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Abstract
A stricter global sulfur regulation by International Maritime Organization MARPOL Annex IV is effective as of the beginning of 2020, but there is no monitoring
system on whether the ships actually comply with the sulfur cap. The thesis devises
a systematic approach to a prototype of a sulfur compliance monitoring system using
the state-of-the-art TROPOspheric Monitoring Instrument(TROPOMI) which measures the atmospheric presence of trace gases. Oceanic geographical coordinates are
classified by the similarity in the concentration level of trace gas with the k-means
clustering method and adequate averaging techniques. The choice of hyperparameters and the final results are statistically formulated and verified. The subsequent
longitudinal analysis on the temporal trends of trace gas emission suggests that the
sulfur dioxide measurements of TROPOMI are dominated by measurement noise.
The thesis concludes with the outcome that the nitrogen dioxide measurements of
TROPOMI can be well-utilized to backtrack the maritime anthropogenic activities
such as the regional shipping route, which indicates a possibility to be further developed as a global monitoring system for both land and maritime emission.

Acknowledgements
First of all, I would like to thank my thesis advisor Dr. Michael T. M. Emmerich of the Leiden
Institute of Advanced Computer Science, Faculty of Science at Leiden University. Michael was
always welcoming my questions and tried his best to come up with solutions. Even though we
had less opportunity to meet in person because of COVID-19 social distancing, his email and
video conference accounts were always open when I wanted to discuss theoretical and practical
matters concerning the thesis and also personal issues. His opportune advice provided the driving
power to finish this paper with my effort and eventually to become a determined researcher.
I would also like to thank my external thesis advisor Barend Ording, MSc. of Airbus Defence
and Space Netherlands who were not only a great adviser but a fantastic colleague. Without his
passion and effort, the thesis project could not have been completed with success. His profound
domain knowledge and brilliant ideas were the crucial ingredients for the culmination of the
master’s thesis research.
It is my pleasure to have Prof. dr. Willem J. Heiser as the chair of the master’s thesis
committee with a great deal of understanding and keen insight.
I want to express my gratitude to Dr. Maarten M. D. Kampert for his sincere help as the
second examiner of the master’s thesis committee from the start to the end of the entire research
project. When I was hesitant, he was always the first one to offer a helping hand and provide
professional advice such that I could get through a bottleneck. When I faced troubles, his words
were as precious as gold. He is not only a great researcher but also a reliable counselor.
I also want to appreciate Dr. Robert Voors and Sjaak Koot, MSc. from Airbus Defence and
Space Netherlands for their valuable input in the entire research project which initially ignited
the whole journey of the master’s thesis research.
Finally, I am grateful to my family for the unaffected and never-failing support throughout
the whole period of study. I will never forget their contributions in carrying out the thesis
process. Thank you.
Juhuhn Kim

Contents
1 Introduction

4

2 Initial data analysis
2.1 Research questions linked with analysis methodology . . . . . . . . . . . . . . . .
2.2 Data visualization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

6
6
7

3 Partitioning methodology
3.1 Thresholding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
3.2 Clustering . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
3.3 Optimal number of clusters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

13
13
14
18

4 Identification of shipping route
4.1 2020 global sulfur regulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
4.2 Labeling as shipping route or background . . . . . . . . . . . . . . . . . . . . . .

22
22
23

5 Temporal analysis of NO2 and SO2 emission trends
5.1 Monthly averaged NO2 and SO2 . . . . . . . . . . . . . . . . . . . . . . . . . . .
5.2 SO2 /NO2 as a proxy of fuel sulfur content . . . . . . . . . . . . . . . . . . . . . .

33
33
34

6 Conclusion and discussion
6.1 Conclusion of the research . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
6.2 Discussion on relevant further research . . . . . . . . . . . . . . . . . . . . . . . .

36
36
37

Bibliography

38

Chapter 1

Introduction
Nowadays, the presence of sulfur in the atmosphere is a global environmental issue. When it
comes to the introduction of new global maritime regulation, the issue gets much attention in
terms of the vessel operators to maximize their operating profit versus the regulatory organizations such as the International Maritime Organization(IMO) to control the global emission of
sulfur oxides into the atmosphere. As of January 1st, 2020, IMO has enforced the global regulation on the sulfur dioxide (SO2 ) emission from sea-faring ships by MARPOL Annex XI, with
a drastic decrease in maximum fuel-sulfur content from 3.5% to 0.5% (International Maritime
Organization, 2019). In addition to the global sulfur cap, it is highly expected for the newly
built vessels in the North and Baltic Sea to have stricter standards on nitrogen dioxide (NO2 )
emission (International Maritime Organization, 2019). In terms of global standards and regulations upon the shipping emission, much attention is put on the necessity of the introduction of
stringent control, such as academic researchers and governmental agencies starting a joint study
to set up a compliance monitoring system using satellite instruments to remotely monitor the
ship emission (Human Environment and Transport Inspectorate, 2020).

Figure 1.1: Single-day TROPOMI heatmaps of NO2 and SO2 emission around the Red Sea area. NO2 vertical
column and SO2 vertical column are plotted on geographical points with the longitude on the x-axis and the
latitude on the y-axis. Color scales represent the column values with blue as low value and red as high value.

Among several satellite instruments available, TROPOspheric Monitoring Instrument (TROPOMI),
the state-of-the-art remote sensing instrument on board of Sentinel-5 Precursor Earth observation
satellite launched on 13th October 2017, has much higher sensitivity and smaller ground sampling technology upon observing the troposphere of the Earth, outperforming its predecessors
like Global Ozone Monitoring Experiment(GOME) and Ozone Monitoring Instrument(OMI).
Thanks to such better resolution, it could be used as the first satellite instrument which can
4
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map, track, and monitor shipping routes by analyzing sulfur dioxide (SO2 ) emission. Despite
the advance in technology, TROPOMI still has a too weak signature for SO2 emission, not as
much embossed as nitrogen dioxide (NO2 ) signature as illustrated in Figure 1.1. In other words,
one could easily tell that there is a strong candidate for the shipping route in the NO2 emission
image, whereas this is not that easy for SO2 because of the weak and dispersed signal.
Before the global sulfur cap put into effect, many researchers have tried to measure NO2
emission from shipping with optical remote sensing such as satellite instruments orbiting the
Earth. For example, Lööv et al. (Lööv et al., 2013) found that optical measurements of NO2
emission and SO2 emission from ships can provide reliable results compared to their direct
measurements. Later, Boersma et al. (Boersma et al., 2015) discovered a noticeable drop
in average NOx emission trend in Europe via satellite measurements that is achieved by the
implementation of sea-faring ships to operate at slow speed. By using the reliable results from
the optical measurements with the capability to capture changes in average emission trend, it is
strongly believed that the usage of clear NO2 emission data from TROPOMI could help utilize
the weak SO2 emission signature from TROPOMI and draw statistical interpretation on SO2
emission.
To overcome the current obstacle in the direct usage of SO2 image, the following assumption
was established: it is possible to detect SO2 emission from shipping routes with the help of
NO2 emission measurement. Because NO2 is the most dominant form of nitrogen oxides in
the atmosphere that is generated by anthropogenic activities (Cox and Blaszczak, 1999), it is
reasonable to use the NO2 emission as the proxy of the total amount of ship emission with hightemperature combustion. Besides, the SO2 emission from a ship is directly proportional to FSC
(fuel sulfur content; the ratio of sulfur present in the fuel) (Mellqvist et al., 2014), therefore it is
rational to use the SO2 measurement by satellite instrument to approximate FSC. Accordingly,
an idea can be developed to track the amount of sulfur present in the fuel by investigating the
total amount of emission and the relative ratio of sulfur present in the total emission. Thus, the
FSC can be quantified as the ratio of SO2 /NO2 .
Along with the aforementioned assumption, the research mainly focuses on what statistical
characteristics can be detected out of raw NO2 and SO2 emission measurements, and subsequently on how to quantify and verify the results discovered. Summing up the current interest
and issue, the research questions of the thesis are formulated as the following:
1. For a fixed time, is there a regional difference in relative sulfur content in the exhaust of
sea-faring ships?
2. For a fixed coordinate on Earth, is there an inter-temporal difference in relative sulfur
content in the exhaust of sea-faring ships?

