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Abstract 
Since the introduction of Sentinel-1A and 1B in 2015-2016, oil spill alerts have 

increased by 250% in Norwegian waters. This increase does not track the slight 

decreasing trend in oil spills at sea detected by Norwegian remote sensing aircraft, nor 

is it consistent with the decreasing trends for both the number of oil spills and the 

yearly oil spill volume registered by international monitoring programs. This study, 

therefore, aims to explain the increase in the number of oil spill alerts, discover how 

much additional mineral oil is discharged into Norwegian waters, and analyze the 

service provider’s likelihood settings for oil spill alerts being mineral oil.  

Approximately 9400 satellite images from 2011-2018, with almost 3900 oil spill 

alerts, are analyzed. To estimate the additional mineral oil discharged into the sea, 

25% of the oil spill alerts are analyzed by connecting oil spill alert with the source, 

using historical ship tracks for Automatic Identification System (AIS) and data from 

the oil and gas industry. An assumption on the most likely discharged substance 

estimates the mineral oil impact by having detailed information on the source 

connected to the oil spill alerts. The result shows only a marginal increase in mineral 

oil (2.65%) when comparing 2013-2015 to 2016-2018, although the average number 

of oil spill alerts had increased by 154%. The increase in oil spill alerts is analyzed by 

comparing Sentinel-1A/B to Radarsat-2 using nonparametric tests on oil slick size. 

The results show statistically significant differences in performance between Sentinel-

1A/B and Radarsat-2 on small-size oil spills. Hotspot analysis shows significant 

spatial clustering in oil spill alerts that overlap with offshore industry areas, fishing 

activities areas, and major shipping lanes. By contrast, clusters comprised of small 

size oil spills mainly overlap with offshore industry areas. Finally, service provider 

likelihood settings for flagging an alert as mineral oil is analyzed using in situ data. 

The results show that confidence settings are inaccurate and therefore unsuitable for 

operational applications without additional information. This thesis shows a need for 

further research regarding mineral oil and oil spill lookalikes. The thesis also 

concludes that service providers should further develop the use of ancillary source 

data to improve decision-making for end-users.  
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1 Introduction 
In Norway, mineral oil spill monitoring is used for early warning to the national 

authority to enforce appropriate remedial actions (NCA, 2021). These remedial 

actions are enforced to support two main objectives. The first objective is to assess the 

environmental impact and, if necessary, take action to reduce possible damage. This 

applies to both small and large oil spills (oil spill accidents). The second objective is 

to support legal prosecution by the national authority, based on both national and 

international law on oil pollution in the marine environment. Furthermore, monitoring 

is also a source of information on the state of our sea areas. The use of monitoring and 

efficiency in legal prosecution act as deterrents, hopefully contributing to fewer oil 

spills and fewer adverse effects to the environment.  

 

Specially equipped monitoring aircraft and radar satellites do this monitoring of oil 

spills at sea in Norway. This monitoring has been conducted in Norwegian waters 

since the early 1980s by pollution authorities(AirHistory.net, 2018, NCA, 2021) and 

since 2003 by The Norwegian Coastal Administration (NCA) as the governmental 

authority on acute pollution. The introduction of radar satellites to the oil spill 

monitoring was mainly based on cost efficiency and more efficient use of monitoring 

aircraft. Polar-orbiting satellites have good coverage/revisit times over Norwegian 

waters as they are situated far north. Satellite images also cover a large area in one 

“snapshot,” making the monitoring cost per km2 less than monitoring aircraft. Radar 

satellites have been an integrated part of oil spill monitoring in Norwegian waters 

since 1996(FFI, 2003). The benefit of using radar is mainly monitoring oil spills 

during darkness, cloudy and foggy conditions.  

 

Today, Norway uses two radar satellite monitoring services from two different service 

providers. These are near real-time oil spill alert services, providing NCA end-users 

with “possible oil spill” alerts. The service is near real-time, as the time elapsed from 

image acquisition to the end-user receiving the result of an analysis is typically 20 - 

40 minutes depending on the size (area covered) and complexity of the radar 

image(EMSA, 2013b, KSAT, 2021). Detection of oil at the sea surface by radar has 

also known limitations. For example, wind influences the result with limitations for 

discriminating between natural phenomena and different oil types(Espedal, 1999). By 

this limitation, the oil spill alerts states “possible oil spill.” The service providers 

account for this by applying measures/rules when analyzing the radar images and 

stating a likelihood for a “possible oil spill alert”/observation being mineral oil or 

not(EMSA, 2010, KSAT, 2021). The limitation in detecting mineral oil with radar 

also applies to the radar on NCA remote sensing aircraft. However, assessing mineral 

oil spills, other oils, or natural phenomena can be categorized more reliably using 

additional sensors and visual assessment by trained system operators in remote 

sensing aircraft. NCA data from the monitoring aircraft is the most reliable source for 

assessing and classifying substances at sea(NCA, 2021).    

 

Despite the service provider applying likelihood measures, the oil spill services give 

false mineral oil alerts for satellite monitoring. The end-user/decision maker’s level 

has to account for this uncertainty. The end user’s follow-up of a possible oil spill 

alert includes making time-critical decisions on what type of action/verification is 

needed. An in situ verification of the oil spill alert can be needed to account for the 

uncertainty.  As the observations are often far out at sea, verification/assessment using 

ships, platform personnel (if the alert is in an oil and gas platform area), or NCA 
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remote sensing aircraft comes with a substantial financial cost. When enforcing 

appropriate remedial actions, this cost has to be considered, together with 

environmental and legal factors. Today, this is done by NCA, considering each “spill 

alert” concerning observation size, potential environmental impact, and if the “spill 

alert” can be connected to a possible source. The connection to a possible source is 

essential for two reasons. The first reason is that a connection between spill alert and a 

possible source will “red flag” the observation as more likely to be mineral oil, hence 

having a negative environmental impact. The second reason is the legal aspect, where 

one needs to identify a potential culprit for an investigation to be prosecuted by 

national and international legislation on discharges at sea. 

 

The pollution authorities acquired one to two radar satellite images per week in the 

early operational years of the oil spill alert service. However, there was a large 

increase in the use of radar satellite imagery in 2004 when the Norwegian Space 

Centre signed a contract with Canada’s Radarsat on behalf of all governmental users, 

reducing the price per area/image for the end-user (Norwegian_Space_Agency, 2021). 

In addition, the European Maritime Safety Agency (EMSA) introduced an alert 

service in 2007 to all member states in Europe, free of charge for the end-user 

(EMSA, 2010, EMSA, 2013b). Together, these services have given three to four radar 

satellite images per day for the last ten years, covering 200 000 km2 to 400 000 km2 

of Norwegian waters daily(NCA, 2016a). In the last two decades, satellite oil spill 

alert services have developed from serving only a few countries to more or less all 

European coastal states. The use of radar satellites has become a natural part of oil 

spill monitoring. The quality of the service delivered to the end-user is of the highest 

importance to use such a service efficiently. 

 

1.1 Rationale  
An overall decreasing trend in the number of mineral oil spills detected by the 

Norwegian surveillance aircraft is found when examining the last two 

decades(Bonn_Agreement, 2018a). This trend is also supported by other nations’ 

surveillance aircraft findings in the North Sea basin, where the overall trend shows a 

decreasing number of oil spills found per flight hour of monitoring 

(Bonn_Agreement, 2018a).  

On the contrary, examining the results of radar satellite monitoring, there has been a 

steep increase in the number of possible oil spill alerts from 2015 to 2018(NCA, 

2016a, NCA, 2017b, NCA, 2018b). The increase is approximately 250% in the 

number of oil spill alerts reported in Norwegian waters in this period. This shift and 

rather steep increase are highly surprising and unexpected for the NCA.  This trend is 

also registered internationally. The European Commission (EC) states this increase in 

oil spill alerts as a trend shift  (EC, 2018). 

During this period (2015-2016), two new radar satellites, the European Sentinel-1A 

and Sentinel-1B were introduced to the services, parallel with other radar satellites. 

These new satellites offer higher resolution and therefore are most likely able to detect 

more minor oil spills, indicating the new satellites may play a part in the large 

increase in the number of possible oil spill alerts. Still, this increase is not consistent 

with other verified surveillance data (by aircraft). There are many unanswered 

questions regarding the origin (activity and source) and the impact of additional oil 

spills. 
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Research rationale 

Norway is now (2018) facing an average of nearly three possible spills per day from 

the oil spill services. This is challenging operationally, where NCA needs to prioritize 

what to follow up and how. For example, verifying one observation by surveillance 

aircraft can exceed €10 000, which is a high cost if the detected oil spill turns out to 

be false. Different national management plans also use oil spill surveillance data as 

part of the input for discussing the state of our seas, pollution trends, and preparedness 

at a governmental/ national level. This new surprising shift in trends needs to be 

verified and explained when data are used in these types of assessments and policy-

making. Service providers will also benefit from further knowledge of the product 

they deliver, thereby enabling further service improvement for end users' needs. 

 

There is a need to verify if the increase of oil spill alerts is due to Sentinel-1A and 

Sentinel-1B(NCA, 2017b). 

 

There is also a need to know the increase in oil spill alerts in terms of substance. In-

depth knowledge on why there is an increase and what the added “spills” mean, in 

terms of source origin, spatial distribution, substance, and impact are of high 

importance. 

 

Finally, as the service providers use a likelihood setting on each oil spill alert being 

mineral oil, the fit of this likelihood setting should be further explored. It is essential 

for the end-user that this likelihood setting adds confidence to the alert used for 

decision-making. 

 

As the 250% increase only account for the number of oil spill alerts and the satellite 

monitoring is not uniform in time and space (cover), there is a need to account for this 

when comparing oil spill alert trends over time. Results from this will be used as a 

reference for confirming the problem, its magnitude and for discussing other results. 

 

The knowledge and results from such a study are beneficial for the Norwegian end-

user NCA and other European end-users, using the same service with the same 

satellites and service providers.  

 

In sum, the NCA faces a knowledge gap on what, where, and why there is a major 

increase in possible oil spill alerts(NCA, 2017b). 

 

1.2 Overall Aim, Objectives, and hypothesis 
 

The overall aim of this thesis is to determine whether the increase in oil spill alerts 

can be attributed to Sentinel-1A and 1B, investigate trends, and assess whether there 

has been any change in mineral oil discharges in Norwegian waters associated with 

this increase. The specific objectives are:  
 

1. To determine if the increase in oil spill alerts in Norwegian waters is due to the use of 

Sentinel-1 from 2015-2018. 

2. To quantify oil spill type, size, and variability. 

3. To validate/verify the service provider’s likelihood settings with historical 

observations. 
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My hypothesis is: 

H0: The increase in alerts is not due to increased “mineral oil” at sea.  

H1: The increase in alerts is due to increased “mineral oil” at sea. 
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2 Background 
This chapter will shortly present how the oil spill service works, the type of 

technology used, and the influences and limitations to consider within the study and 

study area. As the operational services aim to provide mineral oil spill alerts to the 

end-user, there is a short presentation on the sources of mineral oil within the 

Norwegian area. The sources must be capable of creating a visible and large enough 

oil cover on the sea surface to be detected by radar satellites. As radar satellites also 

have limitations for detecting and establishing mineral oil spills, the rest of this 

chapter will focus on climate factors as well as those factors that generate signatures 

that can look like mineral oil spills 

   

2.1 Oil spill satellite service 
Norway has used operational oil spill services since 1996 (FFI, 2003). Briefly, the 

end-user organization decides which area they want to monitor and how often. The 

service provider undertakes the acquisition of satellite images from the satellite 

owner, processes/downloads the radar images, and performs the oil spill analysis. The 

time from the image capture to the oil spill alert report received by the end-user is 

typically 20-40  minutes and is considered a ”near real-time” oil spill alert 

service(EMSA, 2013b, KSAT, 2021). 

 

The product delivered from the service provider to the end-user is an alert call (if 

ordered) and a pdf report of the alert, including metadata on the reported spill and the 

surroundings. The report also shows the radar observation (oil spill) at a suitable 

scale. A representation of the observation/alert is also available as a polygon or a 

multipolygon (multiple “oil slicks” assumed from the same origin/source). Several 

polygons can represent the alert if the service provider analyses a 

fragmented/discontinuous “oil slick” probably originating from the same spill/source. 

The alert polygon/polygons also include important attribute data, with id, timestamp, 

confidence classification, size of the observation, and others (Figure 1).   

 

Norway has used the national service provided by KSAT(KSAT, 2019) since 1996 

and EMSA CSN(CleanSeaNet) Service (CleanSeaNet, 2019) since 2007. KSAT is 

also one of several service providers used in the EMSA CSN service. The radar 

image analysis operator decides if the oil spill alert is a confidence A (more likely a 

mineral oil spill) or confidence B (less likely to be a mineral oil spill). Both, EMSA 

CSN service and the KSAT service set an observation to a confidence B alert when the 

probability of the observation of being mineral oil (oil spill) is less than 50%.  If the 

oil spill alert is set to confidence A the probability of the observation being mineral 

oil (oil spill) is more than 50%.  

Both services also apply a possible source connected to an oil spill alert based upon a 

set of ancillary source data. In addition, the NCA (Norwegian Coastal 

Administration), as the end-user, also analyzes the observation in a GIS regarding a 

possible source connection. As NCA has more ancillary data on possible sources than 

the service provider, all no source connected oil spill alerts are analyzed on possible 

source connections. The findings from this analysis are the basis of what kind of 

follow-up is applied to the alert (Figure 1). Since 2018, NCA has implemented rules 

regarding the possible oil spill alerts. The service provider will sort the alert into 

“Green alert” or a “Red alert.” This alert setting is based upon an algorithm, taking 

distance to a source, observation size, confidence A/B, and if an observation is inside 

or outside a specially defined area that NCA has established as of high interest. Such 
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areas originate either from an activity perspective or an environmental vulnerability 

assessment. A green alert has a random follow-up, whereas a red alert will have a 

follow-up from NCA. The content of this alert algorithm is considered classified 

information from NCA and is not accessible for more details.          

 

  
Figure 1: Flowchart of the two Radar Satellite services used in Norway.  Starting at the top left, the two services, 

KSAT, and EMSA CSN (CleanSeaNet), use imagery from radar satellites. The illustration shows Sentinel1 (ESA, 

2019c).  KSAT order and download raw data directly, and for EMSA CSN, an additional service provider is used 

for this. The service provider analyzing the radar image both deliver a possible oil spill alert with a likelihood 

setting of the alert being mineral oil., A report of all observations in the satellite image, the observations(possible 

oil spill) can be downloaded as polygons with a set of attribute data from the alert report. NCA uses ancillary data 

to connect oil spill alert to likely source (NCA, 2018a). If no possible oil spills are detected in a radar image, a 

clean sea report is sent by mail, showing the area of the image and some basic metadata. 

 

2.2 The use of radar satellites in oil spill alert services 
Radar satellites can detect and distinguish areas of possible oil spills, characterized by 

smooth surface areas compared to their surroundings.  The surface roughness will 

influence the backscatter being sensed by the radar(Fingas, 2016). The oil will flatten 

small surface waves formed by the wind on the surface (Bern et al., 1993, Fingas and 

Brown, 1997). A darker signature from an area with oil (less/no backscatter) in 

comparison to lighter signature surroundings (stronger backscatter) can be a candidate 

for a possible oil spill (Figure 2). The observation signature, shape, wind conditions, 

surrounding areas are all data used when analyzing the likelihood of a darker 

signature being a possible mineral oil spill. As the radar measures the backscatter 

from the sea surface, other natural phenomena that influence the sea surface 

characteristics create “oil spill lookalike” signatures (Espedal, 1999, Gade et al., 

1998). Radar satellites used in an oil spill service and false “mineral oil” alerts are 

some of the significant challenges for the end-user (Alpers et al., 2017). Another 

limitation of the radar satellites used in the operational services is in estimating oil 

thickness (Fingas, 2018). The modes used in the operational services do not offer any 

oil thickness estimation today.  

 

When looking at the established services offered in Europe, the radar satellite analysis 

and classification are done manually by a radar operator or semi-automatically (with 
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the help of algorithms finding spill candidates). Different service providers have used 

different approaches classifying the possible “oil spills” and their likelihood of being 

mineral oil (Ferraro et al., 2010). The use of other ancillary data for a possible “oil 

spill” alert might help the end-user to establish the right level and means for a follow-

up (Ferraro et al., 2010).  

 

2.3 Satellites used in the study 
The satellites and their characteristics used in the Norwegian services from 2011 are 

listed in Table 1. Envisat (ESA, 2019b) and Radarsat-1(CSA, 2019a) were used on a 

large scale in oil spill services until 2012, but when both failed in 2012, there was a 

gap in multi-satellite coverage for the next couple of years. Radarsat-2 (CSA, 2019b), 

only supported by some images from Cosmo SkyMed (ESA, 2019a), was the primary 

satellite over the services in this period. The two TerraSAR satellites have been used 

since 2016 (ESA, 2019d, ESA, 2019e), but in smaller quantities. Sentinel-1A was 

introduced into the service on a large scale in late 2015 and Sentinel-1B in 2016.   

 

Little has been found in the literature comparing studies for the three satellites 

(Sentinel-1 A and 1B and Radarsat-2) used for oil spill monitoring. Some studies 

compare these satellites’ performance on ship detection, where Sentinel1 satellites 

show better performance due to higher resolution (Pelich et al., 2015). There is also a 

study on ice sheet velocity mapping where the satellites are compared, but in another 

mode and resolution than operationally used for oil spill detection. Therefore, it is 

difficult to draw parallels to oil spill services (Mouginot et al., 2017).  
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Figure 2: Example of an oil spill alert report. The image shows a linear oil spill, where the vessel was connected 

to the observation and admitted an accidental spillage of 40 liters of hydraulic oil into the sea. The picture shoved 

is from a KSAT report delivered to NCA (KSAT, 2014). © MacDonald, Dettwiler and Associates Ltd. (2014)- All 

Rights Reserved. Data distributed by; Kongsberg Satellite Services AS, Norway 
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Table 1: The different radar satellites used in the Norwegian services since 2011. The three most used satellites 

are Sentinel-1A and 1B and Radarsat-2, where they have delivered 97 % of the total observations from 2011 until 

2018.  

 

 

2.4 Satellite monitoring area and 

influences acting on the oil spill 

alert analysis 
The area covered and frequency of the oil 

spill service in Norwegian waters is based on 

the accessibility of images within a 

department budget used on monitoring. Both 

area (Figure 3) and monitoring frequency 

have changed over the years (Figure 4). 

Additionally, flights by remote sensing 

aircraft collect data over the area as part of 

the planning of satellite monitoring cover. 

These flights fill in the gaps in satellite 

monitoring cover (Figure 4).  

As discussed in section 2.2, several influences 

need to be considered when analyzing and 

using radar satellites to monitor oil spills. The 

monitoring is aimed at shipping along the 

coast and other hotspots of shipping 

activities, offshore oil and gas industry, and 

particular environmentally sensitive areas. 

This prioritization results in non-uniform 

monitoring of the area in Figure 3. 

