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Abstract— The International Maritime Organization (IMO)
enforced stricter sulphur abatement regulations since shipping
emission has become one of the most major cause of the
atmospheric pollution. Experts from the industry and
academicians try to find the balanced solution among lowsulphur fuel, clean energy, and purposely fit scrubber by
conventional statistical methods however failed to reach a
satisfying conclusion. In addition, maritime datasets are usually
massive, multi-source, and heterogeneous, it seems imperative
for the maritime industry to adapt to the worldwide trend of
intellectualisation and promote sustainable development.
This work delineates and compares three main sulphur
abatement solutions for ships through a thorough investigation
of the current research state, and proposes a new framework
based on a fusion model using modern big data and data mining
algorithms. This work identifies and summarises major factors
(with high impacts) in sulphur abatement solutions in the ocean
shipping industry and integrate those high-level impacting
factors to the proposed fusion model. The proposed framework
can be optimised and utilised in determining suitable solutions
for different ships, as well as shipping routes.
Keywords—sulphur abatement, maritime industry, big data,
data mining, clustering algorithm

I. INTRODUCTION
Currently, the maritime industry is facing an arduous
challenge that the International Maritime Organization (IMO)
announced a new regulation that limits the sulphur emission
of ships to 0.5% instead of 3.5% from 2020 [1]. Experts from
the industry and academicians try to find the best solution
among low-sulphur fuel, clean energy, and scrubber by
conventional statistical methods. However, no general
agreement has been made since the factors they considered are
quite limited and each solution has both strengths and
weaknesses. Therefore, utilising new data analysis techniques
instead of traditional statistical methods in the maritime
industry seems to be imperative, such as data mining
techniques. Due to the current exponential growth of data, it
is necessary to improve traditional data mining techniques to
cope with a massive multi-source heterogeneous dataset, also
known as big data. Clustering is an essential data mining
technique that group samples into different clusters and the
Gaussian Mixed Model (GMM) is one of the most popular and
widely used clustering algorithms [2]. To fit GMM with a
large dataset, this research will propose an optimised fusion
model based on GMM. This model will be applied to evaluate
sulphur abatement solutions to help the sustainable
development of the shipping industry.
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II. CURRENT DEVELOPMENT
A. New Regulations in Shipping
Shipping as the main transportation of international trade
has increasingly developed with the boost of the world
economy. According to the Review of Maritime Transport [3],
a total of 42 million gross tons were added to global tonnage
which indicated the expansion in ship supply capacity. The
remarkable growth in world fleet capacity altered the shipping
market balance and adjust freight rate, however,
simultaneously causing severe environmental issues [4].
Attracting intensive international concerns, shipping
emission has become one of the most significant reasons for
atmospheric pollution [5]. The ship emissions that affect
climate change mainly consist of carbon dioxide (CO2),
nitrogen oxides (NOX), sulphur oxides (SOX), and other
pollutants [6]. Note that dioxides and trioxides can chemically
react with exhaust gas or water in the air and generate caustic
sulphurous acid and sulphuric acid which are the main
substances of acid rain. The damage of acid rain is
unaffordable for everyone, for instance, it can acidify soil and
water, destroy vegetation and architecture, also affect the
respiratory system of human beings and other animals [7].
Therefore, IMO which is a specialised agency of the
United Nations (UN) and takes charge of making standards or
regulations in the international shipping industry, decided at
its 70th meeting of the Marine Environmental Protection
Committee (MEPC) to limit the sulphur emission of ships to
0.5% instead of 3.5% from 2020 [1]. In the context of stricter
emission regulations, how the existing fleet in the maritime
industry can be adapted to the new emission regulations has
become challenge for both shipowners and operators.
B. Shipping Dataset Analysis
According to IMO [8], there are mainly three alternatives
to reduce ship sulphur emissions including switching to lowsulphur fuel oil, installing Exhaust Gas Cleaning System
("Scrubber"), and using eco-friendly fuel such as Liquefied
Natural Gas (LNG). All of the three alternatives have their
advantages and disadvantages. To help shipowners and
operators to make a decision, related government
departments, industry experts and scholars have made many
efforts to evaluate the aforementioned sulphur abatement
solutions.
Shifting to low-sulphur fuel might be the most convenient
way for ships to comply with the new regulation because it
only requires a minor modification on tanks and engines
which is not a huge investment [9]. However, the operating
costs will become a heavy burden for operators in the long run