Chapter 2

Initial data analysis
2.1

Research questions linked with analysis methodology

The first research question of the thesis designs the cross-sectional analysis of the research to see
whether there is a difference among selected regions of interest on average. To track the behavior
of maritime anthropogenic emission, we first analyze the NO2 emission TROPOMI measurement
to utilize its high accuracy in the measurement, partition the measurements concerning the
average emission level with the process known as clustering, and use these partitioned batches
of the selected region, clusters, to distinguish the region with frequent anthropogenic maritime
activity(named as shipping route cluster) versus the background with hardly a human maritime
emission present(named as background cluster). With these results, one can tell the difference
in the NO2 measurements between the two selected regions or clusters. By using this NO2
emission map as a reference, it is then possible to differentiate the behavior in SO2 emission in
the regions that are already classified as either shipping route or background, so that we can
detect the anthropogenic influence on the SO2 emission which was initially difficult to detect
straightforward from looking at the daily measurements as illustrated in Figure 1.1.
As an output of the developed program of cross-sectional analysis, we get clusters of the geographical coordinates on the map depending on its aggregate emission measurements, averaged
in respective time subset. The program mainly uses k-means clustering combined with methods
to select the optimal number of clusters to produce explicable clusters to be able to distinguish
what is allegedly a shipping route and its respective background. As a result of this output, we
assign each geographical coordinate with clustering labels and then exclusively select only the
clusters of interest - ‘shipping route’ and ‘background’.
The second research question of the master’s thesis concerning the longitudinal analysis is as
follows: “For a fixed coordinate on Earth, is there an inter-temporal difference in relative sulfur
content in the exhaust of sea-faring ships?” To answer this research question, we utilize the result
that is initially produced by cross-sectional analysis: the geographical labels of ‘shipping route’
and ‘background’. We plot the activity of the shipping route and background as the time-series of
averaged emission measurement. Upon the adequate averaged time-series, we quantify the error
bar as its performance metric of the previous result from the cross-sectional analysis. Finally, we
investigate the difference in SO2 measurements of before and after the date January 1st, 2020,
as known as the date of IMO global sulfur regulation becoming effective.
As an output of the developed program of longitudinal analysis, we get the time-series plots
and respective correlation measures to conclude whether the temporal fluctuation in SO2 emission
is due to seasonality or indeed a structural change in terms of emission level coming from the
compliance to the global sulfur regulation.
6
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Data visualization

Provided by Airbus Defence and Space Netherlands B.V., NO2 and SO2 data of daily TROPOMI
measurement are stored in NetCDF (Network Common Data Form) format. Unfortunately,
the size of the daily measurement is too large to operate smoothly on a personal computer
as it collects trace gas measurement from high-scaled coordinates, and thus part of the entire
database is provided, for a fixed time interval of calendar time (one measurement per day) on
a fixed regional interval of latitude and longitude as a rectangular batch of the Earth (each
measurement with 0.03125 intervals in latitude and longitude). For this research, the time
window is chosen as from 1st December 2018 to 1st June 2020 for NO2 and SO2 measurements
from TROPOMI, total 549 datapoints in the time dimension. Likewise, the regional batch is
chosen as the Mediterranean Sea as illustrated in Figure 2.1, specifically from -12 to 17 in latitude
and from 45 to 33 in the longitude, total of 374 datapoints in the latitude dimension and 928
datapoints in the longitude dimension. As the Mediterranean Sea is one of the busiest sea
routes for global maritime logistics connecting Europe and Asia, it is most likely to display the
direct impact of global maritime sulfur emission regulation onto the satellite measurement image.
Therefore, we have a large dataset of total 190,542,528 datapoints each for NO2 measurement
and SO2 measurement from TROPOMI.

Figure 2.1: Basemap of NO2 and SO2 emission measurements from TROPOMI around the Mediterranean Sea
area. The selected region for the analysis is shown as green on geographical points with the longitude on the x-axis
and the latitude on the y-axis. All the other regions are unselected and every measurement in that coordinate is
replaced as NaN value.

2.2.1

Available data type and choice of dataset

In the TROPOMI dataset of trace gas concentrations such as NO2 and SO2 emission measurements, there are multiple available raw data stored as variables of NetCDF for each emission
tropospheric measurement. These trace gases are nowadays often measured by DOAS (Differential Optical Absorption Spectroscopy), one of the most commonly used spectroscopic methods
to measure trace gases in the open atmosphere (Platt and Stutz, 2008). TROPOMI retrieves
the NO2 and SO2 tropospheric concentration with the DOAS technique and stores these data as
NO2 slant column density and SO2 slant column density (Villena et al., 2020). The slant column
density is defined as ‘the amount of the trace gas along an average path taken by photons within a
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fit window as they travel from the sun, through the atmosphere to the satellite sensor’ (European
Space Agency, n.d.). Because of the distance between the sun and the satellite, the slant column
is not a direct representation of the vertical accumulation of atmosphere but rather a nadir viewing result from the satellite to the observation target coordinate on Earth. Due to the innate
inclination of photon travel path in slant column measurement via DOAS technique (Eskes and
Boersma, 2003), the researchers often use the converted version of slant column measurement to
vertical column measurement, representing the trace gas concentration in the atmosphere that
is accumulated vertically above the observation point from satellite remote sensor. The vertical
column density is calculated by dividing the slant column density with air mass factor(AMF)
through the DOAS technique (Eskes and Boersma, 2003).
The available datasets from the TROPOMI instrument in this research are slant column
density, slant column density precision, vertical column density, and vertical column density
precision. The precision of the respective density is defined as the error of the respective retrieved
emission concentration measurement.
In this research, the slant column value is used instead of the vertical column value as the
AMF calculation of convert the raw slant column data to vertical column data depends on the
vertical distribution of trace gas species due to atmospheric scattering (Palmer et al., 2001).
As opposed to Occam’s razor of the law of briefness, more things should not be used than are
necessary, thus such conversion is not needed if it is also susceptible to unnoticed measurement
error within the satellite instrument when the raw data itself is available. Therefore, the slant
column is chosen as the data to be analyzed since it preserves the original data values with no
influence from posterior recalculation.
Next, the slant column density is used instead of the slant column precision. Figure 2.2 shows
the contour map of slant column density and slant column precision around the Mediterranean
Sea.
As shown above, it is better illustrated in the contour map of slant column density than the
contour map of slant column precision, especially along the Strait of Gibraltar a green partitioned
lane is visible in the contour map of slant column density.
Lastly, the slant column density needs to be adequately averaged to capture the general trend
within the given time frame and at the same time able to visualize the results. Because the slant
column density contains a large amount of data in terms of the time dimension, an appropriate
averaging along the time dimension is necessary to properly plot onto a two-dimensional contour
map of latitude and longitude. This work uses the method of taking median slant column density
value along the time dimension per coordinate as the yearly subset and monthly subsets are
highly right-skewed and the median is not as much affected by the skewness of data distribution
as mean or mode. Thus, the analysis takes either yearly or monthly median of the slant column
density values to make the measurement robust to outlier values and at the same time possible
to graphically visualize.