Satellite Instrument Typical Mode 

used (Oil spill) 

Resolution 

(m) 

Cover(Km) Percent of total 

number of 

observations 

Status 

Envisat C band Radar 

(SAR) 

Wide swath 150x150 400 0.9 

 

Ended 

mission 

2012 

Sentinel-1A C band Radar 

(SAR) 

Interferometric 

Wide Swath 

5x20 250 34.2 In operation 

Sentinel-1B C band Radar 

(SAR) 

Interferometric 

Wide Swath 

5x20 250 22.6 In operation  

Radarsat-1 C band Radar 

(SAR) 

ScanSAR 

Narrow/Wide 

50x50/100x100 300/500 0.5 Ended 

mission 

2012 

Radarsat-2 C band Radar 

(SAR) 

ScanSAR 

Narrow/Wide 

50x50/100x100 300/500 40.2 In operation  

COSMO-

SkyMed1 

X band Radar 

(SAR) 

HugeRegion 100x100 200 0.03 

 

In operation  

COSMO-

SkyMed2 

X band Radar 

(SAR) 

HugeRegion 100x100 200 0.06 In operation   

COSMO-

SkyMed4 

X band Radar 

(SAR) 

HugeRegion 100x100 200 0.08 In operation  

TerraSAR 

TSX-1 

X band Radar 

(SAR) 

ScanSAR mode 16x16 287 0.5 In operation 

TerraSAR 

TDX-1 

X band Radar 

(SAR) 

ScanSAR mode 16x16 287 0.6 In operation 

Figure 3: Map of Norwegian EEZ, and the Fishery 

protection zones. Area of interest with EEZ, and 

the Fishery protection zones around Svalbard and 

Jan Mayen. The area is approximately 2 million 

km2, and includes both temperate and arctic 

climate.  

N↑ 

Svalbard 

Jan Mayen 
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2.4.1 Sources of mineral oil discharges in Norwegian waters 
Shipping and the offshore industry are the two primary sources of mineral oil 

discharged to visible oil slicks on the sea surface in Norwegian waters. Other sources 

might be land-based oil spills, oil leakage from shipwrecks, and natural mineral oil 

seepage.  

 

2.4.1.1 Ship as source 

Visible mineral oil slicks on the sea surface from ships are considered illegal.  Under 

certain strict conditions, a 15 ppm maximum mineral oil discharge is allowed from 

certain ship types (IMO, 2019). Trials have shown that a 15 ppm and below discharge 

of oil will not be visible on the sea surface (Carpenter, 2018). Figure 5 shows the 

magnitude of shipping activity within the Norwegian EEZ and the Fishery protection 

zone around Svalbard and Jan Mayen. The figure also shows the different ship 

categories and the overall increasing trend in operation hours for all ship categories 

from 2014- 2018.  

Figure 4: Satellite monitoring frequency per year. Maps for the years, (a) 2011, (b) 2012, (c) 2013, (d) 2014, (e) 

2015, (f) 2016, (g) 2017, (h) 2018. The satellite images’ footprints in this thesis have been analyzed for a 10x10 km 

raster frequency map. The footprint of 9442 satellite images is included for all the years. 

a)

 

b)

 

c)

 

d)

 

 

e) 

 

 

f) 

 

 

g) 

 

 

h) 

 

 N↑ 
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Figure 5: Ship traffic within the study area. The activity is shown in thousands of hours of operation. The all ship 

category is shown on top, with a 10.3% increase from 2014 until 2018. Fishing has the most operation hours with 

approximately 3500 000 work hours/year, data extracted from NCA Havbase: www.havbase.no (2019 ship 

categories). 

 

2.4.1.2 Oil and Gas industry offshore as source 

Mineral oil from the oil and gas industry in Norwegian waters can be discharged up to 

a monthly average of 30 mg of oil per liter of water (OSPAR, 2020). This mineral oil 

discharge will often give a visible oil slick on the sea surface, especially with calm 

winds(Morandin and O’Hara, 2016). Many of the oil-producing platforms in 

Norwegian waters discharge produced water into the sea.  

 

2.4.1.3 Shipwrecks as source  

Shipwrecks are a possible source of mineral oil pollution. A register of shipwrecks 

containing ships built after 1914 is available in a national shipwreck database at NCA 

(Idaas, 1995). Twelve wrecks, shortlisted as high risk for oil discharge, were listed in 

2019. NCA conducts regular follow-up on these wrecks, using remote sensing and 

visual inspection by surveillance aircraft(NCA, 2016b).  

 

2.4.1.4 Natural seepage as a source 

Seepage of hydrocarbons from oil and gas reservoirs (natural leakage from the 

seabed) is present within Norwegian waters (Hovland, 1990, Hovland, 1992, Roy et 

al., 2016). However, there have been no areas registered by NCA monitoring, with 

seepage quantities large enough to produce mineral oil slicks, persistent over time, 

and detectable either visually or by radar.  

  

2.4.2 Oil spills “lookalikes.” 
The discrimination between “oil spill lookalikes” and mineral oil is maybe the single 

most challenging aspect for both service providers and end-users. Much of the 

research done over the last 30 years on using radar satellites as a tool for reporting oil 

spills deals with this topic (Alpers et al., 2017, Bern et al., 1993, Brekke et al., 2014, 

Espedal, 1999, Fingas and Brown, 2018, Gade et al., 1998). Biological activity in the 
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water, like algal blooms and upwelling, influences a radar satellite image by 

detecting these phenomena as darker features than the surroundings, resulting in a 

possible “oil spill alert.”  It is also essential to keep in mind that there is a distinct 

seasonality to the distribution of phytoplankton and zooplankton throughout the year 

(Richardson, 1989).   

 

2.4.3 Other oil types, non-mineral oils 
Vegetable or animal oils are discharged by ships into the sea, both legally and 

illegally. The International Maritime Organization (IMO) and the international marine 

pollution regulations for ships (MARPOL) regulate the discharge of Noxious Liquid 

Substances. MARPOL Annex II covers the discharge of Noxious Liquid Substances, 

and MARPOL Annex V covers garbage pollution. These regulations include legal 

disposal/discharges from some category ships (IMO, 2020), resulting in a possible oil 

spill alert on a radar image under certain weather conditions. These oil types behave 

in many cases like mineral oil on the sea surface, and it is challenging to separate 

these slicks from mineral oil slicks by the radars used (Alpers et al., 2017, 

Bonn_Agreement, 2011, Skrunes et al., 2012).  

 

2.4.4 Weathering of oil 
The weathering of oil can, in some cases, be seen in a satellite image. The weathering 

of oil on the sea surface depends on the chemical composition of the oil and 

environmental influences like temperature and winds, and waves (Fingas, 2016). 

These factors influence how long a mineral oil spill will be visible on the sea surface 

before evaporating or dissolving into the water column. Weathering of oil is 

something one has to consider as an end-user. For example, when a satellite image 

gives an oil spill alert, the oil spill might be ongoing or be 5 -15 hours old. Oil type, 

oil amount, and climate factors influencing the oil are essential factors when linking a 

possible oil spill and a possible source. The likely “lifespan” of visible oil on the sea 

surface, the movement of the oil carried by current and wind, and a possible source 

moving have to be accounted for when connecting a link between a source and an oil 

spill alert.  

 

2.4.5 Ship-based discharge of waste products 
There are three main types of oily waste produced on a ship: oily bilge water, oil 

residue, also called sludge, and cargo residue from carrying oil products. Even 

though there is a considerable variation from ship to ship, the content of the bilge oil 

is considered to be “lighter and thinner” than sludge oil. The oily bilge water is a 

mixture of different oils from maintaining in machinery spaces and leakages from 

machinery. It also contains some detergents and solvents used in these spaces. 

Regarding washing cargo tanks residues and discharges of oily water, the physical 

properties, and chemicals of the oil depend on the cargo oil that is being washed 

(EMSA, 2013a). The physical and chemical properties of the oil decide how resistant 

the oil is to the weathering process when discharged into the sea (Fingas, 2016).  

 

2.4.6 Sea surface current 
The movement of oil is vital to consider when connecting a link between an oil spill 

observation and a potential source using satellite images, as they both might have 

moved since the time and place of the discharge. Oil on the sea surface will follow the 

sea surface current influenced by the wind. One rule of thumb is the 3% wind 
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influence rule (Fingas, 2016). This means, for example, that a10 m/s wind speed will 

create a force of 0.3 m/s with its direction calculated against the sea current speed and 

direction. Then if the current also has a velocity of 0.3 m/s, the oil trajectory 

(direction and speed) will result in a movement at a maximum velocity of 0.6 m/s (if 

both the current and wind has the same direction) or 0 m/s (if the current and wind 

directions are opposite another). The current within different parts of the study area 

varies a lot in velocity with the time of year, measured from 0.05 m/s to 0.6 m/s 

within the Norwegian continental shelf (Haugan et al., 1991). Sea surface currents on 

the west side of Spitsbergen have a maximum velocity of 0.024-0.035 m/s (Gyory et 

al., 2013).   

   

2.4.7 Climate as an influencing factor 
Some climate factors, like wind, do influence how oil on the sea surface is detected by 

radar satellites. Low temperature, the formation of sea ice, and sea ice, in general, can 

complicate the radar image. These influences might contribute to false alerts, as “oil 

spill lookalikes” (Brekke et al., 2014). 

 

2.4.7.1 Wind/Sea state 

Wind influences the radar satellites’ capability to detect mineral oil on the sea surface. 

Both a low wind limitation and a high wind limitation influence the sea state and the 

backscatter detected by the radar (Alpers et al., 2017, Bern et al., 1993, Fingas and 

Brown, 2011). Wind criteria are also part of the confidence setting of class A or 

confidence B, where either low wind or high wind will lower the confidence settings 

(Ferraro et al., 2010). The mean wind velocity within the study area varies from high 

winds in the winter and low in the summer (Figure 6).  
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2.4.7.2 Sea Ice 

The interpretation of radar satellite images for oil on the water surface is very 

demanding, and the discrimination of the signature between oil and new/young ice is 

difficult (Brekke et al., 2014). The Norwegian Coastal Administration experienced 

this in the outer Oslo fjord in February 2011, in connection with the grounding of a 

ship and its associated mineral oil spillage. Satellite images were used as part of the 

ongoing monitoring of the oil spill tracking. However, it did not prove easy due to the 

complexity of the sea state, where oil and different forms of sea ice influenced the 

January
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Figure 6: Wind Model data/hind cast (NORA 10) for mean wind speed 10 years. (1.1.2007 – 31.12.2016).  (. The 

three areas showed in the maps, is marine action plan areas in Norway. The figure has been extracted from the oil 

spill response viability tool used in the Norwegian Coastal Administration, where month by month, average met 

data on wind, waves, ice condition, horizontal visibility, is used to model the efficiency of different oil spill combat 

strategies (Dahlslett et al., 2018). Source DNV: Oil Spill Response Viability Analysis Model, (DNV-GL, 2018). 

N↑ 
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signatures in the radar images (DLR, 2011) (Figure 7). Both solid sea ice and drift ice 

is present within the study area, varying by season. The sea ice is present on the north, 

east, and south-side of Svalbard (Vaughan et al., 2013).  

 
Figure 7: Example of ice conditions in the area of a mineral oil spill in 2011. (a) Radarsat-2 image. Ancillary 

remote sensing and in situ data have been used to overlay the ice conditions to the radar image. (b) Photograph 

from NCA remote sensing aircraft showing the edge from open water to oil, and the ice, ice/oil (DLR, 2011): 

©DLR.  

 

  

a) 

b) 
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3 Study Area, Data and 

Methods 
To be able to address the overall aim of 

this study, three specific objectives have 

been established (see Section 1.2). 

These three specific objectives are all 

grounded in each potential oil spill alert. 

The dataset holds 3694 oil spill alert 

observations. These data are not the 

satellite images themselves but 

geographical objects and attribute data 

derived from the radar images by an oil 

spill alert service provider. These 

geographical objects are the primary 

input to the analyses, and the dataset 

content is essential for answering the 

specific objectives. There is also a need 

for high-quality ancillary data to meet 

these objectives.  

 

 

 

Study Area  

The study area includes international 

waters between mainland Norway and 

Jan Mayen, including all three marine 

management areas of Norway (NEA, 

2019) (Figure 8). Territorial waters (12 

nautical miles) are also included in the 

study area. The study area falls within 

the monitoring area discussed in section 

2.4, and it consists of an approximately 

2.4 million km2 sea area. The area is 

characterized by a temperate (mainland 

coastal), cool and polar climate (Peel et 

al., 2007). The marine ecosystem is rich 

in both marine flora and fauna, including cold-water corals, large populations of fish, 

seabirds, and marine mammals (Ministry_of_Climate_and_Environment, 2020, 

Norwegian_Government, 2015)  

 

3.1 Data collection and format 
There is a need to analyze available data to establish a suitable time series to meet 

objectives and produce a common ground for discussion. A time series of oil spill 

alerts from 2011-2018 is used for this study. Within this time series, Radarsat-2 has 

been used all of the years, and Sentinel-1 is used in parallel from 2015 to 2018. Also, 

the oil spill alert data have a good set of attributes to cover the three objectives. Spill 

size can be obtained for all oil spill alerts(point dataset and polygon dataset). 

Likelihood settings from a service provider are available, and the time tag of all oil 

Figure 8: Map of the study area and all observations 

used in the study. The light ocean areas are international 

waters included in the study. The study area is 

generalized for the coast areas and cover some land 

areas as part of this generalization as there it is a lot of 

fjords and small islands included in territorial waters.  

N↑ 
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spill alerts. This oil spill alert dataset is considered the primary dataset used to answer 

all three objectives and produce common ground for discussion. 

  

Four different format datasets are used to obtain a complete oil spill alert dataset due 

to changes in databases and deliveries from the service providers during 2011-2018 

(Table 1), dataset 1.0-1.1, and 2.0-2.1. These four datasets hold different vector 

formats (multi-polygons, polygons, points), different attributes, spatial coverage, units 

in attribute data. All data collected were checked and prepared for analysis. The data 

were checked by importing all data into a GIS, by examining the data visually in its 

original format, datum, and extent, controlling basic statistics.  

 

The following four sections (3.1.1-3.1.4) present the data needed for analyzing a 

common ground for discussion and the three objectives.  The last section (3.1.5) 

presents how the data is prepared and standardized. 

  
Table 2: Data used in the analysis. Each dataset has been numbered, named, and is referenced by this in the text, 

the method flow chart, and the data tables 

Dataset  Format File/data 

Size 

Approx.   

Objects 

Approx. 

Resolution / 

Scale 

Temporal 

resolution 

Extent Data owner 

1.0 KSAT Alert 

Polygons  

2011-2015 

GML Database – 

Multi polygon – 

EPSG 4326 

25MB 690 Polygons based on 

5mx20m to 150m 

X 150m 

resolution 

seconds 0-100km2 

per obs 

NCA /KSAT 

1.1 KSAT Alert 

Polygons  

2015-2018 

Single Shape 

files – Multi-

polygon -  EPSG 

4326 

15MB 1380 Polygons based on 

5m X 20m to 

150m X 150m 

resolution. 

Seconds 0-100km2 

per obs 

NCA/ 

KSAT 

2.0 EMSA Alert 

Polygons  

2011-2018 

KMZ - Polygons 

EPSG 4326 

<1MB 2450 Polygons based on 

5mx20m to 150m 

X 150m 

resolution. 

Seconds 0-100km2 

per obs 

NCA/ 

EMSA 

2.1 EMSA Alert 

Points 

Late 2018 

CSV, x.y. EPSG 

4326 

<1MB 630 Polygons based on 

5mx20m to 150m 

X 150m 

resolution. 

Seconds  NCA 

/EMSA 

1.2 KSAT Satellites 

scenes footprints 

Excel, xy1, xy2, 

xy3, xy4. EPSG 

4326 

<1MB 4300  Estimated by 150 

m for lowest 

resolution 

Seconds 200 000-

400 000 

km2 

NCA/KSAT 

2.2 EMSA Satellites 

scenes footprints 

KML, EPSG 

4326 

<1MB 5200 Estimated by 150 

m for lowest 

resolution 

Seconds 200 000-

400 000 

km2 

NCA/EMSA 

3.0 Study Area Shape files <1MB 1 1:50000  Not relevant Norwegian 

waters 

Norwegian 

Environment 

Agency 

4.0 Ship movements 

2015-2016, Havbase, 

AIS data 

 

CSV files 50GB 500 x106 ship 

 observations 

GPS accuracy, 

typical 4 m +/- 

Mainly 6 

minutes   

Norwegian 

waters 

NCA 

5.0 Offshore 

Installations 

Shape file  200 1:000000  Not 

relevant 

 Norwegian 

Petroleum 

Directorate 

6.0 Oilrig oil 

discharge data on 

four representative 

oilrigs  

Reports Not 

relevant 

 Not relevant Not relevant Norwegian 

waters 

Norske Shell, 

Statoil, 

Wintershall 

7.0 Ship movement 

statistical data  

Havbase 

database 

Not 

relevant 

 GPS accuracy, 

typical 4 m  

Mainly 6 

minutes   

Norwegian 

waters 

NCA 

8.0 Viability study Reports/web tool Not 

relevant 

 10x10km rasters Months Norwegian 

waters 

NCA 

9.0 NCA Archive 

Validation data 

Database report Not 

relevant 

 Not relevant Not relevant Norwegian 

waters 

NCA 
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3.1.1 Intensity analysis of oil spill alerts 
There is a need to account for the monitoring coverage when discussing the number of 

oil spill alerts, as the satellite images differ in the area covered. To do this, satellite 

image footprints, representing the actual satellite image coverage (polygons), image 

by image, of all satellite images used by the satellite services 2011-2018, are needed  

(Table 1). By having all the footprints, one can analyze the magnitude of the increase 

by intensity/ratio. One will also need a complete set of oil spill alert data, and dataset 

1.0-1.1 and 2.0-2.1 contain this. 

Available data are collected from 2 different datasets (Table 2), dataset 1.3 and 2.3.  

The footprint data were partly collected and partly produced (made geographical 

feature polygons from the excel file), and the footprint data were checked in a GIS.  

 

3.1.2  Objective 1: To determine if the increase in alerts due to the use of 

sentinel1 
To meet objective 1, alert data where both the Sentinel-1 satellites and Radarsat-2 

satellite is available in parallel is used.  

The oil spill alert data, dataset 1.0-1.1 and 2.0-2.1, the year 2015-2018 contains oil 

spill alerts from these instruments, and oil spill observation size (km2) is either 

included in the attribute data (point features) or can be derived from the dataset 

(polygon features).  

 

3.1.3 Objective 2: To quantify oil spill type, size, and variability 
A time series of oil spill alert data includes data before the increase (2011-2015) in 

alerts are needed to meet objective 2 on variability. This, to be able to analyze the 

status before this increase. Dataset 1.0-1.1 and 2.0-2.1 hold these data.  

 

To establish the oil spill type, a connection between a most likely source and the oil 

spill alert can also determine the most likely oil spill type. As discussed in 

Background section 2.4, offshore oil and gas platforms and shipping are the two main 

oil spill sources for mineral oil discharges. Some non-mineral oils as animal oils and 

vegetable oils can also connect to certain types of ships and activities. To be able to 

connect source and oil spill alerts, a geographical dataset with a high-resolution time 

tag (shipping dataset) is used on:  

 Oil and gas installations. 

