimal reference curve Pcorr-VSTW was found for each cluster based only on 

the points of our reference model. The curve is of the form P=a*Vb and was calculated 

using a different method from the first application, the weighted least square method. The 

difference of this method is that it gives greater emphasis to areas with fewer points 

compared to the least square method. Then, the speed change ȹV was calculated 
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according to the formula (4.2), and finally, the diagram of speed change as a function of 

time was obtained. 

 

 

 
 

Figure 17: Flowchart for 2nd application 
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5 Results 

5.1 Introduction 

In this chapter, the results of the proposed framework are presented. Presented below are 

the principal particulars of the bulk carrier under study, along with the parameters that 

have been employed for our case analysis, followed by histograms and data density plots 

of the engine data (i.e., propeller shaft speed and propeller shaft power). Next, the period 

of the reference model is distinguished. Afterwards we present the plots of the K-Means, 

Gaussian Mixture Model and DBSCAN clustering algorithms that occurred from their 

training and validation and also the assigning of the operational dataset. In the final stage 

of the study, outcomes are presented based on clusters generated through Gaussian 

Mixture Model (GMM) and DBSCAN methodologies. These results detail two key areas 

of focus: the first relates to the loss of vessel power over time due to hull and propeller 

fouling, and the second pertains to the corresponding loss in speed. These findings are 

visually represented in distinct figures for each application. 

  

Table 1: Main shipôs particulars 

Length B.P 225.5(m) 

Breadth 32.26 (m) 

Depth 20.05 (m) 

Scantling Draft 14.45 (m) 

Deadweight 81.600 (t) 

Engine type: MAN B&W 6S60ME-C8.5-TII  S.M.C.R: 9930(KW) x 90.4(r/min) 

 

5.2 Data description 

This application obtained a data set of twenty-two ship operational parameters from the 

shipôs telemetry data (navigation, engine data, etc.). This time series data set contains 

data measurements from January 1st 2020 till April 1st 2021 with a sampling rate of 1 

minute. Table 2 presents the physical quantities that were examined in the respective data 

set. 
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Table 2: Examined parameters description 

Measured Physical Quantities Parameter name Units 

Time TIME time 

Speed over ground SOG Meters/second (m/s) 

Speed through water STW Meters/second (m/s) 

Propeller shaft power PSP Kilowatts (KW) 

Vessel-Heading VH Degrees (deg) 

Relative wind direction RWD Degrees (deg) 

Relative wind speed RWS Meters/second (m/s) 

Draft Mean DM Meters (m) 

Trim T Meters (m) 

Ballast Condition BC (-) 

 

Apart from the above parameters from the telemetry data, two other parameters were 

used for the calculations of this technical report. The first one relates to the Sea State and 

was found from the noon reports of the ship with a sampling rate of 1 day. The second 

one relates to the corrected propeller shaft power due to wind resistance (Propeller Shaft 

Power corrected), which was determined according to the computational method 

mentioned in Appendix A. Below is a table with the necessary data for the use of the 

computational method as well as the Crw- Relative Wind Angle diagram, which was 

found in the sea trial reports. 

 

Table 3: Parameters used for Propeller Shaft Power correction 

Anemometer height in the design condition (design draft) Za,ref (m) 39 

Reference height of the experimental tests Zref,ref (m) 10 

Ship breadth B(m)  32.26 

Cross-sectional projected area Aref (m2)  905.87815 

Design draft (reference draft) Tref (m)  6.15 

Air density pa (kg/m3)  1.225 

Wind resistance coefficient (headwind) Crw  0.74 

Propulsion efficiency coefficient in a calm state nD0  0.7 
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5.3 Data preprocessing 

The operational dataset we used was initially raw. It was discovered that many data 

points of the variables we were interested in were empty, and others referred to 

conditions where the ship was in the port or was making maneuvers for its departure or 

arrival. These points were characterized as outliers and were removed from the dataset. 

Below are the filters we used according to our knowledge domain to process them so that 

the dataset refers exclusively to open sea operation: 

 

1. Removal of datapoints where their measurement was empty 

 

2. VSTW (Speed Through Water) > 8 knots 

 

3. PSP (Propeller Shaft Power) > 2000 kW 

 

4. ȿὠ ὛὴὩὩὨ ὝὬὶέόὫὬ ὡὥὸὩὶὠ ὛὴὩὩὨ ὕὺὩὶ ὋὶέόὲὨȿ< 1.5  

 

The 4th filter was used to remove data points that have a large deviation in the Speed 

over Ground and Speed Through Water due to the influence of sea currents, as they 

would later cause problems in our calculations. 

 

The histograms for each of the examined parameters before and after the data 

preprocessing implementation are presented in the left and the right plot, respectively. 