2.2.2

Data distribution of yearly emission measurement subset

As a brief initial data analysis of the data structure, the datasets of NO2 and SO2 are examined
by constructing their histograms. As a first trial of the initial data analysis, the yearly subset of
NO2 and SO2 are examined around the selected area of the Mediterranean Sea, from -12 to 17
in latitude and from 45 to 33 in longitude.
As illustrated in Figure 2.3, the histograms of NO2 and SO2 measurements in 2019 show
highly right-skewed data distributions. Thanks to the skewness in the emission data distribution,
it is plausible to think that if one distinguishes successfully the large outlier values of NO2 and
SO2 measurements with high emission concentrations from the majority of other non-outlier
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Figure 2.2: Contour maps of NO2 and SO2 emission measurements from TROPOMI around the Mediterranean
Sea. The upper row shows a contour map of the yearly median of NO2 slant column density and another contour
map of the yearly median of SO2 slant column density, each plotted on geographical points with the longitude on
the x-axis and the latitude on the y-axis. Color scales represent the column density values with blue as low value
and red as high value. The lower row shows a contour map of the yearly precision of NO2 slant column density
and another contour map of the yearly precision of SO2 slant column density, each plotted on geographical points
with the longitude on the x-axis and the latitude on the y-axis. Color scales represent the column density values
with blue as low value and red as high value.

emission measurements, it is also possible to separate the sea-faring anthropogenic activities
generally with relatively high emission concentration of NO2 and SO2 from the other emission
trend. From the histograms of the yearly subset of NO2 and SO2 emission measurements, it is
possible to draw a characteristic of the selected region on Earth by checking how often the region
displays high emission values, and thus possible to select specific regions with high NO2 and
SO2 concentration persistent such as the non-compliant shipping emission values that exceed
the emission regulation cap. Further in this research, the clustering method will systematically
partition the histograms or one-dimensional arrays of NO2 and SO2 emission concentration into
multiple clusters and interpret the partitioned groups of the emission arrays by plotting them on
the map.

2.2.3

Data distribution of monthly emission measurement subset

The time frame of the dataset is reduced from the yearly subset to the monthly subsets to
observe the emission behavior specifically. By reducing the size of the subset in terms of the
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Figure 2.3: Histograms of NO2 and SO2 emission measurements on 2019. The two histograms at the left column
shows the original histograms of NO2 and SO2 measurements and the other two are enlarged histograms with
y-axis limited up to 100 frequency.

time dimension, it is possible to observe monthly specific emission activities and additionally
visualize the seasonality or the differences in emission concentration between months. Before
quantifying and visualizing the monthly measurements, an exemplary month measurement and
its data distribution are checked in the same manner as the yearly subset. The similar histograms
are examined but now in the monthly time frame of November 2019.

Figure 2.4: Histograms of NO2 and SO2 emission measurements in November 2019. The two histograms at the left
column shows the original histograms of NO2 and SO2 measurements and the other two are enlarged histograms
with the y-axis limited up to 100 frequency.

As illustrated in 2.4, the histograms of NO2 measurements in November 2019 show again
highly right-skewed data distribution, but not as much as the same for SO2 measurements on
November 2019. It is still possible to track the large outlier values of NO2 measurements with high
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emission concentration from the other measurements, but now the histograms of SO2 measurements on November 2019 display a shorter range of the outliers with high emission concentration.
This suggests to the research that the monthly subset of SO2 measurements may be harder to
detect the non-compliance of shipping emission, but the NO2 measurements of November 2019
still show consistent distribution as that of the whole year 2019, thus the process of partitioning
selected region will still be possible by using the monthly subset of NO2 measurements. Further
in this research, the clustering method with separate monthly subset data as input will also systematically partition the histograms of NO2 and SO2 emission concentration and the monthly
division will allow the longitudinal analysis of NO2 and SO2 temporal trends.

2.2.4

Data distribution of daily emission measurement subset

Lastly, the time frame of the dataset is further reduced to a daily subset, the smallest unit
of emission data in the time dimension. Although it is not possible to detect a prolonging
phenomenon of NO2 and SO2 emission in the selected region, the daily data distribution is the
fundamental component that composes monthly or yearly characteristics of emission trends. The
exemplary daily subset is examined, in this case on 1st December 2019.

Figure 2.5: Histograms of NO2 and SO2 emission measurements in 2019. The two histograms at the left column
shows the original histograms of NO2 and SO2 measurements and the other two are enlarged histograms with
y-axis limited up to 100 frequency.

As illustrated in Figure 2.5, the daily subsets of NO2 and SO2 emission measurements show
not much drastic outlier values on the right tail of each distribution. The research is much
interested in the behavior of the outlier values of high emission concentrations with possible
indication of non-compliant sea-faring ships. Therefore, a relatively low presence of skewness
is not desirable for this research and the daily subsets are inappropriate candidates for further
analysis.
In conclusion, the research selects the yearly subsets and monthly subsets of NO2 and SO2
emission measurements as the dataset of cross-sectional and longitudinal analyses.
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Figure 2.6: Basemap of NO2 and SO2 emission measurements from TROPOMI around the region-of-interest(ROI),
the Strait of Gibraltar. Selected region for the analysis is shown as green on geographical points with the longitude
on the x-axis and the latitude on the y-axis. All the other regions are unselected and every measurement in that
coordinate is replaced as NaN value.

2.2.5

Selecting the region-of-interest(ROI)

Since the vast majority in the contour map of slant column density is still dominated by only a
few sets of colors in the color scale, the local differences in well-known busy shipping routes are
not clearly depicted such as in the Strait of Gibraltar. Therefore, it is necessary to reduce the
size of the map further down to the local map around the ROI. For this research, the Strait of
Gibraltar is chosen as shown in Figure 2.6.

Figure 2.7: Contour maps of NO2 and SO2 emission measurements from TROPOMI around the region-ofinterest(ROI), the Strait of Gibraltar. The map on the left shows the yearly median of NO2 slant column
density and the map on the right shows the yearly median of SO2 slant column density plots, each plotted on
geographical points with the longitude on the x-axis and the latitude on the y-axis. Color scales represent the
column density values with blue as low value and red as high value.

The contour maps of yearly median NO2 and SO2 slant column densities are shown in Figure
2.7 to provide insight upon general yearly emission concentration of NO2 and SO2 around the
ROI. It is easy to observe an elongated shape of the light-blue region along the 36-line of latitude
from the contour map of NO2 , but the contour of emission data in SO2 is highly scattered such
that it does not form a distinguishable group of emission as NO2 contour map. Therefore, it
is necessary to analyze the NO2 map, partition the emission groups, and use the partitioned
information of NO2 as a reference to analyze the SO2 emission characteristic, as described earlier
in the introduction.

Chapter 3

Partitioning methodology
From Figure 2.2, the contour map of yearly median NO2 slant column density shows that the
partitioning of a one-dimensional array of trace gas concentration measurement is possible to
depict the contour range of the emission data array. However, the contour map is generated
by the default functionality of the matplotlib Python library (Hunter, 2007) and thus the
interval size is equal between the color levels. This characteristic of default contouring is not
desirable as it may blur out the small peaks gathered nearby such as subtle fluctuation in the
high concentration range of NO2 density histogram. This is already shown in the contour map
of yearly median SO2 as the lowest concentration range in dark blue is almost blurred out of the
contour map.
One might suggest that it is possible to estimate the probability density function of emission
data according to Bayesian decision theory if one knows the prior distributions of trace gases and
also the class-conditional densities of high-emission and low-emission. However, it is better not
to assume any prior distribution at this stage as the estimation of correct distribution for trace
gas emission data is very difficult. The TROPOMI data does not include the full information
of atmospheric disturbance or exact chemical reaction and dispersion rate of NO2 and SO2 in
the dynamic atmospheric condition. Instead of a parametric estimation approach, a proper nonparametric partitioning technique is needed to incorporate the local fluctuations of the emission
measurement one-dimensional data array.

3.1

Thresholding

The research investigates several partitioning methods for processing the one-dimensional data
array or the histogram of the yearly median slant column density data. A well-known technique
to partition a histogram is the thresholding or binarization technique. Thresholding is generally
adopted in the field of digital image processing and is often used to separate the foreground pixels
from the background pixels in a grayscale image. The famous technique in thresholding is Otsu’s
method (Otsu, 1979): the Otsu thresholding method obtains optimal results by maximizing the
between-class variance, the separability of the resultant classes in gray levels. Each pixel is
labeled as binary (either foreground or background) by the Otsu thresholding method.
Figure 3.1 shows the result of differentiating the high-emission regions from the rest. Despite
the simple yet powerful mechanism of the technique, it is hard to tell a clear elongated linear
shape from the binarized map of NO2 . The failure is that Otsu’s method is designed to select the
gray level with the maximal amount of difference between the binary classes of foreground versus
background (Otsu, 1979). Since the emission data does not have a clear boundary between the
high-emission region and the low-emission region, it is difficult to yield the best result out of
13
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Figure 3.1: Binarized map of yearly median NO2 and SO2 emission measurements in 2019. The red pixels indicate
the foreground and the blue pixels indicate the background, separated by the threshold value of Otsu’s method.

binarization. The emission measurement distribution is not necessarily bimodal but may have
multiple peaks, and a desirable method should be able to deal with an arbitrary number of modes
in the data distribution. Thus, it is necessary to apply methods which can assign more than two
class labels to the one-dimensional data array.

