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Abstract

The shipping industry is responsible for a significant proportion of Greenhouse Gas (GHG) emissions.

Over 90% of world trade is carried by 90,000 marine vessels, together producing more than 3% of global

CO2 emissions, and is expected to continue growing. Consequently, recent regulations are forcing this

market to report their equipment energy and environmental efficiency, like the 2022 European Carbon

Intensity Indicator (CII). This creates a strong need to implement new technologies for data capture

and processing, report generation, and operational efficiency analysis. Internet of Things (IoT) sensors

are used to gather real-time data, which is analyzed and adjusted for the influence of external factors.

This thesis aims to define and implement selected Key Performance Indicators (KPIs) to capture various

aspects of ship operations, providing critical information to enhance overall efficiency. Methodologies

developed for the analysis incorporate models to estimate non-measured signals and the necessary

corrections to ensure data quality. These approaches intend to enable effective monitoring of energy

usage, facilitating comprehensive performance tracking, early detection of consumption degradation,

and active energy management, in order to cut operational costs and to address the industry’s need for

environmental efficiency and regulatory compliance. These KPIs can be integrated into a tool to assist

ship crews, management companies, and owners in making better decisions and receiving real-time

notifications of any negative trends or overall performance issues.

Keywords

Data analysis; Energy efficiency; Energy management; Environmental compliance; Key performance

indicators; Maritime operations;
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Resumo

A indústria naval é responsável por uma parte significativa das emissões de gases de efeito estufa.

Mais de 90% do comércio mundial é transportado por 90,000 navios, que representam mais de 3%

das emissões globais de CO2, e é esperado que este valor continue a aumentar. Consequentemente,

regulamentações recentes estão a forçar este mercado a relatar a eficiência energética e ambiental dos

seus equipamentos, como é o caso do ı́ndice de intensidade de carbono europeu. Isto cria a necessi-

dade de implementar novas tecnologias para captura e processamento de dados, geração de relatórios

e análise da eficiência operacional. O objetivo desta tese é definir e implementar indicadores-chave de

desempenho para captar vários aspetos das operações dos navios, fornecendo informações crı́ticas

para melhorar a eficiência geral. As metodologias desenvolvidas para esta análise incorporam mod-

elos para estimar sinais não medidos e realizar as correções necessárias para garantir a qualidade

dos dados. Estas abordagens visam monitorizar eficazmente o uso de energia, facilitando o acompan-

hamento do desempenho, a deteção precoce da degradação do consumo e a gestão ativa da energia,

de forma a reduzir custos operacionais e a responder à necessidade da indústria de eficiência am-

biental e conformidade regulatória. Estes indicadores-chave de desempenho podem ser integrados

numa ferramenta que auxilia as tripulações e proprietários dos navios a tomar decisões mais infor-

madas, fornecendo, em tempo-real, notificações sobre quaisquer tendências negativas ou problemas

de desempenho geral.

Palavras Chave

Análise de dados; Conformidade ambiental; Eficiência energética; Gestão de energia; Indicadores-

chave de desempenho; Operações marı́timas.
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1.1 Motivation

Nowadays, shipping represents over 80% of world trade due to their reliability and ability to adapt to

any type of cargo. In 2021, shipments grew by an estimated 3.2%, reaching 11 billion tons of cargo [1].

Due to this increase, the total shipping Greenhouse Gas (GHG) emissions, including CO2, CH4 and

N2O, have increased from 977 million tons of CO2 equivalent in 2012 to 1,076 million tons of CO2

equivalent in 2018, representing a 10% increase. The share of shipping emissions in global emissions

has increased from 2.76% in 2012 to 2.89% in 2018 [2]. Since 2012, when analyzing exclusively the

CO2 emissions evolution, the general trend shows an average annual increase of approximately 2.5%

CO2 emissions, surpassing 850 million tons [3]. Without action, emissions could reach 130% of their

2008 levels by 2050. Like emissions, the �eet's average age is also rising, which represents a challenge

for modernization and a concern since older ships tend do pollute more. As of early 2023, the average

ship's age was 22.2 years. With over half now older than 15 years [1] [4].

Due to the growth of the industry and the rising of its share in the global ambient pollution, the

International Maritime Organization (IMO), which is the United Nations specialized agency with respon-

sibility for the safety and security of shipping and the prevention of marine and atmospheric pollution

by ships, and the Marine Environment Protection Committee adopted amendments to the International

Convention for the Prevention of Pollution from Ships (MARPOL) that will require ships to reduce their

GHG emissions. Recent regulations are forcing this market to report their equipment energy and envi-

ronmental ef�ciency. As a stimulus to reduce carbon intensity of all ships by 40% by 2030 compared

to 2008 baseline, ship operators will be required to calculate the annual operational Carbon Intensity

Indicator (CII) and its associated rating. The requirements for CII certi�cation came into effect on 1

January 2023 [5]. Meeting the objectives of the initial IMO GHG strategy will necessitate a combination

of technical, operational, and innovative solutions.

In this context, collecting real-time data and analyzing the importance and correlation between rel-

evant Key Performance Indicators (KPIs) provides valuable information. It is crucial for identifying per-

formance issues caused by wear-affected or damaged components. The study of KPIs, along with the

need for power correction to accommodate external factors such as wind, waves, and currents, is es-

sential for developing a comprehensive performance analysis. This approach results in a more in-depth

understanding of the vessel's energy ef�ciency and operational behavior under varying conditions.

For this purpose, this study is performed in collaboration with Nortech AI which is a startup special-

ized in Industrial Internet of Things (IoT) solutions, including in the maritime industry, from collecting

sensor data to deploying anomaly detection and predictive maintenance models. The selected KPIs

study can be developed using their collected real-world data and, ultimately, be implemented in a tool to

support operators in strategic planning to achieve signi�cant �nancial and environmental impact.
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1.2 Goals

Following recent regulations and pressing environmental concerns, this work will focus on establishing

methodologies to develop tools that can help optimize maritime operations while simultaneously reduc-

ing the industry's environmental impact. To accomplish this, the following goals are set:

• Identify the necessary sensor data to be monitored, including data on power and propulsion sys-

tems, load distribution, and environmental conditions such as weather and sea state.

• Develop models to estimate missing data, simulate the vessel's ideal behavior, and perform cor-

rections to account for real-world conditions.

• Focus on selected KPIs that capture various aspects of vessel operations and are expected to

signi�cantly impact energy consumption. Implement these metrics in a production tool developed

by Nortech AI to demonstrate potential measurable fuel savings for vessel operators.

1.3 Report Outline

This report is structured as follows::

• Chapter 1 - Introduction - This chapter includes the motivation and the goals to be achieved in

this thesis.

• Chapter 2 - Background and State of the Art - Here an overview on the background and state of

the art of the topics required for this thesis are presented. Starting with a review of the International

Organization for Standardization (ISO) standards that concern the method for analysing the results

obtained from speed trials and the procedures for speed trial data correction. Moreover, adress

the study of vessel´s KPIs and strategies for measuring changes in ship speci�c components.

• Chapter 3 - Methodology - Real-time data is gathered for subsequent processing, aiming to con-

duct a thorough performance analysis. In addition, necessary models for estimating missing data

for the KPIs evaluation are developed.

• Chapter 4 - Models Validation - The proposed models were applied using real-time measure-

ments and subsequently validated by comparing the results with recorded and historical data.

• Chapter 5 - KPI evaluation - Description of the proposed implementation and analysis for each of

the �ve selected KPIs.

• Chapter 6 - Conclusion and Future Work - Finally, the report is concluded and the future work to

be performed is highlighted.
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In this chapter, an overview on the background and state of the art is presented. This overview is

divided in two separate subsections: Vessel's KPIs and Power corrections.

2.1 Vessel's KPIs

KPIs encompass a set of metrics that measure various aspects of a ship's operation, providing a com-

prehensive framework for evaluating overall ef�ciency. Accurate and timely assessment of these KPIs

enables operators to make informed decisions regarding vessel maintenance, route optimization, and

fuel consumption. In this context, this thesis focuses on �ve metrics: CII, slip, fuel performance, trim,

and hull and propeller performance. These KPIs were selected by Nortech AI, in coordination with their

customers, as robust metrics that collectively offer a perspective on vessel performance optimization.

2.1.1 Carbon Intensity Indicator (CII)

The CII is a measure that attempts to quantify the environmental ef�ciency of a ship, but which only

takes into account CO2 emissions, linking those CO2 emissions to the amount of cargo carried over

distance travelled.

In the 2021 Revised MARPOL Annex VI [5], the application and requirements of the CII on speci�c

vessel types of 5,000 gross tonnes and above are de�ned. The regulation establishes the need for

calculation of a Required Annual Operational CII, which will serve as the baseline for the Operational

Carbon Intensity Rating.

This means that the actual annual operational CII registered must be documented and veri�ed

against the required annual operational CII. The obtained value is then rated according to a system.

The annual operational CII is generically attained as follows [5]:

CII Ship =
M

C � D t
(2.1)

where:

• M - the total mass of CO2 in grams emitted in a calendar year;

• C - the ship's capacity in tonnes;

• Dt - the total distance travelled in nautical miles.

The attained CII, CIIShip , is then veri�ed against the required value, CII Req , corresponding to the

same calendar year, expressed in 2.2:

CII Req = (1 �
Z

100
) � CII Ref (2.2)
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where Z = f 5% for 2023; 7% for 2024; 9% for 2025; 11% for 2026 g are the reduction factors that

force the CIIReq for a ship to become more stringent over the years [5]. This reduction factor is then used

against the reference value (CIIRef ), from the reference year of 2019. For each ship, CIIRef is attained

as follows:

CII Ref = a � Capacity� c (2.3)

in which a and c are parameters estimated through median regression which are tabulated [5] and that

differ according to the type of the ship; Capacity is the ship's capacity in Deadweight Tonnage (DWT).

According to a ship's CII, its carbon intensity will be rated based on a �ve-grade rating mechanism

composed of following grades: A, B, C, D, or E – corresponding to major superior, minor superior,

moderate, minor inferior and inferior performance levels, respectively [5]. The graphical representation

of the rating scale of the attained CII as a function of the vessel's capacity can be seen in Figure 2.1.

Figure 2.1: CII rating scale [5]

The boundaries in Figure 2.1, which are used as reference value for the grading system, are illus-

trated in Figure 2.2:

Figure 2.2: CII rating bands [5]
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These four boundaries are derived based on CII Req :

• superior boundary = ed1 � CII Req ;

• lower boundary = ed2 � CII Req ;

• upper boundary = ed3 � CII Req ;

• inferior boundary = ed4 � CII Req .

where the values of dn used to determine the rating boundaries differ according to the ship type [5].

With this grading method, there are two types of non-compliance. A ship is considered non-compliant

if it scores E for one year or if it scores D for three consecutive years. If a vessel is considered non-

compliant, then the ship will have to submit a corrective action plan that shows how the required grade C

will be achieved. This plan will become a part of the Ship Energy Ef�ciency Management Plan (SEEMP),

which is a document that details measures set by shipping companies to improve the energy ef�ciency

of each vessel on a long run. Violation of CII could lead to the suspension of shipping operations. The

annual operational CII requirement is not a �xed parameter, but rather a dynamic one. Each year, the

required CII for a ship becomes more stringent, in�uenced by the reduction factors, as expressed in

equation 2.2. Currently, the reduction factors applicable up to the year 2026 are well known. However,

new reduction factors will be disclosed following the 2026 review.