The propeller shaft power, propeller shaft speed, speed through water, mean draft, and 

trim histogram plots are presented in Figure 18, Figure 19, Figure 20, Figure 21 and 

Figure 22, correspondingly. 

 
Figure 18: Propeller shaft power histograms before and after the first anomaly detector 

implementation 
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Figure 19: Propeller shaft speed histograms before and after the first anomaly detector 

implementation 

 

 
Figure 20: Speed through water histograms before and after the first anomaly detector 

implementation 
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Figure 21: Mean draft histograms before and after the first anomaly detector 

implementation 

 

 
Figure 22: Trim histograms before and after the first anomaly detector implementation 
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In Figure 22, several trim values appear with a significantly higher frequency compared 

to others. This is due to a malfunction in the trim sensor from 1/9/21 at 11:00 onwards. 

As a result, the readings appear to be daily averages obtained from the ship's noon 

reports, leading to the high frequencies seen in the charts. The telemetry data sample rate 

is 1 minute, thus, the daily value from the noon report (averaged over a day) will appear 

24*60=1440 times. 

 

In conclusion, our dataset is not of the highest quality for processing and producing 

results with satisfactory precision. However, malfunctions like this are common in the 

maritime field. Data quality is not always top-notch, and hence, the calculations for this 

technical report will proceed as is. 

 

 

 

 
Figure 23: Bivariate histogram based on propeller shaft power and speed 
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Figure 24: Scatter plot combined with univariate histograms for propeller shaft power and 

speed 

 
Figure 25: Data density scatter plot based on propeller shaft power and speed 
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Figure 26: Bivariate histogram based on propeller shaft power and speed through water 

 
Figure 27: Scatter plot combined with univariate histograms for propeller shaft power 

and speed through water 
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Figure 28: Data density scatter plot based on propeller shaft power and speed through 

water 

In Figure 23, Figure 24, Figure 25, Figure 26, Figure 27 and Figure 28, it is noticed that 

there are specific areas with high-density data and some others with low-density data. 

The bivariate histogram and the scatterhist plot are very insightful about the frequency of 

the examined data. It is primarily due to MATLAB's automated binning algorithm 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. 

 

5.4 Reference model period 

As mentioned earlier, our operational dataset spans a year and a half. Both "good" 

periods, such as when the ship is new or has been recently cleaned, and "bad" periods, for 

instance, when the vessel has heavy fouling, can be used as reference periods. If we can 

discern from our 6 half-semester datasets that the ship's hull has undergone maintenance 

procedures like cleaning, we can establish our starting reference point accordingly. 

 

For this purpose, we will calculate the propeller constant c=P/n3 as a function of time to 

observe its variation. In the event of hull cleaning, we would observe a sharp drop in the 

constant. This approach might not be the most scientifically correct, but it suffices to 

understand what we are seeking. 
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Figure 29: Temporal variation of variable C 

 

Figure 29 refers to the periods of the 2nd and 3rd trimester of our dataset. As shown, 

there is a sharp drop in the C coefficient on July 21, 2021. The remaining trimesters were 

also examined for a possible sharp drop in the C coefficient, but nothing was observed, so 

their diagrams were excluded. From the Departure.csv file, we find that the ship departed 

from the port of X on July 21, 2021 at 18:30. 

By dividing the whole dataset (i.e., the period from January 1, 2021, 00:00 to April 30, 

2022, 23:59) into the intervals of January 1, 2021, 00:00 to July 21, 2021, 18:30 (red) and 

July 21, 2021, 18:30 to April 30, 2022, 23:59 (blue), we obtain Figure 30. 

 

 
 

Figure 30: Separation of data points before and after the cleaning events 

 



Anastasiadis Alexandros   RESULTS 

 

 

54 

Unquestionably, the curve of the blue data points has a lower slope than the curve of the 

red data points. Therefore, during the ship's stay at the port of X, we can confidently 

assume that the bilge was cleaned. 

 

Considering the hull is currently in its cleanest condition compared to the rest of our 

dataset's time frame, we have established a reference period starting from the ship's 

departure from the port of X and spanning a duration of three months, specifically: 

Reference model time period: July 21, 2021 18:30 - October 21, 2021 18:30. Moreover, 

by definition, the reference model corresponds to a calm sea state, so a filter for Sea 

State<5 was applied. 

 

To achieve greater accuracy in the results, the data were divided into loaded and 

unloaded ship conditions according to the Ballast Condition parameter. With the 

reference model period now defined, we can proceed with its training by utilizing 

clustering algorithms. 

 

5.5 Data clustering and validation 

The identification of clustering features, that is, the variables within a dataset that enable 

the determination of similarity among groups, emerged as a crucial component in the 

search for an optimal clustering algorithm. While the parameters of ship draught and trim 

were deemed essential, it was observed that certain algorithms falter when the array of 

features is relatively small. Conversely, for other algorithms, altering the implementation 

to accommodate a larger feature array proved rather complex. Additionally, given the 

data at our disposal, there was no other pair of fundamental parameters that would be 

useful for their clustering via the algorithm use for the computation of this technical 

report's problem. 

