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Abstract
Maritime transportation is responsible for about 2.6% of the global CO2 emissions. The GasDrive
project aims to increase ship efficiency and reduce the overall maritime CO2 emissions by a novel
gas engine design and underwater exhaust reducing the ship’s resistance in the water. However,
the submerged exhaust discharge may lead to locally elevated CO 2 concentrations, which is a
well-known threat to the marine ecosystems. Therefore, it is important to evaluate the impact of
underwater exhaust gas on the maritime dissolved inorganic carbon concentration and identify the
vulnerable ecosystems. To the best of our knowledge, no exposure assessments have been done
on underwater exhaust CO2 from ships to the marine ecosystem. Thus, the presented study aims
to perform the first exposure assessment and preliminary risk assessment of such novel ship
design before releasing them to the market.
This study estimated the exposure levels and size of exposed area via ship traffic data and the
equilibrium between CO2 in the atmosphere and dissolved inorganic carbon (DIC). Additionally,
the global vulnerable areas were identified and mapped under four seasons based on indicators
concentrations of total alkalinity (TAlk), chlorophyll-a, DIC, and cumulative human impact (CHI).
Exposure was subsequently plotted against vulnerability to estimate risk for 262 ecoregions.
Lastly, all analyses were repeated on a finer scale (sub-dividing the ecoregions based on
bathymetry) in Europe, which was the continent with the highest exposure levels.
Dense shipping lanes caused high exposure near most European and Chinese coastal ecoregions
and in maritime chokepoints. Shipping lanes were highly dispersed in the open oceans, resulting
in low exposure per gridcell. High vulnerability occurred almost exclusively in coastal ecoregions
and near sea ice, with some seasonal variation caused by fluctuations in ice cover, chlorophyll-a
and TAlk. Risk was high in The Yellow Sea, the North Sea and Southern China, while risk was
low in all open oceans. The European analysis revealed that risk was often highest near coastlines
and in maritime chokepoints due to dense shipping lanes, low TAlk and high chlorophyll-a.
Risk mitigation efforts and future research should be prioritized in the high-risk regions identified
in this study. In these regions, the tradeoff between reducing atmospheric CO2 emissions and
protection of ecosystems and the services they provide might not be beneficial. A follow-up risk
assessment should be performed once the real GasDrive emission factors are known. A more
detailed risk assessment should consider modeling risk for future scenarios of ship traffic growth,
developing CO2 impact buffer zones around dense shipping lanes, and including the influence of
marine habitat composition on vulnerability.
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1 Introduction
1.1 Context and background
Maritime transportation is a significant and growing source of global greenhouse gas emissions
(Olmer et al., 2017). The sector has consistently grown over the past three decades and is
projected to continue growing annually with 3.8% between 2019 and 2023 (UNCTAD, 2018b). In
2012, ships were responsible for emitting around 940 million tonnes of CO2, which represented
about 2.6% of global CO2 emissions (Eide et al., 2011; European Commission, 2019). According
to the third greenhouse gas study of the International Maritime Organization (2014), these
emissions are projected to increase between 50% and 250% by 2050, undermining the goals of
the Paris Agreement (UNFCCC, 2015). There is much untapped potential to increase shipping
energy efficiency and reduce the sector’s CO2 emissions (Rehmatulla et al., 2017; Jafarzadeh &
Utne, 2014).
One potential solution is the GasDrive project, which aims to increase the energy efficiency of
liquefied natural gas-powered ships (GASDRIVE, n.d.). GasDrive plans to develop ships equipped
with turbocharged gas engines and new generation fuel cells, which can reduce fuel demand by
more than 50% compared to traditional ships. The exhaust gas, consisting primarily of CO2 and
water, will be released underwater. A specially designed nanostructured hull is expected capture
the gas bubbles and reduce water resistance with anti-fouling properties. These innovations
should allow the GasDrive project to substantially reduce the total amount of CO2 emitted into the
atmosphere by maritime transportation. However, underwater release of exhaust gas could lead
to locally elevated CO2 concentrations, which is a well-known threat to the marine ecosystems.
For example, ocean acidification may take place in areas where the natural capacity of seawater
to buffer against changes in pH is low (Barker & Ridgwell, 2012). Additionally, excessive and
ecosystem disruptive algal blooms may occur under eutrophic conditions (Schippers et al., 2004a).
As such, low buffered and eutrophic areas can be considered vulnerable to underwater release of
exhaust gas. It is crucial to quantify and map the risk associated underwater release of CO 2, as it
will provide guidance to risk managers and decision makers for the spatial management of
GasDrive ships and will aid in follow-up research.
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1.2 Problem statement
This thesis builds on a previous student’s (Vámos, 2019) study on selecting CO2 vulnerable areas
by addressing some of the limitations and expanding the analyses with new methods and
additional data.
Vámos’ research area didn’t cover the entire world’s ocean but was limited to the North Pacific
Ocean and parts of the Indian, Atlantic, and Arctic oceans. Introducing global datasets allows for
expansion of the research area to cover all the world’s oceans. A global analysis is important
because ship traffic takes place on a global scale, which means all marine areas could potentially
be exposed to elevated CO2 concentrations. Additionally, the spatial resolution of 90km 2 used in
Vámos’ study does not adequately address variations in risk between open ocean and coastal
areas. This could be problematic, as runoff from anthropogenic stressors near coastlines
exacerbates acidification and causes algae to proliferate (NOAA, 2018; Hilmi et al., 2015). Not
only is there increased chance of impact on marine ecosystems effects near coastlines, the
consequences for both the ecosystem and humans could also be more severe. For instance, there
is a higher risk that vulnerable ecosystems and organisms will be impacted, such as declining
calcification rates in coral reefs and molluscs (Guldberg et al., 2007; Hilmi et al., 2015; IUCN, n.d.).
The impact of acidification on humans near the coast is also predicted to be increasingly serious
in terms of livelihoods, food security and coastal protection (Guldberg et al., 2007). On top of this,
one should consider that most maritime transportation takes place near the coastline (Rodrigue &
Notteboom, 2017). The above-mentioned reasons show the high importance of increasing the
spatial resolution of 90km2 used by Vámos.
Besides the spatial resolution, the temporal resolution is also important to consider. The ocean is
a dynamic system, which means that its vulnerability to elevated CO 2 could vary seasonally. For
instance, convective mixing during seasonal cooling brings deep waters rich in total alkalinity to
the surface, thereby increasing the surface water’s capacity to buffer against changes in pH (Lee
et al., 2006). The same goes for algal blooms, who’s growth is exacerbated during seasonal
warming and sea ice retreat (Nicolajsen, 2012; Lee et al., 2006; Moore & Abbott, 2000). Therefore,
the presented thesis includes seasonal vulnerability maps instead of a yearly map.
Vámos’ study estimated vulnerability based on DIC concentrations and shipping routes. However,
the vulnerability of a marine ecosystem depends on multiple factors (Halpern et al., 2007). It was
therefore a crucial step to identify additional indicators of vulnerability and include them in the
analyses.
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To better address the risk associated with underwater release of CO2, the presented thesis
includes the exposure of marine areas to shipping CO2 emissions as well (De Lange et al., 2010).
This is a very important step considering the significant and growing shipping emissions.
Eventually, the vulnerability- and exposure maps are combined in a preliminary risk assessment
to indicate the risk of 262 ecological areas when exposure to underwater exhaust CO2 occurs.

1.3 Objectives and research questions
The objective of this thesis is to perform a preliminary risk assessment to understand and quantify
the global spatial distribution of risk associated with elevated CO2 concentrations due underwater
exhaust of GasDrive ships. The following research questions were formulated to achieve the
objective:
1. What is the global shipping intensity and its input of CO2?
2. What is the exposure level of marine ecosystem to DIC caused by the shipping input of CO2?
3. How can exposure be characterized based on the DIC exposure levels?
4. What are the indicators of vulnerability and how are they distributed globally?
5. What is the estimated risk from the anticipated exposure and vulnerability?
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2 Literature review
2.1 Risk assessment
Risk assessment practices have been developed over past 35 years for characterizing the impact
of exposure to natural or anthropogenic agents on ecological resources (Partorik et al., 2008). The
initial focus of such risk assessments was on the impact of toxic chemicals. Nowadays, the set of
agents has expanded beyond toxic chemicals to include geological, biological, hydrological and
physical agents (Partorik et al., 2008). Some examples of important issues that were addressed
with risk assessments approaches are: regulation of hazardous waste sites, introduction of exotic
species, erosion of soils or sediments and management of ecosystems affected by chemical,
physical or biological stressors (US EPA, n.d.). The successful application of risk assessment
approaches in multiple fields of science bears testament to the conceptual soundness of the
approach.
Conceptual frameworks and methodologies for risk assessments have been developed that
integrate ecology, toxicology, hydrology, and other fundamental sciences in estimating the
probability that a certain impact will occur under a given set of circumstances (Bartell, 2008). No
single approach has been officially sanctioned. However, the approach developed by the United
Stated Environmental Protection Agency (US EPA, n.d.) guides many risk assessments aimed at
ecological impact of chemicals and will therefore be emphasized in this thesis.
The initial step of the risk assessment approach is to define risk. Risk is defined by the UNDP
(2010) Bureau for Crisis Prevention and Recovery as the probability that impact occurs.
Correspondingly, risk in this study refers to the probability that the CO2 injected by GasDrive ships
impacts marine ecosystems. The risk associated with chemicals is mostly a function of the degree
of exposure (frequency, magnitude, duration) and the impact of that degree of exposure ((US EPA,
n.d.), but also depends on an ecosystem’s vulnerability to that chemical (De Lange et al., 2010).
Exposing an ecosystem to chemicals might result in various kinds of impacts. It is important to
clearly define which impact will be assessed within the scope of the risk assessment. The impact
can be defined based on several levels of organization that are relevant in describing the natural
world, such as ecosystems, communities, populations and individual organisms (Giesy, 2001).
The choice for the appropriate impact level should be ecologically relevant, sensitive to exposure,
and relevant to risk managers (Bartell, 2008). One should also consider that focusing on lower4

level endpoints such as organisms often results in over- or underestimation of risk (Pastorok et
al., 2008). Additionally, Bartell (2008) states that risk assessments that focus on fundamental
ecosystem drivers (e.g. primary production, nutrient cycling, decomposition) are becoming
increasingly important. Considering the global scale of this study and the relevance to managers
and decision makers, this study assessed the impact of exposure to underwater exhaust gas on
maritime dissolved inorganic carbon (DIC). Increased DIC can cause ocean acidification (Doney,
2007) and toxic algal blooms (Gowen et al., 2012). These in turn have the potential to cause
serious harm to, amongst other things, food security, livelihoods and biodiversity (Guldberg et al.,
2007; Hilmi et al., 2015; IUCN, n.d.). Although assessing the effects of increase DIC are beyond
the scope of this study. Following the formulation of the impact scope, a risk assessment continues
with analyses that characterize the degree of exposure and the impact of that degree of exposure.

2.2 Exposure assessment
First, the mechanisms and processes that expose an ecosystem to the agent should be identified.
This first step should describe: the nature of the source, the exposure pathway, the environmental
media of concern (e.g. sediments, water, organisms), estimates of the exposure dose (frequency,
magnitude, duration), as well as uncertainties associated with the dose (Bartell, 2008). In the
context of this study, this can be quantified by assessing ship traffic data and the associated CO2
emissions.
The second important step to establish the relation between exposure and the defined impact.
That means that in the context of this study, the relation between shipping intensity and DIC must
be established. This relation is often referred to as the “dose-response curve” and provides
information about the severity of the impact in relation to estimates of the exposure dose. The
dose-response curve is often extrapolated from results of toxicity tests under laboratory conditions,
in-situ measurements or empirical relationships found in literature (Pastorok et al., 2008). Critical
exposure levels in relation to the severity of the impact are often identified and used to quantify
the exposure assessment (US EPA, 2012). Several standardized critical exposure levels have
been established (Eason & O’Holloran, 2002; Bartell, 2008): LD50 (Dose resulting in 50%
mortality); ED50 (Dose resulting in 50% of the specified response); NOED (No observable effects
dose); LOED (Lowest observable effects dose); and MATD (Maximum acceptable toxicant dose).
To account for uncertainties in the exposure dose, a worst-case-scenario can be developed that
assumes the maximum values for the input profile (Bartell, 2008). For example, the exposure dose
of toxic chemicals at the location of a leak can be used for the entire assessment. This disregards

5

processes such as dilution, degradation or chemical alteration that would otherwise reduce the
dose experienced by the ecosystem of concern. This approach overestimates exposure and risk.
If the risk is deemed acceptable in a worst-case-scenario, then the assessment process can stop,
and appropriate measures can be taken. If the risk is deemed unacceptable, an iterative process
starts in which the model might be revised or new data might be introduced until the requirements
of risk managers are fulfilled (US EPA, n.d.).

2.3 Vulnerability assessment
Most European directives on dangerous chemicals require risk to be characterized by assessing
the exposure levels in relation to the severity of the impact (EC, 2003). However, these risk
assessments are generic and non-site-specific and assume an ideal “average ecosystem” as the
target, which is then assumed to be representative. This disregards the biotic and abiotic
characteristics of an ecosystem that is potentially exposed. For more precise characterization and
quantification of risk, ecological knowledge of the exposed area needs to be included, which can
be expressed as vulnerability (De Lange et al., 2010). Indicators of vulnerability are generally
selected based on their influence on the possibility exposure results in undesirable effects. In the
context of this study, the two primary undesirable effects of exposure were defined as ocean
acidification (Doney, 2007) and toxic algal blooms (Gowen et al., 2012). The indicators of
vulnerability in this study were selected based on their influence on undesirable effects, as well as
the availability of global datasets. Literature on the indicators of vulnerability to elevated CO 2 is
discussed in chapters 2.3.1 – 2.3.4.

2.3.1 Dissolved inorganic carbon
Dissolved inorganic carbon (DIC) is the sum of all dissolved forms of inorganic carbon (Bryne,
2014), consisting of carbonic acid, aqueous dissolved CO 2, carbonate and bicarbonate
(Waldblusser, 2014). As Vámos (2019) indicated, the DIC concentration can be used to determine
how susceptible a marine area is to acidification because it is involved in many acid-base
reactions. When CO2 gas is dissolved in seawater it forms carbonic acid, which then undergoes
a series of dissociation reactions that reduce carbonate ion concentrations (Doney et al., 2007).
Disequilibrium in chemical balance takes place when the rate of anthropogenic CO2 uptake
exceeds the rate at which natural processes can deliver carbonate and bicarbonate to buffer
against the increased carbonic acid (Waldblusser, 2014). The carbonic acid can no longer be
dissociated due to the lack of carbonate ions, resulting in lower seawater pH (ocean acidification).
As such, areas with high DIC concentrations have an increased chance of acidification (Doney,
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2007). DIC concentration can therefore be considered a suitable indicator of vulnerability to
elevated CO2.