2.1.2 Slip

The propeller is attached to a shaft and will propel the ship forward. The distance the ship is propelled

forward in one propeller rotation is actually less than the pitch. The difference between the nominal pitch

and the actual distance traveled by the vessel in one rotation is called slip. Slip can be obtained as

shown in equation 2.4:

Slip [%] =
(Propeller distance) � (Ship distance)

Propeller distance
� 100 (2.4)

where:

Propeller distance [nautical miles] =
P itch � (Propeller shaft RPM) � 60

1852
(2.5)

considering that one nautical mile is approximately equal to 1852 meters and:

Pitch ratio =
P itch

Diameter
(2.6)

Slip represents the variance between the factual distance traversed by the propeller through water

and the anticipated distance based on the angle of attack of its blades, as represented in Figure 2.3.
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Figure 2.3: Slip diagram [6]

At �rst, this discrepancy might seem indicative of inef�ciency, prompting the assumption that zero

slip would be the optimal state. However, it is important to emphasize that slip is not directly indicative

of propeller ef�ciency. In fact, some degree of slip is indispensable for propelling the boat forward. The

calculation of slip can serve as a valuable diagnostic tool. Typically, propeller slip within the range of

5% to 25% is considered normal and acceptable. However, if the slip exceeds 25%, it may indicate a

potential issue with the propeller.

There are two different slips that can be computed as shown above depending on the type of ship's

speed (in knots) considered. If the used signal is of the Speed Through Water (STW) then the real slip

is obtained. If the ship's Speed Over Ground (SOG) is considered then the apparent slip is determined.

Note that the difference between SOG and STW can be assumed as proportional to the water current

speed at the time. Considering the nature of currents, the current speed can be estimated from the

measured ship's speed at each run according to equation 2.7.

V 0
C = VG � VS (2.7)

Where V 0
C is current speed and VS and VG are the ship's measured STW and SOG, respectively [7].

2.1.3 Fuel Performance

Fuel performance serves as a crucial maritime KPI due to its signi�cant impact on both economic and

environmental aspects. Ef�cient fuel use is essential for cost-effectiveness, pro�tability, and compliance

with environmental regulations.

Gkerekos et al. (2019) [8] presented a comparative study of data-driven, multiple regression algo-

rithms for predicting ship main engine Fuel Oil Consumption (FOC) considering two different shipboard
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data acquisition strategies, noon-reports and Automated Data Logging & Monitoring (ADLM) systems.

For this purpose, various algorithms were employed, including Support Vector Machines (SVMs), Ran-

dom Forest Regressors (RFRs), Extra Trees Regressors (ETRs) and Arti�cial Neural Networks (ANNs).

The study concludes that ADLM systems can enhance modelling by 7% compared to noon-reports.

ETR and RFR models were found to perform best in both cases, however, these models should only be

preferred in cases where no extrapolation is required.

Kim et al. (2021) [9] presents models that can predict fuel consumption using in-service data col-

lected from container ship, along with statistical and domain-knowledge methods to select the proper

input variables for the models. To implement the prediction model, an arti�cial neural network (ANN)

and multiple linear regression (MLR) models were applied. The ANN-based models showed the best

prediction accuracy for both variable selection methods. The intricacies of maritime operations, such as

variations in vessel loading conditions, sea-states, and weather patterns, signi�cantly in�uence fuel con-

sumption and sailing distances. Recognizing the importance of developing a fuel consumption model

that accommodates these dynamic factors, this study advocates for the adoption of fuel consumption per

unit sailing distance as a more insightful dependent variable (equation 2.8), facilitating the determination

of the energy ef�ciency considering the environmental conditions.

Fuel performance [ton/nautical mile] =
Fuel consumption per unit time [ton/hour]

Sailing distance per unit time [nautical mile/hour]
(2.8)

Whatever the model developed, by including the operational status of the ship and weather infor-

mation in the sailing area in the models, it is expected that this will help track vessel performance

degradation, optimise shipping operations, accurately re�ect ship emissions and eventually be used as

a basis for route optimisation purposes, since the ship's navigator can compare the energy ef�ciency

for different operating conditions, such as optimal draught and trim values, and identify an optimal route

for minimizing fuel consumption considering the weather during the voyage. In this context, integrating

the developed models into a real-time Decision Support System (DSS) that aims to maximize the ship's

energy ef�ciency during sea voyages by weather routing emerges as a viable and intriguing solution.

2.1.4 Trim

Trim is the difference between the forward and aft drafts. When the draft or water level is higher at the

bow (forward) as compared to the stern (aft), the vessel is said to have a trim by bow. Trim is, in simple

terms, the mathematical difference between the forward and aft drafts, measured at the extreme ends

of the vessel. The vessel has a draft, tf , measured at the forward end and a draft value, ta , measured at

the aft end. Total trim is given by t = tf - ta . Its graphical representation can be seen in Figure 2.4.
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Figure 2.4: Different Trims on an Arbitrary Ship [10]

Trimming is not always disadvantageous as intentionally inducing a certain degree of trim by bow or

stern within speci�c limits can enhance ef�ciency and reduce emissions. The ship's water resistance

comprises frictional resistance, wave-making resistance, and shape resistance. These resistance types

are in�uenced by the hull's underwater geometry, the waterline length, the buoyancy center's position,

and the distribution of the bow and stern �ow �elds. Altering the trim affects these factors, subsequently

changing the ship's resistance. Optimal trim operation involves maintaining the vessel in an optimal trim

state while sailing, reudicing fuel consumption.

By actively planning cargo loading one can optimize the trim and draft. According to the Global Mar-

itime Energy Ef�ciency Partnerships (GLOMEEP) [11], trim optimization has been estimated to reduce

the fuel consumption by 0.5% to 3% on main engine FOC for most ship types, although for ships which

often trade in partial load conditions the effect can be up to 5%. These numbers are based on full scale

tests and detailed calculations performed on a number of different ships in different trades.

Funded by the European Union and implemented by the IMO, the Asian Maritime Technology Coop-

eration Centre introduces in detail the operations of ship trim optimization based on the machine learning

method, including the data preparation, system development and practical cases [12]. It presents three

case studies in which fuel savings up to 5% less than the actual fuel consumption are obtained. How-

ever, this study fails to incorporate the in�uence of weather and sea conditions in the trim optimization

model.

Sherbaz et al. (2014) [13] calculates hull resistance values in different trim conditions. The results

stated a pronounced increasing effect on resistance in bow trim. The study of viscous and wave making

components reveals that viscous resistance changes slightly with trim whereas trim has a dominant

effect on wave making resistance. These type of approaches, that utilize model scale data, such as

model scale towing tests or Computational Fluid Dynamics (CFD) simulations, are affected by scaling

effects and must be repeated for each unique ship hull shape when optimizing trim for different vessels.

Du et al. (2019) [14] builds two ANN models to predict the ship's FOC given its sailing speed,
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displacement, trim, and weather and sea conditions. The study proposes three optimal solution coun-

termeasures within a two-phase planning framework, addressing both on-shore planning and real-time

optimization at sea. Implementation of the three countermeasures for simultaneous onshore optimiza-

tion of speed and trim, and subsequent comparison with real data from their case study containerships,

reveals notable fuel savings, achieving up to 8.29% for the two ships. This improvement translates into

relevant fuel cost savings and a reduction in emissions.

2.1.5 Hull and Propeller Performance

Hull performance is a vital metric in marine engineering, encapsulating the ef�ciency with which a ship

moves through water. As a vessel navigates through water, its hull becomes a breeding ground for

biological growth, a phenomenon referred to as hull and propeller fouling . This accumulation diminishes

the hull's smoothness, thereby escalating the friction between the vessel and the surrounding water.

Consequently, there is an increase in the ship's power demand. On average, hull fouling elevates the

power required by an individual ship by approximately 7%, with variations ranging from 2% to 11%,

largely in�uenced by the vessel's age and its maintenance practices [15].

In order to quantify this performance, one can estimate the ideal speed derived from the power de-

livered by the ship's main engine and other relevant parameters. This predicted speed value is then

compared against the actual measured value of speed, made available by the ship operators. This com-

parison, which quanti�es the hull performance, is de�ned as speed loss percentage and is expressed in

Equation 2.9:

Speed Loss [%] =
(Predicted Speed) � (Ship Speed)

Ship Speed
� 100 (2.9)

To understand this analysis is imperative to know that the ship speed trials are performed under

stipulated conditions, as aforementioned. In practice, these conditions are rarely met. However, if it

is assumed that the ship is always sailing with the same ideal conditions as in trials, where external

factors can be ignored, the difference between predicted and actual speed is mainly due to the effect of

performance loss of the hull and/or propeller of the ship.

Evidently, this speed loss is expected to increase over time due to accumulated wear and damage,

indicating the need to clean and/or repair the hull and the propeller. The change in hull and propeller

performance measured before and after a maintenance event can be used to determine the effective-

ness of said maintenance [16]. Additionally, this analysis can provide information regarding the energy

performance gained by tracking this KPI.
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2.2 Corrections

Firstly, it is important to brie�y explain the concept of ship speed trials since this is a key concept for the

comprehensive analysis. Ship sea trials are conducted to assess and verify the performance capabilities

of a newly constructed or recently modi�ed vessel and are essential in ensuring that the ship complies

with design speci�cations, safety standards, and contractual requirements. They provide valuable data

on the ship's propulsion system, engine performance, and overall hydrodynamic characteristics. These

trials are conducted by navigating the ship through a series of tests in open waters under stipulated

ambient conditions.

Ship speed trials are performed under stipulated conditions which are usually: smooth propeller

surfaces, no wind, no waves, no current and deep water of 15°C [7]. In general, it cannot be expected

that such conditions will be met during actual trials and corrections for the environmental conditions have

to be considered. Since these procedures are standardized and mandatory, the speed trial results that

are provided by the vessel's operators are always corrected for weather factors. Consequently, these

corrected results become ideal reference values for comparative performance analysis against real-time

gathered data.

The work by Prpić-Or�sić and Faltinsen (2012) [17] involved detailed modeling of weather effects on

fuel consumption for an S-175 container ship navigating the North Atlantic. They utilized state-of-the-

art models to calculate the ship's added resistance due to various weather conditions. Their �ndings

indicated that, on average, this ship type experienced a 15% increase in power demanded compared

to its calm water baseline. Whilst simplistic, this assumption is applied as a starting assumption for the

average increase in resistance for all oceangoing ship types, following the lead of the Third IMO GHG

Study 2014 (Smith et al., 2015) [18].