 Ship movements within the study area, where each single ship position is 

recorded approximately every 6 minutes. 

In addition, NCA Archived validated data on satellite oil spill alerts and confirmed oil 

type is used when quantifying the size of oil type from the oil and gas industry.  

 

As discussed in Background section 2.4, data on some known influences are used to 

analyze possible relationships on seasonal variations on the number of oil spill alerts. 

For this, a dataset of: 

 Oil and gas industry, mineral oil discharges, with a monthly resolution. 

 Ship operation statistics,  

 Wind/Sea state and ice influence, with a monthly resolution. 

 The number of satellite images used, with a monthly resolution. 
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A short presentation on the content and format of these datasets is presented below in 

sub paragraph 3.1.3.1-3.1.3.6. 

 

All data used are referenced in the flowchart in Figure 9 and Table 2. 

 

3.1.3.1  Havbase – Historical ship movement data for source analysis (dataset 4.0) 

Regarding ship movement, NCA manages a ship movement database named Havbase, 

which is used as input for different assessments. The database contains data from 

2011 onward with a 6 minute (on average) temporal resolution for each ship (NCA, 

2017a). The records of each ship contain the data as shown in Table 3. Statistical data 

on ship movements, working hours, sailed distance, and others can be produced from 

this database by a web interface, www.havbase.no. 

 
Table 3:  Havbase data records (Example, sorted by vessel name). The following database recording attributes are 

included in the CSV data.. MMSI Vessel name, Imo number is ship-specific identification data, where Date-time-

UTC, lat, long is the time and position of the vessel recording (point). Lloyds-type, Nor-vessel-category, and Size 

group-gross-ton are general ship class categorizations according to both Lloyds and Norwegian ship 

categorization systems.  Dist_nextpoint and sec_next-point can be used to calculate speed and is used in 

calculating emission footprint. 

MMSI Date-time-

utc 

Lat Lon Lloyds 

type 

Nor-

vessel-

category 

Size-

group-

gross-

ton 

Vessel-name Imo-

number 

dist_nextp

oint 

sec_ne

xt-

point 

229767000 

01.04.2015 

00:04 68.95915 

12.6555516

666667 850 3 7 

ARCTIC 

AURORA 

96459

70 

1301.763

3865584 371 

229767000 

01.04.2015 

00:10 

68.96674

66666667 

12.6802083

333333 850 3 7 

ARCTIC 

AURORA 

96459

70 

1354.192

0913828 380 

229767000 

01.04.2015 

00:16 

68.97520

5 12.704455 850 3 7 

ARCTIC 

AURORA 

96459

70 

1385.313

2012021 380 

 

3.1.3.2 Oil and gas surface facilities for source analysis (dataset 5.0). 

The Norwegian Petroleum Directorate does facilitate data on fixed facilities, floating 

production facilities, and primary facilities onshore offered as a shape file. This file is 

filtered for this study to only contain surface facilities in operation. 

 

3.1.3.3 Oil rig discharge data on four representative oilrigs (dataset 6.0) 

 

Oil and gas industry in situ data are available on the amount of oil discharged into the 

sea. These data are only available for the public in yearly reports for each platform 

and have been extracted manually. Based on the results of the source analysis, section 

3.5.1, the four platforms that contribute to most oil spill alerts is chosen as a sample 

(Wintershall, 2017, A/S_Norske_Shell, 2017, Statoil, 2017a, Statoil, 2017b, 

Wintershall, 2016, A/S_Norske_Shell, 2016, Statoil, 2016a, Statoil, 2016b). The mean 

discharge of mineral oil per month is used as input for a regression test against the 

monthly number of alerts.     

 

3.1.3.4 Ship movement statistical data 

NCA has available AIS data on ship movements and operating hours on the different 

ship types. Data has been extracted from the NCA ship movement database, Havbase.  

The four ship categories chosen as a sample are the categories that contribute to most 

observations in the dataset ( 

Table 16). The mean operating hours per month are used. 

 

http://www.havbase.no/


 

21 

 

3.1.3.5 Viability study, the influence of wind, waves, and ice (dataset 8.0)  

The viability study and tool discussed in 2.4.7 has a parameter on the viability of 

applying chemical dispersant from a ship on an oil slick. This is a method of 

removing oil from the sea surface into the water column. The tool shows the method’s 

efficiency (in percent) in a monthly temporal resolution and spatially on the study 

area's 10 x10 km grid. The efficiency measured in this tool is driven by the influence 

of climate factors, being wind, sea state, and ice conditions, and the result is a map 

showing where the method efficiency is considered “good,” “challenging,” and 

“impossible.”  

As the climate limitations set for applying chemical dispersant from a ship on oil 

spills are approximately the same as for a radar image of an oil slick, the data can be 

used to discuss seasonal variations.  

 

3.1.3.6 NCA Archive Validation data (dataset 9.0) 

NCA internal duty officer log system is used for recording all acute pollution 

incidents, including follow-up on oil spill alerts from the satellite services. These 

follow-ups do include in situ verification of the satellite oil spill alerts. The in situ 

data is useable for supporting assumptions and for discussing results. 
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3.1.4 Objective 3: To validate/verify the service provider’s likelihood 

settings with historical observations. 
Likelihood settings from the service provider are needed on all oil spill alerts to meet 

objective 3.  

 

The NCA archive validation data, dataset 9.0, is used for objective 3, in addition to 

the oil spill alert observation dataset 1.0-1.1 and 2.0-2.1. 

 

3.1.5 Preparing alert data and attributes 
The overall uniformity decided for all datasets is shown in Table 4 and applied both 

for analyzing data and results. 
Table 4: Datasets uniform file formats, spatial elements, attributes, and datum. 

Vector data:     

Dataset File 

format 

datum Geographical feature Attributes 

Alert data 

1.0-1.1 and 2.0-

2.1 

Shape 

file  

EPSG 3426 (WGS84) and EPSG 

32633 (WGS84/UTM Zone33). 

Alert as Mulitipolygon 

and weighed points. 

See Table 5 

Satellite image 

footprints 

1.2 and 2.2 

Shape 

file  

EPSG 32633 (WGS84/UTM 

Zone33). 

Polygon  

Study Area 

3.0 

Shape 

file  

EPSG 3426 (WGS84) and EPSG 

32633 (WGS84/UTM Zone33). 

Polygon  

4.0 Ship 

movements 

Shape 

file  

EPSG 3426 (WGS84) Points  See Table 3 

5.0 Offshore 

Installations 

Shape 

file  

EPSG 3426 (WGS84) Points  

Raster data     

Results 

Alerts 

4.1  

Geo 

TIFF. 

EPSG 32633 (WGS84/UTM 

Zone33) 

Aligned 10x10km 

resolution. 

Number of alerts 

Results 

Footprints 

4.1  

Geo 

TIFF. 

EPSG 32633 (WGS84/UTM 

Zone33) 

Aligned 10x10km 

resolution. 

Number of revisits 

(monitoring frequency) 

 

As described, the oil spill alert data consists of 4 different datasets, where different 

methods have to be applied to meet the uniformity defined for the datasets (Table 4). 

Each oil spill alert (polygon feature and point feature) would also need a unified set of 

attributes, and the attributes and format decided are shown in Table 5. Some attributes 

are available from the satellite provider dataset, and some, for example, the attribute 

source, are filled in as results after analysis. The attribute SAT_PASS is not used in 

this study but can be used for further studies by NCA. 
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Table 5: Standardization of observation datasets attributes. The standardization applies to polygons and points 

dataset of all observations. 

Attribute Data Standard text  Format   

Name  ”Unique” name String 

Satellite S1A, S1B, S1X, RS1, RS2, TDX1, TSX1,ASA, CSKS1, CSKS2, CSKS4  String 

Class A, B String 

Source: RIG, SHIP, UNK String 

S_C_NOR 1-13 Integer 

S_C_Loyds Lloyds Ship classes Integer 

Poll_Type FISH_OIL, MIN_OIL, VEG/AN_OIL String 

Year yyyy integer 

Month 01-12 integer 

SAT_PASS Time or M,E (Morning, Evening) String 

Area_Km2  float 

 

 

3.2 Methods 
This section covers the methods used to answer the objectives. The method chapter is 

divided into sections, each linked to answering each of the objectives. An overall 

method flowchart and specific method flowcharts are produced according to the flow 

chart legend in Figure 9. The different color-codes show dataset status and objectives 

the methods and results support (Figure 9). Each specific method includes a more 

detailed flowchart and is explained in more detail under the subparagraphs, including 

the primary tool used.  
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Figure 9:  Flow chart of the methods. The flowchart shows how the data is collected, and a step by step method 

chart. It is referenced to the method chapters on the processes/analysis, and the results are referenced to the result 

chapter.      
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3.3 Intensity analysis of oil spill alerts  
To support the objectives and have a common 

ground for discussion, there is a need to 

normalize the data in reference to the problem, 

so far just discussed as an increase in the 

number of oil spill alerts per year. Variations 

in the number of satellite images and their 

yearly area coverage need to be accounted for 

to give a more precise understanding of the 

increase in oil spill alerts. For this, an 

intensity analysis of the number of alerts per 

area per year is calculated, step 1in Figure 9. 

The intensity is calculated based on the 

footprints of all the satellite images used in 

the alert service for 2011-2018 within the 

fixed geographical study area (see Figure 8).  

An intensity ratio states the number of 

possible oil spills per area observed over a 

given time. The result is a ratio calculation, 

using the sum of all observations of cell 

frequency value and the sum of all footprint 

cells frequency number multiplied with cell 

size(Figure 10). 

 

3.4 Objective 1: To determine if the increase in alerts is due to the 

use of Sentinel1 
 

As discussed in section 1.1, the higher resolution sensor, Sentinel-1, might be one of 

the reasons for the increasing number of oil spill alert recorded. A chosen way 

forward is by comparing Sentinel-1 and Radarsat-2 data, where observation size, 

Area_Km2 in Table 5, is available for all oil spill alerts.  

Visually comparing the same oil spill in a Sentinel-1 and a Radarsat-2 image is an 

excellent first step and a basis for choosing if the spill area attribute can fit further 

testing.  Oil spill area size attribute could then, as the next step, be used in a 

correlation test to check significant differences in performance between Sentinel-1 

and Radarsat-2.  

 

3.4.1 Visual analysis of Sentinel-1 and Radarsat-2 radar images 
As a first step, a visual investigation of the two satellites by high-resolution radar 

image of the same mineral oil at the same time could add insight into the difference in 

performance as comparing size, shape, and noise/backscatter. The clear visual 

difference can help evaluate if the oil spill size variable is a sound basis for further 

analysis. The best opportunity to get the overlapping satellite images from Sentinel-1 

and Radarsat-2 is to search on verified oil spills as far north as possible, as these are 

polar-orbiting satellites. The starting point was to use already available Radarsat-2 

observations connected to an oil rig far north and search for Sentinel1 data from 

Copernicus Open Access Hub over the same area and time as the Radarsat-2 

observation. When getting overlapping images, both are checked at full/high 

Figure 10: Method for intensity analysis of the 

problem. The method results in a ratio, where 

number of observations is compared with the 

number of times the area is observed yearly. 
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resolution together with NCA follow-up data from the oil rig to get a verified 

example, where it is confirmed mineral oil at the sea surface (see Figure 11). 

 

 
Figure 11: Visual analysis of the difference in performances between Radarsat2 and Sentinel1. 

Visual analysis can confirm if oil spill size is a suitable attribute for analyzing the 

difference in the performance of the instruments.  

 

3.4.2 The detection performance of the instruments 
The approach is shown in the flow chart (Figure 12). The first step is to plot 

observation size distribution between Sentinel-1, and Radarsat-2, as shown on the 

right side of the flow cart. This is a frequency plot for 17 different oil spill size 

categories.  

 

The non-normality test is the next step 

in choosing a suitable correlation test 

comparing the attribute chosen for 

analysis. The test chosen is a Shapiro-

Wilk, based up on its overall 

performance. A comparison of four 

different normal tests, Shapiro-Wilk 

(SW) test, Kolmogorov-Smirnov (KS) 

test, Lilliefors (LF) test, and Anderson-

Darling (AD), concludes the Shapiro-

Wilk test is concluded the most 

powerful normality test (Razali and 

Wah, 2011). A non-normality test 

(p>.05), where the data can be visually 

inspected in the resulting histogram 

and normal q and q plot has been 

applied (Razali and Wah, 2011, 

Shapiro and Wilk, 1965). The next step 

is to choose a test of the instruments to 

see if they behave differently regarding 

oil spill alert observation size. As the 

same oil spill seems to give different 

results in detection between Sentinel-1 

and Radarsat-2 regarding detected spill 

size (km2), a non-parametric rank test 

on spill size is chosen. Some attribute 

data in the alert observation dataset do not separate between Sentinel-1A and 1B, 

Figure 12: Method for analyzing Objective 1. To determine 

if the increase in alerts due to the use of Sentinel.   
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which is denoted as Sentinel-1X. For testing rank between Sentinel-1 and Radarsat-2, 

all Sentinel-1 data is merged (1A+1B +1X). 

 

 A Mann–Whitney U test is chosen as the oil spill size is not normally distributed. It is 

suitable as it tests two datasets simultaneously and applies for datasets different in 

size, i.e., number of observations (n) (Mann and Whitney, 1947, Nachar, 2008).  

This is a rank test where oil spill observation size (km2) is tested, first to see if there is 

a difference between Sentinel-1A and 1B, next to do the test of Sentinel-1(A+B+X) 

VS Radarsat-2. These two tests are shown in the test overview box in Figure 12. To 

further analyze observation size distribution and how Sentinel-1 differs from 

Radarsat-2, different spill size categories are tested using the Mann–Whitney U test. 

Testing one category at a time can isolate where they significantly differed from one 

another, test 3-10 (Figure 12).  

 

A 95% significance Mann–Whitney U test is performed (10 tests):  

Hypothesis tested: 

H0: There is no difference in satellite performance based on spill size capability 

H1: There is a difference in satellite performance based on spill size capability 

 

3.4.3 How the oil spill per area ratio for the two instruments compare 

2015-2018. 
The difference between Sentinel-1 and Radarsat-2 on the number of spills per area can 

be derived from the two final datasets of the intensity analysis (section 3.3 and Figure 

10).  

 
 

3.5 Objective 2: To quantify oil spill type, size, and variability 
To be able to quantify the oil spill type, there is a need to connect the oil type to the 

possible oil spill alerts in the dataset. To connect an oil type to an observation, one 

needs to connect a source to the oil spill alert. 

Two years of alert data of the observations 2011-2018 dataset, 1.0-1.1 and 2.0-2.1 

(Figure 9, Table 2), chosen to connect oil spill alerts and ship as a source due to the 

complexity and time-consuming nature of the analysis. The ship-based spills and ship-

based oil types have to be estimated for all other years in the dataset. 

 

Connecting oil rigs, being static objects, is relatively straightforward and has been 

done for all years in the study. 

 

The thesis hypothesis can be tested by calculating oil type and oil spill size by having 

source/oil type connected to all oil spill alerts in the dataset. 

 

The hypothesis to be tested: 

H0: The increase in alerts is not due to increased “mineral oil” at sea.  

H1: The increase in alerts is due to increased “mineral oil” at sea. 

 

At last, in this section, both temporal and spatial analysis on oil spill type, size, and 

variability for oil spill alerts is conducted.   
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3.5.1 Oil spill origin (Source Analysis) 
A mineral oil slick on the sea surface has an origin. As highlighted in section 2.4, the 

most likely source of any mineral oil slick on the water within the study area is from 

the oil and gas industry or shipping.  

There is a need to connect a source to a two-year subsample of the oil spill alerts 

observations to meet the specific objectives 2 and 3. One part of objective 2 is to 

analyze if the big increase in oil spill alerts also can relate to a similar increase in 

mineral oil at sea. There is a need to establish this to test the hypothesis. As volume 

estimation of mineral oil is not possible using radar satellite images, discussed in 

section 2.2, the measure to answer the hypothesis will be based on the oiled area 

(km2), observation size, and where the oil is most likely mineral oil. 

 

Two years of the dataset are chosen based on the results from the intensity analysis, 

section 3.3, where the “big shift in intensity” (alerts/km2 x 106) was registered from 

2015 until 2016 (see Table 6). This includes all three of the satellites, where all 

observations are available as polygons. The period also has good spatial and temporal 

resolution regarding the source data.  

 

The three different source categories chosen are (and in this order):  

1. Category “RIG,” where the most likely source is an offshore surface facility 

linked to the possible oil spill alert.  

2. Category “SHIP,” where the most likely source linked to the possible oil spill 

alert is a ship, also recording ship type category  

3. Category “UNK,” unknown is the source categorization where there is no link 

between an oil spill alert and a likely source.  

In general, the method used is a buffer analysis, where a source and observation 

intersects within a set buffer distance. A more detailed flow chart shows the 

workflow, criteria for the analysis, and the expected result (see Figure 13). The results 

of this source analysis are mainly a basis for further analysis in answering objective 2 

and 3. However, findings on how the different sources contribute to the oil spill alerts 

are presented in the results chapter. 

  

 

Figure 13: Method of source analysis. The flow chart shows steps determining if a most likely source is connected 

to the observations, resulting in adding source data in the standard format defined in Table 5.  
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The first step is to flag RIG as a source. 

A 3000 m buffer around the oil 

installation connects the oil spill alerts 

when the oil slicks are represented as a 

polygons  

The 3000 m buffer is chosen as NCA 

uses this in yearly reports from 2017, 

and the buffer is based on in situ 

observations compared with satellite 

images/polygons (NCA, 2017b). An 

example from the analysis is shown in 

Figure 14.  

 

A part of the oil spill alert observations 

only is available as point features (Table 

2, dataset 2.1.) These points represent 

the center position of observation. A 

6000 m buffer around the oil 

installation connects the oil spill alerts 

when the oil slicks are represented as a 

point. 

This buffer should connect a point to an 

offshore installation like the 3000 m 

buffer used on polygons. To calculate the point buffer, one of the datasets (Table 

2Dataset 1.0) includes the length and width of each observation. The average length 

of the observations in this dataset is 6870 m, counting 1848 observations from 2012-

2018. The average center position is 3435 m of the observations and would not 

connect to the offshore installation using the 3000 m buffer. A polygon would connect 

to a 3000 m buffer if it only touches on the edge of the buffer, so if a 6870 m long 

feature (straight) also should connect at the edge of the same 3000 m buffer, the 

center position would be 3435 m outside this buffer.  As this is a rough estimate, the 

point buffer was set to 6000 m. The performance of this buffer was tested on the 2015 

and 2016 datasets, available as both a point and polygon dataset. By using the point 

dataset and 6000 m buffer, 413 observations were connected to RIG as a source. By 

using the polygon dataset and 3000 m buffer, 419 observations were connected to 

RIG. 

 

The next step of the source analysis is to determine if the observations that do not 

intersect with oil and gas installations intersect with ships or are classified as 

unknowns. For the SHIP + UNK category, here, the observation polygon/point is 

given a buffer of a predefined measure due to the many points representing ship 

movements, typically between 2 and 5 million points per month after filtering. This is 

analyzed by applying an intersection operation to ship movement points. If they 

intersect, a likely SHIP source candidate is recorded.  