2.3.2 Total alkalinity
Total alkalinity (TAlk) is a measure of the ability of seawater to neutralize acids, also referred to
as buffer capacity (Fine et al., 2015). As such, waters with low TAlk are more vulnerable to
acidification (Omernik & Powers, 1983). Freely et al. (2004) argue that surface TAlk is increasingly
important for understanding the oceans vulnerability to acidification resulting from the addition of
anthropogenic CO2 into surface waters. However, TAlk data have traditionally been acquired
through in-situ measurements. This means there is a lack of data in many parts of the ocean,
making it unsuitable as indicator of vulnerability. However, the lack of data can be solved by taking
advantage of the relationship between TAlk , temperature and salinity. Lee et al. (2006) proposes
a simple function of sea surface temperature (SST) and sea surface salinity (SSS) that fits surface
TAlk (0m depth):
𝑇𝐴𝑙𝑘 = 𝑎 + 𝑏(𝑆𝑆𝑆 − 35) + 𝑐(𝑆𝑆𝑆 − 35)2 − 𝑑(𝑆𝑆𝑇 − 20) + 𝑒(𝑆𝑆𝑇 − 20)2

(1)

The coefficients a–e are defined for five oceanic zones. Taking advantage of this empirical
relationship has the potential to generate accurate global TAlk maps, since global datasets of SSS
and SST are several orders of magnitude larger. Surface TAlk can therefore be considered a
suitable indicator of vulnerability to elevated CO2.

2.3.3 Algal blooms limited by carbon
Anthropogenic stressors such as livestock waste, fertilizers and fossil fuel combustion are major
contributors to nutrient enrichment in oceans (Bennett et al., 2001), a process also referred to as
eutrophication (Nixon, 1995). This has fueled a global increase in the occurrence of toxic algal
blooms (Gowen et al., 2012). Toxic blooms can have a major impact on human health and cause
significant economic losses to fisheries, aquaculture and tourism operations (Hallegraeff, 1993).
Additionally, the toxic blooms cause low oxygen conditions and release CO2 when they decay and
their organic matter is respired by bacteria, resulting in undesired effects such as acidification
(Sunda & Cai, 2012; Cai et al., 2011, Wallace et al., 2014; Turner, 2014).
Algae require carbon, oxygen, nitrogen, phosphorus, sulfur, hydrogen, potassium, iron,
magnesium and various other trace elements to carry out their metabolic process for growth
(Goldman et al., 1972). When one of these elements is removed from the water, it becomes a
limiting factor for algal growth. Algal blooms tend to deplete the carbon concentrations, making
7

carbon the growth-limiting factor (Talling, 1976). Where this is the case, injecting additional CO 2
with GasDrive ships removes the limiting factor for growth, thus exacerbating algal blooms. This
is reflected in literature, as several investigators have suggested that elevated CO2 concentrations
under eutrophic conditions increases algal productivity (Hein & Sand-Jensen 1997; Ibelings &
Maberly1998; Schippers et al., 2004a; Schippers et al., 2004b). Areas where algal growth is being
limited by carbon can therefore be considered suitable indicators of vulnerability to elevated CO2.
Areas of vulnerability can be identified where chlorophyll-a concentrations are high and DIC
concentrations are low. Chlorophyll-a is widely recognized in literature as an indicator for algal
productivity (Bricker et al., 2007; Borja et al., 2008; Ferreira et al., 2007a; OSPAR, 2008; Nixon,
2009; Xiao et al., 2007). When using algal productivity as an indicator, it is important to include
seasonal variability, as algal growth is exacerbated during seasonal warming and sea ice retreat
(Lee et al., 2006; Moore & Abbott, 2000).

2.3.4 Cumulative human impact
DIC, TAlk and chlorophyll-a only assess vulnerability in terms of the chemical state of the ocean.
Even though all three are suitable indicators of vulnerability, they might not fully reflect an area’s
vulnerability. Another factors worth considering is human impact. Human activities in the ocean
are extracting resources, adding pollution and changing species composition, potentially
removing, altering or destroying habitats (Halpern et al., 2008). Oceanic ecosystems under human
pressure are less stable and are being pushed towards their tipping points (Duarte, 2012). The
consequences of exposure could therefore be higher in marine ecosystems that are under high
human pressure. Halpern et al. (2015) quantified the cumulative human impact (CHI) of 19
anthropogenic stressors on 20 global marine ecosystem types. Halpern’s resulting map can
therefore be considered a suitable indicator of vulnerability to elevated CO2.
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3 Methodology
3.1 General approach
The general approach of this theses was to estimate risk on a global scale as a function of
exposure and vulnerability (figure 1). The following five steps summarize the methods used for
answering the research questions and achieving the objective:
1. Ship traffic data were combined with shipping emission factors to quantify the global input
of CO2 into the ocean.
2. The exposure level of marine ecosystems to DIC was determined by testing the effect of
24h exposure to shipping on DIC concentrations. This was done by injecting CO 2 into
seawater under laboratory conditions. The resulting increase in DIC was put into
perspective by calculating the size of the impacted area.
3. The DIC exposure level was used to characterize exposure by relating increased DIC
concentrations to critical pH levels.
4. For the vulnerability assessment, raster datasets of chlorophyll-a, DIC, CHI, SSS and SST
were collected. The latter two were used to model TAlk. The rasters were then reclassified,
weighted and combined to calculate vulnerability.
5. Vulnerability scores were plotted against exposure scores and were assigned colour codes
to quantify and map the intensity of risk.

Figure 1: Workflow diagram of all steps taken to achieve the research objective
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3.2 Data acquisition and pre-processing
This thesis estimates risk using the most recent available global-scale data as of 2018. As this a
global assessment, the study area can be defined as the global ocean (Spilhaus, 1942). Seasonal
variability in the ocean’s system was addressed by performing all analyses for each meteorological
season. The seasons are defined as winter (December, January, February average), spring
(March, April, May average), summer (June, July, August average) and autumn (September,
October, November average). Whenever possible, monthly data were downloaded which were
then aggregated to a seasonal mean. All pre-processing described in the following sections, as
well as data representation and projection (chapter 3.2.1), was done in ESRI ArcGIS 10.6.1. An
overview of all datasets used in the analyses is shown in table 1 and described in detail in the
following sections.
Table 1: Full list of downloaded datasets

Dataset

Native

Year used

Downloaded content

resolution
Chlorophyll-a

5km2

2018

Monthly mean (mg/m3)

Sea surface

0.25 degrees

2018

Monthly mean (PSU)

5km2

2018

Monthly mean (°C)

1 degree

2016

Year mean (μmol/kg-1)

1km2

2013

Sum of 19 stressors on 20 global marine

salinity
Sea surface
temperature
Dissolved
inorganic carbon
Cumulative
human impact

ecosystems over one year
2

2012

Daily fractional sea ice cover

Ship traffic

2

1km

2013

Relative shipping intensity

Bathymetry

1km2

2014

Ocean floor depth (m)

Ice mask

5km

Chlorophyll-a
Chlorophyll-a data were collected from NASA’s Aqua-MODIS satellite (NASA OceanColour, 2019)
for each calendar month of 2018. The data were downloaded as level-3 mapped products (NASA,
2018), which meant that the daily products had already been processed and accumulated to a
period of one calendar month at a spatial resolution of 5km 2. Data were downloaded in NetCDF
(Rew & Davis, 1990) format and processed in accordance with the methods described in chapter
3.2.1.
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Sea surface salinity
Sea surface salinity (SSS) data were collected from NASA’s JPL SMAP satellite (JPL Climate
Oceans and Solid Earth group, 2019) for each calendar month of 2018. The version 4.2 data were
downloaded as level-3 mapped products. Data were downloaded in NetCDF format at an
approximate spatial resolution of 0.25 degrees. The data were processed in accordance with the
methods described in chapter 3.2.1.
Sea surface temperature
Sea surface temperature (SST) data were collected from the Advanced Very High-Resolution
Radiometer (AVHRR) carried on NOAA’s Coral Reef Watch satellites (NOAA CRW, 2019) for
each calendar month of 2018. The monthly mean temperature composites were acquired in
NetCDF format at a spatial resolution of 5km 2. The data were processed in accordance with the
methods described in chapter 3.2.1.
Dissolved inorganic carbon
The GLODAPv2 mapped product (Lauvset et al., 2016) was collected in NetCDF format, which
consists of gap-filled fields on a uniform 1x1 degree grid for 33 standard depth surfaces. Only the
dissolved inorganic carbon (DIC) values at a depth of 0 meters were used. Reading the NetCDF
in ArcGIS resulted in a raster file that was not geo-referenced, was incorrectly scaled and
proportioned, and was centered on the 180th Meridian. Firstly, the scale was corrected by warping
the corners of the uncorrected DIC raster to the corners (top-left to top-left etc.) of the land-sea
mask, which served as the research area extent. Then the map was centered on the Greenwich
Meridian by duplicating the DIC raster and shifting one copy 180 degrees east and one copy 180
degrees west. The two copies were merged back together and clipped to the extent of the landsea mask. Next, the DIC raster were manually geo-referenced by placing control points and
correcting the map using a third order polynomial. Lastly, the data were processed in accordance
with the methods described in chapter 3.2.1.
Cumulative human impact
The cumulative human impact (CHI) map developed by Halpern et al. (2015 a) was collected from
the Knowledge Network for Biocomplexity (Halpern et al., 2015 b). The data were downloaded in
TIFF format at a spatial resolution of 1km 2. CHI represents the cumulative impact of 19 different
types of anthropogenic stressors on 20 marine ecosystem types for the year 2013. The data were
processed in accordance with the methods described in chapter 3.2.1.
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Ice mask
Ice cover data of each day from 2012 were obtained from the Advanced Very High-Resolution
Radiometer (AVHRR) Pathfinder Version 5.2, which was produced by NOAA’s National Center for
Environmental Information (NOAA NCEI, 2019). The data were downloaded as level 3 collated
global products in NetCDF format. The raw data contained the daily fractional ice cover of each
grid cell. The daily data were aggregated to seasonal data, after which the mean fractional ice
cover of each grid cell was calculated. The data were then converted to binary terms; either the
cell has ice or the cell has no ice. Grid cells that contained a sea ice fraction less than 0.15 were
labeled as no ice (Rittger et al., 2013). The ice mask was resampled and reprojected according to
the methods described in chapter 3.2.1.
Ship traffic
A ship traffic intensity map developed by Halpern et al.(2015 a) was collected from the Knowledge
Network for Biocomplexity (Halpern et al., 2015 b). Halpern states that the ship traffic dataset was
created (full method in Appendices I and II) by collecting location data from vessels that could be
categorized into nine broad classes: passenger (4.6%), pleasure (20.6%), authority (0.7%), cargo
(30%), fishing (11%), high-speed (0.5%), tanker (11.7%), support (10.3%) and other (10.5%).
Each grid cell contains log[𝑋 + 1] transformed and normalized values representing shipping
intensity.
Bathymetry
SRMT30_PLUS (Becker et al., 2009) is a global bathymetry grid at 30 arc second resolution based
on the best available global bathymetric information. Version 11 of the product was downloaded
from the Satellite Geodesy research group of the University of California San Diego (Satellite
Geodesy, 2014) in NetCDF format.

3.2.1 Data representation and projection
All data were represented at a spatial resolution of 5km 2, even though DIC was only available at
a coarser resolution. In doing so, it was assumed that the coarse-scale value was evenly
distributed across all 5km 2 cells within that region, which is a reasonable assumption due the scale
at which the driver acts (Halpern et al., 2015). Some datasets had a native resolution finer than
5km2. These datasets were resampled to a coarser resolution using bilinear interpolation. This
does create new values but ensures that the output value is always within the same range of
values as the input (Bamboo & Devi, 2010).
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The bathymetry data were used to create uniform coastlines for all datasets. Ocean-based data
that occurred on land were clipped and removed in reference to the bathymetry data. This ensured
consistency across all input datasets but did add or remove area from coastal ecosystems where
a grid cell had both land and ocean in it. The bathymetry dataset was also used to set the global
extent of each dataset.
All datasets were assessed for gaps. If gaps were present, the null values were filled using a 5x5
focal mean filter (Tomlin, 1990; Sharma, 2010). It was specified that only cells containing values
be used to find the focal mean of the target cell. This means that if a null value existed within the
neighborhood of the focal mean filter, then the null value would be ignored. This process removes
gaps while minimizing the smoothing effects on the dataset (Tomlin, 1990; Sharma, 2010). The
filter was run multiple times from the edge of each gap until all null values were filled.
Finally, prior to all analyses, all datasets were converted to the Compact Miller projection. This is
a cylindrical projection that preserves shapes by reducing distortion near the poles making it
suitable for global maps (Jenny et al., 2015).

3.2.2 Quality of input data
The datasets used in this thesis were obtained from reliable sources and had already been
subjected to thorough validations. The validation methods and resulting accuracy and reliability of
each dataset are included in Appendix I.
A major contributor to uncertainty that was often not addressed in the validation of the datasets is
sea ice near the poles. The sea ice can result in unreliable measurements or even prevent
measurements altogether (Halpern et al., 2015). Additionally, there remains large uncertainty on
the effect of the sea ice extent on marine ecosystems (Post et al., 2013). This uncertainty was
acknowledged by placing the seasonal sea ice masks on top of the maps developed for the
vulnerability and risk analyses, to indicate areas where results are less reliable. The degree of
uncertainty becomes higher as gaps in the input datasets increase. Therefore, a seasonal
overview of areas where any of the input datasets were missing data (NoData value) due to sea
ice was visualized in figure 2. The figure shows that the amount of data gaps often increase as
the distance from the equator increases. One should take caution interpreting results in areas
where one or more input datasets contained NoData values.
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Figure 2: Areas where any of the input datasets contain NoData values

3.3 RQ1: Input of CO2
The input of CO2 represents the amount of CO2 injected into the ocean be GasDrive ships.
Therefore, the number of ships that a marine system is exposed to were quantified, as well as the
CO2 emissions associated with those number of ships.