because low-sulphur fuel is much more expensive than heavy
fuel oil [10].
Alternatively, installing a scrubber can allow ships to
continue using cheap heavy fuel while the initial cost is
considerably high as Antturi and colleagues mention that
installing scrubbers may cost 1.5 million EUR per ship
excluding pricey annual maintenance cost [11]. Considering
the long payback period and opportunity cost during
retrofitting, the market for scrubbers is still inconclusive [9].
Nevertheless, Solakivi and colleagues imply that scrubbers
might be the mainstream method for sulphur abatement by
conducting a descriptive analysis and logistic regression [12].
In terms of environmental performance, cleaner energy
such as LNG is worth consideration because using LNG can
significantly decrease emissions of NOX, SOX, and particulate
matter (PM) [13]. LNG could be a good choice for LNG
carriers or new buildings, however, it might not be suitable for
other ships because of high up-front investments and the
space-consuming volume which might reduce cargo capacity
and cause loss of benefits [14].
There are also some comparative studies. Yang and
colleagues develop a subjective generic methodology
combining TOPSIS and AHP approaches to select NOX and
SOX abatement techniques but they focus on fuel strategies in
Sulphur Emission Control Areas (SECAs) [15]. Jiang,
Kronbak & Christensen examine the costs and benefits of
abatement approaches for ships and conclude that the price
difference between low-sulphur fuel and LNG is determined
the selection to a great extent and they suggest new ships to
install scrubbers [16]. Abadie’s team points out that the
selection of abatement approaches depends on several factors,
such as fuel price, operating area, ship type, ship age and
sailing patterns [4]. They conduct an economic assessment of
switching fuel and installing scrubbers under uncertainty and
find that the remaining lifetime of a ship is a determinant
factor. Lindstad, Rehn and Eskelan compare the three options
as a function of ship types and operation patterns, their
research indicates that scrubbers will be considered by large
vessels while smaller vessels might choose to use fuels with
less than 0.5% sulphur [17]. Wang and Peng point out that the
size and shape difference affect shipping route choice and SO2
emissions by sensitivity analysis [18]. Kim and Seo examine
the actual response of Korean shipping companies by surveys
and interviews and find that investment costs are the most vital
factor, moreover, the companies' responses vary with their
size [19].
C. What Are the Problems
Based on a rigorous review of the previous studies, it can
be found that the ongoing intensive discussions surrounding
sulphur abatement in the shipping industry mainly focus on
separate solutions or comparisons between them, less on
comprehensive analysis. Since each solution has its strength
and weakness, there is not the best solution for the whole
industry but the most suitable choice for each ship, each
shipping route or each shipping company. However, there is
too much data with too many factors involved and there is no
one who combines and considers those key factors together to
indicate the impact on ship sulphur abatement. This might
because the digitalisation in the shipping industry is still
ongoing and in shortage of data analysis technical personnel
who are also professionals in international shipping.
Therefore, an interdisciplinary study combining knowledge
from both data science and international shipping transport is

imperative. Moreover, traditional data mining algorithms also
need optimisation to fit in the increasingly large dataset and
apply in practice.
In general, traditionally sustainable shipping studies have
followed contemporary regulatory developments, but they
cannot adapt to stricter regulations announced by IMO. This
research use data mining techniques to comprehensively
investigate and identify major factors in sulphur abatement
and help shipowners or operators to decide on the selection of
abatement solutions. This research can encourage the shipping
industry to save energy and reduce emissions by providing
both beneficial and eco-friendly suggestions. Therefore, the
proposed research is of great importance for the sustainable
development of the shipping industry.
III. IDENTIFYING MAJOR IMPACTING FACTORS OF SULPHUR
ABATEMENT SOLUTIONS
The Maritime industry is an integrated industry with many
different complex processes. Due to its characteristics,
maritime data is not only huge but also in various formats.
There are many types of data produced during maritime
activities, for instance, information on the bill of lading,
navigation data, and other operational information. Fig.1
shows the main types of maritime data and they ought to be
the domains in which big data and data mining technology
should be developed.