2.2.1 Generic procedure

As aforementioned, in practice, the ideal conditions are rarely met during normal operation. Which

means that the signals collected from the onboard sensors are always the actual obtained values, not

corrected values. Consequently, to accurately compare real data and trial data, such as evaluating

Speed Power Curves documented in ship speed trials against real Speed Power Curves, a correction to

the latter must be undertaken. It is anticipated that, to operate at the same speed as in the trials, the

vessel might consume a different amount of power in actual conditions, compensating for the in�uence

of external factors. The goal is to do a comparative analysis between actual speed and predicted speed

from trial data curves. Since in this work it is considered that speed is derived from the engine's output

power, said power must undergo several corrections before being compared real speed. The generic

procedure can be visualized in Figure 2.5.
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Figure 2.5: Generic procedure �owchart

Measured signals are obtained for real conditions, where several factors are included and add up

to the total in-service resistance that the vessel has to withstand during normal operation. The total

resistance can be divided into the main following components:

RT [N ] = Rdrag + Radded = Rdrag + RAS + RAA + RAW + RAH (2.10)

where:

• RT [N] - total in-service resistance;

• Rdrag [N] - resistance a boat experiences as it moves through water;

• RAS [N] - resistance increase due to effect of the deviation of water temperature and density;

• RAA [N] - resistance increase due to wind;

• RAW [N] - resistance increase due to waves;

• RAH [N] - resistance increase due to changes in hull condition (fouling, mechanical damages, paint

detachment, etc.);
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According to ISO standards [16], the delivered power PD can be expressed as:

PD [kW] =
RT � Speed

�
�

0:514
1000

(2.11)

where the factor 0.514 converts the measured speed from knots to meters per second and � is

the propulsive ef�ciency, which encompasses several components such as open-water ef�ciency, hull

ef�ciency, relative rotative ef�ciency, and transmission ef�ciency.

In this context, the delivered power to compensate the effect of the in-service non-ideal added resis-

tance, � PD , can be expressed as:

� PD [kW] =
Radded � Speed

�
� 0:000514 (2.12)

Finally, the corrected predicted power can be expressed as:

PD;corr [kW] = PD � � PD (2.13)

When the propulsive ef�ciency coef�cient is not available, the standard �xed value 0.7 should be

assumed as proposed in ISO standards [19].

Additionally, from equation 2.12, the added resistance due to changes in hull condition can be ex-

pressed as:

RAH [N] =
� PD � �

Speed� 0:000514
� (RSW + RAA + RAW ) (2.14)

2.2.2 Power Correction due to Wind Resistance

According to ISO [19], true wind velocity, vwt (m/s), and true wind direction, 	 wt (°), at height of the

anemometer is computed from the relative wind velocity, vwr (m/s), the vessel speed over ground,

vg(m/s), the direction of the relative wind, 	 wr (°), and the vessel heading, 	 0(°) as follows:

vwt =
q

v2
wr + v2

g � 2vwr � vg � cos(	 wr ) (2.15)

	 wt =

8
>><

>>:

arctan
�

vwr �sin(	 wr +	 0 ) � vg sin(	 0 )
vwr �cos(	 wr +	 0 ) � vg cos(	 0 )

�
; vwr � cos(	 wr + 	 0) � vg cos(	 0) � 0

arctan
�

vwr �sin(	 wr +	 0 ) � vg sin(	 0 )
vwr �cos(	 wr +	 0 ) � vg cos(	 0 )

�
+ 180; vwr � cos(	 wr + 	 0) � vg cos(	 0) < 0

(2.16)

Figure 2.6 illustrates sign conventions for directions relative to the vessel heading.
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Figure 2.6: Sign conventions [19]

Figure 2.7 illustrates the true and relative wind speed, the vessel SOG, the relative and true wind

direction and vessel heading.

Figure 2.7: True wind speed and direction at reference height [19]

To calculate the wind resistance, the wind speed and direction at reference height must be used.

Therefore, the wind velocity and direction at anemometer height must be corrected as follows:

vwt;ref = vwt � (
Z ref

Za
)1=7 (2.17)

if not available, assume Zref = 10.

The relative wind velocity at reference height above sea level is calculated:

vwr;ref =
q

v2
wt;ref + v2

g � 2vwt;ref � vg � cos(	 wt � 	 0) (2.18)

16



The relative wind direction at reference height above sea level, in degrees, is calculated:

	 wr;ref =

8
>><

>>:

arctan
�

vwt;ref �sin(	 wt � 	 0 )
vg + vwt;ref �cos(	 wt � 	 0 )

�
; vg + vwt;ref � cos(	 wt � 	 0) � 0

arctan
�

vwt;ref �sin(	 wt � 	 0 )
vg + vwt;ref �cos(	 wt � 	 0 )

�
+ 180 ; vg + vwt;ref � cos(	 wt � 	 0) < 0

(2.19)

When vg is considered as SOG, the determined wind conditions are relative to �xed points on land or

the Earth's surface. It gives a sense of how the wind would feel to a stationary observer on land. This is

particularly useful for meteorological applications or when planning routes. If vg is considered as STW,

the wind conditions are relative to the water's surface. It provides insights into sailing conditions and the

wind's impact on the vessel's movement through the water.

From equations 2.12 and 2.10, the power wind correction can be derived:

� PAA [kW ] =
RAA � Speed

�
� 0:000514 (2.20)

According to ISO [7], Annex C, Resistance increase due to wind is calculated as follows:

RAA = Rrw � R0w = (0 :5� A CAA (	 wr;ref )AXV v2
wr;ref ) � (0:5� A CAA (0)AXV v2

g) (2.21)

where:

• AXV [m2] - transverse projected area above the waterline including superstructures;

• CAA - wind resistance coef�cient; CAA (0) - wind resistance coef�cient in head wind;

In ISO standards [7], CAA (	 wr;ref ) regression formula based on wind tunnel tests developed by

Fujiwara et al. [20] and the non-dimensional parameters that come from wind tunnel tests can be found.

However, STA-JIP [21], provides a dataset of wind resistance coef�cients obtained through various

experiments. The data provided, which can be found in ISO [7] Annex C, contains various types of

ships, such as tankers, LNG carriers, container ships, and car carriers.
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Figure 2.8: Input Parameters for regression formula by Fujiwara et al. [7]

Some ship dimensions:

• L pp [m] - Length between perpendiculars;

• B [m] - Breadth;

• D [m] - Depth;

• d [m] - Designed draft;

2.2.3 Power Correction due to Wave Resistance

From equations 2.12 and 2.10, the power wave correction can be derived:

� PAW [kW ] =
RAW � Speed

�
�

0:514
1000

(2.22)

According to ISO [7], Annex D, Resistance increase due to waves is calculated as follows:

RAW = 2
Z 2�

0

Z 1

0

Rwave (!; � ; STW)
� 2

A
E(!; � ) d! d� (2.23)

2.2.3.A Simpli�ed method 1

First, a simpli�ed method, described by Equation 2.24, is suggested in the ISO [7]. This model is

restricted to waves in the bow sector and for wave heights up to a prede�ned maximum. For wave

directions outside the bow sector, no correction is applied. In head waves the encounter frequency of

the waves is high. In these conditions, the effect of wave induced motions can be neglected and the

added resistance is dominated by the wave re�ection of the hull on the waterline.

RAW L =
1
16

g� SH 2
1=3B

r
B

L BW L
(2.24)
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where:

• � S [kg/m3] - water density;

• g [m/s2] - acceleration of gravity;

• H1=3 [m] - signi�cant wave height;

• B [m] - Breadth;

• L BW L [m] - Distance between the bow and 95% of maximum breadth on the waterline;

with the following restriction:

H1=3 � 2:25�

r
L P P

100
(2.25)

2.2.3.B Simpli�ed method 2

Liu and Papanikolaou (2020) [22] developed a semi-empirical formula which reduces the computational

expense. Mittendorf et al.(2022) [23] extended Liu and Papanikolaou's (2020) [22] study to present a

simpli�ed equation of added resistance calculation presented as follows:

RAW =
CAW � g � � S � � 2

A � B 2

L pp
(2.26)

where:

• CA - non-dimensional added resistance coef�cient;

• � A - wave amplitude.

They investigated the relationships between CA and the ratio of wave length and ship length, �
L pp

.

According to their regression analysis study, the added resistance could be derived based on the input

of wave length, wave amplitude, and wave direction. The method is convenient to handle waves from

arbitrary directions. A function for computing the RAW transfer function and its 90% prediction interval

for arbitrary heading angle following the proposed method by Mittendorf [23] is available online.

To facilitate the hydrodynamic analysis, it is necessary to consider two fundamental parameters:

• Froude number, Fn - A non-dimensional number indicating the relation between a vessel's length

and its speed

Fn =
STW

p
g � L pp

(2.27)

• Block coef�cient, CB - Ratio of the underwater volume of a ship to the volume of a rectangular

block. It is computed as follows:

CB =
Vd

L pp � B � D
(2.28)
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where Vd[m3] is the volume of water the vessel displaces when it is �oating.

2.2.4 Power Correction due to Water Temperature and Density

From equations 2.12 and 2.10, the following power correction can be derived:

� PAS [kW ] =
RAS � Speed

�
� 0:000514 (2.29)

According to ISO [7], Annex E, resistance increase due to effect of water temperature and density is

calculated as follows:

RAS [N ] = RT 0(
� S

� S0
� 1) � RF (

CF 0

CF
� 1) (2.30)

considering:

RF =
1
2

� SSV2
S CF (2.31)

RT =
1
2

� SSV2
S CT (2.32)

RF 0 =
1
2

� S0SV2
S CF 0 (2.33)

RT 0 =
1
2

� S0SV2
S CT 0 (2.34)

where:

• CF - frictional resistance coef�cient for actual water temperature and water density;

• CF 0 - frictional resistance coef�cient for reference water temperature and water density;

• CT 0 - total resistance coef�cient for reference water temperature and water density;

• S [m2] - wetted surface area;

• VS [m/s] - ship's speed through water;

• � S [kg/m3] - water density for actual water temperature and salt content;

• � S0[kg/m3] - water density for reference water temperature and salt content;

Reference saltwater salinity, temperature and density at standard pressure (0.101325 MPa):

• Absolute salinity: SA S 0 = 35.16504 � 0.007 g/kg

• Temperature: TS0 = 15°C

• Density: � S0 = 1026.0210 kg/m3
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The reference resistance coef�cient, CT 0, can be calculated according to ITTC 75-02-02-02 [24]:

CT 0 = CT + ( CF 0 � CF )(1 + k) (2.35)

The Prohaska method was carried out experimentally by pulling the test model in the range of Fn < 0:2

which means the form factor can be determined as:

(1 + k) =
CT

CF
(2.36)

where CT can be obtained recurring to both equation 2.11 and 2.32.

CF , in equation 2.30, is calculated according to the ITTC frictional correlation line [24]:

CF =
0:075

(log10 Rn � 2)2 (2.37)

In equation 2.37, the Reynolds number, Rn , for the actual measured temperature:

Rn =
VS � L pp

�
=

� S � VS � L pp

�
(2.38)

where:

• � S [kg=m3] - density of the seawater;

• VS [m=s] - ship's speed;

• � [kg=(m � s)] - dynamic viscosity of the seawater (function of temperature);

• � [m2=s] - kinematic viscosity of the seawater (function of temperature).
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In order to perform a comprehensive analysis of the various KPIs, it is necessary to collect real

operational data and to implement several prediction models. Figure 3.1 illustrates the data processing

steps required to ultimately proceed with the distinct KPIs study.

Figure 3.1: Methodology for the required steps prior to KPIs evaluation

Data is collected either from Automatic Identi�cation System (AIS) or through continuous onboard

measurement. Speed and power data are crucial for developing the selected KPIs. The vessel's actual

speed is needed for most KPIs, as they depend on it. The Speed Model in Figure 3.1 simulates ideal

conditions and does not estimate real speed. Main Engine (ME) power can be estimated if other signals

intrinsic to the engine's behavior are available.