3.3.1 Ship traffic intensity
Halpern log[𝑋 + 1] transformed and normalized the shipping data between 0 and 1 using the MinMax normalization technique (Jain & Bhandare, 2011), such that:
𝑋′ =

𝑋 − 𝑋𝑚𝑖𝑛
𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

(2)

Where 𝑋′ contains the normalized data, 𝑋 is the original data and 𝑋𝑚𝑖𝑛 and 𝑋𝑚𝑎𝑥 are the minimum
and maximum values of the original data. The transformed and normalized data indicates relative
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shipping intensity but does not reflect the actual number of ships. Relative shipping intensity
cannot be used to calculate CO 2 emissions. For this reason, the data had to be converted back
to their original values.
Firstly, the normalization process was reversed. This was possible because the Min-Max
normalization technique preserves the relationship among original data values (Patro & Sahu,
2015). Equation 2 was adjusted, now using the true minimum and maximum to change the values
back from the normalized to the to the log[𝑋 + 1] transformed range:
𝑋𝑙𝑜𝑔 = 𝑋 ′ (𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛 ) + 𝑋𝑚𝑖𝑛

(3)

Where 𝑋𝑙𝑜𝑔 contains the log transformed data, 𝑋′ contains the normalized data and 𝑋𝑚𝑖𝑛 and
𝑋𝑚𝑎𝑥 are the minimum and maximum values of the true number of vessels in a gridcell. The value
for 𝑋𝑚𝑖𝑛 is known, as a log[𝑋 + 1] transformation performed on a dataset that contains zeros will
result in a minimum value of zero. However, the maximum value of the original data is unknown.
The 𝑋𝑚𝑎𝑥 was therefore estimated by log[𝑋 + 1] transforming Halpern’s raw ship traffic dataset.
This raw dataset contains the true number of ships registered in each grid cell but could not be
used in any analysis because the routes are invalid and cross land. The 𝑋𝑚𝑎𝑥 of the raw ship traffic
dataset is 10.7195.
Secondly, the resulting values from equation 3 were still log[𝑋 + 1] transformed and therefore
needed to be back-transformed to their true values. This was done using the following formula
(Lachin et al., 2011):
𝑋𝑡𝑟𝑢𝑒 = 𝐸𝑥𝑝(𝑋) − 1

(4)

Where 𝑋𝑡𝑟𝑢𝑒 contains the true number of vessels registered in a grid cell, 𝐸𝑥𝑝 calculates the base
e exponential of the cells in a raster and 𝑋 are the values calculated in equation 3.
Lastly, the number of vessels registered in 2013 could not simply be used to assess risk to
elevated CO2 in 2018, as UNCTAD (2018b) has reported continuous growth of the maritime
transport industry since 1968. The 2013 ship traffic data were therefore adapted according to
growth trends to reflect the 2018 situation. The world’s merchant fleet has grown from 86484
vessels (commercial ships of 100 gross tonnage and above) in 2013 to 94169 vessels in 2018
(UNCTAD, 2018a), which translates to an 8.16% growth. 𝑋𝑡𝑟𝑢𝑒 was therefore multiplied with the
8.16% growth rate to project ship traffic intensity for 2018.
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3.3.2 Shipping CO2 emissions
The projected 2018 ship traffic dataset only shows the number of vessels registered in a grid cell
and makes no distinction between vessel classes. A worst-case-scenario was simulated by
assuming that all vessels belonged to the world’s merchant fleet. This is consistent with the
development of the projected 2018 ship traffic map, which was computed using the growth rates
of the world’s merchant fleet. The vessels registered in each grid cell were categorized into the
classes defined by UNCTAD (2018 a). Since the real vessel classes were unknown, it was
assumed each vessel class occurred in the same proportion as its share of the world’s merchant
fleet (table 2). For example, if 100 vessels were registered in a grid cell, it was assumed that 11
were oil tankers, 12 were bulk carriers, 21 were container ships, 6 were general cargo ships, were
51 were other vessels.
Emission factors were acquired from literature based on the mean deadweight tonnage (dwt) of
each vessel class (table 2). However, emission factors varied throughout literature (Cefic and
ECTA, 2011; van der Gon & Hulskotte, 2010; Mckinnon and Piecyk, 2010; Otten et al., 2017). To
account for this uncertainty, the amount of Kg CO2 emitted per ship per traveled km was calculated
twice: (1) first based on the lowest emission factors found in literature and (2) then based on the
highest emission factors found in literature. It was not possible to determine the emission factors
of ‘other vessels’ in literature, as UNCTAD (2018 a) broadly defined this class as all liquefied
petroleum gas tankers, liquefied natural gas tankers, chemical-and specialized tankers, reefers,
non-cargo ships, ferries, cruises, tugs, dredgers and supply ships. The emission factors of ‘other
vessels’ were assumed to be in the same range as ‘general cargo’, as both classes are generally
aimed at short-sea shipping and have a similar average dwt.
Table 2: World’s merchant fleet by vessel class (UNCTAD, 2018a): the number of ships and their deadweight tonnage
(UNCTADstat, 2018), the corresponding emission factors (Cefic & ECTA, 2011; Otten et al., 2017; Mckinnen & Piecyk,
2010), as well as the calculated Kg CO2 emitted per traveled km.
Vessel class

Total
number of
ships in fleet

Proportion

Total

Mean dwt

Emission

share of

millions of

per ship

factors (gCO2

Kg CO2

fleet

dwt

Oil tankers

10420

0.11

561

Bulk carriers

11125

0.12

Container ships

5164

General cargo
Other vessels

d

emitted per

/tonne-km )

ship per kma

53839

10.3 - 15

554.5 - 807.6

819

73618

7 - 11.9

515.3 - 876.1

0.21

253

48993

8.4 – 12b

411.5 - 587.9

19613

0.06

74

3773

13.9 - 21

52.1 - 79.2

47847

0.51

217

4535

13.9 - 21c

63.0 - 95.2

a

Calculated as: (mean dwt per ship x emission factor) / 1000
Emission factors of container ships based on twenty-foot equivalent units (TEU’s) instead of dwt
c
Emission factors are assumed to be the same as for ‘general cargo’ due to similarities between the classes
d
Unit defining transport performance. An output of one is reached when one tonne is transported one km
b
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As indicated in table 2, the amount of Kg CO2 emitted can be calculated per traveled km.
Therefore, to compute emissions per grid cell, the average distance a ship traveled through a
5km2 grid cell was calculated. Given the large distances that ships travel and the assumption that
mariners prefer great circle distances (Halpern et al., 2015), it was assumed that ship routes were
straight from their entry point in a grid cell to their exit point in that grid cell. With straight routes,
the maximum distance a ship could travel to pass through a grid cell was 7.1km. The minimum
distance could theoretically be only several meters but was assumed to be 1km to simulate a
worst-case-scenario. A random float number between 1 and 7.1 was generated for each vessel
(94169 total). The mean of the randomly generated numbers was 4.1, which represented the
average distance a ship traveled to pass through a grid cell.
Total Kg CO2 emitted per grid cell (ET) could now be calculated as a function of the mean distance
traveled (D) through grid that cell, the number of vessels in each i… m vessel class and the amount
of CO2 emitted per km (Ki) by each i… m vessel class. The number of vessels in each i… m vessel
class were determined my multiplying the total number of ships (N) registered in the grid cell with
the proportional share of the global fleet (Pi) for each i… m vessel class, such that:
𝑚

𝐸𝑇 = ∑ 𝑁 × 𝑃𝑖 × 𝐾𝑖 × 𝐷

(5)

𝑖=1

3.4 RQ2: DIC exposure level
A laboratory CO2 exchange experiment was set up to find the relation between the number of
ships in a gridcell, the mean DIC concentration in that gridcell and the size of the impacted area.
An air pump was used to continuously inject 5% CO 2 into an Erlenmeyer flask containing 150ml
seawater. The temperature, salinity, alkalinity and DIC of the water was set to 20˚C, 31.7%,
2.07mmol/l, and 1.85mmol/l, respectively. CO2 was injected until the maximum DIC saturation was
reached at 3.9mmol/l. DIC concentrations in the water were then measured at regular time
intervals until they returned to their equilibrium state with CO2 in the atmosphere (Lueker et al.,
2000). The measurements were plotted, and a decay-curve was fitted.
The decay curve was subsequently used to model the relation between the number of ships and
the average increase in DIC concentrations within 24h. This was done by assuming that the
maximum DIC saturation was instantly reached when a ship passed by, after which the DIC
decayed according to the decay-curve. As the time in between ships was unknown, it was
assumed that ships passed through a gridcell at equal time intervals. This meant that DIC
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concentrations remained elevated if the frequency at which ships passed by was higher than the
decay-time.
Next, the relation between the number of ships and the size of the impacted area was modelled.
This was a crucial step, as the increase in DIC caused by shipping likely only occurs locally, and
not in the entire 5km 2 gridcell. Therefore, the impacted area was calculated by assuming the
injected CO2 was dissolved in water completely and impacted the water column from 0m to 5m
depth. In addition, it was assumed that the DIC saturation level (3.9mmol/l) was reached before
additional CO2 would impact a larger amount of water. The amount of injected CO 2 was calculated
as the amount of CO2 released by an average World Merchant Fleet ship to pass through a
gridcell, which was 1.51 tonnes (table 2). Finally, the impacted area was calculated by dividing the
impacted water volume by the impacted depth (5m). The full calculation sheet of the effect of the
number of ships on the size of the impacted area is enclosed in Appendix II.

3.5 RQ3: Characterize exposure
Exposure was characterized by assigning scores based on two critical pH levels: (1) the LowestObservable-Response-Dose (LOED) and (2) the 100% response dose (RD100).
The LOED pH level was selected based on literature review. The average ocean pH level is
expected to decrease from 8 around 7.6 in the next century (Caldeira, 2005). Some studies have
shown significant impact of such acidic condition, although most of the impact is species specific
(Doney, 2009) (Ries, 2009). It was therefore assumed that pH 7.6 is the LOED. The RD100 was
selected based on two practical experiments that were carried out for evaluating the environmental
impact of GasDrive ships. In those experiments, algae bloomed in pH 5.8 while other organisms
were absent (Wei, 2019). pH 5.8 was therefore assumed to be the RD100.
The R package seacarb was used to calculate the DIC concentrations that are related to the LOED
and RD100. The temperature, salinity and alkalinity were set to the same values as in the CO 2
exchange experiment (20 ℃, 31.7 ‰, 2.07 mmol/l), while the LOED and RD100 pH levels were
selected for the calculation (Table3). The increased DIC concentrations were calculated by
assuming initial DIC level as 1.85 mmol/l and saturation level as 3.9 mmol/l (the same as in the
CO2 exchange experiment).
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Table 3: The selected pH levels and calculated related DIC concentrations. The calculation is based on 20℃, 31.7 ‰,
2.07 mmol/l condition in R (seacarb package). Assuming initial DIC concentration as 1.85 mmol/l and saturation level
as 3.9 mmol/l.

a

Selected pH level

pH 7.6

pH 5.8

Calculated DIC (mmol/l)

2.01

saturated

Increased DIC (mmol/l)

0.16

2.05a

Calculated as the difference between initial DIC concentration and the saturation concentration.

The increased DIC levels related to the LOED were assigned a low exposure score of 0.1. The
increased DIC levels related to the RD100 were assigned the highest exposure score of 1. Based
on the relation between shipping and increase DIC, it was assumed that the dosages between
LOED and RD100 are linearly related with responses, and thus equally distributed in the exposure
classes (table 4)
Table 4: The exposure scores assigned to increased DIC concentrations and corresponding shipping intensity
Exposure

0-0.1

0.1-0.2

0.2-0.3

0.3-0.4

0.4-0.5

0.5-0.6

0.6-0.7

0.7-0.8

0.8-0.9

score

0.91.0

Increased

0-0.16

DIC

0.16-

0.34-

0.52-

0.70-

0.88-

1.06-

1.24-

1.42-

1.6-

0.34

0.52

0.70

0.88

1.06

1.24

1.42

1.6

1.78

0.1-

0.5-1

1 - 1.6

1.6-

2.3-

3.2-

4.2-

5.6-

7.6-

2.3

3.2

4.2

5.6

7.6

11.6

(mmol/l)
Nships/24h

<0.1

0.5

3.6 RQ4: Vulnerability assessment
Vulnerability was assessed by reclassifying and combining four indicators of vulnerability: areas
with high chlorophyll and low DIC, areas with high DIC, areas with high CHI, and areas with low
TAlk. The latter had no global dataset and subsequently had to be modeled.

3.6.1 Model total alkalinity
The 2018 seasonal TAlk concentrations were modeled as a function of SST and SSS (Appendix
III). Lee et al. (2006) formulated five separate equations (table 5), as correlations and interactions
between the two predictor variables (SSS and SST) and TAlk varied between oceanic zones. For
example, TAlk variability in the (Sub)tropics (Atlantic, Indian, Pacific oceans) is mostly associated
with water balance-induced changes in salinity [Millero et al., 1998a], while convective mixing
during seasonal cooling is an important driver at higher latitudes. The latitude and longitude
boundaries of each oceanic zone are described in Lee et al. (2006) and subsequently modeled in
figure 3.
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Figure 3: Approximate boundaries of the five oceanic zones with unique relationships of TAlk with SSS and SST.

Each oceanic zone also has a defined range of SSS and SST in which the equations for predicting
TAlk apply. When the temperature or salinity of a water sample is outside the range of the
applicable equation, the equation of the nearest adjacent zone sharing a common boundary
should be used instead. For instance, waters with SST> 20°C are commonly found in the northern
parts of zone 5 during the winter season. Where this is the case, the equation that applies to zone
1 should be used to predict TAlk.
The equation for zone 4 includes the interaction between SST and longitude, as this significantly
reduced prediction errors. Therefore, a raster containing longitude values was made at a spatial
resolution of 0.5°. First, the fishnet tool was used to create a point every 0.5° latitude and 0.5°
longitude. Then, XY coordinates were added to each point. The points were converted to a
longitude raster with a spatial resolution of 0.5°, using the X coordinates field to assign values to
the output raster.
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Table 5: The equations for predicting surface TAlk of the world's oceans from SSS and SST (Lee et al., 2006).

Zone

Oceans

TAlk (µmol kg -1)

1

(Sub)tropics,

2305 + 58.66 (SSS - 35) + 2.32 (SSS - 35)2 -1.41 (SST - 20) + 0.040

SST > 20 °C, 31 < SSS < 38

(SST - 20)2

Equatorial upwelling Pacific,

2294 + 64.88 (SSS - 35) + 0.39 (SSS - 35)2 - 4.52 (SST - 29) - 0.232

SST > 18°C, 31 < SSS < 36.5

(SST - 29)2

North Atlantic,

2305 + 53.97 (SSS - 35) + 2.74 (SSS - 35)2 - 1.16 (SST - 20) -

0°C < SST < 20°C, 31 < SSS < 37

0.040 (SST - 20)2

North Pacific,

2305 + 53.23 (SSS - 35) + 1.85 (SSS - 35)2 - 14.72 (SST - 20) -0.158

SST < 20°C, 31 < SSS < 35

(SST - 20)2 + 0.062 (SST - 20) (LONG)

Southern Ocean,

2305 + 52.48 (SSS - 35) + 2.85 (SSS - 35)2 - 0.49 (SST - 20) + 0.086

SST < 20°C, 33 < SSS < 36

(SST - 20)2

2
3
4
5

3.6.2 Assign vulnerability scores
Since the indicators of vulnerability were in different numbering systems with different ranges, to
combine them in a single analysis, each cell of each indicator was reclassified to a common
numeric scale between 0 and 1, with 1 being the most vulnerable. The vulnerability scores are on
a relative scale, which means that a vulnerability of 0.4 is twice as vulnerable as a vulnerability of
0.2. The vulnerability scores were assigned not only relative to each other within a layer but also
had the same meaning between layers. An overview of each vulnerability indicator and the
vulnerability scores can be found in table 6. All reclassified vulnerability indicators are attached in
Appendix IV.
Table 6: Vulnerability indicators and their assigned weights and vulnerability scores. Full description below the table.

Vulnerability

Weight

Vulnerability classes and their numeric scores

Indicator
Very low

Low

Moderate

High

Very high

0 – 0.2

0.2 – 0.4

0.4 -0. 6

0.6 – 0.8

0.8 - 1

Chlor 0-1

Chlor > 1 &

Chlor > 1 &

Chlor > 1 &

Chlor > 1 &

chlorophyll

DIC 2347-

DIC 2100-

DIC 1840-

DIC 1460 -

& low DIC

2100

1840

1460

1060

High

0.2857

DIC

0.2857

1900-1950

1950-2000

2000-2050

2050-2100

2100-2150

TAlk

0.2857

2450-2400

2400-2350

2350-2300

2300-2250

2250-2200

CHI

0.1428

0-1.52

1.52-2.79

2.79-4.02

4.02-4.30

4.30-11.85
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Vulnerability indicator: High chlorophyll-a & low DIC
Demarcq et al. (2007) and Nixon and Thomas (2001) found that 1 mg/m-3 chlorophyll-a was the
best threshold value to define the lower limits of a ‘productive area’ for algae. All areas where the
chlorophyll-a concentrations were lower than 1 mg/m-3 were therefore classified as very low
vulnerability.
Vulnerability in the ‘productive area’
(chlorophyll-a > 1) depends on the DIC
concentrations.