3.2

Clustering

The next partitioning methodology is the clustering method. Clustering is defined as the unsupervised classification of grouping patterns that are generally provided as a group of input data
(e.g. observations, data items, or feature vectors) into groups or clusters of similar patterns (Jain
et al., 1999). The clustering methods used in the cross-sectional analyses of TROPOMI trace gas
emission measurement is the k-means clustering method, mean-shift clustering, and hierarchical
clustering algorithm. Before moving onto the detailed explanation of each clustering method,
it is necessary to define what a similarity between a pair of data is. In the given input data of
TROPOMI, each emission measurement comes in three dimensions: time, latitude, and longitude of data retrieval. Since it is median-merged either yearly or monthly in terms of the time
dimension, the median of emission measurement contains now two dimensions of geographical
coordinate with latitude and longitude. Thus, it is possible to quantify the similarity between
a pair of median emission measurements as a geographical distance: if the pair is close to each
other in terms of geographical distance, it is likely that the pair share much similar patterns and
thus likely to locate in the same cluster. In this research, we apply the Euclidean distance as a
dissimilarity measure.

3.2.1

Centroid-based clustering: k-means clustering

The original concept of the k-means clustering is introduced by Steinhaus (Steinhaus, 1956) and
the full algorithm of the k-means clustering is further developed by many researchers such as
Lloyd (Lloyd, 1957) and MacQueen (MacQueen, 1967) in the mid-20th century. Despite the
origin of k-means clustering dates back to far past, it remains as one of the most commonly used
clustering technique as it is simple to implement and runs fast with time complexity of O (n),
where n is the number of patterns (Jain et al., 1999). It is an algorithm to partition n input
data into k clusters, each cluster with its center of cluster or centroid. The k-means clustering
method is subquadratic as it is originally with O (nk) where n is the number of patterns and k
is the number of clusters but the complexity reduces to O (n) using a simple implementation.
The research adopts the k-means clustering algorithm suggested by Lloyd (Lloyd, 1957) to
partition the emission measurements of NO2 and SO2 slant column densities from TROPOMI.
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Figure 3.2: Clusters around the Strait of Gibraltar by using k-means clustering on the yearly subset of NO2 and
SO2 emission measurement in 2019. The map on the left shows k-means clustering results of NO2 slant column
density and the map on the right shows k-means clustering results of SO2 slant column density, each plotted
on geographical points with the longitude on the x-axis and latitude on the y-axis. The initial centroids are
randomized by k-means++ technique. Color scales represent the cluster label values with the count of clusters
preset as six selected using the elbow method, with blue as the first cluster label and red as the last cluster label.

The k-means clustering is an instance of centroid-based clustering. It computes the distance
between any two points. With random initialization of k centroid points, the algorithm searches
its nearest neighbor with minimal distance from each point among randomly selected k points
and computes the centroid or the mean of these two points. With the newly computed mean
value, the algorithm searches for another nearest candidate to calculate the new centroid, until
there is no more data to do so.
The algorithm of the k-means clustering is also known as an example of expectation-maximization
(EM) algorithm. It aims to minimize the loss-function L(φ) as the following:
m

L(c1 , ..., cm , µ1 , ..., µk ) =

1 X
||Xi − µci ||2
m i=1

(3.1)

where Xi is the ith input data, ci is the group where x(i) belongs to, and µk is the k th centroid.
The benefit of the k-means clustering algorithm is that the design of the algorithm is simple and
straight-forward that it does not need high computing power and works well on a large dataset
(Jain et al., 1999), which results in the fast convergence of the algorithm.
However, the drawback of the algorithm is that the algorithm highly depends on the initial
point, as it is a greedy clustering algorithm without ever being revised in terms of its quality.
Often, this issue is mitigated by multiple trials of k-means clustering and optimizing the result
by choosing the best outcome of this. Since the k-means clustering is an NP-hard problem
(Mahajan et al., 2012) because it is highly dependent on the choice of the initial centroids,
researchers have developed ways to minimize the impact of centroid initialization, e.g. random
initialization, adaptive cluster center initialization of MacQueen (MacQueen, 1967) and make
the algorithm complexity as subquadratic. In this research, the improved initialization of kmeans++ with a randomized seeding technique (Arthur and Vassilvitskii, 2007) is chosen as it is
easily applicable to the existing Python script. Despite the mitigation of issues with initialization,
the k-means clustering method is still dependent on the choice of how many clusters one gives as
the hyperparameter, the parameters that are tuned before the implementation by the operator
of the algorithm to control the entire process of the algorithm. This issue is revisited in the later
section discussing the methods to select the optimal number of clusters. As of now, the number
of clusters is preset as six, which is selected later by the elbow method in subsection 3.3.1.
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Centroid-based clustering: mean-shift clustering

Another centroid-based clustering method is tested on the TROPOMI emission measurement:
the mean-shift clustering. The algorithm of mean-shift clustering is a type of non-parametric
probability density estimation (Parzen, 1962). The early idea of mean-shift clustering is first
suggested as a non-parametric density gradient estimation as a form of centroid-based clustering
(Fukunaga and Hostetler, 1975) and later generalized as a mode-seeking process and a global
optimization method (Cheng, 1995).

Figure 3.3: NO2 and SO2 emission measurement clusters around the Strait of Gibraltar using mean-shift clustering. The map on the left shows mean-shift clustering results of NO2 slant column density and the map on the
right shows mean-shift clustering results of SO2 slant column density, each plotted on geographical points with
the longitude on the x-axis and the latitude on the y-axis. A flat kernel is used and an estimated bandwidth
of 10% quantile samples in the batch is used. Color scales represent the cluster label values with the count of
clusters set by the algorithm as 12 for NO2 and 3 for SO2 , with blue as the first cluster label and red as the last
cluster label.

The benefit of the mean-shift clustering is that it is much independent from the choice of
multiple hyperparameters. The mean-shift clustering algorithm implemented in this research
uses a flat kernel to find the spheric clusters within the given input emission measurement of a
one-dimensional data array. Thus, the only hyperparameter remaining that needs to be set for
the mean-shift clustering is the bandwidth, i.e., the resolution of the analysis, which is a clear
advantage of the mean-shift clustering over other
 clustering methods (Comaniciu and Meer,
2002). Its time complexity is known to be O n2 in a large dataset but still able to cope with
a large amount of input data. As shown in Figure 3.3, it is indeed capable of capturing the
small differences in the high emission measurements but it rather puts too much focus on peaks
with high emission instead of properly smoothing them, eventually failing to correctly depict
the trend in other peaks. The failure is due to the functionality of mean-shift clustering: the
kernel function is acting as a smoothing filter on the density (Fukynaga and Hostetler, 1975).
Originally functioning as the strong advantage of the algorithm, the kernel function successfully
smears out the small fluctuations within the large bell-shaped distribution around the mode
of NO2 histogram in Figure 2.3 as it smooths out the within-variance of clusters with a large
amount of data. However, it identifies too well on the small fluctuations within the right tail
of the same NO2 histogram and classifies all of these small peaks as separate distributions as it
takes relatively high between-cluster variances compared to small within-cluster variances. This
phenomenon is depicted visually in the first map of Figure 3.3 that a large amount of data fall
in a small number of cluster labels (e.g. cluster 1 and cluster 2), but the majority of the other
cluster labels, each with only a small amount of data, are packed in such a small geographical area
around 37° latitude and 2.5° longitude. The mean-shift clustering method leaves the possibility to
improve the clustering result if it solves the major problem of too-detailed partitioning behavior
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in peaks of relatively small kernels. Therefore, the k-means clustering result is chosen over
the mean-shift clustering in this research to analyze the large dataset of TROPOMI trace gas
emission measurements.