Fig. 1. Types of Shipping Data

Based on the types of data that previous researches
focused, major factors of sulphur abatement solutions were
investigated and concluded as follows:
1) Economic factor (EF)
Subfactor EF1: one-off cost
Subfactor EF2: potential profits
Subfactor EF3: sustaining cost
Subfactor EF4: potential company growth
2) Operation factor (OF)
Subfactor OF1: types of ship
Subfactor OF2: shipping routes
Subfactor OF3: charter parties
Subfactor OF3: staffing especially crew members
Subfactor OF4: operation policy updates
3) Technology factor (TF)

Subfactor TF1: ship space organisation (usage)
Subfactor TF2: abatement equipment weights
Subfactor TF3: power consumption
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Assuming that each data object is drawn independently,
the probability of obtaining the whole data set is therefore:

Subfactor TF4: equipment lifetime

𝐾

Subfactor TF5: maintenance technology
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4) Abatement factor (AF)
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The logarithm of the function above is known as the loglikelihood function. The objective of GMM clustering is to
estimate the parameters in Θ concerning X such that the
function value is maximized, indicating that the data set is the
most likely result modelled by the GMM.

Subfactor AF1: desulphurisation efficiency
Subfactor AF2: COX emission
Subfactor AF3: NOX emission
Subfactor AF4: PM emission
Subfactor AF5: effluent and solid waste
These major factors will be evaluated in terms of data
accessibility. Data might be collected using web crawler
techniques through websites such as Automatic Identification
System (AIS), Lloyd's List, Clarksons Shipping Intelligent
Network and using any other approaches if necessary. The
next stage of the work will be further exploration to each
factor and classify identified factors into weighted categories.
A weighing system will be proposed, and each factor will be
assigned with different weights and those will be applied in
proposed models later on.

The Expectation-Maximization (EM/GMM) algorithm is
used to find the fittest GMM for a data set [2]. The basic steps
of the algorithm are indicated in Figure 2.

IV. DEVELOPING FUSION MODEL IN DECISION MAKING
To discover useful information from a large dataset of
historical observations, clustering techniques have been
developed as an efficient method of grouping [20]. In the
context of data mining, clustering means dividing a dataset
into different clusters according to their different statistical
behaviours to maximise the similarity of data in the same
cluster and dissimilarity between clusters [21].
Al-Jubouri analyses the strength and weakness of
representative clustering algorithms such as k-means
algorithm, EM/GMM algorithm, normalized Laplacian
spectral clustering and mean- shift clustering, he states that
mixture models based on Gaussian distributions can explore
clusters of various sizes and shapes [22]. However, the GMM
algorithm might slow down when processing large data set
and noise and outliers may prevent its efficiency [23].
Therefore, utilising GMM algorithm to generate clusters
among big data is challenging for both academic and industry
world.
GMM is a way of expressing K clusters of a data set. Each
cluster is treated as a multivariate Gaussian distribution with
mean vectors μ and covariance matrices R as parameters [2].
Each distribution is a component of the mixture model and k
is known as the order of the mixture model. Given a data set
X = {x1, x2, ..., xN} of d dimensions, the GMM is represented
as Θ = {θ1, θ2, ..., θK} where θ𝑘 = (μk, Rk) (1≤k≤K).
If p(xn|θ k) represents the probability that data object xn is
drawn from the kth distribution θk, and ak represents the
probability that the kth distribution is chosen, then:
𝐾

𝑝(𝑥|Θ) = ∑
𝑘=1

𝐾

𝑎𝑘 𝑝(𝑥𝑛 |𝜃𝑘 ),

∑
𝑘=1

𝑎𝑘 = 1

For GMM, p(xk|θk) is often taken as the probability density
function for Gaussian distribution:

Fig. 2. Basic EM/GMM algorithm [24]