During

bloom

development, the algae can deplete
the carbon concentrations, making
carbon a growth limiting nutrient
(Riebesell et al., 1993). Injecting
additional CO2 with GasDrive ships
means growth is no longer limited by
carbon and therefore promotes algal
blooms. Consequently, the lower the
DIC concentration in a ‘productive
area’, the more likely that carbon is the
growth limiting nutrient. This relation
was assessed by plotting chlorophyll-a
against DIC (figure 4) based on 5000
random sample points.
The correlation becomes apparent at Figure 4: Correlation between the yearly average DIC and ChlorophyllDIC < 1840. High algal productivity is

a concentrations. Boundaries of the vulnerability classes are indicated
with dotted lines

depleting the carbon storage, as DIC
values lower than 1840 only occur in combination with high chlorophyll-a concentrations. Areas
with chlorophyll-a > 1 and DIC < 1840 were therefore classified as either high vulnerability or very
high vulnerability. The boundary value between high and very high vulnerability was defined as
the median of 1840 and the minimum DIC value, which is 1460.
Areas with chlorophyll-a > 1 and DIC > 1840 were classified as either moderate vulnerability or
low vulnerability. These are areas where algal productivity is high, but where growth is less likely

22

to be limited by the carbon concentration. The boundary value between moderate and low
vulnerability was defined as the median of 1840 and the maximum DIC value, which is 2100.
Vulnerability indicator: DIC
DIC by itself was also considered an indicator of vulnerability, because it is involved in many acidbase reactions in water. As stated earlier, processes that increase DIC, such as increased uptake
of anthropogenic CO2 from the atmosphere or GasDrive ships, lead to acidification by lowering
seawater pH.
The global mean DIC concentration of surface water was 2036 μmol/kg–1 according to the
GLODAPv2 dataset (Lauvset et al., 2016). This is already an elevated value due to the uptake of
anthropogenic CO2 and is already contributing to ocean acidification (Feely et al., 2009). Values
close to the global mean DIC concentration (2000-2050 μmol/kg–1) were therefore classified as
moderately vulnerable. DIC values above this range increased in vulnerability with increments of
50 μmol/kg–1, analogous to the method established by Vámos (2018).
DIC values lower than the pre-industrial (1700s) mean were classified as very low vulnerability.
The pre-industrial mean surface DIC was estimated by Plumbago (2018) based on the GLODAPv2
dataset (Olsen et al., 2015). This was done by removing the signal of anthropogenic DIC from the
present-day measurements using a mathematical technique. The pre-industrial map suggests that
the mean DIC concentration used to be ~1950 μmol kg–1.
Vulnerability indicator: CHI
CHI was assigned half the weight of the other three vulnerability indicators. This was, as previously
stated, due to CHI containing factors that either overlap with the datasets used in this thesis or
are not directly related to vulnerability to elevated CO 2.
Vulnerability classes were defined in accordance with the categories defined by Halpern et al.
(2015). Very low and very high vulnerability were defined as the highest and lowest 12.5% of
values, respectively. The middle 50% of values were categorized as moderately vulnerable. The
remaining 12.5% below and above the middle were categorized as low and high vulnerability,
respectively.
Vulnerability indicator: TAlk
Waters with higher TAlk concentrations have more acid-neutralizing capacity and are thus are less
prone to rapid change in ocean pH (Omerik & Powers, 1983). However, there is lack of literature
on where exactly the breaking points in TAlk values exist between high, moderate, and low
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vulnerability to acidification. Due to a lack of literature, and to keep consistency across datasets,
TAlk was classified using a similar method that was applied to classify DIC. The rules for
classifying TAlk could be set up beforehand. However, as TAlk still needed to be modeled as a
function of SSS and SST, the actual values assigned to each class could only be determined after
the chapter 3.3 computations were finished.
TAlk values close to the global mean were classified as moderately vulnerable. TAlk values below
this range have a lower acid-neutralizing capacity and therefore increased in vulnerability with
increments of 50 μmol/kg–1. The same was considered true in the opposite direction, where
vulnerability reduced with increments of 50 μmol/kg–1.

3.6.3 Characterize vulnerability
The vulnerability indicators were assigned weights, as not all indicators were considered equally
important. The sum of all weights equals one, which means that the final per-pixel vulnerability
score (Vuln) could be computed by summation of the weight (W) of each i…m indicator multiplied
by the vulnerability score (S) of each i…m indicator, such that:
𝑚

𝑉𝑢𝑙𝑛 = ∑(𝑊𝑖 × 𝑆𝑖 )

(6)

𝑖=1

Seasonal vulnerability to elevated CO 2 was calculated for two situations: (1) first including all
vulnerability indicators and then (2) without CHI. This is because the ship traffic dataset used to
characterize exposure was already included in the CHI dataset, resulting in overlap and potential
overestimation of risk. Additionally, the CHI dataset includes factors that are not directly linked to
vulnerability to elevated CO 2. When computing vulnerability without CHI, the remaining three
indicators were assigned equal weights who’s sum equaled one. The results of the vulnerability
analysis without CHI are shown in Appendix V. Lastly, the probability distributions of the seasonal
vulnerability scores were plotted using the raster and sf packages in R-3.6.0.

3.7 RQ5: Global preliminary risk
Risk was estimated as a function of the anticipated exposure and vulnerability scores. First, the
world’s ocean was divided into the 232 marine ecoregions of the world (MEOW) as defined by
Spalding et al.(2007). However, the MEOW are focused on coastal areas, and therefore do not
cover all of the world’s oceans. Oceans that were not covered by MEOW were divided into regions
as defined by the Nature Conservancy (2012), who combined the MEOW with the pelagic
provinces of the world (Spalding, 2012). This added another 30 regions, resulting in a total of 262
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ecologically relevant regions. Codes were assigned to the mean exposure score and the mean
vulnerability score in each ecoregion (table 7).
Table 7: Codes assigned to the exposure- and vulnerability scores

Score

Exposure code

Vulnerability code

0 – 0.25

A

1

0.25 – 0.5

B

2

0.5 – 0.75

C

3

0.75 - 1

D

4

The exposure codes and vulnerability codes were combined to create 16 different classes. A 16class bivariate sequential colour scheme was made (figure 6). R was used to plot the vulnerability
score against the exposure score for each ecoregion on top of the colour scheme.

Figure 5: Bivariate colour scheme with corresponding codes and risk intensities

The final step was to map risk by assigning colours to each ecoregion based on their position in
the scatterplot. Risk is very high in class D4, where both exposure- and vulnerability scores are
very high. Risk is the lowest in A1, where both the exposure- and vulnerability score are low. A
stacked bar chart is provided in Appendix VI which shows the exact exposure scores and seasonal
vulnerability scores of each ecoregion, ordered from the highest to the lowest.

3.7.1 European preliminary risk
The research area was reduced from global to Europe (29°N - 62°N and 12°W - 37°E), as
European ecoregions consistently experienced high exposure- and vulnerability scores compared
to other ecoregions. To predict risk, each ecoregion was first sub-divided into ecologically relevant
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classes based on ocean floor depth (Waller, 1996): the epipelagic zone (0-200m), the mesopelagic
zone (200-1000m), the bathypelagic zone (1000-2250), the abyssopelagic zone (2250-4500), and
the hadopelagic zone (4500-11500). To show variation in risk between coastlines and open seas,
the epipelagic zone was arbitrarily sub-divided into five depth classes, resulting in a total of 9 depth
classes. Figure 6 shows all European ecoregions and the defined depth classes. Dividing the
ecoregions by depth class resulted in a total of 114 regions for which the risk estimation
procedures were repeated. The regions were labeled according to the ecoregion ID-code and
depth class (e.g. 165c refers to the South European Atlantic Shelf where the ocean floor is 1550m deep).

Figure 6: European ecoregions (left) and bathymetry depth classes (right)
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4 Results
4.1 Input of CO2
Input of CO2 represents the CO2 injected into the ocean by GasDrive ships and was mapped using
ship traffic data and shipping emission factors. Figure 7 shows the total projected number of ships
per gridcell for 2018. The 10% highest ship traffic areas counted between 5614 and 46174 ships
per 5km2 per year. These areas occurred primarily along European and Chinese coastlines, as
well as in maritime chokepoints such as the Panama Canal, the Malacca Strait, the Strait of
Gibraltar and the Georgia Basin.

Figure 7: projected ship traffic intensity for 2018. Colours assigned to 10-quantiles in the data.
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The ship traffic intensity map was combined with upper emission factors to calculate the amount
of CO2 input into the ocean (figure 8). The total CO2 emissions were estimated at 1389 million
tonnes under a worst-case-scenario, and at 916 million tonnes based on low emission factors
(table 2). Emissions per gridcell were relatively low in the open sea due to the high dispersion of
shipping lanes. Oppositely, dense shipping lanes resulted in much higher emissions per gridcell
in coastal areas. Between 8709 and 71629 tonnes of CO 2 was emitted per gridcell in the top 10%
busiest ship traffic areas. The highest CO2 emissions per gridcell were recorded in the Strait of
Gibraltar at 71629 tonnes, closely followed by other maritime chokepoints such as the Panama
Canal, the Malacca Strait, the Strait of Hormuz and the Danish Straits.

Figure 8: Tonnes of CO2 emitted by shipping for 2018 – upper limit. Colours assigned to quantiles
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4.2 DIC exposure level
A laboratory experiment was used to test the effect of the input of CO2 on DIC concentrations over
24 hours. Injecting CO2 into seawater resulted in the DIC decay-time measurements depicted in
figure 9.

Figure 9: Decay curve of DIC

A decay curve was fitted to the decay-time measurements and was subsequently used to model
the effect of ships on the DIC concentration over 24 hours. This resulted in the sawtooth patterns
shown in figure 10, as it was assumed that each passing ship saturated the DIC concentrations.

Figure 10: Effect of shipping on DIC concentrations over 24h
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The results from figure 10 were then used to plot the effect of the number of ships on the
increase in DIC concentration (figure 11).

Ship- increased DIC

Increased DIC

2.5
2.0
1.5
1.0
0.5
0.0
0

50

100

150

ship nr.
Figure 11: One phase association fitting curve for Nships – DIC increase

The trend line was fitted with an R-squared of 0.97. The resulting plot shows that the first nine
ships are predicted to cause a rapid increase in DIC of up to 1.68mmol/l. After the ninth ship the
increase in DIC slows down. Each additional ship increases the predicted average DIC
concentration with less than 1%. The one phase association fitting curve could be expressed as:
𝑦 = 0.1519 + 1.75(1 − 𝐸𝑋𝑃(−0.2316 × 𝑋))

(7)

Where 𝑋 refers to the number of ships and 𝑦 refers to the DIC concentration. Applying equation 7
to the ship traffic data resulted in figure 12. Gridcells affected by shipping in open seas mostly
experienced a DIC increase between 0.15 and 0.22mmol/l. This corresponds to between 0.1 and
0.17 ships per 24h. Much higher DIC increases were recorded along many coastlines, as indicated
in orange and red. The 10% highest DIC increases are between 0.52 and 1.9mmol/l and occurred
along European, Chinese and North American coastlines. A DIC increase of 0.52mmol/l
corresponds to 1 ship per 24h. The maximum saturation is reached at a DIC increase of 1.9mmol/l,
which corresponds to 30 ships per 24h. Therefore, all gridcells with more than 30 ships per 24h
were assigned the same DIC increase value of 1.9mmol/l. Gridcells with more than 30 ships per
24h only occurred near European and Chinese coastlines.
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Figure 12: Effect of the number of ships per 24h on the average DIC concentration

The increase in average DIC concentration was put into perspective by calculating the size of the
impacted area. The relation between the number of ships and the size of the impacted area could
be expressed as:
𝑦 = 3𝐸 − 06𝑋 + 7𝐸 − 06

(8)

Where 𝑋 refers to the number of ships and 𝑦 refers to the size of the impacted area in km 2. The
size of the impacted area was calculated for one to 120 ships in a gridcell (table 8).
Table 8: Effect of the number of ships on the size (m2) of the impacted area

N ships

1

3

5

7

9

15

24

60

120

Increase in

0.51

1.03

1.35

1.56

1.68

1.85

1.89

1.90

1.90

4

12

20

28

36

60

96

240

480

0.00002

0.00005

0.00008

0.00011

0.00014

0.00024

0.00038

0.00096

0.00192

DIC (mmol/l)
Impacted
area (m2)
% of 5km2
gridcell

Applying equation 8 to the global ship traffic dataset showed that the total size of the impacted
area after 24h of ship traffic was 12.6km2. An area of 506m2 was impacted in the gridcell with the
highest number of ships in 24h (127 ships).
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4.3 Characterize exposure
The exposure scores were generated and mapped by reclassifying the increased DIC
concentrations to a common numeric scale based on the Lowest-Observable-Effect-Dose and the
100% response dose (figure 13). Exposure scores higher than 0.4 exclusively occurred near the
coast. European and Chinese coastal areas experienced the most exposure to elevated CO 2, with
most exposure scores ranging from 0.4 to 1. Gridcells with more than 12 ships per 24h were
assigned the highest exposure score. This occurred in various maritime chokepoints such as the
Strait of Gibraltar, the Malacca Strait, the Strait of Hormuz and the Danish Straits, as well as near
many European and Chinese coastlines.

Figure 13: Global distribution of exposure scores
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4.4 Characterize vulnerability
The global distribution of vulnerable areas was calculated by applying 4 indicators (table 6) into
equation 6. The mean vulnerability score showed minimal variation throughout the year at
~0.36±0.11 (figure 14). Vulnerability scores underneath the sea ice were observed to be very low
due to gaps in the data (figure 2). A latitudinal gradient of vulnerability was observed above the
southern sea ice edge. The same effect, although less prominent, could be observed near the
northern sea ice edge. Vulnerability in coastal zones was often higher compared to open seas,
caused by a combination of low TAlk, high chlorophyll-a in spring and summer, and high CHI. The
vulnerability without CHI is attached in Appendix V.

Figure 14: Global distribution of vulnerability scores for each season in 2018
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The probability of occurrence of vulnerability scores was shown in histograms (figure 15).
Vulnerability scores between 0.25 and 0.35 were likely to occur in all seasons, while scores 5 and
5.5 peaked in winter and spring. Vulnerability scores above 0.6 occurred rarely.

Figure 15: Probability of the occurrence of vulnerability scores per season for 2018
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4.5 Global preliminary risk
Risk was estimated by plotting vulnerability against exposure for each ecoregion (figure 16). The
Yellow Sea and the North Sea experienced high vulnerability- and exposure scores, and thus high
risk, in every season. Southern China was at high risk in in autumn and summer, depending on
minor seasonal variation in vulnerability. The Alboran Sea experienced by far the highest exposure
score of 0.72. Overall, the seasonal variation in risk was minimal, with global mean vulnerability
scores remaining at 0.36 throughout the year. The detailed scores of each ecoregion are provided
in Appendix VI.

Figure 16: Global preliminary risk per season for each ecoregion (N=262)
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The occurrence of risk intensities (as defined in figure 6) was plotted in figure 17. Between 7.3%
and 9.2% of the 262 ecoregions were at very low risk. Between 79% and 81% were at low risk,
and between 10.3% and 11.5% were at moderate risk. Only 0.8% to 1.1% of the ecoregions were
high risk.