3.2.3

Connectivity-based clustering: hierarchical clustering

The next clustering method is hierarchical clustering, an example of connectivity-based clustering. It computes the linkage between any pair of input data. The benefit of the algorithm is that
it does not depend on the condition of random initialization because it conducts a full search
on the linkage and determines the hierarchy out of this linkage. Depending on the different
parameters of linkage, the result is different but each result is deterministic in its sense. The
reason for deterministic results is that it does not depend on the random initialization of the
points because it looks at the connectivity of the input data. Besides, the hierarchical clustering
method is often preferred to the k-means clustering method when there may not be true counts
of clusters (Kampert, 2019). Even with this strength of the deterministic algorithm, the disadvantage of hierarchical clustering is that it requires higher complexity compared to k-means
clustering. Also, the result often changes very differently by the choice of the linkage parameter.

Figure 3.4: NO2 and SO2 emission measurement clusters at the focused area of the Strait of Gibraltar by
using hierarchical clustering with four different linkage parameters. The map on the upper-left corner shows the
hierarchical clustering result using the linkage parameter of average-link and subsequently, in clockwise order,
Ward-link, complete-link, and single-link. Color scales represent the cluster label values with the count of clusters
preset as six selected by the elbow method, with blue as the first cluster label and red as the last cluster label.
Note that the selected region for the hierarchical clustering is smaller than the original ROI with a larger area
around the Strait of Gibraltar due to the inability to run with normal computing memory power.

As shown in Figure 3.4, the hierarchical clustering method shows different results depending
on which linkage parameter it uses. The results shown in Figure 3.4 use one of four linkage
parameters: single-link (Florek et al. 1951; McQuitty, 1957; Sneath, 1957), average-link (Sokal
and Michener, 1958), complete-link (Sorensen, 1948), and Ward-link function (Ward, 1963). One
can see that some of the results show the decent shape of elongated lane such as the shipping
route passing through the strait, but others may completely fail in producing explicable results.
Despite the strong benefits compared to centroid-based clustering, the hierarchical clustering
method additionally suffers a lot from an enormously larger amount of complexity compared to
k-means clustering. Whereas the k-means clustering runs fast with space complexity of O (kn)
and time complexity of O (nkl) (Day, 1996), the hierarchical clustering runs relatively slow with
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space complexity of O n2 and time complexity of O n2 log n (Kurita, 1991), where n is the
number of patterns, k is the number of clusters, and l is the number of iterations for the algorithm
to converge. Generally, the number of clusters, k, and the number of iterations till convergence,
l, are fixed and relatively small compared to the size of data, n. Thus, the hierarchical clustering
only runs with a relatively small amount of input data and requires a lot of computing power
compared to relatively simple and fast k-means clustering. This is crucial when it comes to
the analysis of the emission measurement on large datasets such as TROPOMI measurement of
NO2 and SO2 on the global size of the troposphere because it restricts the scale of data used
for compliance monitoring. In conclusion, the hierarchical clustering method is rather expensive
compared to the centroid-based clustering method and thus the k-means clustering method is
selected as the final method to analyze the TROPOMI emission data.

3.3

Optimal number of clusters

As addressed in the description of the k-means clustering, it is an important issue to choose
how many clusters or the number of centroids for the k-means clustering analysis should have.
Numerous researches have been conducted upon the issue of the optimal number of clusters for
clustering analyses whose results are dependent on it. This research investigates three ways
to determine the optimal number of clusters: the elbow method; the average silhouette width
method and lastly the gap statistic method.

3.3.1

Elbow method

The first method of optimal cluster number selection is the elbow method (Thorndike, 1953). It
is the method to run the respective clustering analysis over a set of cluster counts, quantify the
distortion or within-cluster sum of squares from an input data to the nearest centroid, and list
the distortion score of each cluster counts on a scree plot to calculate which number of clusters
suits as the elbow.

Figure 3.5: Elbow method using distortion of clusters for the k-means clustering results of NO2 slant column
density measurement in ROI. The distortion score or sum of squared distances from an input data to the nearest
centroid is plotted against the number of clusters chosen for the respective k-means clustering results. The range
of the number of clusters is from 1 to 15, with the position of the elbow on the scree plot being 6.

Let Dk be the distortion or within-cluster sum of squares of cluster k and be defined as follows:
X X
X
Dk =
||xi − xj ||2 = 2nk
||xi − µk ||2
xi ∈Ck xj ∈Ck

xi ∈Ck
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where any pair of observations xi and xj belonging to the same cluster Ck with nk observations
and µk as the centroid of the cluster.
The distortion score Dk of each iteration of k-means clustering with k number of clusters is
shown above in the scree plot where k ∈ [1, 15]. The elbow of the scree plot is defined as the point
where the k-means clustering achieves as much fit or variance explained as possible just before
it starts overfitting. Since it is a heuristic method to choose where the elbow of the graph is,
the elbow is not a deterministic measure because one may find none or more than one (Ketchen
and Shook, 1996). To overcome the downside of heuristic, numerous researchers came up with
ideas to quantitatively calculate where the ‘elbow’ of the scree plot is. For instance, the elbow
corresponds to the concept of a knee point of the Pareto fronts in multiobjective optimization
(Wang et al., 2019), such that not only the number of clusters but also the loss-function of
the k-means clustering need to be minimized when these two criteria are conflicting each other
(Emmerich and Deutz, 2007).
In this research, the specific location of the elbow is quantitatively calculated as where the
farthest point of the graph is from the hypothetical line connecting the first point, with two
clusters, and the last point, with fifteen clusters, of the distortion graph. This quantitative
approach of the elbow method yields the final optimal number of clusters as six.

3.3.2

Silhouette method

The second method of optimal cluster number selection is the silhouette method (Rousseeuw,
1987). The silhouette method evaluates every observation of k-means clustering result partitioned
to k clusters by the concept ‘silhouette width’, then select the optimal number of clusters with
the highest average silhouette width of all observation. The silhouette width is the means of
evaluating the quality of clusters by quantifying the dissimilarity or distance to the centroid of
a cluster where an observation belongs and also the distance to the centroid of another cluster
that is nearest to that observation. The mathematical formulation of the silhouette width is as
follows (Rousseeuw, 1987):
1. For any object x in cluster CA , compute ax , the average distance of x to all other objects
of the cluster where x belongs.
2. For any cluster CB other than CA , compute d (x, CB ), the average distance of x to all
objects of CB , and select the smallest of these values and denote as bx = min d (x, CB ).
CA 6=CB

For a cluster CN with its average distance from x being the smallest such that d (x, CN ) =
bx , the cluster CN is defined as the neighbor cluster of x.
3. Define the silhouette width of an object x as Sx =

bx −ax
max (ax ,bx ) ,

where −1 ≤ Sx ≤ 1.

As an object achieves high silhouette width close to 1, it means that the object is well
classified to its cluster compared to the neighbor cluster. Likewise, an object is poorly classified
and probably classified to its neighboring cluster when it shows a low silhouette width close to
−1.
Due to its straightforward quality measure of the clustering result, the silhouette method is
popular in computing the quality of the clustering result. However, it lacks the connection to an
informative clustering result as the highest average silhouette width is located at cluster counts of
2. This means that the k-means clustering result of the NO2 slant column density measurement in
ROI does not effectively differentiate the small differences in high NO2 emission measurements.
The reason for the silhouette method failing to produce a comprehensive clustering result is
due to its algorithmic design best-working in a situation to seek compact and clearly separated
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Figure 3.6: Silhouette method using average silhouette width of clusters for the k-means clustering results of NO2
slant column density measurement in ROI. The average silhouette width is plotted against the number of clusters
chosen for the respective k-means clustering result. The range of the number of clusters is from 1 to 15, with the
highest average silhouette width achieved at two clusters.

clusters and with roughly spherical clusters (Rousseeuw, 1987), as known as the globular bias
(Jarvis and Patrick, 1973) which is a form of nontrivial assumption of using the distance concept
as the dissimilarity measure and expecting clearly separated clusters (Lee and Olafsson, 2013).
Because of the tendency of the silhouette method to evaluate smooth and globular clusters as the
best result, it rates the result with two large bulks as the best, which in fact is smearing out all
the small and important peaks that are captured in k-means clustering and even in mean-shift
clustering. Therefore, the silhouette method is not suitable for analysis on trace gas emission
measurement where small peaks may convey highly important facts and phenomena.