For the speci�c case of the Hull and Propeller Performance KPI the ideal speed model and posterior

corrections are employed. In the proposed approach for this KPI, the ME power output is used as an

input to model the speed. However, this speed will be attained considering ideal conditions and ideal

relationship between speed and power. Therefore, three different speeds can be compared during the

process: ideal speed estimated under sea trial-like conditions, ideal speed corrected for actual weather

factors, and recorded real speed during operating conditions.

The details of the available use case vessels and the procedure for implementing the power and

speed models, as well as the speci�c case of the Hull and Propeller Performance KPI, are discussed

in the following sections. Although the methodology is implemented using real data in this chapter, the

results and validation of the proposed methods are the focus of Chapter 4.
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3.1 Available Data

For this study, Nortech AI provided data from two different Bulk Carrier vessels, here de�ned as Vessel

A and Vessel B, for con�dentiality purposes.

The main vessel physical parameters for each vessel are summarized in Table 3.1 and include:

the ship's length overall including any projections, LOA , the length of the ship between perpendiculars

excluding any overhanging projections, LP P , the width of the ship measured at its widest point, Breadth,

the vertical distance from the baseline to the uppermost point of the deck, Depth, the predetermined

vertical distance from the waterline to the keel, designed draft, the volume of all enclosed spaces on

a vessel, Gross Tonnage, and the maximum weight a ship can carry in summer months when water

density is lower due to warmer temperatures, Summer DWT.

Vessel A Vessel B
L OA [m] 229.99 299.95
L P P [m] 226.15 294.40

Breadth [m] 32.26 50.00
Depth [m] 20.00 24.90

Designed draft [m] 12.20 16.10
Gross tonnage [MT] 43229 107879
Summer DWT [MT] 81085 208445

Table 3.1: Comparison between Vessel A and Vessel B main physical dimensions

In terms of ME power output, it is crucial to distinguish between the engines installed on the two ships.

While both are MAN B&W two-stroke engines, they are not identical. Table 3.2 lists the designations of

each ship's ME, along with each vessel's nominal power and speed. The speci�c technical distinctions

between these engines can be found in more detail in the manufacturer's manuals [25].

Vessel A Vessel B
Engine designation G70ME-C9.2 6S60ME-C8.2
Nominal Power [kW] 8881 15131

Nominal Speed [knots] 16.12 14.50

Table 3.2: Comparison between Vessel A and Vessel B main characteristics

Furthermore, Vessel A measures signi�cant signals, such as position and speed, which are lacking in

Vessel B's data. However, it is important to note that Vessel A lacks a direct measure of power, needing

its estimation, unlike Vessel B. Table 3.3 summarizes the mapping between certain available signals and

use case vessels. The source of each signal is categorized into two distinct types: continuous onboard

measurement and AIS.
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Selected signals Vessel A Vessel B
Power - Measured
Speed Measured AIS
Draft AIS Measured
Trim AIS Measured

Fuel consumption - Measured
Wind Measured AIS

Waves AIS AIS
Weather (other) - AIS

Table 3.3: Mapping of selected signals, measured onboard or collected from AIS, for each use case vessel

Other weather factors include signals such as sea surface temperature and air pressure and temper-

ature. Data sourced from AIS is generally considered to be less accurate and reliable than continuous

onboard measurements. Additionally, for Vessel A, the power measurement is missing and needs to be

estimated.

3.2 Power Models

To construct the power estimation models, an analysis of data obtained from the engine shop trial is

conducted. The engine shop trial involves tests carried out on the ship's engine (or engines) within the

controlled environment of a designated workshop or facility.

For Vessel A, the engine shop trial data has been collected and is available for analysis in Table 3.4.

It consists of various parameters related to the ship's ME.

Load
(%)

Speed
(min-1)

Output
(kW)

SFOC
(g/kW-hr)

Fuel
Index (%)

T.C. Speed
(min-1)

Scav. Air
Press. (MPa)

Scav. Air
Temp. (°C)

Fuel Oil
Temp. (°C)

Exh. Gas Cyl.
Temp. (°C)

25 54.4 2215 181.5 46 6300 0.035 33.7 36 226.0
50 68.6 4445 170.0 64 9700 0.090 27.3 30 248.0
75 78.6 6639 166.0 84 12200 0.169 30.5 32 270.0
80 80.3 7124 166.6 87 12700 0.188 31.9 33 278.0
100 86.5 8881 168.6 100 14000 0.248 35.7 35 310.0
110 89.2 9745 169.7 107 14600 0.282 40.3 35 337.0

Table 3.4: Sample of Vessel A ME shop trial data

Similarly, for Vessel B, the engine shop trial data has been collected and a summary is available for

analysis in Table 3.5.

Load
(%)

Speed
(min-1)

Output
(kW)

SFOC
(g/kW-hr)

Fuel
Index (%)

T.C. Speed
(min-1)

Scav. Air
Press. (MPa)

Scav. Air
Temp. (°C)

Fuel Oil
Temp. (°C)

Exh. Gas Cyl.
Temp. (°C)

25 41.6 3783 176.1 43 6028 0.05 30.0 20 175.8
50 52.4 7566 167.7 65 9454 0.12 26.0 21 187.5
75 60.0 11348 163.0 83 11772 0.22 27.0 22 272.5
84 62.3 12710 165.3 88 12151 0.24 29.0 22 294.2
100 66.0 15131 170.4 100 13197 0.30 34.0 23 365
110 68.1 16644 174.8 108 13631 0.32 35.0 24 378.5

Table 3.5: Sample of Vessel B ME shop trial data
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The values presented in Tables 3.4 and 3.5 are recorded during trials, implying that �tting models

to these data will yield estimations of ideal behavior in terms of the ME's power output. In other words,

the models' outputs are intended to represent the power generated by the ME under optimal conditions,

similar to those encountered in engine trials. It should be noted that not all measured signals are

represented in the tables provided.

Regression models were developed to estimate power output for Vessel B, a vessel with direct power

measurement. The engine trial data served as the training dataset for model development. Subse-

quently, the model was applied to a test dataset comprising real measured data and compared against

the actual power values it aimed to predict. Multiple polynomial regression model was chosen for its

suitability with the small datasets presented in Tables 3.4 and 3.5, recorded from shop trials. Polyno-

mial regression is effective at modeling non-linear relationships with limited data, providing a balance

between complexity and interpretability. It is computationally ef�cient, simple to implement, and requires

minimal tuning, making it ideal for quick iterations. Additionally, polynomial regression is less prone to

over�tting compared to more complex models like Support Vector Machines, Random Forest Regres-

sors, Extra Trees Regressors, and Arti�cial Neural Networks, which typically require larger datasets to

perform well.

In conclusion, Vessel B's real data, collected into a database, served as a benchmark against which

the model's estimations could be compared. The raw data is represented in Figure 3.2.

Figure 3.2: Vessel B's ME measured power output

The power output measurement represented in Figure 3.2 then underwent a �ltering process based

on a rolling window method. This method involves calculating statistical properties, such as the mean

and standard deviation, within a moving window of a speci�ed size that shifts over the dataset. By

identifying points that deviate signi�cantly from the local mean, the method effectively �ags and removes

unexpected peaks. These peaks were visually identi�ed as unexpected upon discussion with Nortech AI
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specialists and were treated as such for this thesis. Additionally, values near zero were also removed, as

the objective is to model the steady state behavior of the engine, which occurs under normal operating

conditions rather than during startup or shutdown transitioning phases. After this �ltering phase, the

power output values considered for the power model validation are depicted in Figure 3.3.

Figure 3.3: Vessel B's ME measured power output after �ltering

The models were constructed for every possible combination of features. Signals were selected

based on their presence in both vessels' engine trials and measurement systems. This procedure is

represented by Equation 3.1. This approach aimed to ensure consistency across vessels and enable

the use of the same model inputs, which yielded better results when training for Vessel B, to predict

power for Vessel A. It was assumed that both engines, being from the same manufacturer, would exhibit

similar behaviors for identical input features. However, it was acknowledged that this assumption carried

inherent risks and uncertainties.

Power Output [kW] = � 0 +
nX

i =1

5X

d=1

� i;d X d
i +

nX

i =1

nX

j = i +1

5X

d1 =1

5X

d2 =1
d1 + d2 � 5

� i;j;d 1 ;d2 X d1
i X d2

j (3.1)

where:

• � 0: Intercept term, a constant representing the baseline power output when all features are zero.

• n: The number of features used in the regression model.

• d: The degree of the polynomial term for a single feature, ranging from 1 to 5.

• X i , X j : The i -th and j -th feature.

• � i;d : Coef�cient for the d-th degree term of the i -th feature.
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• � i;j;d 1 ;d2 : Coef�cient for the interaction term between the i -th feature raised to the d1 power and

the j -th feature raised to the d2 power.

• d1; d2: Degrees of the polynomial terms for the interaction between features, ranging from 1 to 5,

with the constraint that d1 + d2 � 5.

The exploration of all potential combinations of the selected input variables, along with assessing

every possible �t function for each variable in such combination, facilitated the development of numerous

regression models. Applying this approach to Vessel B facilitated the comparison with real values,

through the computation of error metrics for the predicted outcomes. Various error metrics were utilized,

including the Mean Absolute Error (MAE), the Root Mean Squared Error (RMSE) and the Mean Absolute

Percentage Error (MAPE).

• MAE is calculated as:

MAE =
1
n

nX

i =1

jyi � ŷi j (3.2)

• RMSE is calculated as:

RMSE =

vu
u
t 1

n

nX

i =1

(yi � ŷi )2 (3.3)

• MAPE is calculated as:

MAPE = 100 �
1
n

nX

i =1

�
�
�
�
yi � ŷi

yi

�
�
�
� (3.4)

where yi is the actual value, ŷi is the predicted value, and n is the number of observations.

Table 3.6 provides a summary of the best-performing combinations of input variables and their corre-

sponding polynomial degrees, including the selected model, along with the error metric scores obtained

during a speci�ed time interval. The combinations which yield the smaller MAE were selected, since

MAE is a straightforward metric that measures the average magnitude of the errors in a set of predic-

tions in the same units as the target variable.

The �rst two feature combinations and degrees exhibit practically the same MAE values; therefore,

MAPE was considered to differentiate between them. Although all �ve selected regression models

yielded a MAPE of less than 3.5%, the second model was chosen for representation because it achieved

the lowest MAPE. The selected model is represented by Equation 3.5.