Seasonal occurrence of risk intensities
% of ecoregions

100
80
60

Autumn (Sep-Nov)

40

Spring (March-May)

20

Summer (June-Aug)
Winter (Dec-Feb)

0
Very low

Low

Moderate

High

Very high

Risk intensity
Figure 17: Seasonal occurrence of risk intensities per ecoregion

The global distribution of risk was mapped in figure 18. Open oceans were almost exclusively very
low- or low risk, with some occasional moderate risk at higher latitudes. The most apparent
moderate- and high-risk ecoregions occur near European and Chinese coasts. Additionally, some
moderate risk could be identified in the USA, Malaysia, North Africa, and the United Arab Emirates
coastal ecoregions. The full-size risk maps including ID-codes are attached in Appendix VII.

Figure 18: Global distribution of preliminary risk
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4.5.1 European preliminary risk
European vulnerability (Appendix IX) was plotted against exposure (Appendix IX) to estimate risk
for 114 European regions (figure 19). A cluster of high-risk regions can be observed in all seasons,
consisting of parts of the North Sea (215), Southern Norway (216) and the Alboran Sea (230). The
South European Atlantic Shelf (165) was only at high risk in spring. Parts of the Celtic Seas (33),
the Ionian Sea (228), the Aegean Sea (229), and the Western Mediterranean (231) were classified
as moderate risk instead of high risk by a very small margin, especially in spring. Seasonal
variation was more apparent than in the global assessment, with the European mean vulnerability
score varying from 0.41 in winter to 0.47 in spring. The detailed scores of each European region
are provided in Appendix X.

Figure 19: Preliminary risk per season for each European region (N=114). Labels defined in figure 7
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The occurrence of risk intensities (as defined in figure 6) was plotted in figure 20. Very low and
very high risk did not occur. Between 14.9% and 16.7% of the 114 regions were at low risk,
between 71.9% and 74.6% were at moderate risk, and between 10.5% and 12.3% were at high
risk.
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Figure 20: Seasonal occurrence of risk intensities per European region

The European distribution of risk was mapped in figure 21. A trend of high risk along the coastline
could be observed in the North Sea (215), Southern Norway (216), the Celtic Seas (33), the South
European Atlantic Shelf (165), the Saharan Upwelling (151), and the Western Mediterranean
(231). The biggest seasonal increase in risk could be observed in coasts of the Celtic Seas, the
Saharan Upwelling, and the South European Atlantic Shelf in spring and summer.

Figure 21: Spatial distribution of preliminary risk in Europe
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5 Discussion & recommendations
5.1 Discussion RQ1: input of CO2
The input ship traffic dataset made no distinction between vessel classes. This uncertainty in both
the occurrence and distribution of vessel classes propagated to the amount of CO2 emitted per
grid cell. This implies that even when a site is on average categorized as low risk, there can be
incidences in which elevated CO2 can impact marine ecosystems. To avoid underestimation, each
vessel was categorized into one of the five classes of the world merchant fleet defined by UNCTAD
(2018a). In doing so, all pleasure ships (20.6% of input dataset) and fishing ships (11% of input
dataset) were not considered when calculating CO 2 emissions. This resulted in overestimation of
CO2 emission, as oil tankers, bulk carriers and container ships emit much more kg CO 2 per km
than pleasure ships or fishing ships. This overestimation was mostly confined to coastal areas, as
ships registered in the open ocean belonged almost exclusively to the World’s Merchant Fleet
(Walbridge, 2013). It is likely that this overestimation contributed to the high exposure scores along
coastlines, which is most apparent in the European assessment (Appendix IX). However, this
overestimation can be deemed acceptable, as it ensures that there are no incidences in which
adverse effects occur in a site that is categorized as low risk.
Shipping emission factors vary throughout literature (Cefic and ECTA, 2011; van der Gon &
Hulskotte, 2010; Mckinnon and Piecyk, 2010; Otten et al., 2017). In addition to this existing
uncertainty, new ship engine technologies such as GasDrive or changes in policy might alter
emission factors in the future. For instance, speed directly relates to the emission factor of a ship,
and it has been shown that speed reduction alone can reduce 50-80% of shipping greenhouse
gas emissions (Lack et al., 2011). To account for this uncertainty, the highest emissions factors
found in literature were used in the analyses in this thesis.
The global input of CO2 in 2018 calculated in this study (916-1389 million tonnes) was in the
expected range when compared to literature. The International Maritime Organization (2014)
reported a total of 940 million tonnes of CO 2 in 2012, while Wang and Lutsey (2013) projected
1080-1125 million tonnes of CO2 in 2018. Given the 3.8% annual shipping growth rate reported by
UNCTAD (2018b), the total shipping CO2 emissions could grow from 916-1389 million tonnes in
2018 to 1063-1612 million tonnes in 2023. A study by Cames et al. (2015) projects that shipping
could be responsible for 17% of global CO 2 emissions in 2050 if left unregulated. This rapid growth
of the shipping sector means that the input of CO2, and thus risk, is likely to grow as well. However,
it should be kept in mind that the goal of the GasDrive project is to develop highly efficient ships.
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If the new technology is successful, the input of CO2 could be reduced by approximately 50% for
future risk assessments.

5.1.1 Recommendations RQ1
•

Calculate the input of CO2 under various future scenarios of growth of the maritime
transportation sector.

•

Equasis (2018) for the first time created a separate class for fishing vessels in their report on
the World Merchant Fleet. When calculating input of CO2, it is recommended to consider
fishing vessels as a separate class as they make up 21.1% of the World Merchant Fleet.

•

The input of CO2 needs to be re-calculated once GasDrive engines have been developed
and real emission factors are known.

5.2 Discussion RQ2: DIC exposure level
As GasDrive engines have not yet been developed, the exhaust injection depth is unknown and
might vary depending on ship size. Based on consultation with several shipping companies, it was
assumed that the injected exhaust impacts the upper water column up to a depth of 5m. However,
it is possible that the impacted depth differs due to processes controlling the exchange of
particulate matter such as upwelling, downwelling and currents (Wollast, 1998) and the ocean’s
carbon pumps (Volk & Hoffert, 1985).
In the CO2 injection experiment, the temperature, salinity, alkalinity and DIC of the water was set
to 20˚C, 31.7%, 2.07mmol/l, and 1.85mmol/l, respectively. The results were then assumed to be
true for the entire world ocean. However, the input datasets (table 1) have shown that there is
large spatial variation in the ocean’s abiotic drivers. Given that the composition of ocean water
varies widely, the results of the experiment might not apply to every ecoregion.
Another factor that has a big impact on the exposure level of GasDrive ships is ocean currents. In
reality, the effect of injecting CO2 on DIC concentrations will likely be small and will vary regionally
due to rapid exchange with water from other regions resulting in dilution (Feng et al., 2016). Zhang
et al. (2014) showed that the zonal mass transport can reach a total meridionally integrated value
of up to 30 to 40 Sverdrups. These ocean currents should be considered to determine the actual
effect of GasDrive ships on DIC concentrations. However, as Bartell (2008) indicates, it is deemed
acceptable in a risk assessment to simulate a worst-case-scenario by assuming the maximum
values for the exposure levels.
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Not only ocean currents will reduce the intensity of the effect of shipping on DIC concentrations,
but also the fact that ships will inject their exhaust over a large area. This study assumes that all
the ships in a gridcell were stationary and that the CO 2 was injected in the same location. This
resulted in a gross overestimation of the impact of the number of ships on DIC concentrations,
thus increasing exposure scores and risk scores in high ship traffic areas.
The equation that expresses the relation between shipping intensity and DIC results in a minimum
increase in DIC concentration of 0.1519mmol/l, which corresponds to an exposure score of 0.094.
This means that even if only 0.0027 ships (1 per year) passed through a 5km 2 area in 24 hours,
the equation returns a DIC increase higher than 0.1519mmol/l. Consequently, the increases in
DIC were overestimated in areas with low shipping intensity. This occurred in large parts of the
open oceans, as less than 0.02 ships per 24 hours were registered in 58% of the gridcells
containing shipping activity. As a result, the low shipping intensity gridcells received a relatively
uniform exposure score between 0.094 and 0.1.
In general, this study suggests that the impact of injecting CO 2 with shipping results in large
increases in DIC concentrations. However, the impact of such increase in DIC is very local,
considering that an area of only 506m 2 was impacted in the gridcell with the highest number of
ships

5.2.1 Recommendations RQ2
•

Re-assess the depth of the water column impacted by injecting CO 2 with GasDrive ships

•

Increase the accuracy of the size of the impacted area by consider that a ship injects CO2 over
the entire trajectory traveled through a gridcell. This will give a more realistic representation of
the exposure level by reducing the effect of the number of ships on DIC but will increase the
size of the impacted area.

•

Improve the equation that expresses the relation between the number of ships and DIC
concentration, such that it returns a DIC increase of zero when no ships passed through an
area.

5.3 Discussion RQ3: characterize exposure
The R package seacarb was used to calculate the DIC concentrations that are related to the LOED
and RD100. Analogous to the CO2 injection experiment, the temperature, salinity, alkalinity and DIC
of the water were set to 20˚C, 31.7%, 2.07mmol/l, and 1.85mmol/l, respectively. When the actual
composition of the ocean water differs from these settings, it is possible that the DIC
concentrations related to the LOED and RD100 are also different.
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The RD100 was assigned the highest exposure score and occurs when DIC concentrations are
saturated (3.9mmol/l). In this study, it was assumed to be true for all areas that saturation was
reached after a DIC increase of 1.78mmol/l. However, the amount of DIC increase required to
reach saturation depends on the initial DIC concentration of the water. A low initial DIC
concentration requires more DIC increase to reach saturation than a high initial DIC concentration.
Despite the limitations, the LOED and RD100 helped us characterize exposure to a common
numeric scale such that it could be plotted against vulnerability to estimate risk.

5.3.1 Recommendations RQ3
•

In the CO2 injection experiment and in the R package seacarb the same values of temperature,
salinity, alkalinity and DIC were assumed to be true for all oceans, while in reality these values
can vary drastically. Therefore, it is important to consider using a range of starting values to
test whether this significantly impacts the results.

5.4 Discussion RQ4: vulnerability assessment
Selecting and scoring the indicators of vulnerability
Marine habitats were indirectly included in the analysis via the CHI dataset, which addresses the
cumulative impact of 19 anthropogenic stressors (including CO 2) on 20 marine habitats. However,
in future vulnerability assessments could be improved by directly including the composition of
marine environments. For instance, the vulnerability score in an ecoregion could be higher based
on the presence of vulnerable marine communities such as coral reefs or other calcifying
organisms.
The vulnerability scores were assigned based on the assumption that all marine ecosystems are
equally vulnerable to a certain range of values in an indicator. However, there might be
spatiotemporal variation in vulnerability. For example, Indonesia as a marine country that has
various calcifying organisms such as shells and coral reefs, will be more vulnerable to high DIC in
the monsoon season when TAlk concentrations are lower (Priyanto, 2019). This is because low
TAlk means that calcifying organisms may be unable to maintain be unable to maintain their shells
in case of ocean acidification (Orr et al., 2005). Consequently, the assigned vulnerability scores
might not be true for every region and for every season.
As discussed previously, the GasDrive exhaust is assumed to impact surface water up to a depth
of 5m. However, all indicators of vulnerability reflect the surface values at 0m depth. Considering
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that indicator values vary between depths (Jiang et al., 2015), the vulnerability to elevated CO 2 is
could also vary between depths.
Combining data with various temporal resolutions
DIC samples were collected from 724 unique cruises, which cover all ocean basins over the years
1972 to 2013. These data were merged and mapped by Lauvset et al. (2016) and were adjusted
for any known or likely time trends or variations. Despite extensive quality control and calibration,
the DIC dataset does not reflect the current situation. This might be a problem, as the increasing
influx of anthropogenic CO2 has increased the global mean surface DIC from 1984 μmol/kg -1 in
preindustrial times (Lauvset et al., 2016) to 2036 μmol/kg -1 in the current dataset. As a result, the
DIC values used in this study might be an underestimation of reality. Additionally, a one-year
average DIC map was used in this study. This disregards processes such as advection, biological
activity (photosynthesis, respiration, decay), and sea-air exchange of CO2 that can all impact DIC
concentrations seasonally (Atekwana & Krishnamurthy, 1998; Bozec et al., 2006).
It should also be kept in mind that the CHI dataset reflects the 2013 situation. Halpern et al. (2015)
have shown that 66% of global waters experienced large and increasing CHI between 2008 and
2013. This trend has most likely continued, which means that the CHI vulnerability scores in this
thesis could be an underestimation of reality.
Modelling total alkalinity
The accuracy of the equations used to predict TAlk was determined by Lee et al. (2006), who
compared the predicted values to measured values (N=5692) from the GLODAPv1.1 dataset. This
resulted in a root mean square deviation between the measured and predicted TAlk values of 6.4
to 8.6 μmol/kg-1. Despite confirmation of accuracy by Lee et al. (2006), some disagreement with
another study was found. Voynova et al. (2019) reported a seasonal increase in TAlk of 0.10.15mmol/l in the North Sea coastal waters during the summer months (June-August), while this
study revealed a decrease in TAlk during the summer month compared to the winter months (DecFeb).
The global patterns of TAlk (Appendix III) closely match the findings by Lee et al. (2006) and Jiang
et al. (2014), who both modeled TAlk from SSS and SST. The TAlk pattern generally matched that
of SSS because TAlk is mainly controlled by addition or removal of freshwater, which is reflected
by SSS changes (Millero et al., 1998). This pattern resulted in low TAlk values in areas with large
influxes of freshwater through ice melting (sea ice edge) and through rivers (the Amazon, the
Congo river, the Bay of Bengal), or where precipitation exceeded evaporation (Buis et al., 2011).
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This meant TAlk generally decreased at higher altitudes. Areas with large influxes of freshwater
experienced higher seasonal variation. The greatest seasonal variation was observed in the North
Atlantic and the North Pacific oceans, where convective mixing during seasonal cooling brings
deep waters rich in TAlk to the surface (Jiang et al., 2014), increasing surface TAlk during the
winter and autumn.
Interpreting the vulnerability maps
The findings of this study’s vulnerability assessment were compared to a study by Jiang et al.
(2015), who identified areas of the global ocean that are most vulnerable to ocean acidification.
Both studies revealed the same global pattern of vulnerable areas: vulnerability was low in most
equatorial oceans between 30°S and 30°N and increased at higher latitudes. High vulnerability
areas generally occurred above 40° latitudes. This latitudinal gradient of vulnerability was primarily
a result of high DIC and low TAlk at high latitudes. Wu et al. (2019) suggest that the high DIC and
low TAlk conditions are the result of three major drivers: 1) the effect of water temperature on DIC
equilibrium, (2) the effects of decreases salinity on TAlk, and (3) high-latitude upwelling. The
chemical vulnerability of polar oceans to acidification due to their weak carbonate buffering
capacity is recognized in literature (Shadwick et al. 2013).
In addition to the latitudinal pattern of vulnerability, this study revealed that coastal areas are
generally more vulnerable compared to open oceans due to high chlorophyll-a, low TAlk and high
CHI. Algal blooms were exacerbated during seasonal warming and sea ice retreat. (Nicolajsen,
2012; Lee et al., 2006; Moore & Abbott, 2000). This increased vulnerability in coastal areas of the
northern hemisphere from March through August, and in coastal areas of the southern hemisphere
from September through February. Although overall, algal productivity was not a major driver of
vulnerability, as growth was often not limited by a carbon source (Appendix IV).
Nearly the entire ocean (97.7%) was affected by multiple human stressors, although most CHI
takes place in the North Atlantic, the (sub)tropics and the North Pacific. Several hotspots of CHI
exist where nearly all 19 anthropogenic stressors overlap, most notably in the North Sea, Southern
China, the Yellow Sea, and the East China Sea. These areas also experienced high algal
productivity, low TAlk and high DIC, making them the most vulnerable to elevated CO 2 throughout
the year.
The global distribution of vulnerability was calculated again without CHI (Appendix V). Removing
CHI revealed that the mean vulnerability scores and the probability of occurrence of each
vulnerability score stayed mostly the same. However, the pattern of vulnerability did change.
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Removing CHI decreased vulnerability in equatorial oceans and increases vulnerability towards
the poles. This is explained by the fact that CHI decreases significantly as latitudes increase
(Halpern et al., 2015), and reflects the polar region’s vulnerability to acidification due to high DIC
and low TAlk values (Wu et al., 2019).
When interpreting the vulnerability maps, one should keep in mind that the ocean is a dynamic
system with temporal variation. This means that vulnerability to elevated CO 2, as well as risk, can
change over time. For instance, at the first order, elevated CO 2 concentrations increase the total
DIC of the ocean, without changing its TAlk (Jiang et al., 2014). However, the processes that
increase TAlk can be accelerated when ships inject CO 2 in shallow waters containing large
amounts of shells. Namely, the additional carbon dissolves the shells (Orr et al., 2005), eventually
resulting in higher TAlk (Wolf-Gladrow et al., 2007) and therefore more capacity to resist changes
in pH. This is an example of how vulnerability, and thus risk, can change over time. Even though
the analyses in this thesis consider seasonal variability, the results remain static maps which
require re-evaluation in the future.