3.3.3

Gap statistic

The last method of optimal cluster number selection is the gap statistic (Tibshirani et al., 2001).
The gap statistic is a quality measure of clustering result by comparing the within-cluster dispersion or within-cluster sum-of-squares concerning the number of clusters, k (Tibshirani et al.,
2001). It is suggested as a statistical procedure to formalize the heuristic elbow method by
comparing the k-means clustering result with a null reference distribution or no distinct clusters
within the data. The following shows the mathematical formulation of gap statistic (Tibshirani
et al., 2001):
1. Calculate Wk , the normalized within-cluster sum of squares, as:
Wk =

K
X
1
Dk
2nk

k=1

2. In each case of Wk , estimate En∗ [log (Wk )] by averaging the B copies log (Wk∗ ), each computed by Monte Carlo sample X1∗ , ..., Xn∗ drawn from the null reference distribution uniformly over the range of observations.
3. Calculate the gap statistic Gap (k) = En∗ [log (Wk )] − log (Wk )
q

4. Define the Monte Carlo simulation error in En∗ [log (Wk )] as sk =
1 + B1 sd (k) where
sd (k) is a denotation of the standard deviation of the B Monte Carlo replicates log (Wk∗ ).
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5. The optimal number of clusters is now given as the smallest k such that Gap (k) ≥
Gap (k + 1) − sk+1 .

Figure 3.7: Gap statistic method using the gap statistic of clusters for the k-means clustering results of NO2 slant
column density measurement in ROI. The gap statistic of the k-means clustering is plotted against the number
of clusters chosen for respective k-means clustering results. The range of the number of clusters is from 1 to 15,
with the highest gap statistic value achieved at one cluster.

Thanks to its formal and statistical definition of where the ‘elbow’ is, it is often used as the
quality measure of the clustering result. However, the gap statistic method again gives the result
that the best clustering result is with only one cluster as shown in Figure 3.7. It means that the
distribution of one-dimensional NO2 emission measurement contains not many well-separated
clusters, and indeed the histogram of NO2 emission in Figure 2.3 shows that the data is much
stacked as one large bell shape with little peaks on the right tail. Tibshirani explained that the
gap statistic suggests better results only when the clusters are well separated (Tibshirani et al.,
2001), and thus such metric does not fit well to the NO2 data distribution where supposedly a
lot of overlaps occur between classes. Therefore, the gap statistic is again not a good quality
measure to suggest how many clusters one needs to assign for the k-means clustering analysis.

3.3.4

Summary of clustering

In conclusion, the cross-sectional analysis of trace gas emission measurements from TROPOMI
will utilize the k-means clustering method supported by random initialization and the number
of clusters preset as six selected by the elbow method.

Chapter 4

Identification of shipping route
4.1

2020 global sulfur regulation

In light of the introduction of the 2020 global sulfur cap, it is expected to see a decrease in
the TROPOMI measurement of SO2 by January 1st of 2020, with the assumption that the
global maritime vessel conductors will comply with the sulfur regulation of 0.50% fuel sulfur
content limit, reinforced from the previous 3.50% limit (International Maritime Organization,
2019). Therefore, the project conducts longitudinal analysis in terms of the progression of global
SO2 emission for the temporal change before and after the adoption of global regulation in the
beginning of 2020.

4.1.1

Adjustment of the temporal subset

The emission trend can be analyzed in the temporal subset of the clustering. The k-means
clustering result on the yearly median NO2 emission measurement is now revised by adjusting
the temporal window of the time dimension.
First, the yearly clustering result of the k-means clustering is shown in Figure 3.2. The
clustering based on the yearly median of NO2 slant column density data yields a single set of
clusters. The benefit of yearly median value is that it grants a single standard of clustering so
that the algorithm can be uniformly applied throughout the entire period and therefore provides
a single output out of the algorithm with much-saved computing power. However, it cannot
properly distinguish the seasonal difference of the emission from the monthly variation of high
emission measurements as shown in Figure 2.4, resulting in that the seasonal variation may
overwhelm the daily emission of shipping activity. Thus, the yearly clustering has a clear benefit
of showing one simple result but also a distinct drawback of smearing out both the small withinmonth differences and between-month differences or seasonality.
In contrast, the monthly clustering result of the k-means clustering is shown in Figure 4.2.
The outcome of the clustering program is in total seventeen separate clustering results, generated
from respective original monthly contour maps for each trace gas as shown in Figure 4.1. The
benefit of monthly clustering is that it can show different results per month so that the program
is robust to the seasonal difference in emission. For example, the emission amount during the
summer period of 2019 is systematically a lot higher than that of the winter period of 2019, but
the monthly clustering result is resistant to this influence of the seasonal fluctuation in emission.
This yields a much robust clustering result that is not affected by seasonality, with a drawback of
more repetition of the algorithm as a whole, resulting in a lot slower completion time of analysis.
Thanks to modern technology, the monthly clustering outperforms the yearly clustering result in
22
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quality given high enough computing power. In modern days, the condition of high computing
power is of less focus with the rapid development of hardware, and the research project thus
proceeds with the monthly clustering result to further analyze the temporal trend of trace gas
emission.

4.2

Labeling as shipping route or background

Given the monthly k-means clusters, it is now possible to label some of the clusters with human
interpretation. Generally, ships do not have an agreed and designated route to sail in the open
sea but they tend to travel in an economical route with minimal fuel consumption (Roh, 2013).
When the collective behavior of ships to minimize their operating cost is merged, it creates popular shipping routes, i.e. the Suez Canal, the Strait of Gibraltar. This collective anthropogenic
maritime activity then forms certain regions with high emission like a highly polluted highway
due to severe traffic jams. Thus the clustering result of emission measurement can be used to
distinguish regions with high emission, or regions that are mostly used as the shipping route.
Since the research aims to investigate the compliance of trace gas emission from ships, a consecutive group of clusters will now be denoted as ‘shipping route’ serving as the experimental group,
and another cluster that shows very low emission measurement will be denoted as ‘background’
serving as the control group.
As shown in Figure 4.2, the cluster-6 with the highest emission measurements in red often
encompasses the emission activity that occurs near the coastal area. Because the main focus
of the analysis lies in the maritime anthropogenic activity, cluster-6 is not a good choice to
include in the shipping route. Instead, the combination of cluster-4 in yellow and cluster-5 in
orange is generally distributed away from the coastal region and also encompasses the elongated
lane-shaped activity through the Strait of Gibraltar. Therefore, the ‘shipping route’ in the ROI
around the Strait of Gibraltar is defined as where the emission measurement belongs to either
cluster-4 or cluster-5.
Likely, the cluster-1 is the cluster of measurements showing the lowest monthly median NO2
slant column density, and it is generally located far in the Atlantic Ocean area. Therefore, it
matches with the prior knowledge that these areas are hardly visited by ships compared to the
‘shipping route’. Therefore, the ‘background’ in the ROI around the Strait of Gibraltar is defined
as where the emission measurement belongs to cluster-1.
Figure 4.3 shows NO2 and SO2 emission measurements that are either classified as ‘shipping
route’ or ‘background’. One can see that the shape of shipping route clustered by NO2 emission
assembles the elongated shape of typical shipping route, and the shape of background clustered
by NO2 emission is located farther from the coastal area and usually far in the Atlantic ocean
or in the middle of the Mediterranean sea.
In conclusion, it is possible to successfully portrait the popular shipping route by tracking back
the shipping emission combined with clustering techniques, without the help of other external
data sources of ship transponders or GPS navigation records.
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Figure 4.1: Contour maps around the Strait of Gibraltar on monthly subsets of NO2 and SO2 emission measurement, total seventeen months from December 2018 to May 2020 for each trace gas type. The maps on the left
column show the contour maps of monthly median NO2 slant column density and the maps on the right column
show the contour maps of monthly median SO2 slant column density, each plotted on geographical points with
the longitude on the x-axis and the latitude on the y-axis. Color scales represent the column density values with
blue as low value and red as high value.
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Figure 4.2: Clusters around the Strait of Gibraltar by using k-means clustering on monthly subsets of NO2 and
SO2 emission measurement, total seventeen months from December 2018 to May 2020 for each trace gas type.
The maps on the left column show the k-means clustering results of monthly median NO2 slant column density
and the maps on the right column show k-means clustering results of monthly median SO2 slant column density,
each plotted on geographical points with the longitude on the x-axis and the latitude on the y-axis. The initial
centroids are randomized by k-means++ technique. Color scales represent the cluster label values with the count
of clusters preset as six selected by elbow method, with blue as the first cluster label and red as the last cluster
label.
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Figure 4.3: Contour maps of shipping route and background around the Strait of Gibraltar by using k-means
clustering on monthly subsets of NO2 emission measurement, total seventeen months from December 2018 to
May 2020. The maps on the left column show the distribution of the monthly median NO2 slant column density
labeled as shipping route and the maps on the right column shows the distribution of monthly median NO2 slant
column density labeled as background, each plotted on geographical points with the longitude on the x-axis and
latitude on the y-axis. Color scales represent the column density values with blue as low value and red as high
value.