Power Output [kW] = � 0 +
4X

k=1

� k TCk (3.5)

where:
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Feature Combination and Degree R2 Score MAE RMSE MAPE
(TC rpm), Degree 3 0.984 201.433 223.694 3.309
(TC rpm), Degree 4 0.983 201.605 234.490 3.186
(rpm, TC rpm, scav temp, pfuel, fuel inlet temp,
T/C outlet temp), Degree 4

0.978 206.676 266.128 3.236

(TC rpm), Degree 5 0.980 209.422 252.447 3.240
(rpm, TC rpm, pscav, scav temp, pfuel,
T/C outlet temp, T/C LO temp), Degree 4

0.979 210.295 258.974 3.305

(rpm, TC rpm, pscav, scav temp, pfuel, cw inlet temp,
Avg exh outlet temp, T/C inlet temp, T/C outlet temp,
T/C LO temp), Degree 3

0.972 216.390 299.755 3.123

(rpm, TC rpm, scav temp, pfuel, cw inlet temp,
Avg exh outlet temp, T/C inlet temp, T/C outlet temp,
T/C LO temp), Degree 3

0.971 217.200 301.405 3.131

(rpm, TC rpm, pscav, pfuel, cw inlet temp,
Avg exh outlet temp, T/C inlet temp, T/C outlet temp,
T/C LO temp), Degree 3

0.971 217.446 305.322 3.110

(rpm, TC rpm, pfuel, cw inlet temp,
Avg exh outlet temp, T/C inlet temp, T/C outlet temp,
T/C LO temp), Degree 3

0.970 218.299 307.153 3.118

(TC rpm, pscav, scav temp, pfuel, cw inlet temp,
T/C inlet temp, T/C outlet temp, T/C LO temp),
Degree 4

0.967 223.815 321.287 3.429

Table 3.6: Summary of error metrics for selected combinations and degrees of the features considered for power
estimation regression models

• TC [(min-1)] - The turbo charger is a component that enhances overall ef�ciency by reusing ex-

haust gases to compress incoming air, thereby boosting engine performance and ef�ciency. High

speeds indicate that the turbocharger is providing more compressed air to the engine, potentially

increasing power output.

3.3 Speed Models

In a preliminary approach, Speed and Power results from a speed trial under heavy ballast condition are

presented in Table 3.7. This values are corrected for wind, waves and current, following the procedures

described in Section 2.2. Upon scrutinizing the signal data collected within a time window spanning from

November 2022 to July 2023, the majority of the speed values were situated in the extrapolation zone

of the model, introducing a notable amount of error. Nevertheless, two different models were used to

estimate the ideal value of speed for the ship.
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Speed [Knots] Power Output [kW]
0 0
12 3000
14.5 5936
15.2 6860
16.12 8872

Table 3.7: Vessel A speed trial data

3.3.1 Speed model 1

This model only considers one input variable:

• Predicted Power [kW] - ME power output, estimated by applying the models aforementioned.

Given the available data in Table 3.7, there is a seemingly non-linear relationship between Power

Output [kW] and Speed [knots], suggesting that a polynomial regression model might be a better �t than

a simple linear regression model. Additionally it is known that power, P, is the force of resistance, R,

times speed, V. Assuming this resistance to be proportional to the square of speed, as expressed in

equation 2.31, the required power can be considered proportional to the cubic of the speed, P / k � V3.

This proportionality is termed the propeller law, and despite it being termed a law that the required power

is proportional to the cubic of the speed, it is only an assumption applicable at lower Froude numbers

(2.27). At elevated Froude numbers, where the wave making resistance must be taken into account, the

required power can be proportional to the speed to a power of four or even larger, P / k � V4 [26].

As the goal is to �t a model on the data obtained at trial conditions, wherein the in�uence of wave

effects is disregarded, the resulting model, considering power proportional to the cubic of the speed,

can be expressed as:

Predicted Speed [knots] = � 0 + � 1 � P + � 2 � P2 + � 3 � P3 (3.6)

3.3.2 Speed model 2

This model considers two input variables:

• Predicted Power [kW] - ME's power output, estimated by applying the models aforementioned;

• Draft [m] - refers to the vertical distance between the waterline and the bottom of the hull (keel).

This re�ects the effect of the load on the vessel's behaviour.
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The initial speed model, described in subsection 3.3.1, does not consider the effect of draft, which

re�ects the in�uence of the load in the Power/Speed curve of the vessel. Retrieved from the Vessel A's

Speed Trial results, the in�uence of draft on the Speed Power curve is illustrated in Figure 3.4.

Figure 3.4: Vessel A's speed trial Speed Power curves

Examining the data, one can deduce that, considering trial conditions, the Speed Power curve ob-

tained for Heavy Ballast draft (d = 8.15m) can be represented as a polynomial dependency, while being

shifted left with the increase of draft until reaching Scantling draft (d = 14.45m). This means that to move

at a certain speed, the engine will have to output more power as the draft increases.

In contrast to the initial speed model, the adoption of the relationship P / k � V4 resulted in a more

robust �t. This outcome can be attributed to the elevated speeds observed during the speed trials.

Additionally, as aforementioned the speed and power curves appear to be linearly in�uenced by changes

in draft. This linear increase of power with the increase of contact area between the ship and the water,

S, can be expressed as in Equation 2.31 : P = 1
2 CF � SSV3

S , resulting that P / S. Accordingly, a variation

in draft causes a corresponding shift in the entire curve.

Ultimately, the Polynomial Surface Fit, in which f (x; y) represents speed, is accomplished by equa-

tion 3.7, and its representation is shown in Figure 3.5.

f (x; y) = p00 + p10x + p01y + p20x2 + p11xy + p30x3 + p21x2y + p40x4 + p31x3y (3.7)

32



Figure 3.5: Vessel A's 3D Speed Power Curves

Considering that x (power) is normalized by mean 6019 and standard deviation 2014 and y (draft) is

normalized by mean 11.48 and standard deviation 2.644, the model coef�cients are expressed in Table

3.8.

p00 p10 p01 p20 p11 p30 p21 p40 p31

14.3034 1.2747 -0.3609 -0.1587 0.1490 0.0897 -0.0113 -0.0833 -0.0328

Table 3.8: Speed model 2 coef�cients

It is worthy to mention that, in this instance, the optimal �t for the model was achieved by introducing

fourth-order variation with respect to variable x (power) and linear variation with respect to variable y

(draft). Finally, for this model, a reasonable goodness of �t was accomplished and tabulated in 3.9.

SSE R2 DFE Adj R-sq RMSE
1.9648 0.9981 221.0000 0.9980 0.0943

Table 3.9: Speed model 2 goodness of �t

Notably, a satisfactory goodness of �t was achieved, as evidenced by the low Sum of Squares Error

(SSE), high R2 value, indicating the proportion of variability in the data, and the relatively low RMSE,

signifying the accuracy of the model predictions. The reported statistics, such as Degrees of Freedom for

Error (DFE) and Adjusted R2, further support the reliability of the model. Speci�cally, the DFE indicates

the number of observations minus the number of parameters estimated in the model, while the Adjusted

R2 accounts for the number of predictors, providing a more accurate re�ection of the model's explanatory

power.
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Note that, in this context, the MATLAB Curve Fitter tool was employed to analyze the relationship

between these three variables. Knowing that the relationship can be represented as third or fourth-

degree curves, this tool offers a user-friendly �tting interface. Unlike polynomial regression or machine

learning techniques such as Support Vector Machines and Arti�cial Neural Networks, the Curve Fitter

tool provides clear graphical and mathematical representations of the �tted models using less data and

computational resources, making it an ef�cient choice for this speci�c application.

3.4 Power Correction for Hull and Propeller Performance

To quantify the hull performance, the speed loss percentage is computed according to equation 2.9. In

order to predict the ideal value of the speed, the previous speed models are employed, based on speed

trial data, corrected for wind, wave, and current.

However, the registered vessel speed corresponds to real operating conditions. Hence, it is antici-

pated that, to operate at the same speed as in the trials, the vessel might consume a different amount

of power in actual conditions, compensating for the in�uence of adverse weather and component degra-

dation. Therefore, employing equation 2.9 to compare real speed, registered in real conditions, with

predicted speed, obtained with models which are based on trial conditions, does not yield complete

accuracy. As a solution to this problem, the suggested approach is represented in Figure 3.6.
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Figure 3.6: Hull and Propeller Performance methodology

This approach involves computing the added resistance attributed to wind and waves. Equations

2.20 and 2.22 de�ne the power correction due to these effects. Subsequently, utilizing equation 2.9 while

considering the predicted power adjusted for wind and waves, enables a more accurate comparison of

the speed/power curve with the values attained in speed trials.

After correcting the consumed power for the aforementioned external effects, any disparity be-

tween predicted and actual speed primarily re�ects the resistance increase resulting from hull condi-

tion changes, as detailed in equation 2.10. Tracking speed loss percentages over time offers insights

into hull and propeller condition evolution. This information can provide operators valuable insights into

optimal timing for conducting maintenance, enabling them to weigh the ef�ciency loss against the asso-

ciated time and cost expenditures for the stoppage. Ultimately, this approach can contribute to a more

economical and environmentally sustainable strategy.
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3.5 KPI evaluation

After estimating the missing signals for Vessel A and Vessel B, these can be used to integrate the

analysis of the proposed KPIs: CII, Slip, Fuel Performance, Hull and Propeller Performance, and Trim.

However, due to the limited time period and amount of available data, it is challenging to draw de�ni-

tive conclusions about each KPI in terms of performance degradation and potential improvements.

Therefore, the objective is to formulate a framework/methodology to compute and perform a prelimi-

nary analysis for each KPI. In the future, as more data becomes available over longer time periods,

this framework may enable the identi�cation of anomalies and the development of predictive analyses,

ultimately enhancing overall vessel operational energy ef�ciency.
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In this chapter, the results accomplished by applying the methods to estimate power, speed and

power corrections are presented.

4.1 Power Models

As previously mentioned, the predicted power output lacked a direct comparison to an actual value in

Vessel A; hence, the assessment was conducted in terms of fuel consumption. Since fuel consump-

tion data is not available for Vessel A, an estimation was required. To facilitate this estimation, the

fuel consumption was derived from the power output prediction using an intermediate Speci�c Fuel Oil

Consumption (SFOC) model. The SFOC model, which is based on the engine trial results of Vessel A

presented in Table 3.4, is graphically depicted in Figure 4.1.

Figure 4.1: Vessel A's ME SFOC model created from engine trial data

Having this SFOC measure, which represents the mass of fuel consumed per unit of time to produce

each kilowatt of power, an estimation of the amount of fuel consumed is possible:

Main Engine's fuel consumption [g] = (Power output [kW]) � (SFOC [g/kWh]) � (time [h]) (4.1)

With this SFOC behavior, it is possible to compare the estimated fuel consumption derived from

the power models with the actual fuel consumption, provided that noon reports containing the ME fuel

consumption data are available. For Vessel A, noon reports were accessible for a time window spanning

from December 2022 to June 2023, allowing for a comparison during the period when the noon report

data and the data collection overlapped. Figure 4.2 illustrates the comparison between the predicted

fuel consumption, derived from the selected power model de�ned in Equation 3.5, and the recorded fuel

consumption.
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Figure 4.2: Comparison between predicted (blue line) and actual (red line) fuel consumption [kg] for Vessel A's ME

The comparison indicates that the predicted fuel consumption generally follows the trend of the ac-

tual recorded values. However, there are periods where discrepancies are evident. This could suggest

that while the model is effective in capturing the overall pattern of fuel consumption, it may overestimate

consumption during certain periods of increased variability or operational changes not captured by the

model. However, neglecting the peaks derived from the models, which can be considered as outliers, it

seems that the predicted fuel consumption (depicted in blue) slightly overestimates the actual consump-

tion (depicted in red). This tendency to overestimate is preferable to underestimation, especially in the

context of predicting fuel consumption.

The comparison of the �nal fuel consumption results derived from different power output prediction

models, which are summarized in Table 3.6 in the same order, are depicted in Figure 4.3. This �g-

ure allows for a comparison between the fuel consumption recorded in the noon reports and the fuel

consumption estimated through the power and SFOC models.