5.4.1 Recommendations RQ4
•

Include the composition of the marine environment (e.g. the presence of vulnerable
communities such as coral reefs) as an indicator of vulnerability.

•

Consider including the the aragonite saturation state (ASS) as an indicator of vulnerability.
Elevated CO2 concentrations can reduce the ASS of the ocean, which in turn reduces the
ability of calcifying organisms to create calcium carbonate structures (Halpern et al., 2008).

•

Adapt the vulnerability scores based on spatiotemporal variation in the optimal concentrations
of vulnerability indicators.

•

Include not only the concentrations of vulnerability indicators in surface water (0m depth), but
also the concentrations up to a depth of 5m. Two possibilities are to calculate vulnerability
based on the mean value of each indicator in the 0-5m water column, or separately for each
meter of depth.

•

It is necessary to normalize the DIC measurements from the GLODAPv2 cruises to a desired
year according to the increasing trend of anthropogenic CO2 influx via the procedure described
by Lauvset et al. (2016). They show that temporal trends can be accounted for using first-order
calculations of anthropogenic carbon accumulation rates.

•

The GLODAPv2 DIC measurements should be divided into seasons to account for temporal
variations.
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•

The accuracy of the predicted TAlk values should be assessed by comparing the predicted
values to measured and calibrated values.

5.5 Discussion RQ5: preliminary risk
The global assessment estimates risk based on mean exposure- and vulnerability scores per
ecoregion. Using mean values per ecoregion allowed us to plot vulnerability against exposure to
reveal clear patterns of risk that offer guidance on where mitigation efforts and future research will
be most needed. However, the global risk assessment did not reflect the effect of small-scale
physical processes like local upwelling, boundary currents, and temperature variability around reef
archipelagos (Meissner et al 2012) on risk. Additionally, local outliers in shipping intensity were
not registered. This means that an ecoregion could on average be characterized as low risk, while
locally there can be incidences in which elevated CO2 impacted the marine ecosystem. The
European risk assessment revealed local variation in risk, as each ecoregion was sub-divided
based on bathymetry. We found that high risk mostly didn’t occur in the entire ecoregion, but only
in areas with dense shipping lanes and maritime chokepoints. Examples are the Strait of Dover
and the Strait of Gibraltar.
Seasonal variation in risk was more apparent in the European assessment than in the global
assessment, although it was overall relatively low in both assessments. Seasonal variation that
occurred was accounted for by increased algal productivity during seasonal warming from March
through August (Nicolajsen, 2012; Lee et al., 2006; Moore & Abbott, 2000), as well as increased
TAlk concentrations in the North Sea and the Celtic Seas from February through May.
Removing CHI from the analysis (Appendix VIII) revealed little difference in terms of the global
pattern of risk. Risk decreased slightly in some (sub)tropics ecoregions and increased slightly in
some North Atlantic, North Pacific and Southern Ocean ecoregions. As addressed in chapter 5.4,
this is explained by the fact that CHI decreases significantly as latitudes increase (Halpern et al.,
2015), and reflects the polar region’s vulnerability to acidification due to high DIC and low TAlk
values (Wu et al., 2019).
Overall, the Yellow Sea, Southern China and the North Sea were identified as the ecoregions with
high risk, closely followed by the Alboran Sea and the East China Sea. The implementation of
GasDrive ships in these ecoregions should be carefully considered. The tradeoff between
reducing atmospheric CO2 emissions of maritime transportation and protection of ecosystems and
the services they provide might not be beneficial, as the risk of impact on marine ecosystems is
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high. Since this study revealed that instances of moderate- to high risk do occur, an iterative
process starts in which new information is introduced, different scenarios are modelled, or
mitigation efforts are included until the requirements of risk managers are fulfilled.

5.5.1 Recommendations RQ5
•

A detailed risk assessment is required once the GasDrive technology has been developed in
which the limitations and recommendations of this study are considered.

•

Future risk assessments should aim to express risk as a percentage chance that a pre-defined
impact on a marine ecosystem occurs, instead of in relative terms.

•

It is recommended to calculate the global distribution of risk based on smaller regions, such
as the ones used in the European assessment. This could reveal local outliers of risk that
could not be detected in the ecoregions used in this study.

•

Future risk assessments should prioritize European and Chinese oceans and pay special
attention to the impact of exposure on the North Sea, Southern China, and the Yellow Sea.

•

Maritime chokepoints such as the Strait of Gibraltar, the Strait of Hormuz and the Malacca
Strait experienced very high input of CO2 and therefore require detailed risk assessment.

•

The more accurate impacted area size (recommendations RQ2) can be used to create buffer
zones around busy shipping lanes, ensuring that the injected CO2 does not impact vulnerable
marine areas.

•

Future research should help formulate the exact mitigation efforts required to prevent impact
on marine ecosystems in high-risk areas. Based on the findings in this study, it will be
beneficial to temporarily disable the underwater exhaust in high-risk areas. Another option is
to define an acceptable degree of risk and limit the use of underwater exhaust such that the
acceptable values are not exceeded.
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6 Conclusions
1. What is the global shipping intensity and its input of CO2?
Shipping intensity was low in open oceans due to highly dispersed shipping lanes, with the total
number of ships registered in a gridcell in 2018 rarely exceeding 181. Shipping intensity increased
significantly in coastal areas. The highest 10% shipping intensities ranged from 5614 to 46174
ships per gridcell in 2018, which corresponds to 8709 and 71629 tonnes of CO 2, respectively. This
degree of exposure occurred primarily in European and Chinese coastal areas, as well as in some
Japanese, United States, Malaysian and United Arab Emirates coastlines. Big outliers in the
degree of exposure (~60000-71629 tonnes of CO2) could be observed in gridcells in maritime
chokepoints such as the Malacca Strait, the Strait of Hormuz, the Strait of Gibraltar, the Danish
Straits, and the Georgia Basin. Under the assumptions that all boats use GasDrive technology
and belong to the world merchant fleet, the global ocean would be exposed to between 916 and
1389 million tonnes of CO2 in 2018. Although this input of CO2 should be reduced by approximately
50% if the GasDrive technology is developed successfully.
2. What is the exposure level of marine ecosystem to DIC caused by the shipping input of
CO2?
Shipping input of CO2 directly increased the exposure level of marine ecosystem to DIC, until the
DIC saturation level was reached. Our result indicates that the saturated DIC concentration was
reached after 9 ships passed through the same area over 24 hours. In addition, the results showed
that when nine ships passed by in 24 hours, only an area of 36m 2 (0.00014% of 5km2 gridcell)
reached the saturated DIC concentration of 3.9mmol/l. On a global scale, this amounted to a total
area of 12.6km 2 reaching the saturated DIC concentration. Therefore, exposure significantly
increases mean DIC concentrations, but limited to a very small scale.
3. How can exposure be characterized based on the DIC exposure level?
The LOED of increased DIC (0.16mmol/l) was corelated with 0.1 ships per 24 hours, while the
RD100 of increased DIC (1.78mmol/l) corresponded to 11.6 ships per 24 hours. Our result show
that the RD100 could be observed near many European, Chinese and Japanese coastlines, as well
as in maritime chokepoints such as the Malacca Strait, the Strait of Hormuz, the Strait of Gibraltar,
the Danish Straits, and the Georgia Basin.
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4. What are the indicators of vulnerability and how are they distributed globally?
Vulnerability was low in most equatorial oceans between 30°S and 30°N and increased at higher
latitudes. High vulnerability areas generally occurred above 40° latitudes. The highest vulnerability
occurred near the poles and near coastlines, but never exceeded a score of 0.8. Two main drivers
of vulnerability near the poles could be identified: (1) the latitudinal gradient of high DIC and (2)
the TAlk values which generally decreased with latitudes poleward of the subtropics as
precipitation exceeded evaporation. High vulnerability near coastlines was a result of higher algal
productivity, lower TAlk values and high human pressure. The global pattern of vulnerability was
mostly same throughout the year, although some seasonal variation could be observed due to
fluctuating TAlk values, seasonal ice cover and algal productivity. Seasonal variation in TAlk was
observed to be larger in areas with significant influxes of freshwater through ice melting and rivers
(the Amazon, the Congo river, the Bay of Bengal), or where tropical upwelling occurs. Coastal
zones in the southern hemisphere experienced slightly higher vulnerability from September
through February due to increased algal productivity. The opposite was true for northern
European, North-American and eastern Russian coastlines, which experienced increase algal
productivity in from March through August.
5. What is the estimated risk from the anticipated exposure and vulnerability?
All open seas are low risk due to highly dispersed ship traffic and generally lower conditions of
vulnerability compared to coastal zones. The only high-risk ecoregions in the presented study
were the Yellow Sea, the North Sea and Southern China. The ecoregions with moderate-to-high
risk were the East China Sea, the Alboran Sea, the Aegean Sea, the Ionian Sea and Southern
Norway. As a yearly average, 88.3% of the ecoregions could be classified as low- or very low risk,
10.8% as moderate risk and only 1% as high risk. Little seasonal variation was observed when
approaching risk on an ecoregion scale. The European risk assessment revealed more seasonal
variation in risk. The risk was highest from March through May due to a mean vulnerability increase
of 17% compared to December through February. As a yearly average, 16% of the regions could
be classified as low risk, 73% as moderate risk and 11% as high risk. High risk only occurred in
coastal regions of the North Sea, Southern Norway and Alboran Sea.

49

7 References
Argo (2019). Gridded fields and data products based on Argo data. Retrieved November 10, 2019,
from http://www.argo.ucsd.edu/Gridded_fields.html
Asia-Pacific data-research center (2019). IPRC Products Based on Argo Data. Retrieved
November 15, 2019, from http://apdrc.soest.hawaii.edu/projects/argo/
Atekwana, E. A., & Krishnamurthy, R. V. (1998). Seasonal variations of dissolved inorganic carbon
and δ13C of surface waters: application of a modified gas evolution technique. Journal of
Hydrology, 205(3-4), 265-278.
Azpurua, M. A., & Ramos, K. D. (2010). A comparison of spatial interpolation methods for
estimation of average electromagnetic field magnitude. Progress in electromagnetics research,
14, 135-145.
Barker, S. & Ridgwell, A. (2012). Ocean Acidification. Nature Education Knowledge, 3(10), 21.
Bartell, S.M. (2008). Ecological risk assessment. Encyclopedia of Ecology, volume 1, 1097-1101.
Becker, J. J., Sandwell, D. T., Smith, W. H. F., Braud, J., Binder, B., Depner, J. L., ... & Ladner,
R. (2009). Global bathymetry and elevation data at 30 arc seconds resolution: SRTM30_PLUS.
Marine Geodesy, 32(4), 355-371.
Beckers, J. M., Barth, A., Troupin, C., & Alvera-Azcárate, A. (2014). Approximate and efficient
methods to assess error fields in spatial gridding with data interpolating variational analysis
(DIVA). Journal of Atmospheric and Oceanic Technology, 31(2), 515-530.
Bennett, E. M., Carpenter, S. R., & Caraco, N. F. (2001). Human impact on erodable phosphorus
and eutrophication: a global perspective: increasing accumulation of phosphorus in soil threatens
rivers, lakes, and coastal oceans with eutrophication. BioScience, 51(3), 227-234.
Borja, A., Bricker, S. B., Dauer, D. M., Demetriades, N. T., Ferreira, J. G., Forbes, A. T., ... & Zhu,
C. (2008). Overview of integrative tools and methods in assessing ecological integrity in estuarine
and coastal systems worldwide. Marine pollution bulletin, 56(9), 1519-1537.
Bozec, Y., Thomas, H., Schiettecatte, L. S., Borges, A. V., Elkalay, K., & De Baar, H. J. (2006).
Assessment of the processes controlling the seasonal variations of dissolved inorganic carbon in
the North Sea. Limnology and Oceanography, 51(6), 2746-2762.
Bricker, S. B., Longstaff, B., Dennison, W., Jones, A., Boicourt, K., Wicks, C., & Woerner, J.
(2008). Effects of nutrient enrichment in the nation's estuaries: a decade of change. Harmful Algae,
8(1), 21-32.
Buis, A., Lynch, P., Cook-Anderson, G., Sullivant, R., Miller, K. (2011). Aquarius/SAC-D. Studying
Earth’s
Salty
Seas
from
Space.
Retrieved
November
12,
2019,
from
https://www.nasa.gov/mission_pages/aquarius/news/aquarius20110602.html
Cai, W. J., Hu, X., Huang, W. J., Murrell, M. C., Lehrter, J. C., Lohrenz, S. E., ... & Zhao, P. (2011).
Acidification of subsurface coastal waters enhanced by eutrophication. Nature geoscience, 4(11),
766.