 

In most cases, connecting a ship is more challenging as there in most cases is no direct 

connection between the ship and the observation. Looking at an example of a ship 

discharging oil from 14:00 to14:20 UTC on a given day, sailing at 10 knots on a 

steady course, one has to consider that time has passed from the oil discharge from the 

ship to the time of the satellite image, that might be at 17:00 UTC the same day. In the 

Figure 14: Example of observations in offshore industry 

area. Shows the observations in blue, 2015 and, red, 

2016 that intersect with a 3000 m buffer for some 

platforms in the North Sea. Green observations is passed 

on to the ship + unknowns dataset for further analysis. 

N↑ 
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radar image taken at 17:00 UTC, the ship, often visible as a white dot in the radar 

image, and the observation, a dark three nautical miles long “oil” feature, are 

approximately 30 nautical miles apart. By overlaying the radar image with 17:00 UTC 

AIS ship data, the AIS ship feature will align over the white dot in the radar image. 

Using the historical AIS position data, the ship track of the alleged polluter will pass 

near the darker oil spill feature in the radar image. It will not be a perfect alignment 

between the ship track and the oil spill represented in the image, which is caused by 

the movement of the oil slick over the intervening time period. For the analysis, the 

following variables need to be accounted for, and due to the complexity highly 

generalized: 

 

 Oil drift being maximum of 2 nautical miles 

 Weathering of the oil, where the there is still oil on the sea surface after 6 

hours 

A maximum conservative drift of 2 nautical miles between the observation and a ship 

track and maximum backtrack of ship movements of 6 hours have been chosen for the 

ship as source analysis.  

 

The 2 nautical miles drift within 6 hours represents a velocity of 0.17 m/s along a 

straight line. This is approximately half of the  maximum speed of the sea surface 

current west of Svalbard, and 28% of the current maximum speed at the Norwegian 

continental shelf, referring to section 2.4.6. There is also wind to consider in the 

calculation. For example, ten m/s wind will influence the oil slick movement by 3% 

of its force, being 0.3m/s drift that needs to be calculated against the current, for 

example, 0.2m/s, with 100% of its 

force (Figure 15). A resulting drift 

trajectory of both current and wind, 

calculating speed and direction, is 

given in Figure 15. Wind and current 

might also change velocity and 

direction during the lifespan and 

drift of the oil slick, and with this in 

mind, the 2 nautical mile constant 

seems feasible and conservative.  

 

When a 6 hour backtracked ship 

route and an oil spill polygon with 

an applied 2 nautical mile buffer intersect, representing the ability for up to 2 nautical 

miles of oil drift in all directions, there is a high likelihood that these are related.  

 

The 6-hour backtrack chosen is related to the lifespan of the oil on the sea surface 

when discharged by a ship, as discussed in section 2.4.5. This minimum lifespan is 

estimated using diesel to represent a “light” type of mineral oil at the sea surface. 

Marine diesel represents a “light” non-persistent oil type carried as fuel by a majority 

of vessels. 

 

The SINTEF oil weathering model can be used to predict oil slick lifetime at sea 

(Daling and StrØm, 1999). Next, there is a need to investigate the threshold of the 

environmental factors that influence the lifespan of the oil at the sea surface as the 

Figure 15: Example of oil drift trajectory. The velocity of the 

drift is influenced by the current speed (100%) and by wind 

speed (3%), and the calculation of the drift is the diagonal of 

a parallelogram. 
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diesel oil’s minimum lifespan results from the weathering of the oil. The diesel oil is 

weathering most rapidly at high temperatures and high winds. Running the model at 

10 m/s, being at the threshold of the radar satellites detection capability, and 15 

degrees Celsius as a high sea temperature results in a lifespan of the marine diesel on 

the sea surface to 9 hours when looking at the mass balance in Figure 16. At 6 hours, 

there is approximately still 10% of the discharged marine diesel on the sea surface. 

 

 

 
Figure 16 SINTEF Oil Weathering Model mass balance results. The graph shows the mass balance of a marine 

diesel at 10m/s wind and a sea temperature at 15Cº. The diagram shows the balance between surface oil, 

evaporation, and dispersed oil. 

 

Before flagging the ship as a source of oil, there is a need to assess the ship's heading 

and the observation’s physical characteristics. This is done to exclude ship tracks that 

intersect but are going in a totally different direction than the oil spill, as the ship is 

unlikely to be the source. The ship's timestamp and observation also need to be 

considered, as shown in Figure 17d. Figure 17 shows five examples from the analysis. 

4 of them intersect by less than 2 nautical miles, and the visual assessment is deciding 

the ship is a likely source or not. 
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a)

 

b)

 

c)

 

d)

 

e) 

 
 

       Ship position 

     Ship position within buffer 

     Oil slick 
Figure 17: Examples of intersection between observations and ship movements. (a) Shows a good match between 

ship movement and observation, in this case, a chemical tanker. (b) Shows a good match in observation shape and 

ship movement, in this case, a fishing vessel. (c)Area with more than one operating fishing vessel in the same area 

within the same 6 hour period, connecting this observation to fishery activity. (d) In this case, the last point, ship 

movement, is at the same time as the observation, so this vessel cannot be connected to the observation, even 

though they intersect according to distance. The vessel is approaching (Sailing towards the oil spill alert 

observation) the observation (e) Observation that does not intersect to vessel movements in the area. 

3.5.2 Oil spill size and type (substance impact) 
One of the main indications of a possible oil spill alert from a radar satellite service is 

observation size. As oil volume is not available, observation size is considered the 

best available measurement for impact and calculation of the increase of mineral oil. 

In addition, a categorization of the most likely substance is connected to the spill alert. 

 

Observations connected to RIG as a source are considered mineral oil (MIN OIL). 

The final result will be adjusted by a mineral oil/no mineral oil ratio derived by in situ 

data from NCA verification data on oil and gas installations (dataset 9.0, Figure 18). 

The ratio oil/no oil is used in two places in the analysis. It is used where already 

source RIG is part of the polygon observation dataset. The following use of oil/no oil 

ratio is where there is no source data in the input observation point dataset.  

Here the first step is to connect RIG as a source category. The RIG category 

observations are then adjusted by the oil/no oil ratio from the in situ 9.0 NCA Archive 

validation dataset. The RIG category now consists of two oil types, Mineral oil (MIN 

OIL) and unknown substance (UNK). 

 

In Figure 18, following the flow chart where the dataset has source data, observations 

connected to unknown sources are considered unknown substances (UNK). On the 

same part of the flow chart, observations connected to ships are divided into two types 

of substance, where ship category 2 (chemical tankers) and category13 (fishing 

vessels) as the source are considered fish/animal/vegetable oils (OTH OIL). All other 

ship categories are not allowed any discharge, and these are considered mineral oil 

(MIN OIL).  

The argument for this categorization of oil and ship type is based up on the 

legal/illegal aspect of discharging, as discussed in section 2.4.  
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Figure 18: Flow chart of overall calculation of oil spill size and substance.  

 

Following the flow chart, where there is no source connected in the input observation 

dataset, a separate analysis and estimation are needed to calculate source type and 

substance type for these observations. As the subsample of data analyzed for all 

sources only applies for two years (2015-2016), data before 2015 and after 2016 need 

to be analyzed estimated regarding sources connected to the alerts. Regarding Oil and 

Gas as source (RIG), a spatial buffer (6000 m) analysis, where the 4.0 Oil and gas 

facilities dataset is given a 6000 m buffer (decided and calculated in section 3.5.1) to 

the point alert observation dataset (2011-2014 and 2017-2018).   

 

There is a need to estimate the ship origin alerts and unknown origin alerts for the 

years outside the timespan of the source analysis to investigate all the oil spill alerts in 

the study and how they connect to a source (section 3.5.1). 

 

Estimating 2011-2014 and 2017-2018 data on SHIP and UNK as a source is done in 

two steps. The first step is to calculate two sets of ratio data for a ship as the source. 

The first ratio for the 2011-2014 data, based on the 2015 source results, and the 

second ratio is for the 2017-2018 data, based on the 2016 source results. The 2015 

data and 2016 data on the number of observations connected to SHIP is calculated by: 

 

 𝑅𝑎𝑡𝑖𝑜𝑆𝐻𝐼𝑃 =
𝑆𝐻𝐼𝑃𝐶𝑂𝑈𝑁𝑇 + 𝑈𝑁𝐾𝐶𝑂𝑈𝑁𝑇

𝑆𝐻𝐼𝑃𝐶𝑂𝑈𝑁𝑇
 3.1 

Where RatioSHIP is the ratio of Ship-based origin alerts for 2015 and 2016, SHIPCOUNT 

is the number of alerts connected to ship as the source from the 2015-2016 analysis, 

and UNKCOUNT is the number of alerts connected to an unknown source2015-2016 

analysis.   

  

The next step is to apply a MIN OIL/OTH OIL ratio to SHIP source data using 2015 

and 2016 data on ship categories 2 and 13 (Chemical tankers and Fishing vessels), as 

OTH Oil and the rest of the ship categories as MIN Oil. An Oil type ratio based on the 

2015 oil type results is applied to the 2011-2014 data, and a 2016 ratio is applied to 

the 2017-2018 data. 
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The remaining data are unknowns as the source, UNK, and the substance is also 

categorized unknown, UNK. 

 

These two steps are applied to oil spill alert observation size (km2), calculating the 

impact (“oiled area”) of the different substances. Further, the same steps are applied to 

the number of alerts, calculating the trends and impact for the end-user organization to 

handle each alert.   

 

3.5.3 Oil spill variability analysis (non-spatial methods) 
Objective 2 sets to analyze temporal and seasonal variability within the dataset. Such 

analysis will add knowledge concerning the problem of increasing the number of oil 

spill alerts, how the introduction of the Sentinel-1 satellites might influence, and how 

other factors might influence the number of oil spill alerts. One of the questions 

addressed here is how oil spill alert observation sizes (km2) are distributed over time. 

Another question is if there is temporal (seasonal, yearly) variation in the number of 

oil spill alerts, which can relate to other temporal factors, like monitoring effort, 

environmental influence (wind), and variation in “oil spill activities.” 

 

First, descriptive statistical analysis of the oil spill alert observation size (km2) on a 

monthly temporal resolution is applied to address these two questions. Second, an 

analysis of the seasonal distribution of the number of oil spill alerts is undertaken 

together with a regression analysis where y is the dependent variable and  

x1, x2, …,xn are the independent variables  

 

3.5.3.1 Analyzing oil spill alert observation size (km2) distribution.  

A monthly plot of the median oil spill alert observation size (km2) is made. First, 

outliers (large oil spill observations that clearly are not an oil spill candidate) within 

this dataset are investigated. There have not been any major oil spills within the study 

area in the time period from 2011 that would cause large areas of oil at sea (ITOPF, 

2018). Therefore, observation sizes over 100 km2 are considered to be outliers 

concerning mineral oil. Monthly median observation size is analyzed throughout the 

observation dataset to investigate the variation year by year for each month of the 

year.  

 

3.5.3.2 Analyzing Seasonal variations on the number of oil spill alerts 

A Spearman rank correlation analysis is applied as a suitable method for analyzing the 

correlation between oil spill alerts and an “influence.”  Four tests will be applied to 

test the correlation of oil spill alerts against four different independent “influences” 

(Figure 19). As one of the influences, wind/sea state, discussed in section 2.4.7.1, 

based on the mean wind speed NORA 10 model, shown in Figure 6, mean value data 

over a January until December scale should be used for all variables. Seasonal 

distribution, where the variable is calculated as a mean value by month, is considered 

nonparametric data, and a Spearman rank method is considered a good test(Prion and 

Haerling, 2014). 
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To analyze the strength of 

association, the variable ‘oil spill 

alerts’ and several possible influence 

variables (number of satellite scenes, 

In situ Oil rig discharge of oil data, 

ship movement in operational hours, 

Wind/wave) are calculated at a 

monthly scale. The wind data from 

the viability study uses mean wind 

speed over ten years (2007-2017), and 

the result used is the percentage of the 

time of favorable conditions (%) for 

each month (see section 3.1.3.5 on the 

dataset). For offshore oil and gas and 

ships, a sample of the years 2015-

2016 is chosen. The offshore oil and 

gas industry sample includes a 

monthly discharge amount of mineral 

oil to the sea (m3) from the four oil 

rigs that connect to most of the oil 

spill alerts from the source analysis 

(section 3.5.1 oil spill type - source 

analysis). The ship sample includes a monthly operation time (h) from the four ship- 

categories that connect to most of the oil spill alerts from the source analysis (section 

3.5.1 Oil spill type - source analysis). For the analysis, the year is divided into 12 

months, and the mean value of all variables is used. 

 

The resulting Spearman's ρ is used for discussing the influencing variables analyzed. 

 

3.5.4 Spatial distribution Analysis 
 

The main methods used are Ripleys K function (Ripley, 1977) test for randomness, 

and hotspot analysis, Getis-Ord Gi*. (Getis and Ord, 1996), (see Figure 9 and Figure 

20). These methods are chosen based on the dataset's characteristics and how well the 

method accounts for limitations within the data used. One limitation is that alerts only 

can occur at sea, limiting the study area to exclude land areas. This, together with the 

study area shape, the method chosen should account for the shape of the study area.  

 

3.5.5 Test for spatial randomness  
As a first step, a test of complete spatial randomness is applied to the alert dataset. 

This test aims to test the oil spill alert spatial distribution, whether it is considered 

random or not (e.g., clustered or dispersed). 

 

The hypothesis to be tested: 

 

H0: The alerts are spatial random distributed.  

H1: The alerts are clustered/dispersed 

 

Figure 19: Method for analyzing seasonal trends in the 

observations data. Spearman’s correlation test is used by 

comparing mean oil spill alerts frequency on each of the 

influences (mean values), over a 12 month “season”.  
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There are many different methods that 

can be applied. One spatial statistical 

tool that fits the aim, takes the study 

area into the calculation, tests for 

multiple distances, and is well 

available in GIS tools is the Ripleys K 

function multi-distance test for spatial 

randomness.  

 

The hypothesis to be tested by using 

Ripleys K function: 

 

H0: the K function does not vary 

significantly from the line y=x 

(Random distribution).  

H1: there are scales at which the 

K function varies significantly 

from the line y=x (Random 

distribution). 

 

This test includes a null hypothesis that the pattern is random. The random pattern is 

plotted as a line, with the expected L(d) being the K value for complete spatial 

randomness along the neighborhood distance scale chosen for the analysis. K values 

above the random line state significant clustering, and below the line states significant 

dispersal. The result will answer if the data are random, cluster, or dispersed, tested 

for multiple neighborhood distances. As it is known that many of the oil and gas 

installations have multiple surface installations within a relatively close range of 

another, the starting neighborhood used is a little less than the calculated mean 

distance to at least one neighbor within the point oil spill alert dataset. Ten different 

neighborhood distances are tested, where some test runs with different spacing 

between each neighborhood distance are done to ensure a representative result.    

 

3.5.6 Test for spatial Hotspots/Significant clustering, based on spatial 

distribution by Getis-Ord Gi*. 
In order to obtain further information on the alert dataset and to meet the aim of 

analyzing variability, it is essential to analyze where clustering, randomness, and 

dispersion appear within the study area. As the two primary sources of mineral oil 

discharges are the oil and gas industry (static source) and ships (dynamic source), a 

separate set of analyses on oil spill alerts might add important information on the 

spatial pattern results throughout the study area. The methods so far in answering 

objective 2 have mainly been non-spatial. A local spatial statistics method for 

identifying statistically significant hotspots and cold spots is chosen to investigate the 

spatial patterns. In general, local spatial statistics analyze smaller areas and compare 

the local area results with the global area result, giving a significance (p) value. The 

GIS tool can then visualize the results in a map showing an area of clustering or 

dispersion. There are many tools and methods available for this type of analysis, and 

one statistical method chosen that fits the aim is Getis-Ord Gi*. In this analysis, the 

study area is divided into smaller polygons, each holding a value (oil spill alert count). 

Locally, each polygon and its neighboring value is compared to the study area to see 

if the neighborhood differs significantly (higher or lower mean alerts counts) than the 

Figure 20: Method on spatial clustering and complete 

spatial randomness 
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mean alert count within the study area. A fixed polygon grid can be used in the study 

area, being the ocean, and where oil spills can occur anywhere within the study area. 

A fixed neighborhood distance where the dataset obtains maximum autocorrelation 

(maximum clustering) is chosen as a start. The dataset is also analyzed with smaller 

neighborhood distances to investigate clustering with high z scores. Small distances 

can be essential to identify a single source or an area of activity. The method is shown 

in Figure 20.    

 

The analysis is carried on all alert data and on a dataset where all oil and gas-related 

alerts are subtracted. The reason for having the two analyses is because the oil and gas 

offshore industry constantly discharges mineral oil. As these are also fixed 

installations, clustering can be expected on such objects. By only analyzing the oil 

spill alerts connected to ship and the unknowns, a new spatial pattern of oil spill alerts 

can give a different result for discussing the contribution from shipping.   

 

3.5.7 Test for spatial Hotspots/Significant clustering, based on 

observation size, by Getis-Ord Gi*. 
This analysis aims to investigate how the “oil spill” size (oil slick area in km2) of the 

alerts cluster within the study area. The main subject here is analyses for clusters of 

large “spills” and clusters of small “spills.” This has also been analyzed non spatially, 

on a timeline section 3.5.3.1. The spatial distribution of oil spill size is essential in 

regards to both areas of large size observations (hot spots) and areas of small size 

observations (cold spot). Such results can be discussed in regards to the activity in the 

area. This, like oil spills, mineral and vegetable/animal oils, is closely connected to 

human activity as shipping and offshore oil and gas industry. Also, here, the analysis 

is done on all alert data, as well as a dataset where all oil and gas-related alerts are 

subtracted.    

 

On observation size, all observations are analyzed using Getis-Ord Gi*. However, 

outliers and observations over 100 km2 are removed from the dataset (15 of 3694 

alerts), as they are unlikely to be a mineral oil observation, and they will influence the 

result. Values and evaluation for the different neighborhood distances follow the same 

method as for section 3.5.6. The value chosen for the neighborhood in the maps 

produced is adjusted from the default neighborhood value, as several oil spill alerts 

had more than 1000 neighbor alerts. 

 

3.6 Objective 3: To validate/verify the service provider’s likelihood 

settings with historical observations. 
Historical remedial actions data from NCA are needed to address this objective. These 

historical validated data on satellite observations and how these compare with the 

dataset produced in the specific objective 2 are the basis of meeting objective 3. 

 

To answer the third specific objective on the services confidence level settings and the 

performance of the services, a set of basic statistics (frequency distribution, standard 

deviation, and probability) derived from the dataset produced for the impact results 

are calculated and presented. Each observation has a confidence level of ‘A’ if it is 

more likely to be mineral oil or ‘B’ if it is less likely to be mineral oil.  The EMSA 

CSN service and the KSAT service set confidence level to confidence B when the 

probability of an alert being mineral oil (Oil spill) is less than 50%, and to confidence 
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A if the probability of the alert being mineral oil (Oil spill) higher than 50%. Data for 

all years and satellites (Radarsat-2 VS Sentinel-1, (2015-2018) and source connected 

by analysis - 2015-2016) are developed and presented.  