Figure 4.3: Validation of the proposed ME power and fuel consumption models for Vessel A

Since the SFOC model is identical for all the models, this comparison provides direct information for

the validation of the power estimation models. To quantify this comparison, several error metrics were

computed and are summarized in Table 4.1.
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MECons
Model

Feature Combination and Degree MAE RMSE Cumulative
MAPE

model 1 (TC rpm), Degree 3 2.755 6.881 2.625
model 2 (TC rpm), Degree 4 2.759 6.890 2.495
model 3 (rpm, TC rpm, scav temp, pfuel, fuel inlet temp,

T/C outlet temp), Degree 4
56.695 105.516 499.616

model 4 (TC rpm), Degree 5 2.753 6.868 2.728
model 5 (rpm, TC rpm, pscav, scav temp, pfuel,

T/C outlet temp, T/C LO temp), Degree 4
2.931 6.347 2.289

model 6 (rpm, TC rpm, pscav, scav temp, pfuel,
cw inlet temp, Avg exh outlet temp,
T/C inlet temp, T/C outlet temp, T/C LO temp),
Degree 3

2.910 6.923 3.320

model 7 (rpm, TC rpm, scav temp, pfuel, cw inlet temp,
Avg exh outlet temp, T/C inlet temp,
T/C outlet temp, T/C LO temp), Degree 3

2.910 6.923 3.320

model 8 (rpm, TC rpm, pscav, pfuel, cw inlet temp,
Avg exh outlet temp, T/C inlet temp,
T/C outlet temp, T/C LO temp), Degree 3

2.972 7.106 4.503

model 9 (rpm, TC rpm, pfuel, cw inlet temp,
Avg exh outlet temp, T/C inlet temp,
T/C outlet temp, T/C LO temp), Degree 3

2.972 7.106 4.503

model 10 (TC rpm, pscav, scav temp, pfuel, cw inlet temp,
T/C inlet temp, T/C outlet temp, T/C LO temp),
Degree 4

3.057 6.558 0.413

Table 4.1: Summary of error metrics for ME consumption models

From the table, it is possible to infer that model 2, which corresponds to the selected model described

by Equation 3.5 and depicted in Figure 4.2, yields reduced MAE and RMSE, de�ned in Equations 3.2

and 3.3, respectively. Cumulative MAPE represents the deviation between the noon report and the total

consumption during the analyzed time window, rather than averaging the deviations over time. Addition-

ally, a portion of the error can be attributed to the SFOC model and human error in the noon reports,

as well as the grouping and conversion of timestamps in the collected data. Since noon reports are up-

dated approximately daily and continuous data collection was converted to �t this format, misalignment

between the two datasets can occur. This is the reason why the cumulative MAPE is presented for the

total consumption over the entire period. In Figure 4.3 is important to note the tendency for consistent

overestimation in model 2 (red line), as opposed to models 5 and 10 (orange and yellow lines), although

the latter present a lower cumulative MAPE.

4.2 Speed models

For an initial approach to obtain a speed estimate, the prediction from the power models was utilized

to derive speed values. Given the availability of actual speed measurements within the speci�ed time
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window for Vessel A, the prediction is compared with the real values. Nevertheless, given that the

models are derived from idealized behavior, the estimated speed is anticipated to consistently surpass

the actual speed. This discrepancy translates into an apparent higher performance in the absence of

external factors' effects when compared to the real situation.

Given that the trial speed and power results of the ship are corrected for wind, waves, and current,

the models derived from this trial offer a relationship valid under conditions where these factors are

neglected. Consequently, the predictions obtained in this thesis are juxtaposed with the ship's actual

speed through water (STW), as this value discounts the in�uence of currents during normal operation,

unlike the speed over ground (SOG), which is affected by real-time current conditions.

The plot in Figure 4.4 visually represents the predicted speed, comparing scenarios where the effect

of draft on the power and speed curve is neglected versus where it is considered.

Figure 4.4: Comparison of Vessel A's actual speed through water with the estimated speed, both neglecting and
considering the effect of draft, depicted by the red and green line, respectively

The conclusions drawn from Figure 4.4 prove that the inclusion of draft results in a shift in the speed

and power curve and does not signi�cantly alter the overall characteristics of the model estimates. In

an effort to conduct a more quantitative comparison of the models, the relative deviation between the

actual and estimated STW was computed over the same time interval, using the estimates obtained

considering draft. Figure 4.5 illustrates the comparison over the complete time span, excluding periods

when the vessel operates at a STW lower than 5 knots. This exclusion is made to neglect transient

states and is consistent with the ship's average operational speeds, which is primarily above 5 knots —

considered steady states, as depicted in Figure 4.4.
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Figure 4.5: Relative deviation between the estimated and actual STW, for speeds higher than 5 knots and consid-
ering the effect of draft

From the plot, it is apparent that the deviation value, which is expected to consistently increase

due to the fouling effect, exhibits a certain degree of randomness across the observed time window.

This apparent randomness can be attributed to the impact of external factors, suggesting the need for

important corrections [27].

4.3 Power and Speed Corrections

In ship design, it's standard practice to incorporate a sea margin of 15% on the power to account for per-

formance loss due to wind and waves [28]. While current standard procedures can con�dently calculate

the effects of wind, accurately correcting for wave effects remains challenging. Nevertheless, various

computational and empirical methods exist to address this issue, as discussed in Section 2.2.

In this section, the focus will be on mitigating the discrepancy between predicted and actual speeds

and quantifying the in�uence of external factors on a vessel's performance. This will involve examining

power and speed corrections, which are considered essential components of the analysis. Due to lim-

itations in speed and positional data availability for Vessel B, the analysis in this section is conducted

exclusively for the case of Vessel A.

4.3.1 Required data

To accommodate external factors such as wind and waves, as detailed in Section 2.2, several sensor

data is required. Regrettably, not all the necessary data is measured or available for the Vessel A. The
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missing data include draft and trim measurements, as well as wave period, height, and length. To initiate

a preliminary assessment of these corrections, AIS data was gathered for a speci�c time frame. For this

case study, the available data spanned from November 23, 2022, to June 14, 2023. This time window

serves as the foundation for conducting an initial analysis of vessel performance and identifying potential

areas for correction and improvement.

4.3.2 Wind Correction

ISO 15016 [7] delineates two empirical methodologies for forecasting wind resistance: the STA-JIP wind

method [21] and the Fujiwara method [20]. Both approaches are anticipated to deliver dependable pre-

dictions of the wind resistance coef�cients across various ship categories. Notably, while the STA-JIP

wind method only requires the vessel's transverse projected area above the waterline including super-

structures (AXV ) as input, the Fujiwara method demands a more intricate set of parameters pertaining

to the ship's superstructure, which may compromise the precision of the outcomes. Additionally, the

Blendermann method [29] is widely applied in the literature and is expected to provide reliable predic-

tions for the wind resistance coef�cients, assuming that the wind resistance for tankers applies to bulk

carriers.

Therefore, three methods to estimate wind resistance coef�cients were applied to the available time

frame: STA-JIP, Fujiwara and Blendermann. The results of each method can be compared in Figure 4.6.

Figure 4.6: Comparison of the STA-JIP, Blendermann and Fujiwara methods' obtained wind resistance coef�cients
as a function of the wind's angle of attack

Evidently, discrepancies emerge in the wind coef�cients derived from the selected methods, despite

their analogous behavior concerning variations in the wind's angle of attack. After computing these co-
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ef�cients, Equation 2.21 can be applied to determine the added resistance due to wind. The results are

graphically depicted in Figures 4.7 and 4.8, in terms of added resistance and speed loss, respectively.

Figure 4.7: Estimation of the added resistance due to wind by applying methods STA-JIP, Blendermann and Fuji-
wara separately and by averaging the results of STA-JIP and Blendermann

Figure 4.8: Estimation of speed loss (in knots) due to the wind by applying methods STA-JIP, Blendermann and
Fujiwara separately to the initial speed prediction

The wind correction analysis highlights a signi�cant observation: within the selected time intervals,

wind effects can contribute to a speed loss (or gain) of less than 1 knot.

Fujiwara is overall more complex to implement, as aforementioned, and dependent on detailed ship's

superstructure information. STA-JIP wind is recommended for modern ships in ISO 15016 [7], and

Blendermann applies to an extensive range of ship types. Therefore, the average added resistance from

STA-JIP and Blendermann methods is expected to provide a reliable prediction.
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4.3.3 Waves Correction

In the wave correction phase, the STA-1 method is employed, as it is recommended in ISO 15016 [7]

and generally applicable across various ship types. However, it is essential to acknowledge that STA-1

is constrained to mild sea states and yields zero resistance when the wave height exceeds a prescribed

threshold. Another limitation of STA-1 is its dependency on the input parameter LBW L , as de�ned

in Equation 2.24. In the case of Vessel A, the LBW L parameter is unknown. Hence, similar vessels

with known LBW L are scrutinized to express this parameter as a fraction of LP P as an approximation.

Leveraging these estimations and assuming constant seawater density, STA-1 is applied to a speci�c

time window characterized by available sea state conditions. The results are graphically depicted in

Figures 4.9 and 4.10, in terms of added resistance and seepd loss, respectively.

Figure 4.9: Estimation of added resistance due to waves by applying method STA-1

Figure 4.10: Estimation of speed loss (in knots) due to waves by applying method STA-1 to the initial speed predic-
tion
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One can deduce that, in the context of wave correction, a speed loss of approximately 5 knots is

observed under more speci�c and severe sea conditions. However, it is plausible to anticipate that

this value would be even more pronounced if the model was not restricted by signi�cant wave height

limitations.

4.3.4 Wind and Waves Correction

In this stage, corrections for both wind and waves were applied simultaneously and compared. Table 4.2

compares the effect of wind and waves on the ship's operation during the considered time period. The

values represent the power attributed to wind and waves, calculated according to Equations 2.20 and

2.22, respectively, as a percentage of the total ME power output.

Average power [%]
STA-JIP and Blendermann wind correction 2.41

STA-1 wave correction 14.43

Table 4.2: Comparison of the estimated in�uence of waves and wind on the engine's power demand

The attained values fall within the typical range of 15% to 30% for the increased power demand

margin to account for weather factors [26]. Additionally, implementing the missing corrections for sea

temperature effects, which were not performed due to a lack of data, and addressing the limitations of the

STA-JIP wave correction will likely cause this value to increase slightly. Furthermore, when comparing

both values, it is noticeable that waves have a signi�cantly larger impact on the ship's power output

compared to wind. The relatively minor effect of wind suggests that the ship's design and operational

strategies effectively mitigate wind resistance. In contrast, the substantial impact of waves re�ects the

challenges posed by wave resistance, where wave resistance generally has a greater in�uence on a

ship's overall resistance and power requirements.

To comprehensively analyze the effect of these corrections on speed over the available time window,

it is bene�cial to evaluate average values over time intervals where the vessel's STW exceeds 5 knots.

The corrections performed on speed result in approximating the modeled speed, which was computed

considering ideal sailing conditions, with the vessel's STW veri�ed in normal sailing conditions. In Figure

4.11, a narrowed time interval is depicted to enhance visual clarity and facilitate a better understanding

of the impact of the applied corrections when assessed on an hourly basis.
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Figure 4.11: Snapshot of the comparison of predicted speed (red line) against corrected speed for both wind and
waves (green line) and actual STW (blue line)

Table 4.3 presents the relative deviation between the vessel's STW and the corrected predicted

speed for both wind and waves.