50

Cames, M., Graichen, J., Siemons, A., & Cook, V. (2015). Emission reduction targets for
international aviation and shipping. Directorate General for Internal Policies; European
Parliament—Policy Department A; Economic and Scientific Policy: Bruxelles, Belgium.
Cefic, ECTA. (2011). Guidelines for measuring and managing CO2 emission from freight transport
operations. Cefic Report, 1(2011), 1-18.
De Lange, H. J., Sala, S., Vighi, M., & Faber, J. H. (2010). Ecological vulnerability in risk
assessment—a review and perspectives. Science of the Total Environment, 408(18), 3871-3879.
Demarcq, H., Barlow, R., & Hutchings, L. (2007). Application of a chlorophyll index derived from
satellite data to investigate the variability of phytoplankton in the Benguela ecosystem. African
Journal of Marine Science, 29(2), 271-282.
Doney, S. C., Mahowald, N., Lima, I., Feely, R. A., Mackenzie, F. T., Lamarque, J. F., & Rasch,
P. J. (2007). Impact of anthropogenic atmospheric nitrogen and sulfur deposition on ocean
acidification and the inorganic carbon system. Proceedings of the National Academy of Sciences,
104(37), 14580-14585.
Duarte, C. M., Agustí, S., Wassmann, P., Arrieta, J. M., Alcaraz, M., Coello, A., ... & Kritzberg, E.
(2012). Tipping elements in the Arctic marine ecosystem. Ambio, 41(1), 44-55.
Eason, C., & O'Halloran, K. (2002). Biomarkers in toxicology versus ecological risk assessment.
Toxicology, 181, 517-521.
EC (2003). Commission Directive 93/67/EEC on risk assessment for new notified substances,
Commission Regulation (EC) No 1488/94 on risk assessment for existing substances, Directive
98/8/EC of the European Parliament and of the Council concerning the placing of biocidal products
on the market. Part II
Eide, M. S., Longva, T., Hoffmann, P., Endresen, Ø., & Dalsøren, S. B. (2011). Future cost
scenarios for reduction of ship CO2 emissions. Maritime Policy & Management, 38(1), 11-37.
European Commission (2019). Reducing emissions from the shipping sector. Retrieved
September 9, 2019, from https://ec.europa.eu/clima/policies/transport/shipping_en#tab-0-0
Equasis (2018). The World Merchant Fleet in 2018. Retrieved January 28, 2020, from
http://www.emsa.europa.eu/equasis-statistics/items.html?cid=95&id=472
Feely, R. A., Doney, S. C., & Cooley, S. R. (2009). Ocean acidification: Present conditions and
future changes in a high-CO₂ world. Oceanography, 22(4), 36-47.
Feng, E. Y., Keller, D. P., Koeve, W., & Oschlies, A. (2016). Could artificial ocean alkalinization
protect tropical coral ecosystems from ocean acidification?. Environmental Research Letters,
11(7), 074008.
Ferreira, J. G., Bricker, S. B., & Simas, T. C. (2007). Application and sensitivity testing of a
eutrophication assessment method on coastal systems in the United States and European Union.
Journal of Environmental Management, 82(4), 433-445.
Fine, R., Willy, D., Thompson, C., Jentoft-Nilsen, M. (2015). Ocean Alkalinity. Retrieved
September 20, 2019, from https://svs.gsfc.nasa.gov/30697

51

GASDRIVE
(n.d.).
GASDRIVE.
Retrieved
https://www.wur.nl/en/project/GASDRIVE-2.htm

September

9,

2019,

from

Giesy, J. P. (2001). Hormesis—does it have relevance at the population, community or ecosystem
levels of organization?. Human & experimental toxicology, 20(10), 517-520.
Goldman, J. C., Porcella, D. B., Middlebrooks, E. J., & Toerien, D. F. (1972). The effect of carbon
on algal growth—its relationship to eutrophication. Water research, 6(6), 637-679.
Goodchild, M. F., & Li, L. (2012). Assuring the quality of volunteered geographic information.
Spatial statistics, 1, 110-120.
Gowen, R. J., Tett, P., Bresnan, E., Davidson, K., McKinney, A., Harrison, P. J., ... & Crooks, A.
M. (2012). Anthropogenic nutrient enrichment and blooms of harmful phytoplankton. In
Oceanography and Marine Biology (pp. 74-135). CRC Press.
Guldberg, O., Mumby, P. J., Hooten, A. J., Steneck, R. S., Greenfield, P., Gomez, E., ... &
Knowlton, N. (2007). Coral reefs under rapid climate change and ocean acidification. science,
318(5857), 1737-1742.
Hallegraeff, G. M. (1993). A review of harmful algal blooms and their apparent global increase.
Phycologia, 32(2), 79-99.
Halpern, B. S., Frazier, M., Potapenko, J., Casey, K. S., Koenig, K., Longo, C., ... & Walbridge, S.
(2015a). Spatial and temporal changes in cumulative human impacts on the world’s ocean. Nature
communications, 6, 7615.
Halpern, B. S., Selkoe, K. A., Micheli, F., & Kappel, C. V. (2007). Evaluating and ranking the
vulnerability of global marine ecosystems to anthropogenic threats. Conservation Biology, 21(5),
1301-1315.
Halpern, B. S., Walbridge, S., Selkoe, K. A., Kappel, C. V., Micheli, F., D'agrosa, C., ... & Fujita,
R. (2008). A global map of human impact on marine ecosystems. Science, 319(5865), 948-952.
Halpern, B., Frazier, M., Potapenko, J., Casey, K., Koenig, K. (2015b). Cumulative human impacts:
Supplementary data. Knowledge Network for Biocomplexity. doi:10.5063/F19Z92TW.
Hein, M., & Sand-Jensen, K. (1997). CO 2 increases oceanic primary production. Nature,
388(6642), 526.
Hilmi, N., Allemand, D., Kavanagh, C., Laffoley, D., Metian, M., Osborn, D., & Reynaud, S. (2015).
Bridging the gap between ocean acidification impacts and economic valuation: regional impacts
of ocean acidification on fisheries and aquaculture (Vol. 23). IUCN.
Ibelings, B. W., & Maberly, S. C. (1998). Photoinhibition and the availability of inorganic carbon
restrict photosynthesis by surface blooms of cyanobacteria. Limnology and Oceanography, 43(3),
408-419.
International Maritime Organization (2014). Third IMO GHG Study 2014. Retrieved September 9,
2019,
from
http://www.imo.org/en/OurWork/Environment/PollutionPrevention/AirPollution/Documents/Third
%20Greenhouse%20Gas%20Study/GHG3%20Executive%20Summary%20and%20Report.pdf

52

IUCN
(n.d.).
Ocean
Acidification.
Retrieved
September
https://www.iucn.org/resources/issues-briefs/ocean-acidification

12,

2019,

from

Jafarzadeh, S., & Utne, I. B. (2014). A framework to bridge the energy efficiency gap in shipping.
Energy, 69, 603-612.
Jain, Y. K., & Bhandare, S. K. (2011). Min max normalization based data perturbation method for
privacy protection. International Journal of Computer & Communication Technology, 2(8), 45-50.
Jenny, B., Šavrič, B., & Patterson, T. (2015). A compromise aspect-adaptive cylindrical projection
for world maps. International Journal of Geographical Information Science, 29(6), 935-952.
Jiang, L. Q., Feely, R. A., Carter, B. R., Greeley, D. J., Gledhill, D. K., & Arzayus, K. M. (2015).
Climatological distribution of aragonite saturation state in the global oceans. Global
Biogeochemical Cycles, 29(10), 1656-1673.
Jiang, Z. P., Tyrrell, T., Hydes, D. J., Dai, M., & Hartman, S. E. (2014). Variability of alkalinity and
the alkalinity‐salinity relationship in the tropical and subtropical surface ocean. Global
Biogeochemical Cycles, 28(7), 729-742.
JPL Climate Oceans and Solid Earth group (2019). JPL SMAP Level 3 CAP Sea Surface Salinity
Standard Mapped Image Monthly V4.2 Validated Dataset. Ver. 4.2. PO.DAAC, CA, USA.
Retrieved October 10, 2019, from https://doi.org/10.5067/SMP42-3TMCS.
Key, R. M., et al. (2004), A global ocean carbon climatology: Results from Global Data Analysis
Project (GLODAP), Global Biogeochem. Cycles, 18, GB4031, doi:10.1029/2004GB002247.
Key, R. M., Olsen, A., van Heuven, S., Lauvset, S. K., Velo, A., Lin, X., ... & Jutterström, S. (2015).
Global Ocean Data Analysis Project, Version 2 (GLODAPv2).
Kumpulainen, S. (2006). Vulnerability concepts in hazard and risk assessment. Special paperGeological Survey of Finland, 42, 65.
Lachin, J. M., McGee, P. L., Greenbaum, C. J., Palmer, J., Pescovitz, M. D., Gottlieb, P., & Skyler,
J. (2011). Sample size requirements for studies of treatment effects on beta-cell function in newly
diagnosed type 1 diabetes. PloS one, 6(11), e26471.
Lantz, C. A., Atkinson, M. J., Winn, C. W., & Kahng, S. E. (2014). Dissolved inorganic carbon and
total alkalinity of a Hawaiian fringing reef: chemical techniques for monitoring the effects of ocean
acidification on coral reefs. Coral Reefs, 33(1), 105-115.
Lauvset, S. K., Key, R. M., Olsen, A., van Heuven, S., Velo, A., Lin, X., ... & Jutterström, S. (2016).
A new global interior ocean mapped climatology: The 1× 1 GLODAP version 2. Earth System
Science Data, 8, 325-340.
Lee, K., Tong, L. T., Millero, F. J., Sabine, C. L., Dickson, A. G., Goyet, C., ... & Key, R. M. (2006).
Global relationships of total alkalinity with salinity and temperature in surface waters of the world's
oceans. Geophysical research letters, 33(19).
Lueker, T. J., Dickson, A. G., & Keeling, C. D. (2000). Ocean pCO2 calculated from dissolved
inorganic carbon, alkalinity, and equations for K1 and K2: validation based on laboratory
measurements of CO2 in gas and seawater at equilibrium. Marine chemistry, 70(1-3), 105-119.

53

McKinnon, A. C., & Piecyk, M. (2010). Measuring and managing CO2 emissions in European
chemical transport.
Meissner, K. J., Lippmann, T., & Gupta, A. S. (2012). Large-scale stress factors affecting coral
reefs: open ocean sea surface temperature and surface seawater aragonite saturation over the
next 400 years. Coral Reefs, 31(2), 309-319.
Millero, F. J., Lee, K., & Roche, M. (1998). Distribution of alkalinity in the surface waters of the
major oceans. Marine Chemistry, 60(1-2), 111-130.
Moore, J. K., & Abbott, M. R. (2000). Phytoplankton chlorophyll distributions and primary
production in the Southern Ocean. Journal of Geophysical Research: Oceans, 105(C12), 2870928722.
NASA
(2018).
Ocean
Colour.
Retrieved
https://data.nasa.gov/dataset/Ocean-Colour/ssdf-bumc

September

17,

2019,

from

NASA OceanColour (2019). MODIS-Aqua Level-3 Mapped Chlorophyll Data Version 2018.
Retrieved
September
20,
2019,
from
https://oceancolour.gsfc.nasa.gov/data/10.5067/AQUA/MODIS/L3M/CHL/2018/
Natural
Earth
(2018).
Ocean.
Retrieved
September
16,
2019,
https://www.naturalearthdata.com/downloads/110m-physical-vectors/110m-ocean/

from

Nicolajsen, H., Møhlenberg, F., & Kiørboe, T. (1983). Algal grazing by the planktonic copepods
Centropages hamatus and Pseudocalanus sp.: diurnal and seasonal variation during the spring
phytoplankton bloom in the Øresund. Ophelia, 22(1), 15-31.
Nixon, S. W. (1995). Coastal marine eutrophication: a definition, social causes, and future
concerns. Ophelia, 41(1), 199-219.
Nixon, S. W. (2009). Eutrophication and the macroscope. In Eutrophication in Coastal Ecosystems
(pp. 5-19). Springer, Dordrecht.
Nixon, S., & Thomas, A. (2001). On the size of the Peru upwelling ecosystem. Deep Sea Research
Part I: Oceanographic Research Papers, 48(11), 2521-2528.
NOAA (2018). Northern coastal waters are more vulnerable to acidification. Retrieved September
11, 2019, from https://research.noaa.gov/article/ArtMID/587/ArticleID/2379/Study-northerncoastal-waters-and-estuaries-are-more-vulnerable-to-acidification
NOAA
CRW
(2019).
Year-to-date,
Monthly,
and
Annual
Composites
of 5km Satellite Coral Bleaching Heat Stress Products (Version 3.1). Retrieved September 30,
2019, from https://coralreefwatch.noaa.gov/product/5km/index_5km_composite.php
NOAA NCEI (2019). AVHRR Pathfinder version 5.2 level 3 collated (L3C) global 4km sea surface
temperature for 1981-2012. Retrieved November 15, 2019, from https://data.nodc.noaa.gov/cgibin/iso?id=gov.noaa.nodc:AVHRR_Pathfinder-NODC-L3C-v5.2;view=html
NOAA SIS (2011). Methodology, Product Description, and Data Availability of NOAA Coral Reef
Watch (CRW) Operational and Experimental Satellite Coral Bleaching Monitoring Products.
Retrieved November 10, 2019, from

54

Olmer, N., Comer, B., Roy, B., Mao, X., & Rutherford, D. (2017). Greenhouse gas emissions from
global shipping, 2013-2015. The International Council on Clean Transportation, 1-38.
Olsen, A., Key, R. M., van Heuven, S., Lauvset, S. K., Velo, A., Lin, X., ... & Jutterström, S. (2016).
The Global Ocean Data Analysis Project version 2 (GLODAPv2)–an internally consistent data
product for the world ocean. Earth System Science Data (Online), 8(2).
Omernik, J. M., & Powers, C. F. (1983). Total alkalinity of surface waters—a national map. Annals
of the Association of American Geographers, 73(1), 133-136.
Orr, J. C., Fabry, V. J., Aumont, O., Bopp, L., Doney, S. C., Feely, R. A., ... & Key, R. M. (2005).
Anthropogenic ocean acidification over the twenty-first century and its impact on calcifying
organisms. Nature, 437(7059), 681-686.
Orr, J. C., Fabry, V. J., Aumont, O., Bopp, L., Doney, S. C., Feely, R. A., ... & Key, R. M. (2005).
Anthropogenic ocean acidification over the twenty-first century and its impact on calcifying
organisms. Nature, 437(7059), 681-686.
OSPAR Commission. (2008). Second OSPAR integrated report on the eutrophication status of
the OSPAR maritime area. OSPAR Eutrophication Series, publication, 372(2008), 107.
Otten, M., Hoen, M., Boer, E. (2017). STREAM Freight Transport 2016 , Emissions of freight
transport modes–Version 2, Publication code: 17.4 H29. 10.
Pastorok, R. A., Preziosi, D., Rudnick, D., Bard, S. M., Newman, M. C., & Zhao, Y. (2008).
Ecotoxicological Model of Populations, Ecosystems, and Landscapes. Encycl. Ecol., 1165-1186.
Patro, S., & Sahu, K. K. (2015). Normalization: A preprocessing stage. arXiv preprint
arXiv:1503.06462
Plumbago (2018). Surface ocean pre-industrial DIC concentrations, GLODAPv2.png. Retrieved
November 5, 2019, from https://commons.wikimedia.org/wiki/File:Surface_ocean_preindustrial_DIC_concentration,_GLODAPv2.png
Pyiyanto, F.E. (2019) Eart observation of ocean acidification: the case of Nusa Penida,
Kelungkung, East Bali. Faculty of Geo-Information Science and Earth Observation, University of
Twente, The Netherlands
Rehmatulla, N., Calleya, J., & Smith, T. (2017). The implementation of technical energy efficiency
and CO2 emission reduction measures in shipping. Ocean engineering, 139, 184-197.
Rew, R., & Davis, G. (1990). NetCDF: an interface for scientific data access. IEEE computer
graphics and applications, 10(4), 76-82.
Riebesell, U., Wolf-Gladrow, D. A., & Smetacek, V. (1993). Carbon dioxide limitation of marine
phytoplankton growth rates. Nature, 361(6409), 249-251.
Rittger, K., Painter, T. H., & Dozier, J. (2013). Assessment of methods for mapping snow cover
from MODIS. Advances in Water Resources, 51, 367-380.
Rodrigue, J-P., Notteboom, T. (2017). The Geography of transport systems. Retrieved September
13, 2019, from https://transportgeography.org/?page_id=1762