 

Using the two results on impact (3.5.2) (where trends on observation size and the 

number of observations, both calculating/estimating substance), the probability of a 

spill being mineral oil, other oils, and unknown can be calculated and discussed in 

regards to the two confidence levels ‘A’ and ‘B.’  

 

For observations where RIG is confirmed as the source, in situ verification data is 

used to estimate the probability of mineral oil observation. 

 

For observations where RIG is not confirmed as the source, these alerts then belong to 

the source categories SHIP or UNK, and the probability for the observation than being 

mineral oil is calculated by: 

 𝑃(𝑀𝑂𝐼𝐿,𝑆𝐻𝐼𝑃 ) =
𝑛𝑆𝐻𝐼𝑃_𝑀_𝑂𝐼𝐿

𝑛𝑡𝑜𝑡𝑎𝑙 − 𝑛𝑅𝐼𝐺
  (3.2) 

 

Where P(MOIL,SHIP) are the probability of an alert being mineral oil and connected ship 

as the source. nSHIP_M_OIL is the number of alerts oil spills calculated as mineral oil 

from ships. ntotal is the total number of alerts. nRIG is the number of oil spills mineral 

oil alerts connected to RIG as the source. 

 

By estimating and calculating these two probabilities, one can measure how well 

confidence A and B categorization comply with the results.  

 

This will also answer if the results are consistent with the probability setting of the 

service providers, and it can also answer if the implementation of Sentinel-1A and 1B 

as the new sensors gives the service a higher, equal, or lower probability delivering 

correct confidence setting then before.   
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4 Results 
 

4.1 Intensity analysis of oil spill alerts. 
 

The number of oil spill alert increase is shown in Figure 21a on the number of oil spill 

alerts, printed as the yellow plot, and shown in numbers in Table 6, Observations. The 

increase from 2015 until 2018 calculates to 249%.  

The results of the raster analysis where the area (km2) covered by all satellite images 

used in the monitoring is shown in Figure 21a, the orange plot, and in Table 6, the 

Satellite area covered. The satellite monitoring coverage varies for all years in the 

study and shows an overall increasing trend until 2016, where there is a shift towards 

less coverage the two following years.  

The results by calculating oil spill alerts and variation in monitoring coverage for 

2015 until 2018 show an increase of 297% in intensity/ratio. Figure 21b and Table 6 

show the ratio calculated in observations per 1 million km2 (106 Km2).  

 
 

a 

 

b 

 
Figure 21: Result on oil spill trend by ratio 2011-2019. (a) Trend analysis results, with total satellite footprint of 

covered area per year and the number of observations per year. (b) Ratio, showing the number of spills per 1 

million km2.  

 
Table 6: Observation and accumulated yearly coverage by ratio. Area per year is coverage added up using the 

footprint on each satellite image as part of the oil spill service. Observations are the number of possible spills 

reported by the service and the ratio/frequency quantifying spills/area. 

 2011 2012 2013 2014 2015 2016 2017 2018 Mean 

Satellite area covered (x106 Km2) 71.825  54.031  105.907 104.341 125.697 186.394 131.496 110.541 111.279  

Observations of oil spills (n) 76 135 320 367 288 735 768 1 005 461.750 

Ratio/intensity (n/area x106 Km2) 1.058 2.498 3.022 3.517 2.291 3.943 5.840 9.092 4.149 

 

4.2 Objective 1: To determine if the increase in alerts is due to the 

use of Sentinel-1 
The results in this section give an overview of the satellite used in the analysis, the 

visual comparing analysis of Sentinel-1 and Radarsat-2 on a verified oil spill, and a 

correlation test  

Table 7 shows that Radarsat-2, Sentinel-1A, and Sentinel-1B satellites have delivered 

7478 out of a total of 9442 satellite scenes in the study. 
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Table 7: Number of scenes from Radarsat-2 and Sentinel-1. 

 2011 2012 2013 2014 2015 2016 2017 2018 Sum 

Radarsat2 355 511 463 490 1106 813 406 329 4473 

Sentinel 1     40 384 738 749 1911 

Sentinel1A     141 476 127 80 824 

Sentinel1B      63 131 76 270 

Sum 355 512 463 490 1287 1736 1402 1234 7478 

 

4.2.1 Visual analysis of Sentinel-1 and Radarsat-2 radar images 
The in situ measurements consist of two essential confirmations. 1. The oil slick is 

visible on the sea surface and covers an area large enough to be picked up by satellite, 

and 2, it is mineral oil. As the satellite alert triggers the in situ measurement, there is a 

time delay between the satellite images and in situ measurement data. This data is 

presented in Table 8.  

 
Table 8: Data sources for visual analysis between Radarsat-2 and Sentinel-1A. 

Dara source Date Time 

UTC 
Mineral oil? Oil slick size 

In situ Report from Norne platform operator 2016.10.11 19:00 Confirmed   Visible 

In situ Report from NCA Remote sensing 

aircraft LN-TRG 
2016.10.12 12:50 Confirmed  1.5 km x 0.3km slick  with 

50% oil cover 

Radarsat-2 image – basis of  Oil spill alert + 

national archive 

2016.10.11 16:55:09  1.23km2 

Sentinel-1A (from ESA archive) 2016.10.11 16:47:30  Not measured 

 

The possible oil spill alert was confirmed as mineral oil on water on the day of the 

satellite image by the platform operator and the next day by NCA Remote sensing 

aircraft (see Table 8 and Figure 22). It is essential to state that this is a legal 

discharge from the Norne FPSO, reported within legal limits by the platform 

operator. The oil slick reported by the remote sensing aircraft confirms the visual 

appearance of a typical mineral oil slick and covers an area of approximately 0.45 

km2, 20 hours after the satellite detections. 

Figure 23a,b, shows the oil slick where both Radarsat-2 and Sentinel-1A have covered 

the same area at approximately the same time, clearly confirming different 

performance when looking at noise and resolution (see Figure 23 a and b). Both 

satellite images show homogenous “lighter” surroundings around the “darker” spill, 

making it a high likelihood confidence A, “Possible oil spill” observation. Further, 

investigating the Sentinel-1A image (Figure 23b), looking at the right-hand side in 

this image shows a” thin tail” going left, where there is a 160-degree turn of the oil 

slick. This same “oil slick tail” mixes into the noise on the Radarsat-2 image and is 

not visible (Figure 23a). The images show that smaller oil slicks can be visual on 

Sentinel-1A compared to Radarsat-2.  
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a

 

b

 
Figure 22: Mineral oil slick example from an oil rig.  Norne FPSO2016.10.12 at 13:00UTC, oil on water, and 

calm sea conditions. Photo: Norwegian Coastal Administration (Kystverket, 2016).  

 

Both satellite images are level 1 products VV polarization, Radarsat-2 with a spatial 

resolution of 50 m, and Sentinel-1A GRD High resolution of 20x22 m resolution. This 

is typically the operational mode used within the oil spill services.  Both images show 

an oil slick signature connected to Norne FPSO (oil-producing installation, Figure 

22). Norne FPSO is the only surface facility in the area and can legally discharge oil 

into the sea (up to 30 mg/l monthly average). The two white point features in the radar 

image are large objects, where one is the NORNE FPSO and the other a stand-by 

vessel. The oil slick size reported (alert report to NCA) on the Radasat-2 image is 

1.23km2. 

 

Figure 23: Example of Radarsat-2 and Sentinel-1A on the same oil slick. Both images are shown with an offshore 

industry overlay including, pipelines and fixed installations.  (a) Radarsat-2 image on the left, taken 2016.10.11 at 

16:55:09 UTC and, (b) Sentinel-1A taken 2016.10.11 at 16:47:30 UTC, 7 minutes and 39 seconds apart. Sentinel 

1: Copyright: European Space Agency – ESA.  Radarsat: Copyright: CSA, RADARSAT-2, MACDONALD, 

DETTWILER & ASSOCIATES LTD 

  

a                                                                    b 
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4.2.2 Detection performance of the instruments   
 

The first result when looking at how Sentinel-1 and Radarsat-2 perform towards oil 

slick size, a histogram of all oil spill alerts from these two instruments, Radarsat-2 and 

Sentinel-1 (Sentinel-1A + 1B + 1X) are shown in Figure 24. Here, all available oil 

spill alert data within this study (Table 9) are categorized regarding the detected oil 

slick size. Even though there is more Sentinel-1 with 2096 alerts than Radarsat-2 with 

1473 alerts, the histogram shows more small oil slicks for Sentinel-1 than for 

Radarsat-2. There is a slight difference in the number of alerts shown in Figure 24, 

and Table 9 (Sentinel-1 2096 VS 2098 and Radarsat-2 1472 VS 1485) due to the scale 

of classes not showing oil spill alerts over 100 km2. Observations above 100 km2 are 

considered outliers. 

 
Figure 24: Histogram on the distribution on observation size.  The histogram shows the number of observations 

within 10 different classes from 0-1 km2, 4 classes from 1-5 km2, and 3 classes for large observations. 1473 

observations are from Radarsat-2 and 2096 are from Sentinel-1 (Sentinel-1A + 1B + 1X)  

 
Table 9: All oil spill alerts 2011-2018 sorted by detecting satellite. Sentinel-1X is either Sentinel-1A or Sentinel-1B 

and is used as one service provider only stated Sentinel-1 from late 2018 (It is the same radar instrument, on the 

two different satellites). 

 

Table 10: Descriptive statistics on oil slick areas for oil spill alerts. Statistics for 

Radarsat-2, Sentinel-1A, Sentinel- 1B and Sentinel-1X.  
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Table 10: Descriptive statistics on oil slick areas for oil spill alerts. Statistics for Radarsat-2, Sentinel-1A, 

Sentinel- 1B and Sentinel-1X  

Satellite Radarsat-2 Sentinel-1A Sentinel-1B Sentinel-1X  

Statistic 
Std. 

Error 
Statistic 

Std. 

Error 
Statistic 

Std. 

Error 
Statistic 

Std. 

Error 

N 1472  1262  683  152  

Mean unit (km2) 4.710 0.234 2.362 0.172 2.202 0.164 0.931 0.14 

Median(km2) 1.850  0.912  0.911  0.377  

Mode (smallest) (km2) 0.571  0.125  0.044  0.034  

Variance 80.822  37.164  18.433  2.967  

Std. Deviation(km2) 8.990  6.096  4.293  1.722  

Minimum (km2) 0.046  0.000  0.044  0.000  

Maximum (km2) 88.69  90.537  59.835  14.200  

Skewness 4.684 0.064 8.928 0.069 6.609 0.094 5.119 0.197 

Kurtosis 27.135 0.127 101.854 0.138 65.144 0.187 32.846 0.391 

Z value Skewness 71.188  129.391  70.309  25.985  

Z value Kurtosis 213.661  738.072  348.364  84.005  

 

All four satellite datasets show a positive skew when looking at mean, median, and 

mode. All four satellites' oil slick area data show mean>median>mode (Table 10). 

Also presented in Table 10, Z values are calculated by Skewness/std.error and are 

well outside the range of +/- 1.96 for all four datasets. The kurtosis value is also 

positive for all four datasets and has a value outside a normal distribution assumption. 

The Z values may also be calculated here by kurtosis/std.error and are also well 

outside a +/- 1.96 range for all four datasets 

 

The histogram plot of the oil slick size distribution is shown in Figure 25. In the same 

figure, a Q-Q plot for the oil slick size distribution is compared to a normal 

distribution fit line for each of the four oil slick size datasets. All four datasets on oil 

slick size distribution show a histogram with a positive skew. A normal distribution 

should ideally have a mean=median=mode distribution. The three values of mean, 

median, and mode are shown in Figure 25 on each of the four datasets, clearly 

diverting from a mean=median=mode distribution, where mean>median>mode 

indicates a positive skew.  A Q-Q plot test for all four datasets is also shown in Figure 

25, and all show a clear deviation to the normal fit line. Finally, the results of a 

Shapiro-Wilk test are shown in Table 11, and the significance level, Sig column in the 

table, concludes to reject the H0, which in this test states that the dataset is normally 

distributed. 

 
Table 11: Result of Shapiro-Wilk normality test on oil slick size distribution. Results for Radarsat-2, Sentinel-1A, 

Sentinel-1B and Sentinel-1X,  

Satellite Radarsat-2 Sentinel-1A Sentinel-1B Sentinel-1X 

Shapiro-Wilk test Statistic df Sig Statistic df Sig Statistic df Sig Statistic df Sig 

 SPSS results 0.476 1472 0.000 0.307 1262 0.000 0.442 683 0.000 0.479 152 0.000 

 

The results of the tests, examination of statistics, and inspection of the histogram and 

normal q and q plot show that the data do not follow a normal distribution.   
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Radarsat-2 

 

Radarsat-2 

 

Sentinel-1A 

 

Sentinel-1A 

 
Sentinel-1B 

 

Sentinel-1B 

 

Sentinel-1X 

 

Sentinel-1X 

 
Figure 25: Histogram of the oil spill size distribution and Q-Q plot. Histograms (number of oil spill alerts/oil spill 

size) for the four datasets on the left-hand side and Q-Q plot  (quartile/quartile). The plot shows the fit to the 

normal distribution fit line.  

 

 

Results of the first test Mann-Whitney U-test is Sentinel-1A VS Sentinel-1B supports 

the 0 hypotheses with a sig (2-tailed) p-value of 0.695. The statistics are shown in 

Table 12 state a very similar value on mean rank on oil slick size, supporting an equal 

performance.  
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Table 12: Sentinel-1A VS Sentinel-1B results. Rank test on oil slick size. 

Satellite Number of 

observations N 
Mean Rank Sum of Ranks Asymp. Sig (2-

tailed) 

Sentinel 1A 1264 969.84 1225872.00 0.695 

Sentinel 1B 682 980.29 668559.00  

Total 1946    

     

In the second test, all Sentinel-1 data is merged (Sentinel-1A + Sentinel-1B + 

Sentinel-1X), and tested against Radarsat-2 data. The results of this test do not support 

the 0 Hypothesis with a sig (2-tailed) p-value of 0.000. The statistics (Table 12) state a 

higher value on mean rank on oil slick size than Sentinel-1, indicating a larger oil 

slick size for Radarsat-2.  

 

 
Table 13: Mann-Whitney U-test results on Sentinel-1A/B VS Radarsat-2. Rank test on observation size. 

Satellite Number of 

observations N 
Mean Rank Sum of Ranks Asymp. Sig (2-

tailed) 

Sentinel-1A/1B 2096 1536.53 3222113.50 0.000 

Radarsat-2 1486 2152.51  3198622.50  

Total 3583     

 

 

A plot on spill sizes from both satellites, Sentinel-1 and Radasat-2, ranked from low 

to high, limited to 1 km2 for Sentinel-1, counting 1143 observations from each 

satellite, is shown in Figure 26. 

 

 
Figure 26: Plot of Sentinel-1 and Radarsat-2 by rank on observation size. A plot of observations, the first 1143 

observations from each instrument, by observation size 

To further analyze which parts of the size scale the difference in performance applies, 

the data has been divided into eight sets of size classes and analyzed one by one. The 

result shows only a significant result in the small oil slick size category, 0-1km2 (see 

Table 12)  
Table 14: Result of Mann-Whitney U significance test. Test including eight oil slick size categories. 

Oil slick size 0-1km2 1-2km2 2-3km2 3-4km2 4-5km2 5-10km2 10-20km2 20-

100km2 

Sentinel-1A/1B VS 

Radarsat-2 Asymp. 

Sig (2-tailed) 

probability? 

0.000 0.949 0.398 0.880 0.889 0.418 0.338 0.641 
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4.2.3 How the oil spill per area ratio for the two instruments compare 

2015-2018. 
The results plot shows (Figure 27) the difference in ratio, the number of observations 

per 1million km2 for Sentinel-1A/B and Radarsat-2. The ratio for Sentinel-1A/B is 

increasing and separate from the relatively stable ratio of Radarsat-2.  

 

 
Figure 27: Radarsat-2 and Sentinel-1A/B ratio plot. The plot shows oil spill observations per million km2 observed 

area.  

 

 

4.3 Objective 2: To quantify oil spill type, size, and trends 

4.3.1 Oil spill origin (source analysis) 
The results in this section show how different sources connect to the oil spill alerts. 

Further, the substance of the oil spill alerts is analyzed based on the source data. The 

overall impact of the increase is calculated, also testing the hypothesis. Finally, the 

spatial distribution is analyzed.  

 

The source analysis results show an increase, from 2015 to 2016, in oil spill alerts for 

all three source categories (Figure 28). The increase on rigs is 79%, on ships 271%, 

and unknowns 189%. The results show a percentage reduction on a rig as source 

category and an increase for a ship as source category. 

 

When looking at all oil spill alerts from all source categories, there was an increase 

from 288 to 735 alerts (153%) from 2015- 2016. In the same period, the area covered 

is from 126 to 186 million km2 (48%) (Table 6) 
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a

 

b

 
  RIG SHIP UNK Sum 

2015 150 76 62 288 
 

  RIG SHIP UNK Sum 

2016 274 282 179 735 
 

Figure 28: Source analysis results. Result of source analysis/observations for the dataset (a) 2015 and (b) 2016. 

The unknown category is relatively stable, with a slight increase from 22% to 24% of the yearly total. Looking at 

the percentage distribution, there is a shift going between RIG and SHIP as Source.  

The result of how oil slick size developed from 2015 until 2016 are shown in Table 

15. The results show a decreasing average oil slick size per alert for alerts connected 

to oil rigs and ships. For the unknown category, there is an increase in slick oil size.   

 
Table 15: Oil slick size for the Source categories, 2015 and 2016.  

 2015 2016 

Source Oil slick size 

total Area (km2) 

Area per alert 

(km2/alerts) 

Oil slick size 

total Area (km2) 

Area per alert 

(km2/alerts) 

RIG category 344 2.29 551 2.05 

SHIP category  393 5.17 1010 3.58 

Unknowns category 295 4.75 1017 5.68 

 
The last result from the source analysis shows how each of 14 different ship categories contributes to where a ship 

is found as a source.  

Table 16 shows that fishing vessels contribute by far the most, both for the number of 

alerts (203) connected to fishing vessels and for oil slick surface area(649 km2). The 

next in line are chemical tankers on the number of alerts (44) and oil slick surface area 

(257 km2). Figure 29 shows the same data as percentage distribution for each of the 

14 different ship categories.  
 

Table 16: Ship category distribution.  The table summarizes the ship categories by the Norwegian categorization 

system (2015-2016). It shows the number of observations connected to each ship category and the total size of the 

observations within each ship category for each year.  