Chapter 5

Temporal analysis of NO2 and SO2
emission trends
5.1

Monthly averaged NO2 and SO2

Finally, the clustering result facilitates the temporal analysis of NO2 and SO2 emission measurements. The temporal analysis is conducted upon total of 17 months of period, from January
2019 to May 2019.

Figure 5.1: NO2 and SO2 emission measurements of shipping route and background at the Strait of Gibraltar,
plotted as time-series. The trend shows the monthly average (mean value) of slant column density measurements
in the shipping route and background during the year 2019 and 2020. The trend of total 17 months for the
shipping route and background is divided into the trend of 2019 (before the implementation of IMO global sulfur
regulation) and the trend of 2020 (after the implementation of IMO global sulfur regulation), same for both NO2
and SO2 time-series plots.
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It is known that the sulfur regulation takes place as of the beginning of 2020, so one can
expect a significant drop in emission trend of SO2 once every ship complies with the global
sulfur regulation by operating with VLSFO(0.5% low sulfur fuel oil) or LNG and installing SOx
scrubbers.
As one can see, the monthly average trends of NO2 and SO2 have both relatively high average
values around the summer period followed by relatively small error bars and relatively low average
values around the winter period followed by relatively large error bars. This is possibly due
to generally clear weather in the summer and larger amount of solar photons received by the
TROPOMI sensor that contributes to a larger amount of data retrieval via DOAS technique
by increased transmittance of the atmosphere, a measure for the probability that photons travel
through the atmosphere, are reflected by a surface with unit albedo, and travel back to the sensor
(van Geffen et al., 2019). It shows a consistent trend also in the winter, the period with fewer
days of clear weather and definitely with less amount of solar photons received by the TROPOMI
sensor. It is well-known that the amount of sunlight reaching the surface of the Earth through
the atmosphere and reflecting to the satellite is less during the winter due to the tilt of Earth
causing the Northern Hemisphere position away from the sun. The high standard error of the
NO2 and SO2 is also possibly due to less sunlight and thus less clear days during the winter that
decreases the transmittance of the atmosphere.
An interesting feature observed from the trend is that the NO2 displays a sudden drop in
February 2020 and slowly recovers its usual trend similar to the trend of 2019. The drop is
visible in both the shipping route and the background of the 2020 NO2 trend with the shipping
route displaying a steeper drop. This depicts the global decrease in the world trade, expected to
fall by between 13% and 32% in 2020 due to the COVID-19 pandemic situation (World Trade
Organization, 2018). Since maritime logistics serves as the major means of international trade,
the volume of shipping activity is closely related to the volume of world trade. As the NO2 takes
a large proportion of emission from high-temperature combustion, the amount of NO2 emission
can be used as the proxy of shipping emission (Cox and Blaszczak, 1999), and therefore it is
reflecting the drop in international trade volume in February 2020 due to COVID-19. As the
shipping route shows a steeper drop compared to the background in NO2 emission, it is consistent
with the clustering result that the shipping route is much directly affected by anthropogenic
maritime activity compared to the background, and consequently showing a larger decrease of
NO2 emission in the shipping route, which prolongs for a while until March 2020.
However, the trend observed in NO2 emission is not visible in SO2 emission temporal plot.
Rather, it shows a fuzzy trend with large error bars overlapping one another. Even though it
shows consistency in the yearly analysis (e.g. smaller error bars during the summer period), the
individual monthly average values of SO2 emission measurements are difficult to disentangle the
shipping route from the background. In other words, the true measurement of SO2 emission is
dominated by a large standard error such that it is hard to distinguish the shipping route SO2
measurement from the background. The images with large noise were already shown in previous
results of Chapter 3: Partitioning methodology, e.g. Figure 3.2.

5.2

SO2 /NO2 as a proxy of fuel sulfur content

Because the SO2 emission measurement of TROPOMI is fuzzy and dominated with noise, SO2
measurement itself is not properly analyzed. Instead, the research tries to quantify the FSC(fuel
sulfur content) by using SO2 /NO2 as the proxy of FSC. Since FSC is directly proportional to
the amount of sulfuric emission (Mellqvist et al., 2014), the ratio SO2 /NO2 may yield better
comprehensible results: the higher the FSC the higher the value of SO2 /NO2 ratio.
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Figure 5.2: The ratio SO2 /NO2 of shipping route and background at the Strait of Gibraltar, plotted as time-series.
The trend shows the monthly average (mean value) of SO2 slant column density measurements over the monthly
average (mean value) of NO2 slant column density measurements in shipping route and background during 2019
and 2020. Each averaged value is followed by an error bar, vertical lines stemming from the monthly trend line
with tips in both ends to display one standard error of the monthly average or the 95% confidence interval. The
trend of total 17 months for the shipping route and background is divided into the trend of 2019 (before the
implementation of IMO global sulfur regulation) and the trend of 2020 (after the implementation of IMO global
sulfur regulation), same for both NO2 and SO2 time-series plots.

As shown in Figure 5.2, it is quite difficult to tell whether the FSC significant drops after the
introduction of global sulfur regulation from January 2020, which is counter-intuitive to the idea
that the SO2 /NO2 ratio will show the decreasing trend of FSC. Instead, the ratio SO2 /NO2 in
2020 generally tends to float above that in 2019. Moreover, the trend of the ratio SO2 /NO2 in
2020 show similar temporal progression as the previous year, indicating that the ratio SO2 /NO2
does not properly capture the global drop in shipping activity by COVID-19 disruption after
February 2020.
A possible situation going behind the incomprehensible trend of SO2 /NO2 ratio is that the
global maritime shipping operators do not comply with the global sulfur regulation of IMO MARPOL Annex XI which mandates the drop of FSC in global seaway from 3.5% to 0.5%. If every
ship is law-abiding and the given data is exactly conveying the true atmospheric phenomena, one
can expect to see a significant drop to almost one-seventh at least from January 2019 to January
2020. However, the SO2 /NO2 trend, a proxy of FSC, is not much changed in early 2020 and
even observe a higher value of SO2 /NO2 ratio during February 2020 compared to a year before.
Therefore, one may interpret this result as the reluctant adoption of global regulation, assuming
that the given input data effectively reflects the true reality of atmospheric phenomena.
Another possible reason for the FSC trend not properly portraying the trend of NO2 is that
the suggested proxy for FSC captures the SO2 trend much more as it is placed in the numerator
of the FSC proxy ratio, and the fuzzy trend of SO2 is only slightly mitigated by NO2 which also
shows not much drastically changing trend.
As it is shown in 5.1, it is highly likely that the NO2 measurement reflects the true reality of
maritime anthropogenic emission well as it captures the impact of COVID-19 in the trend, but
not for the SO2 measurement as there is not a significant decrease in measurement compared to
the same months of last year. Thus, it is reasonable to think that it is not suitable to draw any
reliable interpretation from the SO2 /NO2 ratio result, because the SO2 emission measurement of
TROPOMI is dominated with much noise present such that it does not deliver an interpretable
result even with the refinement of the proxy with a well-defined clustering result of NO2 emission
measurement.