Average speed deviation [%]
Initial speed estimation (Figure 4.4) 20.52
After wind and waves correction 14.78

Table 4.3: Comparison of the wind and waves corrected speed against real STW over selected time intervals

From the table, it can be inferred that prior to the application of corrections for external factors, the

utilized power and speed models yielded an ideal speed prediction which exhibited an average relative

deviation of approximately 20.52% compared to the actual vessel speed. However, after incorporat-

ing corrections for wind and waves effects, the overall deviation of the estimation model decreased to

approximately 15%. This reduction underscores the effectiveness of the corrections in improving the

accuracy of the speed prediction model and aligning it more closely with actual vessel performance.

The observed relative deviation can be attributed to the cumulative effects of errors introduced in

each prediction phase, including power estimation, speed estimation, and corrections for external fac-

tors. However, analyzing the evolution of this error over time, under the assumption that these stages in-

troduce a consistent level of error, can provide valuable insights into performance degradation attributed

to propeller and hull defects. This analysis will be the focus of Section 5.4.
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In this chapter, both qualitative and quantitative analysis of the selected KPIs is presented. Table

5.1 maps each KPI analysis for the vessels Vessel A and Vessel B. For both vessels, the CII, Fuel

Performance, Slip, and Hull and Propeller Performance are analyzed. However, Trim analysis is only

performed for Vessel B, since its direct measurement of fuel consumption and trim is available, as de-

scribed in Table 3.3.

Selected KPIs Vessel A Vessel B
CII x x

Fuel Performance x x
Slip x x

Hull & Propeller Performance x x
Trim x

Table 5.1: Mapping of the use cases for each KPI analysis

5.1 CII

Taking into account Section 2.1.1 as a theoretical guide, the calculation of reference, required, and

achieved CII was implemented for the Vessel A, a case where neither power nor fuel consumption

measurements are available, and for the Vessel B, a case where direct measurements are available.

5.1.1 Reference and required CII

To establish the reference value, CIIRef , the parameters that de�ne the reference lines speci�c to the

different types of ships were obtained from the IMO guidelines [5]. For Bulk Carriers with a DWT less

than 279,000 tons, the speci�c parameters are outlined as follows:

• Capacity = DWT;

• a = 4745;

• c = 0.622.

For Vessel A, the calculation yields CIIRef = a � Capacity� c = 4.196. After establishing this reference

value, CIIReq undergoes annual updates by adjusting Z, as described by Equation 2.2. This process

facilitates the yearly reduction of CIIReq , as delineated in Table 5.2.
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Year CIIReq

2022 4.196
2023 3.987
2024 3.903
2025 3.819
2026 3.735

Table 5.2: CIIReq for Vessel A from year 2022 to year 2026

Subsequently, also sourced from IMO guidelines, were the dd vectors for determining the rating

boundaries of various ship types. For Bulk Carriers it is given:

• ed1 = 0.86;

• ed2 = 0.94;

• ed3 = 1.06;

• ed4 = 1.18;

These boundaries result in �ve distinct levels (or grades) updated annually: �

• A = [ 0 , CIIReq � ed1 [ ;

• B = [ CIIReq � ed1 , CIIReq � ed2 [ ;

• C = [ CIIReq � ed2 , CIIReq � ed3 [ ;

• D = [ CIIReq � ed3 , CIIReq � ed4 [ ;

• E = [ CIIReq � ed4 , inf [ ;

5.1.2 Attained CII

To achieve the actual value of CII, the �rst step is to consider the ME fuel consumption. As this feature

is not measured for Vessel A, an estimation is necessary. This is carried out by collecting information

on the engine power output, either through direct measurement or estimation using the provided power

model and the engine's SFOC. From Vessel A's engine trial results in Table 3.4, SFOC can be modeled,

and its behaviour is graphically represented in Figure 4.1.

From the amount of fuel consumed by the ME it is possible to compute the mass of CO2 released

into the atmosphere, as such:

CO2 emissions [g] = (Fuel consumed [g]) � (CO2 emission factor [g/g fuel]) (5.1)
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As this calculation depends on the CO2 emission factors, it is, consequently, dependent on the type

of fuel that is being used. For a comparative analysis, four possible types of fuel were selected: Heavy

Fuel Oil (HFO), Marine Diesel Oil (MDO) and Marine Gas Oil (MGO) and Light Fuel Oil (LFO). The

comparison between those selected fuel types is presented in Table 5.3.

CO2 emission factors [g/g fuel] Energy density [MJ/kg]
HFO 3.114 40.2
LFO 3.151 41.2
MDO/MGO 3.206 42.7

Table 5.3: Emission factors and energy density of selected maritime fuels

Given the comprehensive data available, the calculation of ME CO2 emissions can be executed

accurately. It is imperative to note that a parallel procedure applies to auxiliary engines and boilers,

considering their fuel consumption and consequent CO2 emissions. Upon computing emissions for

each individual engine and boiler, the cumulative values are aggregated, yielding the de�nitive output

utilized in Equation 2.1.

5.1.3 Classi�cation of the attained CII

To achieve the desired classi�cation of CII, three different values are presented depending on the type

of fuel that is considered to be used at that time. As that information was not available, the computation

was performed for the entire time window for the three different fuel types simultaneously presented in

Table 5.3.

When calculating this metric over an entire year, a grade can be assigned to the annual operational

CII, which is the metric evaluated by regulators. The CII rating mechanism came into effect on 1 January

2023. Consequently, the calculations were conducted for the calendar year 2023, and the outcomes are

presented in Figure 5.1.

From the �gure, it is evident that regardless of the fuel type used, the attained CII falls below the 2023

upper boundary of grade A. This implies that the �nal grade achieved for 2023 by the Vessel A would

be a grade A, according to the models. However, it is essential to note that the vessel's CII correction

factors and voyage adjustments were not available for this initial analysis, which could potentially alter

the results. Note that, for this analysis, the values inputted into Equation 2.1 at each time point represent

the cumulative total distance covered and total CO2 emissions up to that speci�c time point.

The same calculations were performed using the fuel consumption data registered in the noon re-

ports, for the time period where they were available, as represented in Figure 4.2. Consequently, there

will be two different CII results: one based on the fuel consumption derived from Vessel A's ME power

and SFOC models, and a second based on the fuel consumption registered in the noon reports. The

comparison between both computations is plotted in Figure 5.2, assuming that HFO was the used fuel.

52



Figure 5.1: Vessel A's cumulative attained CII considering different fuel types (MDO/MGO, LFO, HFO) compared
to the upper boundaries of CII grades A, B, C, and D for the calendar year 2023

Figure 5.2: Comparison of attained CII values derived from Vessel A's ME power and SFOC models (blue line) and
from noon report fuel consumption data (red line)

The two sets of CII values demonstrate a general alignment throughout the observed period. This

consistency validates the reliability of using the ME power and SFOC models for estimating CII when

noon report data is unavailable. The CII values derived from the ME power and SFOC models tend

to slightly overestimate the CII compared to the values obtained from the noon report data. This slight

overestimation can be advantageous as it provides a margin of safety, ensuring that operators are more

likely to meet or exceed the CII targets rather than fall short.

Figure 5.3 illustrates the attained CII values, considering solely HFO consumption during sailing

voyages, for a time interval ranging from November 2022 to June 2023, juxtaposed with the thresholds
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for the �ve grades. Note that, on January 1, 2023, the boundaries of each level or grade were reduced

following the discussed annual reduction, becoming more stringent. It is also important to note that, in

this case, values inputted into Equation 2.1 at each time point represent the distance covered and CO2

emissions registered every 10 minutes.

Figure 5.3: Vessel A's CII considering HFO fuel type compared to CII upper boundaries of grades A, B, C and D

Additionally, the CII computation was also performed for the Vessel B use case for a time window

spanning from November 2023 to April 2024, when all the necessary data was available. For this vessel,

direct measurements of power and fuel consumption were available, eliminating the need for ME power

and SFOC estimation models. The results represented in Figure 5.4 were attained through a process

identical to the one described for Vessel A but adjusted to consider the speci�c DWT of Vessel B.

For both cases, it is visible that the values of CII tend to �uctuate between voyages. When juxtaposed

with the variation of mid draft over the same period, these �uctuations in CII align with changes in draft.

Speci�cally, as the draft increases, the CII level tends to rise. To facilitate the analysis, Figures 5.5 and

5.6 show the attained CII for Vessel A and Vessel B, respectively, normalized for mid draft.

Although the values of CII are expected to be heavily affected by other factors such as currents,

weather conditions and auxiliary engines' fuel consumption, normalizing them for mid draft adjusts the

periods with higher drafts, which demand more power output, bringing their values closer to those pe-

riods with reduced drafts. This normalization process accounts for the increased power demand asso-

ciated with higher drafts, providing a more consistent comparison of the vessel's carbon intensity index

across different draft conditions.
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Figure 5.4: Vessel B's CII considering HFO fuel type compared to CII upper boundaries of grades A, B, C and D

Figure 5.5: Vessel A's attained CII normalized for mid draft

Figure 5.6: Vessel B's attained CII normalized for mid draft
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This highlights a signi�cant weakness in the current CII rating system, which is computed without

considering adverse weather conditions or whether the ship is transporting cargo. Speci�cally, by not

accounting for cargo weight, the system provides a perverse incentive to maximizing ballast voyages,

particularly for older and more polluting ships, in order to correct their rating. As a result, CII enforcement,

as it is currently de�ned, can sometimes lead to increased fuel consumption and carbon emissions,

contrary to the regulation's intended goals [30] [31] [32].

5.2 Fuel Performance

For the selected time periods, Vessel A's ME daily fuel consumption ranges between 10 and 25 metric

tons, as depicted in Figure 4.2. In contrast, Vessel B's consumption is higher, ranging from 15 to 40

metric tons per day. These signi�cant values highlight the need to analyze the engines' ef�ciency in

converting fuel to power.

When evaluating fuel performance, two distinct methodologies were explored. First, a comparison

was made between the energy density of the speci�c fuel type used and the energy effectively converted

by the engine. Second, an examination assessed the quantity of fuel consumed per nautical mile sailed.

5.2.1 Fuel energy ef�ciency

Assuming a certain consumption rate of fuel by the engine, approximated as described in Equation 4.1,

the energy content of the consumed fuel can be expressed as:

Fuel energy [MJ] = (Fuel consumed [kg]) � (Energy density [MJ/kg]) (5.2)

where the energy density is speci�c to each type of fuel and is provided in Table 5.3. If fuel consumption

measure is not available, its estimation through an SFOC model is needed.

This theoretical energy content of the consumed fuel is then compared against the energy delivered

by the engine. The engine's energy output is estimated as:

Engine energy output [MJ] = (Power output [kW]) � (time [!h]) � 3:6 (5.3)

where the power output of the engine is attained either through estimation or direct measurement.

Figure 5.7 illustrates the comparison between the theoretical energy content of each speci�c fuel type

and the energy output of the ME.