Ship Cat Oil 

Tankers 

Chem 

Tankers 

Gas 

Tankers 

Bulk 

Carrier 

Gen 

Cargo 

Container RoRo 

Cargo 

Refridge 

Cargo 

Passenger Offshore 

Supply 

Oth serv/ 

Offshore 

Oth 

activities 

Fishing Unk Sum 

2015 obs 1 17 1 3 5 0 0 1 8 12 1 3 21 3 76 

2016 obs 1 27 2 5 23 3 0 2 7 5 2 9 182 14 282 

SUM 2 44 3 8 28 3 0 3 15 17 3 12 203 17 358 

2015 Size 

Km2 

1 135 0 81 28 0 0 0 14 65 0 3 60 6 393 

2016 Size 

km2 

1 122 5 38 102 16 0 8 23 18 2 71 589 15 1010 

SUM 2 257 5 119 130 16 0 8 37 83 2 74 649 10 1403 
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Figure 29: Ship category by the number of observations and by observation size.  Shows both how often (a), 

(frequency) each ship type category is connected to an observation (Clockwise from 12), and (b) the impact of the 

different ship categories are connected to “possible oil spill” observations. Fishing vessels are dominant, and the 

second most dominant is Chemical tankers, in sum 69% frequency and 64% of the area, impact.  

 

 

4.3.2 Oil spill size and type (substance impact)  
 

The results on oil spill size and type first compare Sentinel-1 A/B and Radarsat-2 on 

oil spill size, secondly the overall impact (spill size and type) by all satellites is 

calculated, based on in situ data on substance from the offshore industry and the 

results from the source analysis. 

 

Figure 30 shows a considerable contribution to the overall oil spill alerts from the two 

Sentinel-1 satellites from 2016. The most considerable difference in observations in 

the three different size categories is in the small size category, under 0.5 km2 (Table 

17 and Figure 30a). These results show that Sentinel-1 contributes to more oil spill 

alerts than Radarsat-2 in all size classes, and most of all, there are ten Sentinel-1 

observations of every Radarsat-2 observation in the small size category, under 0.5km2 

(Table 17).  
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a

 

b

 

c 

Figure 30: Observation size histogram on Radarsat-2 and Sentinel-1.  Number of observations for Sentinel-1 and 

Radarsat-2 on (a) small size observations (0-0.5km2), (b) medium size observations (0.5-5km2) and (c) large size 

observations (over 5km2) 

Table 17. Ratio Radarsat-2/Sentinel-1 on the number of observations. The table shows the average number of 

observations and the ratio between Radarsat-2 and Sentinel-1 in 3 different size classes. 

 0-0.5km2 0.5-5km2  Over 5km2 

 2013-2015 2016-2018 2013-2015 2016-2018  2013-2015 2016-2018 

Radarsat-2 49 24.3 230.3 86.7  80.7 33.7 

Sentinel-1A/B 4 230.3 6.7 416  2.6 66.7 

Ratio Radarsat-2/Sentinel-1  0.106  0.207   0.505 

 

The following results relate to the estimation of the observation size and type.  

 

Investigating NCA data for 2015 (Kystverket, 2015) and 2016 (Kystverket, 2016), 

most of the checked observations connected to offshore facilities are confirmed 

mineral oil, both on confidence A and confidence B level. The In situ data from these 

verifications on possible oil spill alerts and oil and gas installations is shown inTable 

18. 97.5 % of all alerts connected to an oil and gas facilitation are verified as mineral 

oil from these data. A more conservative sample probability of 95% is used to 

calculate mineral oil when oil and gas facilities are the most likely source.  

 
Table 18: In situ verification data on mineral oil, ref ancillary dataset 9.0.  In situ verification of mineral oil 

connected to “possible oil spill alerts.” The data supplied from NCA follow-up records on satellite observations 

most likely connected gas facilities in 2015 and 2016. The possible oil spill alerts that were not verified to be 

mineral oil were reported to be a calm sea area. 

confidence 

2015 2016 2015-2016 

A B A B A/B 

Number of NCA “alert” follow-ups 35 24 110 33 202 

Verified as mineral oil 34 21 110 32 197 

% Verified as mineral oil  97.1% 87.5% 100% 97.0% 97.5% 

 

The result of the overall impact on the environment, based on observation surface 

size, sorted by source and substance, is presented in Figure 31.  

The histogram shows an overall increase of an unknown substance. The unknown 

substance (UNK) in the histogram are the observations that are not connected to any 

probable source plus 5% of oil rig source alerts (95% is considered mineral oil). The 

results of ships and other substances (SHIP_OTH) have their origin where oil slicks 
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are connected to fishing vessels and chemical tankers and show a general increase, 

although a high number in 2013. The results of ships and mineral oil are connected to 

all other vessel classes than fishing vessels and chemical tankers. Here one can see is 

a slightly decreasing trend in the oiled area. The oil and gas industry and mineral oil 

have their origin connected to surface offshore rigs, and there is a slightly increasing 

trend to be detected in the histogram.  

 

Three years of oil slick size data before the “shift” detected in 2015 and three years of 

oil slick size data after the shift is used to test the hypothesis (Table 19.) The result is 

an increase of mineral oil by 2.65%, where the increase contributing to an increase is 

the oil and gas results.  

 

The number of alerts and the source/substance distribution is presented in Figure 32. 

This figure also gives a result where an increase in mineral oil substance alerts is 

primarily due to the oil and gas industry contribution.  

 
Table 19: Results of substance size and percentage change. Result of the period before and after 2016. 

Substance UNK SHIP OTH SHIP_M_Oil RIG M_ Oil 

Oil spill alert period 
2013-

2015 

2016-

2018 

2013-

2015 

2016-

2018 

2013-

2015 

2016-

2018 

2013-

2015 

2016-

2018 

Observation Area Average (km2) 460 880 390 691 387 275 367 499 

Percentage change 2013-2015 to 2016-

2018 (%) 
91.3 77.18 -28.94 35.97 

Substance     M_OIL 

Oil spill alert period     2013-2015 2016-2018 

Sum M_Oil     754 774 

Percentage change mineral oil 2013-

2015 to 2016-2018 (%) 
    2.65 

 

 

 
Figure 31:  Histogram on all data calculating impact (km2). 

2011 2012 2013 2014 2015 2016 2017 2018

UNK 105 162 480 374 527 1279 559 803

SHIP OTH 121 184 557 416 198 721 543 807

SHIP_M_Oil 120 182 552 412 196 287 216 321

RIG M_Oil 71 161 271 504 327 524 599 374
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Figure 32: Histogram on all data calculating the number of alerts. 

 

4.3.3 Oil spill variability analysis (non-spatial methods) 
 

4.3.3.1 Analyzing oil spill alert observation size (km2) distribution. 

The results of the descriptive analysis of the oil spill alert observation size (km2) on a 

monthly temporal resolution are shown in Figure 33. All plots show median oil spill 

size for 2011-2018 for all oil spill alerts. The plot shows a decreasing oil spill alert 

size (km2) trend from 2011 until 2018 for all months. However, there are some 

decreasing/increasing variations from year to year, especially during winter. Also, 

looking at the yearly median and yearly mean oil spill size (Table 20), the same 

decreasing trend can be observed on both the yearly median size and the mean size 

values.  

 
Table 20: Median and mean oil slick size per year. Median, all data used (n=3694). Mean value where outliers 

(slick size above 100km2) are removed (n= 3679). 

 2011 2012 2013 2014 2015 2016 2017 2018 

         

Observation s(n) median/mean  76/76 135/134 320/313 367/364 288/287 735/734 768/768 1 005/1003 

Median 2.87 2.93 2.18 1.73 1.47 1.14 1.04 0.76 

Mean 5.50 5.14 5.94 4.69 3.15 3.08 2.50 2.30 

  

2011 2012 2013 2014 2015 2016 2017 2018

UNK 27 40 97 98 69 191 161 272

SHIP OTH 16 23 56 55 38 209 165 299

SHIP_M_Oil 16 23 56 55 38 73 58 104

RIG M_Oil 17 48 112 160 143 256 371 315
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Figure 33: Spill size (km2) trend plot, per month for 2011-2018.  The median plot shows spill size per month for (a) 

January - (l) December from 2011 to 2018. The data for all months, (a) January,(b) February, (c) March, (d) 

April, (e) May, (f) June, (g) July, (h) August, (i) September, (j) October, (k) November, (l) December shows a 

general decrease in spill size over the years. 

 

 

 

4.3.3.2 Analyzing Seasonal variations on the number of oil spill alerts 

 

Figure 34a shows a distinct distribution over the year on the number of alerts. The 

result is a bell-shaped curve, indicating an increase in spills from January to a top in 

July, and there is a decreasing trend towards December. Seasonal data on the number 

of satellite images (Figure 34b), oil rig discharges of oil into the sea, Figure 34c, 

sailing/working hours of vessels, Figure 34d, and “climate factors” Figure 34e, are all 

considered factors that can influence the number of observations. Seasonal data on the 

number of satellite images (Figure 34b) is relatively uniform throughout the year. Oil 
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rig discharges of oil into the sea (Figure 34c) are relatively uniform throughout the 

year, although some lower discharge values during summer indicate a slightly 

bimodal distribution. The result of operating hours of vessels (Figure 34d) is also 

relatively uniform throughout the year. The data on climate factors, where the wind is 

the main factor, Figure 34e, this curve show a percentage of the time during each 

month, where the wind is within conditions for a satellite to be able to detect an oil 

spill at sea, show a unimodal distribution. 

 

The following results are from Spearman's rank tests applied on the datasets (see 

Table 21), indicating a positive correlation (ρ=0.942) between alerts and climate 

factors (wind). The Spearman’s ρ correlation coefficient indicates positive correlation 

at 1, no correlation at 0, and negative correlation at -1.  

There is also a slight negative correlation between observations and discharges from 

oil rigs (ρ=-0.594).  

 
Table 21: Spearman's rank test on seasonal distribution.  

  Dependent 

variable 

 

Independent variables 

  Number of 

alerts 

 

Number of 

images 

Oil Discharge 

in tons by Oil 

rigs 

Working 

Hours Ships 

Climate 

factors 

N(data)  3684 7593 96 96 120 (10 years) 

N(mean) 

regression 

 12 12 12 12 12 

Mean (pr month)  38.375 79.094 23.505 283940.133 23.3333 

Std. Deviation  20.756 7.185 4.841 13844.305 19.297 

 Spearman’s ρ -0.203 -0.594 -0.357 0.942 

 Significance 0.527 0.042 0.255 0.000 
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b 

 
c 

 

d 

 

e 

 

Figure 34: Histogram plot of the number of observations and possible influences. Figure (a) shows the distribution 

of observation over 12 months for the dataset on Radarsat-2 and Sentinel-1A/B. Figure (b) shows the distribution 

of the number of satellite scenes from the three satellites. Figure (c) shows the distribution of discharges for four 

of the oil rigs in 2015 and 2016, with most observations connected. Figure (d) shows working hours for four ship 

classes for 2015 and 2016, with most observations connected. Figure (e) shows the distribution of favorable 

condition for the use of chemical dispersants applied by ship within the study area (Strong parallels to the climate 

limitations that applies to radar satellites)      
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4.3.4 Test for spatial randomness 
A Ripleys K function test has been done to oil spill alert observations (n=3694). The 

analysis has been run for ten different neighborhoods showing that oil spill alerts 

(incident) are not randomly distributed spatially. In Figure 35, the oil spill alert data 

(red line) shows clustering up to approximately 650 km neighborhood distance, as it is 

above the expected K line (black line) showing the random distribution. The observed 

K then crosses the expected K line and shows dispersed distribution from 650km to 

900km. The two dotted lines in the figure are a confidence envelope where the tool is 

running random datasets (9), with the same number of incidents and same shape area 

(study area).  

 

So by comparing the observed K line (red line) and the confidence envelope (two 

dotted lines), the spatial distribution of oil spill alerts shows clustering at all 

neighborhood distances from 1 km to 900 km, above the confidence envelope lines.  

 
Figure 35: Ripleys K function test. Multi distance neighborhood plot from 1 000 – 900 000 m neighborhood 

distances. 

 

 

4.3.5 Hotspot analysis all data and Ship + unknown as a source  
The result where all (n=3694) oil spill alerts are included is shown in Figure 36. The 

figure shows three maps analyzed with different neighborhood distances. Figure 36a 

shows the maximum area (red and orange) with significant clustering, above 90% 

occurring (Z-score above 1.65).  Figure 36b shows a map analyzed with half the 

neighborhood distancing used in map Figure 36a. The resulting map shows areas of 

higher Z scores than map Figure 36a, indicating more intense clustering. Figure 36c 

shows a map analyzed with half the neighborhood distancing used in map Figure 36b. 

The resulting map shows higher Z scores than map Figure 36b, indicating more 

intense clustering. This resulting map with very high z scores shows intense clustering 

around the fixed oil and gas surface installations offshore (black. 
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Figure 36: Maps of all observations, Optimized Hotspot Analysis with different distances to nearest neighbors, a), 

160 km distance, b), 80km distance, and c), 25km including offshore fixed surface installations.   

The optimized hot spot analysis is repeated on a dataset where all Rig source data is 

excluded from analyzing hotspots further.  

 

The result where all (n=2190) oil spill alerts are included is shown in Figure 36. The 

figure shows three maps analyzed with different neighborhood distances. Figure 36a 

shows the maximum area (Red and orange) with significant clustering, above 90% 

occurring (Z-score above 1.65).  Figure 36b show a map analyzed with half the 

neighborhood distancing used in map Figure 36a. The resulting map shows areas of 

higher Z scores than map Figure 36a, indicating more intense clustering. Figure 36c 

shows a map analyzed with half the neighborhood distancing used in map Figure 36b. 

the resulting map shows higher Z scores than map Figure 36b, indicating more intense 

clustering. This resulting map with very high z scores shows intense clustering in 

areas where ships have been connected to observations. 
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Figure 37: Maps of observations not connected to oil rigs. Optimized Hotspot Analysis with different distances to 

the nearest neighborhood, a), 88 km distance, b), 40 km distance and c), 20 km.   

 

The last results are aggregating all the oil spill alert data (n=3694) into a raster, 

10x10km grid. This is presented on the top of a footprint frequency raster with the 

same extension and alignment grid (10x10km). The results of this aggregation are 

shown in Figure 38. The map shows five different classes on the number of oil spill 

alerts, where all eight years of alerts are counted. The lowest class, 1-7 alerts over 

eight years, do not indicate a hotspot, and the other classes show different repetition 

strengths. 
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Figure 38: Raster map of observations and monitoring frequency. Map shows a 10 x10 km raster on total satellite 

footprint frequency, and the number of observations when aggregating observations on the same raster grid.  
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4.3.6 Hotspot analysis all data and Ship + unknown as source analyzed 

on impact.     
When analyzing by observation size, outliers over 100km2 are subtracted from the 

dataset, as they will influence the result. Two maps are produced analyzing how 

clustering by size/impact of the observations are distributed (Figure 39 and Figure 

40). The maps show hotspots in red where there is significant spatially clustering of 

high values on oil slick size. The maps show cold spots where there is significant 

spatially clustering of low values on oil slick size. Both maps also include a source 

layer on offshore oil and gas surface installations and a point layer of ships connected 

to oil spill alerts (the results of the 2015-2016 source analysis)  

 

Looking at the pattern of Figure 39, where all observations (n=3679) are analyzed, the 

map show clustering of hotspots within six geographical areas. Many of these areas 

are outside the human activity (ship-based observations and offshore installations) 

shown in this map. However, cold spots in this map occur in and around the offshore 

areas, indicating clusters of small size oil slicks.    

 

Looking at the pattern of Figure 40, where all observations connected to the ship and 

unknown origin (n=2175) are analyzed, the map shows multiple hotspots in six 

geographical areas. Many of these areas are still outside the human activity shown on 

this map. Here, no cold spot areas occur in and around the offshore areas, indicating 

clusters of small size oil slicks. The south area still indicates clusters of hotspots when 

the offshore linked alerts are removed from the analyzed dataset.     

 

Both maps show pattern much the same areas of hotspots, but there are less significant 

hotspots in the results where all offshore connected oil slicks are subtracted (Figure 

40)    
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Figure 39: Hotspot analysis on the size of observation, all oil spill alerts. A map on all observations up to 100km2. 

Source data is added. 

N↑ 
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Figure 40: Hotspot analysis on oil slick size connected to ships and unknowns. Map to all observations with Ship 

and Unknown as the source. Source data is added. 
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4.4 Objective 3: To validate/verify the service provider’s likelihood 

settings with historical observations. 
 

The results of the confidence A and confidence B distribution on all Sentinel-1A/B 

and Radarsat-2 alerts for 2015 and 2016, concerning the source and observation size, 

are shown in Figure 41. The distribution shows 476 Radarsat-2 alerts and 542 

Sentinel-1 alerts. 

 

a

 
b

 
c

 
d

 
Figure 41: Source and classification results from 2015 and 2016.  Alert and source data. The distribution show 

476 Radarsat-2 alerts and 542 Sentinel-1 alerts for:  Figure (a) A and B Confidence level for 0-0.5 km2 Slick size, 

(b) 0.5-5 km2, (c), above5 km2 and (d) the sum of all observation within each size category.  

The results of small-sized spills, 0-0.5 km2 (Figure 41a and d), show approximately 

twice as many Sentinel-1 alerts than Radarsat-2 alerts. There are 77 confidence A 

alerts within this size category, most likely mineral oil, and 143 confidence B alerts, 

most likely not mineral oil.   

The results of medium size spills, 0.5-5km2, Figure 41b and d, show an approximately 

even contribution of Sentinel-1 alerts and Radarsat-2 alerts. There are 295 confidence 
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A alerts within this size category, most likely mineral oil, and 396 confidence  B 

alerts, most likely not mineral oil.   

The results of large-sized spills, Above 5km2, Figure 41c and d, show a slightly 

smaller contribution of Sentinel-1 alerts to Radarsat-2 alerts. There are 78 confidence 

A alerts within this size category, most likely mineral oil, and 143 confidence level B 

alerts, which are most likely not mineral oil.   

 

Furthermore, the results of how confidence levels relate to sources are shown in Table 

22. The probability of an oil spill alert being mineral oil alerts is estimated/calculated. 

Oil and gas industry connected oil spill alerts mineral oil probability derives from the 

in situ data presented in section 4.3.2. The ship and unknown mineral oil probability 

are calculated, and the red rows in Table 22 show this probability.  

 

In situ data show that 95% of oil spills connected to RIG are probably mineral oil 

Hence, 95% of the alerts connected RIG should be a confidence A alert (Most likely 

mineral oil). Source analysis results (Figure 32) show that 16% of oil spills connected 

to SHIP are most probably mineral oil. Hence 16% of the alerts connected SHIP to 

should be a confidence A alert (Most likely mineral oil)  

 

The other probability calculations in Table 22 are based on the actual alert confidence 

settings connected to the alerts by the service provider. By calculating these 

probabilities, the alert classification performance can be evaluated.  

 

Figure 42 shows how all results are distributed along a likelihood curve.  

 

First, looking at the RIG alerts data in Table 22, the red row being the ground truth of 

an observation being mineral oil is placed on the curve at 0.95 probability. The results 

of the confidence A calculated in all alerts connected to RIG as source shows a ratio 

(probability) of 0.63 for Sentinel-1, 0.55 for Radarsat-2, and all satellites 0.62.     