Chapter 6

Conclusion and discussion
6.1

Conclusion of the research

The following shows the bullet points of the program developed in this research:
1. This research developed a Python program to partition the NO2 emission measurement in
the Mediterranean Sea area into multiple clusters by the k-means clustering method.
2. The program uses the Euclidean distance as the dissimilarity measure.
3. The program uses Lloyd’s algorithm in general while the initial centroids of the clusters
of the k-means clustering is selected by k-means++ algorithm.
4. The optimal number of clusters for the k-means clustering method is the most crucial
hyperparameter in the program and it is selected as six according to the elbow method.
Thanks to the aforementioned development, this research successfully identifies the shipping activity, and collectively the shipping route, using maritime NO2 emission measured by
TROPOMI. The clustering results of the program can be established as a single result with
yearly averaged results to get a general overall year-long trend NO2 emission. These results can
be further split in detail as multiple monthly results with monthly averaged results to examine
the month-specific emission trend and at the same time. The successful division of measurement
into monthly subset helps exclude the influence of seasonality in the measurement that possibly
comes from the differences in the number of solar photons received by the TROPOMI sensor due
to seasonal availability of clear days and sunlight caused by tilted Earth’s axis.
However, the research has no firm conclusion on SO2 emission trend as the measurement itself
from TROPOMI is possibly dominated by noise such that it only displays a slightly consistent
yearly trend (e.g. higher emission during the summer). Moreover, one cannot draw a reliable
interpretation from the dataset of a much detailed time frame such as the monthly subsets as the
monthly averaged SO2 emission measurements fails to demonstrate an impact from COVID-19
global maritime logistics recession. In contrast to SO2 emission trend, NO2 trend successfully
display the sudden drop in monthly averaged emission concentration in the Strait of Gibraltar
around February 2020, which is consistent with the known fact of global economic slowdown and
thus a sudden decrease in maritime anthropogenic emission from ships.
Lastly, because the SO2 emission measurement is possibly blurred out by noise, the ratio of
SO2 /NO2 does not properly function as the proxy of FSC. It is highly likely that the SO2 /NO2
ratio follows the trend of SO2 emission measurement and the NO2 emission measurement fails
to display the true trend that is currently dominated by noise.
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Discussion on relevant further research

The contribution of the master’s thesis research to the research community is that it is the first
attempt to quantitatively analyze the impact of 2020 IMO sulfur regulation that is observed
via Sentinel-5P TROPOMI. It opens the possibility of similar statistical analysis on TROPOMI
measurement, especially in terms of SO2 measurement, because the SO2 measurement itself is
difficult to interpret because of highly present noise. The research distinguishes the systematic
noise and unsystematic noise of SO2 emission using the NO2 measurement as a stable reference
data.
This research focuses on the Mediterranean Sea data, and one can use the program in a
different region of interest, even including the research on the emission measurement originating
from land anthropogenic activities. For example, the idea of partitioning the maritime trace gas
emission measurement can be applied to other busy shipping routes and bottleneck regions of
maritime logistics such as the Suez Canal or the Singapore Strait. Once the quality of input
data is reliable such as NO2 emission measurement from TROPOMI, the governmental agencies
or regulatory institutions may develop the compliance monitoring system out of clustering result
to see an average emission concentration and trace back the irregular emission events such as
a sudden peak in a daily measurement compared to the standard amount calculated from the
program.
The limitation of the master’s thesis research is that some of the algorithms in the program
require a priori information in the choice of hyperparameter(s), such as the number of clusters.
Even though it gives an idea as the prototype of semi-supervised learning, the preset of hyperparameters is still a strong deterministic factor of the outcome of the program. The future research
may investigate further on the trace gas emission data of TROPOMI using modern advanced
clustering algorithm with different parameters, especially with fewer hyperparameters. Besides,
one can use different dissimilarity measure to cope with any form of data distribution, such as
the disconnectivity and the neighborhood concept.
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of Earth and Space Sciences, Chalmers University of Technology. Retrieved from http://
publications.lib.chalmers.se/records/fulltext/214636/local_214636.pdf
[27] Otsu, N. (1979), A threshold selection method from gray-level histograms. IEEE Transactions on Systems, Man, and Cybernetics, 9 (1), 62-66.

BIBLIOGRAPHY

40

[28] Palmer, P. I., Jacob, D. J., Chance, K., Martin, R. V., Spurr, R. J. D., Kurosu, T. P., Bey,
I., Yantosca, R., Fiore, A., & Li, Q. (2001). Air-mass factor formulation for spectroscopic
measurements from satellite: Applications to formaldehyde retrievals from the Global Ozone
Monitoring Experiment. Journal of Geophysical Research Atmospheres, 106 (D13), 1453914550.
[29] Parzen, E. (1962). On estimation of a probability density function and mode. Annals of
Mathematical Statistics, 33, 1065-1061.
[30] Platt, U., & Stutz, J. (2008). Differential Optical Absorption Spectroscopy: Principles and
Applications (Physics of Earth and Space Environments) (2008th ed.). Springer.
[31] Sneath, P. H. A. (1957). The application of computers to taxonomy. Journal of General
Microbiology, 17, 201–226.
[32] Sokal, R. R., & Michener, C. D. (1958). A statistical method for evaluating systematic
relationships. University of Kansas Science Bulletin, 38, 1409–1438.
[33] Sorensen, T. (1948). A method of establishing groups of equal amplitude in plant sociology
based on similarity of species content and its application to analyses of the vegetation on
Danish commons. Biologiske Skrifter, 5 (4), 1–34.
[34] Steinhaus, H. (1956). Sur la division des corps materiels en parties. Bulletin of the Polish
Academy of Sciences, Class III, 4 (12), 801–804.
[35] Roh, M. (2013). Determination of an economical shipping route considering the effects of
sea state for lower fuel consumption. International Journal of Naval Architecture and Ocean
Engineering, 5 (2), 246-262.
[36] Rousseeuw, P. J. (1987). Silhouettes: A graphical aid to the interpretation and validation
of cluster analysis. Journal of Computational and Applied Mathematics, 20, 53-65.
[37] Thorndike, R. L. (1953). Who belongs in the family? Psychometrika, 18 (4), 267-276.
doi:10.1007/bf02289263
[38] Tibshirani, R., Walther, G., & Hastie, T. (2001). Estimating the number of clusters in a
data set via the gap statistic. Journal of the Royal Statistical Society: Series B, (Statistical
Methodology), 63 (2), 411-423.
[39] van Geffen, J.H.G.M., Eskes, H.J., Boersma, K.F., Maasakkers, J.D., & Veefkind,
J.P. (2019). TROPOMI ATBD of the total and tropospheric NO2 data products.
(Document No. S5P-KNMI-L2-0005-RP). Royal Netherlands Meteorological Institute.
Retrieved
from
https://sentinel.esa.int/documents/247904/2476257/
Sentinel-5P-TROPOMI-ATBD-NO2-data-products
[40] Villena, C. R., Anand, J. S., Leigh, R. J., Monks, P. S., Parfitt, C. E., & Vande Hey, J. D.
(2020). Discrete-wavelength DOAS NO2 slant column retrievals from OMI and TROPOMI,
Atmospheric Measurement Techniques, 13, 1735–1756.
[41] Wang, Y., Limmer, S., Olhofer, M., Emmerich, M. T., & Back, T. (2019). Vehicle Fleet Maintenance Scheduling Optimization by Multi-objective Evolutionary Algorithms. 2019 IEEE
Congress on Evolutionary Computation (CEC).
[42] Ward Jr., J. H. (1963). Hierarchical grouping to optimize an objective function. Journal of
the American Statistical Association, 58 (301), 236–244.

BIBLIOGRAPHY

41

[43] World Trade Organization. (2018, April 8). Trade set to plunge as COVID-19 pandemic upends global economy [Press Release]. Retrieved from https://www.wto.org/english/news_
e/pres20_e/pr855_e.pdf