 

Numerous clustering algorithms, practically employed in machine learning problems and 

incorporated into software packages, exist. Hence, an integral aspect of this study 

involved the identification of the most fitting algorithm. Three algorithms were utilized: 

K-Means, DBSCAN, and the Gaussian Mixture Model. They were employed for 

clustering the parameters of ship draught and trim of the reference model period, and 

their abilities to handle intricate cluster boundaries and respond to input parameters were 

analyzed. 

 

5.5.1 K-Means 

The implementation of the most frequently described clustering algorithm, k-means and 

the clustering evaluation criteria elbow method which identifies the optimum number of 

clusters for K-Means, is depicted in Figure 31 and Figure 32, showcasing the laden and 

ballast conditions respectively: 
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Figure 31: Evaluation of training and validation phases for laden ship using K-Means 

algorithm 

 
Figure 32: Evaluation of training and validation phases for ballast ship using K-Means 

algorithm 
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The elbow plot method is implemented to evaluate the clustering results of the k-means 

algorithm. 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 second cluster for both laden and ballast conditions of 

the ship, the respective value gradually decreases. As a result, according to this method, 

the k-means algorithm works best for two clusters for both conditions. 

 

The K-Means algorithm was dismissed due to its difficulty in managing non-linear 

boundaries and the need to predefine the number of clusters as an input parameter. The 

issue of determining the optimal number of k could be resolved, as it appeared, by 

utilizing the elbow method. However, the inability to handle non-linear divisions among 

clusters renders K-Means incompatible with the problem being analyzed. 

 

5.5.2 Gaussian Mixture Model 

The Gaussian Mixture Model algorithm employs a probabilistic approach, providing the 

likelihood of each data point belonging to any of the clusters. Similar to the K-Means 

algorithm, the Gaussian Mixture Model algorithm also requires the number of clusters as 

an input parameter. The AIC/BIC criteria were employed as clustering evaluation metrics 

to determine the optimal number of clusters for this specific method. The results are 

presented in Figure 33, Figure 34, Figure 35 and Figure 36 for both laden and ballast 

conditions: 

 
Figure 33: Gaussian mixture model results for laden ship 
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Figure 34: AIC/BIC criterion for laden ship 

 
Figure 35: Gaussian mixture model results for ballast ship 
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Figure 36: Gaussian mixture model results for ballast ship 
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computations while too small a number can make our model not precise enough. That 

being said, different density parameter values, within a given range, were subsequently 

used in order to perform clustering. Each case quality of clustering was evaluated and 

clusters that received the highest score were selected as the result. The Silhouette method, 

a clustering quality measure, was evaluated to obtain the optimal eps value. The results 

are presented below for laden and ballast condition of the ship:  

 
Figure 37: Application of the Silhouette Method in Determining Optimal Epsilon Value 

for DBSCAN Algorithm Under Laden Condition 

 

 

 

 
Figure 38: Cluster distribution analysis using DBSCAN under laden condition 
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Figure 40: Cluster distribution analysis using DBSCAN under ballast condition 
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Figure 39: Application of the silhouette method in determining optimal epsilon 

value for DBSCAN Algorithm under ballast condition 
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The application of the DBSCAN algorithm with an adjustable density parameter 

according to the combined quality measure has proven to work efficiently with our 

dataset. It can be observed that the algorithm is able to detect outliers (cluster -1), which 

is an important feature for analyses of highly scattered data. 

 

5.6 Assigning algorithms 

Optimal grouping of trim and draft parameters of the reference model is achieved through 

clustering and validation algorithms, paving the way for operational data parameters to be 

assigned to the clusters they belong to. 

 

Each clustering method at this stage applies a different algorithm for assigning 

operational data points to clusters. This differentiation is because the assignment process 

should conform to the same mathematical model employed by the clustering methods. 

 

¶ For assignment into clusters with the GMM method, the algorithm computes the 

probability of each point belonging to a cluster and assigns it to the cluster with 

the highest probability. 

 

¶ For assignment into clusters with the DBSCAN method, the algorithm calculates 

the distance of each point from the core object of each cluster, assigning it to the 

one with the shortest distance. 

 

Following the assignment of operational data, diagrams are produced representing the 

results from the application of the DBSCAN and GMM clustering methods for both the 

laden and ballast conditions of the ship. The K-MEANS method, having been deemed 

ineffective for this problem, has been excluded from the assignment process. 
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Figure 41: Operational data assigning through GMM algorithm training for laden 

condition 

 
Figure 42: Operational data assigning through GMM algorithm training for ballast 

condition 








