 

Next, looking at the SHIP + OTH alerts data in Table 22, the red row being the 

ground truth of an observation being mineral oil is relatively small and placed on the 

line at 0.16 probability. The results of the confidence level A calculated in alerts 

connected to ship and unknown as source show a ratio (probability) of 0.41 for 

Sentinel-1, 0.34 for Radarsat-2, and all satellites 0.42. 

 

Another fascinating result is looking at all data delivered (2011-2018) to NCA by all 

satellites. This calculates to 49.9% (1835 alerts) of the observations is Confidence A, 

and 50.1% (1844 alerts) is confidence B alerts (the sum of the two blue rows in Table 

22)  

Also, for alerts delivered in 2015-2018 by the three satellites Radarsat-2, Sentinel-1A, 

and Sentinel-1B, 48.4% are confidence A alerts, and 51.6% are confidence B alerts 

(the sum of the two green rows in Table 22).  

 

Further on, the result of mineral oil/No oil for the same period (2015-2018) 1358 

/2763, resulting in a probability of 0.49 (sum of results for 2015-2018 in Figure 32).  
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Table 22: Distribution of the number of alerts for the confidence level. Confidence A and B for Radarsat-2, 

Sentinel-1A/B, and all satellites were sorted for RIG and SHIP+UNK as sources.   
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Figure 42: Likelihood line for an observation being mineral oil. Observations confidence A likelihood where Rig 

(green) is Source and Ship + unknown (blue) is the source.  
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5 Discussion 
The main objective of this study has been to analyze an unexpected increase in oil 

spill alerts in Norwegian waters since 2015. The increase in oil spill alerts is not 

supported by other surveillance data (in situ), such as surveillance flights within the 

area of the Bonn Agreement (Bonn_Agreement, 2018a). Two new satellites with 

better resolution were introduced into the service in 2015 and 2016. EMSA, as one of 

the major oil spill alert service providers, points towards this introduction of Sentinel-

1 A/B satellites as a possible cause, with more and smaller spills detected which 

would not have been detected previously (EC, 2018). However, an increase in oil spill 

alerts is not necessarily connected to mineral oil, even though this is the oil spill alert 

service (Alpers et al., 2017, Fingas and Brown, 2018).    

 

A hypothesis was introduced along with the objectives of the study: 

 

H0: The increase in alerts is not due to increased “mineral oil” at sea. 

 

5.1 Intensity analysis of oil spill alerts. 
The main problem stated in the introduction was based only on a count of oil spill 

alerts received by the end-user, not accounting for variation in monitoring cover and 

frequency by the satellites used. There was a need to recalculate the problem of oil 

spill alerts in a measure also accounting for satellite cover and frequency. 

 

The new measure of the problem, where a ratio of spills per area observed is 

calculated, confirms and exceeds the 249% increase found by counting oil spill alerts 

from 2015 to 2018. The new calculated increase in the ratio is 297%. 

 

This ratio uses all 3694 oil spill alerts, accounting for all 9442 satellite scenes 

analyzed within the study area from 2011 until 2018. By producing a ratio based on 

geographical analysis and the actual cover (footprint) of all satellite images, the result 

also accounts for areas of images outside the study area (other nation’s waters or land 

areas). This measure will be “more correct” than only counting oil spill alerts and 

more correct than calculating a ratio of the number of spills per image. 

 

The fact that the monitoring is not uniform in frequency or area covered has to be 

considered in all parts of the analysis done in this thesis. However, by analyzing and 

focusing the results on relative change rather than absolute measurement, this bias is 

accounted for or discussed further in different analyses of this study. 

 

The most surprising finding is that there is still a large increase in ratio from 2017 to 

2018, where the proportion of Radarsat-2 and Sentinel-1 for these two years is quite 

similar (Figure 21). In situ measurements of actual oil observations 

(Bonn_Agreement, 2018a) and the oil and gas industry's discharge of mineral oil 

(Norsk_OljeogGass, 2019) do not indicate any shift or increasing trend. The increase 

seems to be related to other factors. 
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5.2 Objective 1: To determine if the increase in alerts is due to the 

use of Sentinel-1. 

5.2.1 Visual analysis of Sentinel-1 and Radarsat-2 radar images 
The visual analysis clearly shows the difference in performance between Radarsat-2 

and Sentinel-1A. One can visually observe that Sentinel-1A presents a clearer oil spill 

signature on a smoother surrounding area (backscatter/noise), hereby also able to 

detect smaller oil spills than Radarsat-2.  

 

The higher resolution and all-over performance of Sentinel-1A show that Sentinel-1A 

can present a radar image where very small oil slicks can be identified as a possible 

oil spill. One has to bear in mind that all alerts are visually analyzed/confirmed by the 

service providers. Hence, the visual performance is essential for connecting a 

suspected feature to be a possible oil spill alert and then setting the confidence level 

of the alert as mineral oil.  By visually analyzing the two images, the flattening of the 

capillary waves due to the oil is apparent in both images as a dark feature against a 

homogenous surrounding area.  

 

In these two images, one can also observe the low observation size threshold, where 

Sentinel-1 can detect and differ from Radarsat-2, where the same area blends into the 

backscatter/noise. Because of this, and as the recognition that images are analyzed 

manually by a radar operator, images from Sentinel-1A can present radar images 

where smaller possible oil slick features will be found compared to Radarsat-2. This 

result supports that resolution and smaller spills can be part of the overall increase in 

the number of oil spill alerts as discussed as one likely cause discussed in 1.1 

Rationale. EMSA also points at resolution as a possible cause of the increase (EC, 

2018).  

 

This visual analysis is very valuable, as one can directly compare the performance of 

the two instruments. Also, by having in situ data on the substance being mineral oil, 

this rare example shows a “ground truth” of the results by these two satellites in an oil 

spill service.  

   

Furthermore, this is an example where further work on comparing satellites in 

“operational mode” on verified in situ mineral oil data could benefit end-users, service 

providers, instrument owners/designers, and researchers. Such valuable research has 

been done on incidents with oil spills and trials (Del Frate et al., 2011, Garcia-Pineda 

et al., 2017, Garcia-Pineda et al., 2013a, Garcia-Pineda et al., 2013b, Ivanov, 2010, 

Skrunes et al., 2012, Skrunes et al., 2015). However, many of these studies lack 

satellite data and overlapping in situ data, or the radar mode is different from the 

used/available operationally. For end-users, and service providers, a comparing study 

on differences in operational mode data, would be beneficial. Using well-known static 

sources (platforms) that discharge mineral oil as part of the production process, with 

visible mineral oil on the water under some weather conditions, might be a good 

subject for further study on overlapping radar data.  

 

By resampling Radarsat-2 radar scene resolution to Sentinel-1A resolution, pixel-by-

pixel analyses could give further insight into performance, limitations, and difference.  
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5.2.2 The detection performance of the instruments 
Sentinel-1 performs significantly better than Radarsat-2 on small oil spills, detecting 

more small spills, indicating that the large increase in the number of spills from 2015 

does not indicate a similar increase in “environmental impact” of the increase consists 

of small size possible oil spills.  

 

The main result in this analysis shows that Sentinel-1 detects significantly more oil 

spills that cover less than 1 km2 of the sea surface than Radarsat-2. On oil spills 

larger than 1 km2, no such difference in performance is detected.  

 

Regardless of the big increase in the number of spills after the introduction of the 

Sentinel1 satellites in late 2015, also detected at the European scale, there have not 

been any significant studies conducted regarding Radarsat-2 vs. Sentinel-1 on the 

ability to detect oil spills.  

 

The Sentinel-1A and 1B instruments have the same sensor characteristics (ESA, 

2016), though operated on different satellites, following the same polar orbit, 180 

degrees apart. Radarsat-2 (Maxar_Technologies_Ltd, 2018) has a lower spatial 

resolution than Sentinel-1, flying at different altitudes. To measure how the two 

(three, Sentinel-1A and 1B and Radarsat-2) instruments/satellites perform against 

each other, a statistical test on the instruments’ ability towards observation size is 

performed in two steps.  

 

The change/shift in the number of observations per area monitored (Figure 21 b) is 

lined up with the introduction of two new satellites, Sentinel-1A and Sentinel-1B. 

These two satellites, together with Radarsat-2, have worked in parallel since late 

2015, and those three satellites include 79% of all satellite data in the study (see Table 

7).  

 

The dataset is considered suitable for doing an oil spill size analysis of significance 

between the different instruments.   

 

The first step was to establish the distribution of the data, showing no normal 

distributed data on oil spill size, and then to choose and perform a suitable test of 

significance.  

 

A correlation test on oil slick size between the three satellites/instruments is applied to 

study the difference in performance. As a test for normal distribution does not support 

normal distribution, a Mann Whitney U test was chosen (rank test) is applied on all 

three instruments. 

 

The result from the Mann Whitney U test between the two Sentinel-1 instruments 

shows no significant difference in performance regarding all observation sizes. This is 

as expected, as Sentinel-1A and Sentinel-1B carry the same instrument, flying the 

same altitude, following the same orbit, only 180 degrees, which means when 1A 

passes the north pole, 1B passes the south pole (ESA, 2019c, ESA, 2016). 

 

The result from the Mann Whitney U test between the Radarsat-2 and the two 

Sentinel1 instruments together shows a significant difference in performance 

regarding the observation sizes. The difference is shown in Figure 26, organized by 
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rank from small observation size, where Radarsat-2 shows fewer small observations 

than Sentinel-1A/B. This is an essential and significant finding of this study, and it 

confirms the assumption that the difference in radar resolution contributes to the 

increase in the number of observations. This is also supported by EMSA, which 

points towards resolution as one possible explanation to the registered trend shift 

registered in European waters (EC, 2018).  

 

A spatial analysis of the footprint of the three satellites is done for 2015 - 2018. The 

resulting ratio plot (Figure 27) clearly shows the impact of Sentinel-1A and Sentinel-

1B observations and their contribution to the increase.  

 

Sentinel-1 and Radarsat-2 show a significant difference in detecting oil spills by size, 

including all spill sizes. The data are categorized into size intervals to see in what spill 

size category significant difference is detected. The Mann-Whitney U test shows only 

significant differences in the observation size interval of 0-1km2. This proves that 

Radarsat-2 and Sentinel-1 perform significantly differently on small oil spills. When 

analyzing size intervals over 1km2, none of these show a significant difference due to 

observation size. This is also expected when detecting an observation over 1km2. The 

area will probably vary some in size between the representation of the observation 

instrument, but not significantly. Especially towards the edge of the observation, it 

might appear differently. Still, an observation larger than 1km2, if it is a homogenous 

“slick” and within acceptable wind limits (Fingas and Brown, 2011), it will be visible 

for Radarsat-2 and Sentinel-1A/B due to their resolution, Table 1. The visual analyses 

(section 5.2.1) support this result and show that there are only minor differences in the 

overall “oiled” area of the two satellites' radar images. 

 

A result that proves the difference in performance and how the Sentinel-1 and 

Radarsat-2 differ is an important result usable for further studies on environmental 

impact. It is also applicable operationally for the end-user regarding how and where 

one could apply filtering in alert level if this is implemented (Ferraro et al., 2010). In 

simple terms, with limited resources, one could decide not to follow up on 

observations smaller than 0.5km2, based on an environmental impact assessment.    

 

One possible bias, and maybe a subject for further studying, is if Sentinel-1A/B with 

its higher resolution and instrument characteristics have the same cut-off regarding the 

ability to detect “oil” in low and high wind? Wind does influence the ability to detect 

oil on water, and the “environmental window of application” is considered between 

1.5 m/s and 10 m/s (Fingas and Brown, 2011). Is this still applicable for Sentinel-1, or 

does it perform differently at winds over 10m/s?  

 

As this study is based upon alerts, where the geographical feature is not the satellite 

image itself, but a representation of the “oil slick” as a polygon, with the correct 

shape, area, and orientation, there is a need to explore further how the difference 

appears in multiple radar satellite images. This study only explores the visual 

difference in performance and characteristics by one example (Figure 22 and Figure 

23). 

Still, to have this one example, with an in situ verified mineral oil observation, both 

by the platform right after the detection and by surveillance aircraft (+ 20 hours), and 

parallel satellite images is very valuable and demonstrates the whole essence of the 

results in this thesis. 
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5.3 Objective 2 To Quantify oil spill type, size, and variability 

5.3.1 Oil spill origin (source analysis)  
Mineral oil spills in Norwegian waters are most connected to human activity as 

discharges from offshore installations and shipping. Having a source connected to the 

oil spill alert, down to offshore installation name and ship size and type, has revealed 

new knowledge, especially for the impact of shipping and the type of ship connected 

to oil spills alerts. 

 

When looking at each source from 2015 to 2016, the number of oil spill alerts from 

the oil and gas industry has increased by 79%. Ships do by far contribute most to the 

increase in observations with a 271% increase. There is also a large increase in 

observations not connected to any source (189%). However, the impact per oil spill 

alert is decreasing due to smaller oil slick sizes for both the oil and gas industry and 

ships, where the average oil slick size is decreasing. The oil slick size where no source 

has been found is increasing (Table 15). 

 

This indicates less mineral oil per oil spill. 

 

The connection between source and observation is needed to estimate the most likely 

substance of the observation. Data on substance, and the mineral oil distribution 

between the three likely sources, ship, rig, and unknown, can be used for estimating 

the impact of the increase in oil spill alerts. The two years of data, 2015 and 2016, 

were chosen as the change/shift is registered (Figure 21). These two years include the 

implementation of Sentinel-1A/B, in parallel with the use of Radarsat-2. It is also two 

years of good coverage, with 3023 satellite images, see Table 7. Also, in this period, 

the availability of source data was good. 

 

In this part of the analysis, the method and the assumptions are well worth discussing, 

as the source data format and content influence how the method is developed. 

 

The method used to connect oil spill alerts to the most likely source is based on the 

activity near the oil spill at the time of the satellite image acquisition. Fixed oil and 

gas surface installations connect platform and alerts with a 3000 m buffer analysis on 

polygon alerts and 6000 m buffer analysis on point alerts. This assumption is 

documented in the method section.  

 

The method of moving possible sources (ships) is more complex, as both the source 

and the oil spill are moving, and the satellite alert is only status at an exact given time. 

A highly generalized model is used to analyze a 2 nautical mile buffer over 6 hours to 

connect the ship to oil spill alerts. The assumptions are also well-documented in the 

methods section.  

 

Both these general assumptions are considered reasonable estimates, where the 

dynamics regarding the oil, weathering of oil, oil drift, and environmental parameters 

factors are taken into account as part of the method settings. The connection between 

source and observation within these assumptions is regarded as of high likelihood. As 

discussed in the background chapter, a mineral oil discharge within the study area has 

a very high likelihood of being connected to human activities as Oil and gas industry 

and shipping. Also, some “oil spill lookalikes” originate from human activities, where 

other oil types will appear on the sea surface due to (legal) activities from some ship 
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categories. However, all assumptions will yield a bias in the results. However, as the 

bias will perform quite equal on the results compared in this study, the resulting 

relative difference should be considered a good measure when analyzing trends.  

 

As the oil and gas industry offshore discharges oil into the sea as part of the day-to-

day production, more images over such offshore areas will most likely increase the 

number of observations. So if the sea conditions are suitable for satellite detection, 

and the platforms injection system of produced water usually causes visible oil with 

the same conditions, the monitoring frequency will also affect the number of oil spill 

alerts. In the context of in situ measurements, Bonn Agreement surveillance flights 

have been conducted for many decades on Oil and gas industry in the North Sea (Tour 

d’Horizon Flights). These remote sensing flights collect in situ measurements of 

mineral oil on the sea surface. The surveillance frequency in the offshore industry is 

limited to once every two months. The decreasing trend in shipping within the Bonn 

agreements flight data (chapter 1 Introduction) does not apply to offshore industry 

surveillance flight data. There is no clear trend in the surveillance flight data, and the 

Bonn agreement has concluded that weather and sea state around offshore 

installations influence the data and findings. Low wind conditions show many 

observations by surveillance aircraft, and high wind conditions might give no 

observations (Bonn_Agreement, 2018b, Carpenter, 2007). Natural dispersion into the 

water column and weathering of oil and sea state contribute to this (Fingas, 2016).  

The trend from in situ measurements on actual discharge is decreasing in the same 

period. Reports from the industry to the regulators show a decrease from 1900 tons of 

oil in 2015 to 1800 tons in 2016 (Norwegian_oil&gass, 2019). The increase registered 

on oil and gas industry connected observations might be random, and this trend is 

further discussed in section 5.3.5.   

 

Ships contribute, by far, most to the increase in observations by 271%. Regarding 

impact from ships to the environment, discharges into sea and air from ships are 

regulated in MARPOL (IMO regulations). As expected, the two ship categories with 

both the highest frequency and impact are fishing vessels and chemical tankers, see  

Table 16.  

Both are allowed to discharge non-mineral oils, like vegetable oils, animal oil, fish 

waste (MARPOL Annex V and Annex II needed). Examining the impact, fishing 

activities, and “Noxious Liquids” from tank cleaning hold 517km2 of the 617km2 

increase. Fishing vessels and chemical tankers are set to OTH oils, both due to 

regulations and in situ follow-up data from surveillance aircraft. The Surveillance 

aircraft has intensified the fishery patrolling the last three years, and in 2018, well 

over 400 flights hours were aimed at fisheries, also controlling for mineral oil spills. 

No mineral oil spills were detected when looking at 2016-2018, except for fishery 

vessels involved in accidents (NCA, 2016a, NCA, 2017b, NCA, 2018b).    

 

The increase connected to the rest of the ship categories is assumed to be mineral oil. 

These ship types are not allowed to discharge oil visible on the sea surface(IMO, 

2019), ref 2.4.1.1,  and the total increase from 2015-2016 is 100 km2. 

 

In the category unknown, no source is likely to have caused the observation. These 

observations are most likely to be something else than oil. There is a large increase in 

the number of observations not connected to any source (189%). Examining the 

distribution between SHIP, RIG, and UNK per year, Figure 28 shows that the UNK 
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observation category has a small increase from 22% of all observations in 2015 to 

24% in 2016. The size per observation increases the number of unknowns. The impact 

of unknowns is also discussed further regarding the spatial trend analysis, section 

5.3.3. These oil spill alerts are very interesting in terms of origin and if they tend to 

cluster.   

 

5.3.1 Oil spill size and type (substance impact)  
 

Even though oil spill alerts per area monitored have increased by nearly 300% from 

2015-2018, the mineral oil affecting the sea surface is close to the same in 2018 as in 

2015. 

 

The results from the overall impact of mineral oil on the environment show a 

marginal increase of 2.65% when comparing the average impact of the years 2013-

2015 to the average impact for the years 2016-2018. 

 

The overall impact is measured by the observation's size and the most likely source. 

One can assume the substance (oil type) by knowing specific data on the source, like 

the type of ship. Data from two years is in-depth analyzed, and data from these two 

years are also used to estimate/assume some impact parameter for the rest of the oil 

spill alert dataset.  

 

All the oil spill alerts in the study are analyzed towards oil and gas installations as a 

source. The connected oil spill alerts are adjusted by a 0.95 mineral oil probability 

(from in situ data) (Table 18). The impact is the sum of observation sizes for each 

year. This is the most reliable data in the dataset, as there is a good amount of 

validation data on mineral oil connected to oil rigs. One must also consider a 

discharge of mineral oil as long as there is production at the platform. The source is 

also static, so the link between observations and source connection is of high 

likelihood.  