One can observe that the energy output values of the ME are relatively smaller compared to the

theoretical energy contained in each fuel. To quantify this disparity, the ef�ciencies of the fuels were

computed as described in Equation 5.4.
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Figure 5.7: Vessel A's ME energy output (blue line) and theoretical energy content of selected fuel types: HFO (red
line), MDO/MGO (green line) and LFO (purple line)

Fuel energy ef�ciency [%] =
Engine energy output [MJ]

Fuel energy [MJ]
� 100 (5.4)

Applying this equation to the data yields the fuel energy ef�ciency percentage results which are

illustrated in Figure 5.8.

Figure 5.8: Fuel energy ef�ciency for selected fuel types

Upon analysis of the above �gure, it is important to note that, although HFO exhibits the highest

values on the curve, this does not signify it is the best-performing fuel. In fact, the plot indicates that for

the ME to generate a speci�c amount of energy with the same quantity of HFO, its thermal ef�ciency
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would need to be higher, as this fuel has lower energy density. Conversely, to produce the same energy

output with an equivalent quantity of LFO, the ME thermal ef�ciency may not need to be as high, as LFO

is more energy-dense. A similar analysis of the estimated ME ef�ciency in converting fuel energy, this

time as a function of the load, is presented in Figure 5.9.

Figure 5.9: Estimated fuel energy ef�ciency for selected fuel types as a function of the Vessel A ME load

All three curves show a progressive increase in ef�ciency as output power rises. This is indicative

of the typical behavior of combustion engines, where they operate more ef�ciently at higher loads. The

ef�ciency increases at a decreasing rate, which is typical of most engines as they approach their de-

signed optimal operating range. For marine engines, this optimal point is usually within a speci�c range

of the engine's maximum continuous rating (MCR), often around 70-85% of MCR. This is a standard

characteristic of thermal engines due to factors like increased frictional losses, thermal limitations, and

the inherent inef�ciencies in fuel combustion processes at high power outputs. In Figure 5.10, the gen-

eral ef�ciency curves for MAN two-stroke engines, which share the same engine type and manufacturer

as the Vessel A engine, are depicted as a function of their load.

Vessel A has an S60 type engine, as described in Table 3.2, which is one of the engine types included

in Figure 5.10. Speci�cally, the yellow line in Figure 5.9 aligns with the curve L2 from Figure 5.10. This

alignment is expected since the SFOC curves used to predict Vessel A's consumption are corrected for

several factors including an energy density of 42.7 MJ/kg, the considered value for MDO/MGO, as stated

in Table 5.3.

For the use case of Vessel B, however, its engine type is not included in Figure 5.10 representa-

tion. Nonetheless, a similar analysis is performed, starting by illustrating the comparison between the

theoretical energy content of HFO and the energy output of the ME in Figure 5.11.
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Figure 5.10: General MAN two-stroke engines' ef�ciency, as a function of load for engine types: S60, S70, S80,
G90 [25]

Figure 5.11: Vessel B's ME energy output (blue line) and theoretical energy content of the consumed HFO (red
line)

Once again, observe that the energy output values of the ME (depicted in blue) are relatively smaller

compared to the theoretical fuel's energy content. To quantify this disparity, the engine's fuel conversion

ef�ciency values are presented in Figure 5.12.

The analysis was conducted over a six-month period for the Vessel B, considering HFO consumption

exclusively. This demonstrated similar ef�ciency behavior as a function of engine load. The results are

graphically depicted in Figure 5.13. Since the direct measurement of power output and fuel consumption

is available in this case, it is possible to compare the engine's effective energy ef�ciency derived from
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real fuel consumption (red dashed line) against the predicted ef�ciency derived from an SFOC model

build uppon engine shop trial data (green dashed line).

Figure 5.12: Vessel B's ME fuel energy ef�ciency

Figure 5.13: Comparison between the engine's predicted and actual ef�ciency as a function of the Vessel B ME
load

The discrepancy between the real and predicted ef�ciency can be attributed to several factors. The

SFOC model is corrected for ISO conditions, including reference values for pressures, temperatures,

and lower calori�c value of the fuel, whereas real-world conditions often deviate from these standards.

Additionally, in actual operations, engine load may vary more frequently and signi�cantly compared to

the controlled, steady conditions during shop trials. Factors such as engine degradation over time,
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additional heat losses, and less precise measurement techniques in real-world operations compared to

controlled trials can collectively contribute to the lower real ef�ciency observed. Understanding these

factors is crucial for improving predictive models and achieving more accurate estimates of fuel ef�ciency

under actual operating conditions.

To identify the periods when the discrepancy between predicted and actual ME ef�ciency occurs and

potentially understand its causes, an analysis was conducted for these three variables over the entire

time window. Figure 5.14 depicts this analysis, with ef�ciencies shown in the �rst subplot and engine

load in the second subplot.

Figure 5.14: Vessel B's ME predicted and actual ef�ciency considering HFO and ME load

From the �gure, it is evident that generally higher percentage loads result in higher predicted ef�-

ciency, up to the optimal operating point, which aligns with the relationship discussed in Figure 5.13

and described by the SFOC model. However, the ef�ciency deviation appears to evolve independently

of the load percentage. For example, during November 2023 and April 2024, despite the difference in
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engine load operation, the ef�ciency is close to its predicted values, with values near a 1% deviation.

In contrast, during the periods of December 2023 and January 2024, for load values in between, the

ef�ciency discrepancy is signi�cantly higher, with deviations above 4%. These two periods exhibit the

most signi�cant deviations, necessitating deeper analysis to understand the causes of this unexpected

inef�ciency, which ultimately results in the need for more fuel consumption to deliver the same output

power.

Finally, considering that during November 2023 and April 2024 the engine operated with an ef�ciency

deviation of approximately 1% compared to the estimation derived from the SFOC model, an analysis

was conducted to determine potential fuel savings if an optimal ef�ciency was maintained throughout the

entire period. This involved estimating the fuel consumption needed to achieve the desired power output,

with ef�ciency limited to a maximum 2% deviation from the ideal ef�ciency. This threshold was de�ned

arbitrarily assuming relative accuracy by the model SFOC. Note that periods when ef�ciency deviation

was lower than 2% were left unaltered. The total fuel savings compared to the actual consumption is

depicted in Figure 5.15.

Figure 5.15: Cumulative fuel savings compared to the real total fuel consumed over the analyzed time period,
through engine ef�ciency optimization

The plot represents cumulative fuel saved and represents that optimizing the engine ef�ciency to

within at least 2% of the ideal value yields a total reduction of 97 metric tons consumed, corresponding

to 3.15% fuel savings over the six-month period. Furthermore, this total fuel saving could translate to

a monetary saving of approximately 60,000C for the six-month period, considering an average cost

of 600C per metric ton of HFO. However, due to the limited amount of available data, it is dif�cult to

pinpoint the exact causes of the engine's ef�ciency degradation or underperformance during speci�c

time intervals. This limitation highlights the opportunity for further study to identify these causes and

develop methods to improve energy ef�ciency and thus save fuel consumption as proposed.

62



5.2.2 Fuel consumed per nautical mile

To evaluate the amount of fuel consumed per unit of nautical mile sailed, as described in Equation 2.8,

the distance covered by the vessel between two consecutive data collection time instances is estimated.

Subsequently, the fuel consumed during that interval is estimated using Equation 4.1. The results are

illustrated in Figures 5.16 and 5.17, for Vessel A and Vessel B, respectively.

Figure 5.16: Vessel A's ME estimated fuel consumption per nautical mile [tons/n.mile]

Figure 5.17: Vessel B's ME real fuel consumption per nautical mile [tons/n.mile]

It is observed that Vessel B tends to consume more fuel per nautical mile than Vessel A, which can

be explained primarily due to the higher nominal power of its ME. Furthermore, the fuel performance of

both ME can be examined as a function of the vessel's STW, as depicted in Figures 5.18(a) and 5.18(b),

for Vessel A and Vessel B, respectively.

There is a clear trend indicating that as speed increases, ME fuel performance improves, since fuel

consumption per nautical mile decreases. This suggests that operating at higher speeds tends to be

more fuel-ef�cient per nautical mile, likely due to the engine operating closer to its optimal load point.

The fuel performance at lower speeds may be attributed to sub-optimal engine loading, variations in sea

state and weather conditions, and different operational practices or maneuvering activities.
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(a) Vessel A's ME fuel performance (b) Vessel B's ME fuel performance

Figure 5.18: ME fuel consumption per nautical mile as a function of the ship's STW considering: (a) estimated fuel
consumption for Vessel A, (b) real fuel consumption Vessel B

This analysis can serve as a support for slow steaming strategies, a common practice of deliberately

reducing the speed of cargo ships to cut down on fuel consumption and carbon emissions. Lowering

speeds can reduce fuel consumption because resistance due to drag and external factors, such as

weather, increases with speed. However, the overall bene�ts of speed reduction is limited. As depicted

in Figures 5.18(a) and 5.18(b), at extremely slow steaming speeds, the propulsion engine operates at

lower loads, leading to a signi�cant reduction in ef�ciency, resulting in more fuel consumption and carbon

emissions, and potentially causing greater engine fouling. Evaluating the trade-offs between speed and

fuel ef�ciency is crucial for optimizing operational ef�ciency, balancing scheduling, cargo handling, and

overall voyage planning.

5.3 Slip

Taking into account Section 2.1.2 as a baseline for the slip KPI de�nition, the difference between the ac-

tual distance a ship covers in water and the theoretical distance it should cover based on the propeller's

rotations was calculated. The analysis focuses on real slip, considering the vessel's STW to exclude

the effect of additional resistance caused by sea currents. Subsequently, the relationship between the

attained CII, real slip and ME fuel ef�ciency is studied.

5.3.1 Real slip analysis

For the propeller theoretical distance of Vessel A a �xed propeller pitch of 5.864 meters and an unitary

gear ratio were considered. Its STW and propeller theoretical speed are illustrated in Figure 5.19.
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Figure 5.19: Actual distance the ship covers in water (red line) and the theoretical distance it should cover based
on the propeller's rotations (blue line)

The attained slip between vessel's STW and propeller theoretical speed, attained by applying Equa-

tion 2.4, is visualized in Figure 5.20.

Figure 5.20: Attained real slip

Clearly, the dataset exhibits notable levels of noise and �uctuation. To mitigate these effects, an

outlier detection process was employed, followed by the computation of averages for each navigation

interval. The outcomes of this procedure are depicted in Figure 5.21.

The same slip KPI calculation method was performed for Vessel B. In this case, the actual sailing

speed was obtained through an external AIS rather than onboard measurements, introducing additional

error potential. This includes possible discrepancies in the values and timestamp misalignment between

the externally collected speed and the onboard recorded ME Rotations Per Minute (RPM). Figure 5.22

shows the average attained slip, aggregated per day to mitigate the effect of these discrepancies.
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Figure 5.21: Vessel A's attained average real slip

Figure 5.22: Vessel B's attained average real slip

For Vessel A, slip appears to decrease in February 2023 and progressively increase afterwards,

which may indicate a period of sailing after a maintenance event or in close to ideal weather conditions

followed by increasing wear. In contrast, Vessel B's slip evolution seems to be approximately constant

over the six-month interval. Additionally, Vessel A presents an average slip value of 18.2%, compared to

Vessel B's average of 11.1%. This discrepancy could indicate component wear, considering that Vessel

B is �ve years newer than Vessel A.
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