Compared with other clustering algorithms such as kmeans, the GMM clustering algorithm assumes that features
of samples obey Gaussian distribution, which is more suitable
for central limit theory under the context of large samples.
Moreover, the final result of the GMM algorithm will be the
probability of each sample belonging to different clusters,
which is more reasonable than k-means. Therefore, the GMM
algorithm is identified as a start to combine selected key
factors, and then it will be changed to fit large datasets and the
specific problem.
To apply the proposed fusion model towards sulphur
abatement solutions, we assume that each factor obeys the
Gaussian distribution. The four major factors (with high
impacts) can be seemed as four dimensions. Because there are
only four potential choices for each ship, which respectively
are switching to low-sulphur fuel oil, installing Scrubber and
using eco-friendly fuel such as LNG installing scrubber, or
scrapping the ship. There should be four components of the
proposed GMM model, which means K is four in this
circumstance.
Here is a roughly designed framework of applying the
fusion model.
1) Pre-process (feature scaling and normalisation) and
input raw data
2) Calculate high-impact factors with weights and
subfactors.
3) Compute the Initial clustering and estimate parameters.
4) Expectation step: calculate the latent variable (the
probability that each ship belongs to each distribution) based
on initial parameters.

5) Maximisation step: use the latent variable to estimate
new parameters.
6) Iterate expectation step and maximisation step until
convergence.
7) Output parameters and results of the belongings of each
ship.

The three ship sulphur abatement solutions have their own
advantages and disadvantages. It might cost huge economic
price and manpower resouces for human judgement. But with
the help of model and algotithms, we can easily get reliable
suggestion on wheter this ship should choose low sulphur fuel
oil, install a scruber or change to LNG.

This framework will be trained and tested to be optimised
so that the proposed fusion model based on GMM can be
applied to give a reasonable and sensible output which
indicates the selection of sulphur abatement solutions.
V. VALIDATION AND EXAMPLES
In order to verify the effectiveness of the proposed model,
experimental verification was performed on Matlab.
An example dataset is shown in Figure 3. It demonstrates
that the relationships between the consumption of heavy and
low sulphur fuel oil consumptions and voyages, dead weight,
sailing mileage, sailing time and berth time. It is no surprise
that the usage of heavy fuel oil is proportional to the sailing
time and mileage.
Fig. 5. Example of clustering result

Based on traditional statistic methods and optimised by
data mining algorithm , this new model improved the accuracy
of clustering result and saved resources. However, comparing
to the original intention of this research, there are still many
limitations. For example, we did not take the variation of fuel
price into account, which needs further works.
VI. CONCLUSIONS AND FUTURE WORK

Fig. 3. Scatter plot matrix of fuel consumption for four randomly selected
ships, measured between 2016 and 2018.

The aim of the experiment is to use data mining algorithm
to help with the determination of sulphur abatement solutions.
Applying the clustering algorithm into the dataset, it can be
found that four ships are assigned to three clusters. By
comparing the clustering result and the real decision made by
ship owners, regular patterns can be discovered.

This work aims to propose and apply a fusion model based
on data mining algorithms to evaluate sulphur abatement
solutions in the maritime industry because the maritime
industry is facing the challenge of stricter regulations for
sulphur abatement and there is no comprehensive evaluation
or analysis of solutions. We propose to utilise data mining
techniques to handle the problem while traditional clustering
algorithms such as Gaussian Mixed Model need to be
optimised to apply in practice. In expectation, a new fusionbased methodology can be developed to combine and
integrate identified key factors with high impact on the
selection of sulphur abatement solutions. So that the proposed
research can contribute to not only the practical application of
data mining techniques but also the sustainable development
of the maritime industry.
For future work, firstly the proposed fusion model will be
completed in detail and optimised for utilisation. Then, more
maritime data shall be collected to train and test the model.
Once we obtained enough data, they can be clustered into four
groups which respectively are switching to low-sulphur fuel
oil, installing Scrubber and using eco-friendly fuel such as
LNG installing scrubber, or scrapping the ship. When the
involved dataset becomes mass, we will try to conduct this
work on some big data platforms such as Hadoop, Hive, and
Spark and figure out how to adapt it.

Fig. 4. Histogram of four ships in three clusters according to fuel
consumption.
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