 

When analyzing Ship as a source, this will impact mineral oil and other oils. Follow-

up in situ data indicates that there is a good estimation to let chemical tankers and 

fishing vessels relate to other oils regarding the activity and connection to the 

observations. Regarding fishing vessels, there is a large increase in observations.  

 

Oil spill alerts connected to ship as a source outside the period analyzed in the source 

analysis (2015-2016) are estimated. This estimation assumes the yearly distribution 

between ships and unknowns to follow a constant ratio calculated from the 2015 and 

2016 data. There is a shift in the main used satellites in the service and data, from 

Radarsat-2 in 2015 and the years before, to Sentinel-1A/1B from 2016 and forward, 

Table 7. Based on this, two distribution ratios are calculated. The ratio from 2015 data 

is applied on 2011-2014 oil spill alerts.  The other ratio is calculated from the 2016 

data and applied to the 2017-2018 alerts. Similarly, an oil type ratio constant, where a 

ship is assumed to be the source, is calculated and applied to the dataset.  

The result is shown in Figure 31, with a total mineral oil impact of 695 km2 in 2018. 

Analyzing the shift, registered in 2016, Figure 21, the average mineral oil spill for 

2013-2015 is 754 km2 and from 2016-2018 is 774km2. This indicates a marginal 

increase in impact after the shift. There is also a decreasing trend from 2016-2018, 

with an impact of 695 km2 in 2018. In the same periods, the average number of 
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observations for 2013-2015 is 325, where for 2016-2018 is 825, Table 6. There is 

some variation in the six years of data within the calculation.  Using the average of 

three years before Sentinel-1 against the average of three years including Sentinel-1, 

the impact of variation in the data is minimized.  The average increase in the number 

of oil spill alerts spills is 154%, where the impact (mineral oil spill area) is only 

2.65%.  

 

Based on the average impact of mineral oil, the null hypothesis has to be rejected and 

that there is probably a marginal increase regarding the impact of mineral oil on the 

sea. Still, this increase is marginal, with 2.65% against the average 154% increase in 

the number of observations.  

 

On the human activity for the period analyzed, there is an increasing trend for 

shipping in operation hours, Figure 5.  The Oil and gas industry has a decreasing trend 

on oil discharge into the sea in the same period (Norwegian_oil&gass, 2019).  

 

Regarding these two trends connected to source, one could suspect a slight increase in 

impact towards shipping as a source and a slight decrease towards Oil and Gas 

industry as a source. The results do not contradict such a scenario.  However, there is 

a difference in coverage and monitoring frequency throughout the dataset, and this 

also needs to be considered. There is also a drop in the number of observations 

(Figure 21) and impact in 2015, Figure 31. There is no apparent cause for this drop 

when analyzing the available data in this study. The low number of oil spill alerts in 

2015, in reference to 2014 and 2016, holding a higher number of oil spill alerts are 

also registered by EMSA CleanSeaNet for the whole North Sea basin 

(Bonn_Agreement, 2015, Bonn_Agreement, 2016, Bonn_Agreement, 2017).          

 

 

5.3.2 Oil spill variability analysis (non-spatial methods) 

5.3.2.1 Analyzing oil spill alert observation size (km2) distribution 

 

The observation size of the oil spill alert has a decreasing trend counteracting the 

“impact” of the increasing trend of the number of alerts.  

 

Analyzing the temporal trend from 2011 until 2018, including the seasonal resolution 

by month on median observation size, the trend is decreasing on observation size.  

 

Median observation size is used to avoid the influence of outlier observations in the 

dataset. There have not been any major oil spills within the study area in 2011-2018 

that would cause large areas of oil at sea (ITOPF, 2018). Therefore, observation size 

over 100 km2 is considered to be an outlier concerning mineral oil.  

The overall trend from 2011 until 2018 tends to support the null hypothesis, where 

observation sizes decrease (Figure 33).  

 

 

5.3.2.2 Analyzing Seasonal variations on the number of oil spill alerts 

The wind influence on the radar satellite's ability to detect oil spills is very clear when 

examining the monthly distribution on oil spill alerts in this dataset and average wind 

month by month within the study area. 
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The main result is that the climate factor, wind, and sea-state most influence the 

distribution of oil spill alerts. 

 

The seasonal trend in the dataset shows a bell-shaped curve in the number of 

observations from January until December (Figure 34 a). The number of satellite 

scenes is relatively evenly distributed throughout the year, indicating other causes 

than a seasonal change in observation frequency.  

The main influence on the distribution of oil spill alerts found in the correlation 

analysis is the climate, where wind/waves are the main factors (Dahlslett et al., 2018). 

This is not unexpected, as both low wind and high wind are sea state conditions where 

radar satellite's ability to detect oil on the sea surface is limited (Fingas and Brown, 

2011). This means that there might be the same amount of “oil slicks” during the 

winter months as the summer months, where the rougher sea state during the winter 

months is less favorable for detection (Figure 6).  

 

Examining sources of mineral oil slicks, the oil and gas industry and ships do not 

indicate any trends that support less mineral oil discharged during winter than 

summer. The small dataset on oilrigs (A/S_Norske_Shell, 2016, A/S_Norske_Shell, 

2017, Statoil, 2016a, Statoil, 2016b, Statoil, 2017a, Statoil, 2017b, Wintershall, 2016, 

Wintershall, 2017) shows a negative correlation, where slightly more oil is discharged 

during the winter months than the summer months.  

Another source of alerts is natural films from biological activity, such as algae 

blooms, as these phenomena also give “false” oil spill alerts on the satellite services 

(Espedal, 1999, Gade et al., 1998). Biological activity, especially in arctic waters, has 

a general and similar bell-shaped biomass curve (Richardson, 1989). This probably 

adds observations during spring and summer, more than in autumn and winter, 

enhancing the shape of observation when looking at this seasonal. 

       

This analysis is very general, and some of the data used are limited in terms of sample 

size and geographical extent. However, it adds general knowledge of the oil spill 

distribution within the study area and the major factors influencing the result.   

 

5.3.3 Test for spatial randomness. 
 

There is significant spatial clustering revealed examining oil spill alerts within the 

study area. 

 

The result for the spatial randomness test, Ripleys K function test, shows clustering 

for the spatial distribution of the alerts (incidents).  

 

Regarding the confidence envelope not following the expected K-line, this can happen 

when the shape of the study area is rather complex (ESRI, 2011). With a simple shape 

study area, as a rectangle or square, the confidence envelope would have the expected 

K line inside the two dotted lines (see Figure 35). However, in this analysis, using a 

more complex study area (where oil spill alerts can occur), the envelope curve follows 

the blue random expected K line up to approximately 100km neighborhood distance 

and then drops below the expected K line.  
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5.3.4 Hotspot analysis all data and Ship + unknown as a source 
Significant spatial clustering is revealed by examining oil spill alerts within the study 

area, especially in areas of human activity. 

 

The main finding in this analysis is clustering connected to the offshore industry, 

where high Z values correspond with offshore installation areas. 

 

Local spatial statistic methods have been conducted, on various scale inputs, to see the 

magnitude of the maximum spatial autocorrelation and analyze it on a smaller/local 

scale. Looking at all data with maximum spatial autocorrelation settings, in Figure 

36a, three areas are revealed as clustered. These can be further investigated pixel-by-

pixel on z-scores, but they are all significant in the analysis at 90%, 95%, and 99% 

confidence levels. Running the analysis with smaller-scale data down to where scale 

stops influencing the clustering, Figure 36b/c shows “strong” clustering in offshore 

industry areas.  

 

The same analysis is also done on a dataset containing only data not connected to the 

oil and gas industry. At maximum autocorrelation (Feil! Fant ikke referansekilden. 

a), the map is still quite similar in terms of spatial pattern in the North Sea area, 

indicating clustering in this area outside the offshore industry. One bias here is that 

when removing some data, new clusters will form. Still, investigating the oil spill alert 

dataset without “RIG” source data reveals new clustering areas in the Norwegian Sea 

and the Barents Sea.  

 

Feil! Fant ikke referansekilden.b/c also shows new patterns, where some of the 

hotspots are still in offshore areas, some have a good overlap with the ship as source 

data from the 2015-2016 analysis.  Some clusters are in areas outside where a likely 

source is connected. For instance, the hotspot west of Ny Ålesund (Svalbard) is 

interesting, as this is a low human activity area. This finding, where there is no known 

source for such a hotspot, can point at unknown sources such as a shipwreck or an 

area of natural seepage.  

 

The aggregated oil spill alert map (Figure 38) is also an important one. This map does 

not yield statistically significant findings but shows oil spill alerts added up within a 

fixed 10x10km grid, giving an oil spill frequency. Such a frequency map also can 

reveal important spatial patterns missed by hotspot analysis. However, the results of 

this map and pattern are much in line with the results of the hotspot analysis. Looking 

at the two classes, 8-19 and 20-55, where there is some repetition of oil spill alerts 

observed. This can indicate that some activity within this area should cause this 

repetition in oil spill alerts. The pattern we see is much in alignment with shipping 

activity, especially repeating activity for fishing vessels, using the same fishing areas 

repeatedly. The two last classes, 56-84 and 85are to be considered hotspots, and they 

only occur in areas with stationary oil and gas installations.       

 

This map can also use raster calculations to produce pixel-by-pixel ratios, as 

monitoring frequencies are available in the same raster format. The frequencies are 

shown as background in the map in Figure 38. Areas of low monitoring frequency and 

repeating oil spill alerts should be investigated further, as there could be significant 

hotspots in such areas. This is also a bias in the study, as the monitoring is not 
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uniform, either in frequency or spatial cover. This is further discussed at the end of the 

next section, 5.3.5, and this applies to the study in general. 

 

Also, many ancillary datasets in Norway are also available as 10x10 km raster. This 

includes data on metrological data, environmental resources, marine wildlife, natural 

resources, and others. Such standardized datasets might then be used as input for other 

assessments and studies.   

 

5.3.5 Hotspot analysis all data and Ship + unknown as source analyzed 

on impact. 
When analyzing how oil slick size and spatial relationships occur within the study 

area, clustering of small size slicks is found in offshore industry areas, and some 

clustering of large size slicks is found in areas outside typical human activity. 

 

The main finding in this analysis is clustering connected to the offshore industry, 

where high Z values correspond with offshore installation areas. 

 

The results here are also related to the results of section 4.3.1 on oil spill origin, where 

the 2016 results show an average observation size varies by the three sources, Rig 

(2.05km2), Ship (3.58km2), and Unknown (5.68km2). The hotspot analysis on 

observation size also shows clustering of low values in the oil and gas installations 

area. Figure 39shows significant cold spots. Analyzing the data without “RIG” source 

data reveal only hotspots with high values in the southern North Sea of the study area 

and some other smaller clusters. The hotspot area in the south is a little smaller, 

analyzing the data without oil rig connected alerts. However, it has not changed much 

in the southern oil rig areas, so the contribution on high values clustering in the 

southern North Sea is not connected to oil and gas activity.  Both heat maps (Figure 

39 and Figure 40) also show some other cluster areas, where the large size 

observations cluster are likely to be unknowns. The unknowns are discussed as oil 

spill lookalike signatures. The operative “mineral oil” service should ideally be left 

out of the alert service or at least categorized as something other than mineral oil. 

These clusters of most likely unknowns and all related attribute data could be 

investigated further. Clustering cold spots (small size oil slicks) is interesting in terms 

of natural seepage, as the higher resolution images (Sentinel-1) are now used more 

extensively. Future data use should certainly be analyzed for such clustering.   

 

One general bias in this thesis's spatial study is that some areas do have less 

confidence in the data because the area has not been revisited by satellites more than a 

few times. The reason is that the operational satellite service is aimed at coastal 

waters, typical of shipping activity, and at some larger, more “rural” areas where the 

offshore industry is established. However, a raster extraction of footprint data 

(monitoring frequency) for all the 3694 observations reveals that only two 

observations are within areas covered less than 30 times by satellite. Looking at how 

many observations are in areas covered by satellite 100 times and less, only 23 of the 

3694 oil spill alerts are in these less frequently monitored areas. Accordingly, the 

findings within this study should be considered based on a good and valid dataset for 

the statistical analysis methods used, and much of the uncertainty lies in areas less 

monitored. These less monitored areas are not of a priority at the time being, but a 

change in shipping traffic patterns, offshore industry, or other activities might shift or 

enlarge the monitoring effort.     
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5.4 Objective 3: To validate/verify the service provider’s likelihood 

settings with historical observations. 
 

The results from this part of the study indicate that the classification of A/B, where 

confidence A is more likely mineral oil and confidence B is less likely mineral oil, do 

not work well as an independent measure for decision making for the end-user.  

 

The main result of this analysis shows that a confidence A is more likely to be mineral 

oil than a confidence B oil spill alert.  

 

The oil spill alert services deliver very close to 50/50% on confidence A/B alerts, and 

actually within a random chance 0.5 probability ± 2σ, based on the 3679 observations, 

giving a 0.4835 – 0.5165 span, as shown in Figure 42. 

The result of calculating the total number of mineral oil spills in 2015-2018 against 

the other oils/UNK (No mineral oils) seems to be spot on with 49% mineral oil alerts. 

However, as Figure 42 shows, when evaluating the confidence classes when 

connected to a source, the confidence levels do not perform as well. One cannot 

conclude that a confidence A alert equals a mineral oil observation.  

When connecting the observation to RIG as a source, the classification presented to 

the end-user is on the correct side of the probability threshold of 50% set by the 

service providers. In situ data shows that 95% of the RIG connected alert is mineral 

oil, so the majority of these alerts should then be classified as confidence A, and they 

are. Here Sentinel-1A/B performs best with a probability of 0.63.   

 

When the observation is not connecting to RIG as a source, being either SHIP or 

UNK, the classification presented to the end-user is on the correct side of the 

probability threshold of 50% set by the service providers. A calculation of mineral oil 

connected to SHIP+UNK and the number of observations data shows that 17% of the 

SHIP+UNK connected alert is mineral oil, so the majority (83%) of these alerts 

should then be classified as confidence B. Here Radarsat-2 performs best with a 

probability of 0.42.  

 

The results on RIG as a source, connected to mineral oil, the number of confidence A 

alerts received by end-user is highly underestimated. Where the shipping is the 

source, confidence A is highly overestimated.  

 

These results show the end-user difficulties using the classification, especially as a 

sole indicator of what is mineral oil or not mineral oil. This result shows that a source 

analysis is more important than the confidence class of the observation to the end-

user.  

 

Setting the confidence level is a complex task for the service provider. Ideally, oil 

lookalikes should not be reported at all, where the end-user wishes for a robust “no 

mineral oil”/”mineral oil” classification. The classification results from a set of rules, 

analyzing complexity in a radar image and oil spill candidates. The different natural 

phenomena as sea state, ice conditions, and biological activity add to the complexity 

in classifying an oil spill candidate (Brekke et al., 2014, Espedal, 1999, Ferraro et al., 

2010).  
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The results in this study indicate that both classes should be considered a “feature of 

interest” as a starting point. Considering the high number of alerts, still increasing, 

source information is of high importance in enforcing appropriate remedial actions by 

the end-user. This approach has been discussed (Ferraro et al., 2010) and implemented 

at EMSA CleanSeaNet, allowing a set of rules applying on ancillary data and 

observation data, resulting in a red, yellow, or green alert. Today there are some 

limitations in how the filter algorithm can be built, and there are also limitations on 

how attributes can be part of the algorithm. Ship type is one set of information that 

cannot be used today in the algorithm, although this information might target the 

follow-up more efficiently. For example, observations connected to fishing vessels 

could give a yellow alert, and observations connected to other vessels could give a red 

alert. In this case, the yellow alert indicates that this is less likely to be mineral oil, 

and a random check on, for example, 10% of these alerts, might be sufficient and 

correct level of resources used for follow-up.        
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6 Conclusions  
The Norwegian Coastal Administration has experienced a large increase in oil spill 

alerts since 2015. The increase is lined up with the introduction of two new Sentinel-1 

satellites. However, in situ data indicated a general decreasing/flat trend in mineral oil 

spills in the Norwegian area in the same time frame. As radar satellites also detect oil 

spill lookalikes, end-users need to consider uncertainty when deciding corrective 

measures on a possible oil spill alert. In sum, the NCA faces a knowledge gap on 

what, where, and why there is a major increase in possible oil spill alerts and the 

impact. 

The thesis objectives were to: one, explore the increase in oil spill alerts and establish 

the influence of Sentinel-1A and 1B, two, quantify the increase of mineral oil, and 

three, assess the confidence setting for an observation being mineral oil used by the 

service providers.   

 

A hypothesis was established as part of one of three specific objectives set to meet the 

aim of the study, stating that the increase in alerts is not due to increasing “mineral 

oil” at sea.  

 

The hypothesis is rejected as there is an estimated increase in mineral oil impact.  The 

increase is though marginal, with its 2.65% on a 154% increase in observations.  

 

The main objectives of the study are all met, were the three specific objectives have 

all contributed to the main findings: 

 

 The Sentinel-1 satellites perform significantly differently than Radarsat-2 

concerning oil slick size. The increase in the number of oil spill alerts is 

connected to the use of the Sentinel-1 satellites. This finding is probably due 

to higher spatial resolution, resulting in the instruments' ability to detect 

smaller size oil slicks and lookalike oil slicks than Radarsat-2.  

 The increase in the number of observations from the Sentinel-1 satellites in 

comparison with Radarsat-2 contributes most in the small size observations 

category, under 0.5km2, and most of the newly added observations 

contributing to the increase are found among small observations.   

 There is a large increase in the number of observations connected to ships as a 

likely source, though observation size decreases.  

 The two most represented ship types where ship and observation connect are 

fishing vessels and chemical tankers. The observations are most probably 

animal/vegetable oils and fall into the category of legal discharges.  

 The analyses show that the “oil spill “ classification, with confidence A and B, 

used by the service providers, where A is more probable to be mineral oil/oil 

spill than B category, do not work well as a mineral oil/other observation 

categorization. In consequence, it is not recommended for end-users to base 

follow-up solely on category. 

Even there is a large increase in the number of oil spill alerts for 2016-2018, the 

increase in mineral oil discharged is small. More small-size mineral oil spills and 

more large-sized non-mineral oil spills contribute to this.  
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There is also an increase in “spills” that fail to connect to any likely source, so there is 

still a need for further work/research connected to these observations and their 

origin/substance/phenomena. The results also show the very high importance of 

analyzing all observations for a likely source connection. This is essential for 

establishing what type of product the oil spill observation most likely consists of, and 

next, what measures the end-user wants/needs to apply towards the “oil spill alert” 

and the source. This source analysis is partly available at the services today, and 

additional ancillary data that can add to the service's quality is easily accessible. 

Service providers should offer more refinement in applying ancillary data and 

filters/algorithms for classifying the observations on end-user terms.  

As new satellites are implemented, the results in this study reveal a need to undertake 

comparative analysis/sensor-shift analyses, primarily aimed at detection 

characteristics in the mode available for day-to-day service. 
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