55

Sadiq, M., & Ahmad, Z. (2015). Heterogeneous data management and modeling for the
gravimetric geoid model: a review study in Pakistan. Arabian Journal of Geosciences, 8(4), 22472263.
Santillan, J. R., & Makinano-Santillan, M. (2016). VERTICAL ACCURACY ASSESSMENT OF 30M RESOLUTION ALOS, ASTER, AND SRTM GLOBAL DEMS OVER NORTHEASTERN
MINDANAO, PHILIPPINES. International Archives of the Photogrammetry, Remote Sensing &
Spatial Information Sciences, 41.
Satellite Geodesy (2019). SRTM30_PLUS: SRTM30, coastal & ridge multibeam, estimated
topography.
Retrieved
November
5,
2019,
from
https://topex.ucsd.edu/WWW_html/srtm30_plus.html
Schippers, P., Lürling, M., & Scheffer, M. (2004 a). Increase of atmospheric CO2 promotes
phytoplankton productivity. Ecology letters, 7(6), 446-451.
Schippers, P., Vermaat, J. E., de Klein, J., & Mooij, W. M. (2004 b). The effect of atmospheric
carbon dioxide elevation on plant growth in freshwater ecosystems. Ecosystems, 7(1), 63-74.
Shadwick, E. H., Trull, T. W., Thomas, H., & Gibson, J. A. E. (2013). Vulnerability of polar oceans
to anthropogenic acidification: comparison of Arctic and Antarctic seasonal cycles. Scientific
reports, 3, 2339.
Sharma, M., Paige, G. B., & Miller, S. N. (2010). DEM development from ground-based LiDAR
data: A method to remove non-surface objects. Remote Sensing, 2(11), 2629-2642.
SIO Argo (2019|). Recent surfacing location of SIO Argo floats. Retrieved November 10, 2019,
from http://sio-argo.ucsd.edu/
Spalding, M. D., Agostini, V. N., Rice, J., & Grant, S. M. (2012). Pelagic provinces of the world: a
biogeographic classification of the world’s surface pelagic waters. Ocean & Coastal
Management, 60, 19-30.
Spalding, M. D., Fox, H. E., Allen, G. R., Davidson, N., Ferdaña, Z. A., Finlayson, M. A. X., ... &
Martin, K. D. (2007). Marine ecoregions of the world: a bioregionalization of coastal and shelf
areas. BioScience, 57(7), 573-583.
Spilhaus, A. F. (1942). Maps of the whole world ocean. Geographical Review, 32(3), 431-435.
Stillman, J. H., & Paganini, A. W. (2015). Biochemical adaptation to ocean acidification. Journal
of Experimental Biology, 218(12), 1946-1955.
Sunda, W. G., & Cai, W. J. (2012). Eutrophication induced CO2-acidification of subsurface coastal
waters: interactive effects of temperature, salinity, and atmospheric p CO2. Environmental
Science & Technology, 46(19), 10651-10659.
Talling, J. F. (1976). The depletion of carbon dioxide from lake water by phytoplankton. The
Journal of Ecology, 79-121.
Tan, Q., & Xu, X. (2014). Comparative analysis of spatial interpolation methods: an experimental
study. Sensors & Transducers, 165(2), 155.
The Nature Conservancy (2012). Marine Ecoregions and Pelagic Provinces of the World.
Retrieved December 30, 2019, from https://data.unep-wcmc.org/datasets/38.

56

Tomlin, C. D. (1990). Geographic information systems and cartographic modelling (No. 910.011
T659g). New Jersey, US: Prentice-Hall.
Troupin, C., Barth, A., Sirjacobs, D., Ouberdous, M., Brankart, J. M., Brasseur, P., ... & Lenartz,
F. (2012). Generation of analysis and consistent error fields using the Data Interpolating
Variational Analysis (DIVA). Ocean Modelling, 52, 90-101.
Turner, E.(2014). Ocean Acidification Promotes Disruptive and Harmful Algal Blooms on Our
Coasts. Retrieved September 10, 2019, from https://coastalscience.noaa.gov/news/oceanacidification-promotes-disruptive-and-harmful-algal-blooms-on-our-coasts/
U.S. EPA 2012. Sustainable Futures/P2 Framework Manual 2012. EPA-748-B12-001. 13.
Quantitative Risk Assessment Calculations. U.S. Environmental Protection Agency, Risk
Assessment Forum, Washington, DC 20460
UNCTAD (2018a). Review of Maritime Transport, 2018. (No. UNCTAD/RMT/2018).
UNCTAD (2018b). 50
UNCTAD/DTL/2018/1).

years

of

Review

of

Maritime

Transport,

1968–2018.

(No.

UNCTADstat (2018). Maritime transport data center. Retrieved October 29, 2019, from
https://unctadstat.unctad.org/wds/ReportFolders/reportFolders.aspx
UNDP (2010). Disaster risk assessment. Retrieved
https://www.preventionweb.net/publications/view/17431

November

10,

2019,

from

UNFCCC (2015). Paris Agreement. Retrieved on September 9, 2019,
https://unfccc.int/process-and-meetings/the-paris-agreement/the-paris-agreement

from

US EPA (n.d.) Ecologocal Risk Assessment. Retrieved November 21, 2019, from
https://www.epa.gov/risk/ecological-risk-assessment
Vámos, C. (2019). Mapping CO2 Sensitive Areas in the Ocean Using Dissolved Inorganic Carbon
and
Shipping
Route
Data.
Retrieved
September
9,
2019,
from
https://www.wur.nl/en/activity/Mapping-CO2-Sensitive-Areas-in-the-Ocean-Using-DissolvedInorganic-Carbon-and-Shipping-Route-Data.htm
van der Gon, H. D., & Hulskotte, J. (2010). Methodologies for Estimating Shipping Emissions in
the Netherlands: A Documentation of Currently Used Emission Factors and Related Activity Data.
Netherlands Research Program on Particulate Matter.
Volk, T., & Hoffert, M. I. (1985). Ocean carbon pumps: Analysis of relative strengths and
efficiencies in ocean‐driven atmospheric CO2 changes. The carbon cycle and atmospheric CO2:
natural variations Archean to present, 32, 99-110.
Voynova, Y. G., Petersen, W., Gehrung, M., Aßmann, S., & King, A. L. (2019). Intertidal regions
changing coastal alkalinity: The Wadden Sea‐North Sea tidally coupled bioreactor. Limnology and
Oceanography, 64(3), 1135-1149.
Wagner, I. (2019). Global containership fleet – TEU’s 2018. Retrieved October 28, 2019, from
https://www.statista.com/statistics/198391/number-of-teus-of-the-global-containership-fleet/
Walbridge, S. (2013). Assessing ship movements using volunteered geographic information.
University of California, Santa Barbara.
57

Wallace, R. B., Baumann, H., Grear, J. S., Aller, R. C., & Gobler, C. J. (2014). Coastal ocean
acidification: The other eutrophication problem. Estuarine, Coastal and Shelf Science, 148, 1-13
Waller, G. (1996). Sealife: A complete guide to the marine environment. Haarlem, Noord-Holland:
Ger Meesters Boekprodukties.
Wang, H., & Lutsey, N. (2013). Long-term potential for increased shipping efficiency through the
adoption of industry-leading practices. The International Council on Clean Transportation,
Retrieved July, 65.
Wolf-Gladrow, D. A., Zeebe, R. E., Klaas, C., Körtzinger, A., & Dickson, A. G. (2007). Total
alkalinity: The explicit conservative expression and its application to biogeochemical processes.
Marine Chemistry, 106(1-2), 287-300.
Wollast, R. (1998). Evaluation and comparison of the global carbon cycle in the coastal zone and
in the open ocean. The sea, 10, 213-252.
Wu, Y., Hain, M. P., Humphreys, M. P., Hartman, S., & Tyrrell, T. (2019). What drives the latitudinal
gradient in open-ocean surface dissolved inorganic carbon concentration?. Biogeosciences,
16(13), 2661-2681.
Xiao, Y., Ferreira, J. G., Bricker, S. B., Nunes, J. P., Zhu, M., & Zhang, X. (2007). Trophic
assessment in Chinese coastal systems-review of methods and application to the Changjiang
(Yangtze) Estuary and Jiaozhou Bay. Estuaries and Coasts, 30(6), 901-918.
Zhang, Z., Wang, W., & Qiu, B. (2014). Oceanic mass transport by mesoscale eddies. Science,
345(6194), 322-324.

58

Appendix I: Validation of input data
SSS validation
For level 3 data products, NASA already applied sensor calibrations, atmospheric corrections, and
bio-optical algorithms. NASA compared the monthly SMAP salinity with Argo’s gridded salinity
from APDRC (Asia-Pacific data-research center, 2019) and SIO (SIO Argo, 2019). Argo collects
more than 100000 field measurements of temperature and salinity from over 3000 floats each year
(Argo, 2019). Error assessment shows that the bias between SMAP and the Argo gridded product
is less than 0.1 PSU with a root mean squared deviation of 0.3 PSU. Measurements that looked
suspicious, likely due to corrupted data, were removed from the data.

SST validation
The principal source of infrared data for the SST dataset is the AVHRR, carried on NOAA’s POES
satellite. Only nighttime data was used to produce the dataset. This reduces variability caused by
heating during the day and eliminates the effect of solar glare. NOAA incorporated an ice mask to
cut out areas where measurements are less reliable. In-situ SST measurements from ships,
drifters and buoys were used to maintain accuracy and remove bias in the AHVRR data (NOAA
SIS, 2011). Strong et al. (2000) describe that the AHVRR temperature data have a standard error
of 0.011 degrees Celsius.

DIC validation
The GLODAPv2 dataset includes in-situ measurements from 724 unique cruises, which cover all
ocean basins over the years 1972 to 2013. The measurements from all cruises were not simply
merged but were adjusted for any known or likely time trends or variations. Extensive quality
control, systematic evaluation of bias and subsequent calibration was carried out by Olsen et al.
(2016) and Key et al. (2015). The merged and adjusted cruise data are believed to be internally
consistent to better than 4 μmol/kg-1. Lauvset et al. (2016) mapped the cruise data using the DataInterpolating Variational Analysis (DIVA) method. DIVA is the analysis which gives the smallest
mean error (ranging from 4.5-12.5 μmol kg-1) , as it is created by minimizing a cost function defined
by the difference between observations and predictions, the physical laws of the ocean and the
smoothness of the analysis (Troupin et al., 2012). DIVA also takes the seabed and land into
account and gives more accurate results in coastal areas and around islands. The mean mapping
error is 9.7±12.3 μmol/kg-1. These errors are based on the “clever poor man’s error calculation”,
which is described in detail by Beckers et al. (2014). Oceans where the results of the DIVA analysis
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were not trusted by Lauvset et al. (2016) were masked out. These areas include the Gulf of
Mexico, the Caribbean Sea, the Canadian Archipelago and the Red Sea.

CHI validation
Methods for the acquisition of each of the input datasets (19 anthropogenic stressors and 20
marine ecosystems) used to calculate CHI are thoroughly described in the supplementary
materials of Halpern et al. (2008) and Halpern et al. (2015). Some of the input datasets are
statistically validated, while others are based on expert opinion. The export opinions are assumed
to be reliable, as Ben Halpern is a prominent and well-respected marine biologist, supported by a
diverse team of scientists, who’s findings have become one of the most highly cited NCEAS
research efforts.

Ice mask validation
Data published in the AVHRR Pathfinder Version 5.2 is routinely assessed for quality and
systematically generated. Quality control and calibration is done using in-situ data. However, exact
methods and error statistics for the sea ice data are not provided by NOAA NCEI (2019).

Ship traffic validation
The methods for creating the ship traffic data published by Halpern et al. (2015) were developed
elsewhere (Walbridge, 2013). A total of 2.37 billion ship observations were collected, which
inevitably includes transmission errors and operator errors. To assess the validity of this large
geographic dataset, Walbridge applied the geographic quality checking method described by
Goodchild and Li (2012). Data gaps leading to invalid routes were corrected by using a routing
model to create a visibility graph of the ocean.

Bathymetry validation
The ocean bathymetry is based on a new satellite-gravity model where the gravity to topography
ratio is calibrated using 298 million edited soundings. Sadiq and Ahmad (2015) show that this
model is relatively better in accuracy (in terms of mean and standard deviation) than other
counterparts such as ETOP02, GTOP030 and Globe30. The dataset was compared to 274 ground
control points, which showed a mean error of 6.9±4.6 meters (Santillan & Makinano-Santillan,
2016).
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Appendix II: Impacted area calculation sheet
Mean CO2

Original DIC

Molecular

Assumed

to pass 1

level (mmol/l)

weight of CO2

impacted depth

(g/mol)

(m)

gridcell

Size of grid (km2)

(tonnes)
1.51

2.05

44.01

5

25

Ship

Mean DIC

Increased DIC

Ship(s) produced

Ship(s) produced

Impacted water

Impacted water

Area in

% of the

nr.

(mmol/l)

(mmol/l)

CO2 (kg)

CO2(mol)

volume (m3)

area (km2)

m2

total grid

1

2.46

0.41

1510

34.31

83.88

0.00002

16.8

0.00007%

2

2.76

0.71

3020

68.62

96.50

0.00002

19.3

0.00008%

3

2.95

0.90

4530

102.93

114.63

0.00002

22.9

0.00009%

4

3.10

1.05

6040

137.24

130.88

0.00003

26.2

0.00010%

5

3.21

1.16

7550

171.55

147.84

0.00003

29.6

0.00012%

6

3.30

1.25

9060

205.86

165.33

0.00003

33.1

0.00013%

7

3.36

1.31

10570

240.17

183.09

0.00004

36.6

0.00015%

8

3.42

1.37

12080

274.48

200.84

0.00004

40.2

0.00016%

9

3.46

1.41

13590

308.79

218.94

0.00004

43.8

0.00018%

10

3.50

1.45

15100

343.10

236.96

0.00005

47.4

0.00019%

15

3.62

1.57

22650

514.66

328.21

0.00007

65.6

0.00026%

20

3.68

1.63

30200

686.21

419.95

0.00008

84.0

0.00034%

24

3.72

1.67

36240

823.45

493.66

0.00010

98.7

0.00039%

60

3.83

1.78

90600

2058.62

1157.98

0.00023

231.6

0.00093%

90

3.85

1.80

135900

3087.93

1718.17

0.00034

343.6

0.00137%

120

3.87

1.82

181200

4117.25

2266.37

0.00045

453.3

0.00181%
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Appendix III: Modeled total alkalinity

Modelled mean Surface Total Alkalinity 2018
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Appendix IV: Reclassified vulnerability indicators
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Appendix V: Vulnerability without CHI
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Appendix VI: Exposure- and vulnerability scores per ecoregion

67

68

69

Appendix VII: Global risk maps
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Appendix VIII: Global risk plots and maps – without CHI
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Appendix IX: European exposure- and vulnerability maps
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Appendix X: Exposure- and vulnerability scores per European
region
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