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Abstract 

 

 

The Greenland Ice Sheet (GrIS) loses mass through two main processes: ice sheet melt (and 

subsequent runoff) and iceberg calving. This thesis focuses on how these two processes affect 

the ocean at present, and how they are likely to change in the future, in the context of global 

climate change. To achieve this aim, three models of increasing complexity have been 

considered: the WERR control systems model, the FRUGAL ocean-iceberg model, and the 

NEMO ocean-iceberg model. The WERR model is combined with a new machine learning 

approach to forecast iceberg flux past the 48th parallel (I48N). This forecast is released to the 

International Ice Patrol each year. FRUGAL has been run five times, starting with the control 

run. Runs 2-5 include an additional meltwater component, varying over time. The ocean-

iceberg model NEMO, has not been directly run for this thesis, instead outputs from an 

existing run (ORCA12-N512) have been analysed. This run has been forced with a high 

emission scenario with an approximate surface warming of 8.5 Wm-2 by 2100. Outputs from 

the FRUGAL and NEMO models are compared. It was found that runoff from the GrIS is 

likely to increase by 2050, while iceberg calving decreases. Additionally, it was found that 

I48N is likely to decrease in the future, however this will not necessarily reduce iceberg risk, 

as Arctic shipping is likely to increase over time. It was also found that increased runoff from 

the GrIS would have an impact on the strength of ocean circulation, but this will not 

necessarily result in wide-scale sea level rise by 2050. Instead, the relative increase/decrease 

in the strength of major ocean currents will cause a variable reaction in sea level. 

Nevertheless, with the associated exacerbation of extreme climatic events, increased global 

flooding would still occur.  
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1. Literature review and Research Aims 

1.1 Introduction 

The Greenland Ice Sheet (GrIS) loses mass through two dominant processes: surface 

melt and runoff, and iceberg calving. This loss has been accelerating over the last twenty 

years, but with an observed slowdown between 2003 and 2017 as a result of cooler 

atmospheric conditions (The IMBIE Team, 2020). However this overall increasing trend is 

expected to continue in a warming climate (IPCC, 2013). As the second largest ice sheet on 

Earth, the GrIS holds the equivalent of 7.36m of sea level rise (Bigg, 2015). While it would 

be unlikely to see this scale of change over the next hundred years, even a comparatively 

small input of meltwater into the ocean could have far-reaching effects on coastal flood 

defences, due to sea level rise, and regional climate warming as a result of changes in ocean 

circulation. Iceberg calving has also been gradually increasing over the last hundred years.  

The International Ice Patrol (IIP) has been monitoring iceberg activity in the region 

off Newfoundland, Canada since 1914. Before 1945, an iceberg year with more than 844 

icebergs crossing 48oN was considered óextremely highô. In 2021 this number of icebergs 

would only register as ómoderateô. While icebergs pose a direct threat to shipping and 

stationary oil platforms, they also locally cool and freshen the surface ocean as they melt, 

which can result in enhanced sea ice extent, duration and/or thickness (Jongma et al., 2009; 

Bügelmayer et al., 2015). As sea ice cover restricts wind driven mixing of the surface ocean, 

this can result in increased stratification, hindering deep convection (Jongma et al., 2009). 

Therefore, both meltwater input and iceberg calving have physical and societal implications 

on a localised and global scale. This range of direct and indirect effects of a shrinking GrIS 

will be explored in this chapter. 
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The structure of this chapter is as follows: a literature review portion (sections 1.2 - 

1.5) followed by a discussion of the project research aims and objectives (S1.6), then an 

outlined thesis structure (S1.7). The literature review focuses on physical and societal risks 

associated with icebergs and increased meltwater input, and begins with a brief overview of 

the mass balance of the GrIS. 

1.2 The Mass Balance of the Greenland Ice Sheet 

Located in the Northern Hemisphere, Greenland is often geographically considered to 

be part of North America, however it is a politically autonomous territory of Denmark. The 

ice sheet covers most of the island, with two significant high regions: the North and South 

Domes. The presence of a smaller South Dome is due to a combination of the effect of high 

precipitation towards the southern tip of Greenland, owing to the North Atlantic storm belt, 

and the overall topography of the region (Bigg, 2015). This combination of topography and 

climate allows the ice to reach the surrounding ocean in a variety of different ways, ranging 

from ice shelves in the north to narrow fjords (Bigg, 2015).  

In general, the GrIS gains mass from solid precipitation and loses mass through ice 

sheet melt, and subsequent runoff, and iceberg calving. As the GrIS reaches relatively far 

south for such a large ice mass, it is highly susceptible to global climate change (Wilton et al., 

2017). Mass loss and gain had been fairly balanced before the end of the last century, 

however since then ice sheet melt has been accelerating, partially attributed to a reduced 

surface albedo which forms a positive feedback with reduced ice cover (Hofer et al., 2017). 

Warming ocean temperatures may also exacerbate subaerial ice sheet melt (Hanna et al., 

2013). A coincidental reduction in summer cloud cover has also contributed (Shepherd et al., 

2020). There is significant natural variation, for example in 2012 an annual mass loss of 
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around 500 Gt was observed, yet in 2013 the GrIS was near balance (McMillan et al., 2016). 

However, while there is natural variation between years, this does not explain the trend of 

accelerated mass loss. Overall, from satellite measurements a mass loss from the GrIS of 51 ± 

65 Gt/yr was recorded for the early part of the 1990ôs, compared to 263 Ñ 30 Gt/yr between 

the years 2005 and 2010 (Shepherd et al., 2020). Similarly, Mankoff et al. (2020) found that 

solid ice discharge from the GrIS was close to steady between 1986 and 2000, dramatically 

increased from 2000 to 2005, then steadied out again, with an average ice loss of 487±49 

Gt/yr from 2010 to 2019.  

There is also high regional variability across Greenland. From Figure 1.1, it can be 

seen that while the south-western section contributes the most to average ice sheet runoff, it is 

the north westerly sections that have seen the greatest relative increase over the last 30 years. 

Overall, the figure shows that while runoff is not occurring uniformly across the GrIS, even 

the historically low runoff contribution from the northern regions may become significant in 

the future if current trends persist. Noël et al. (2019) also found that the ablation zone in 

northern Greenland expanded by 46% compared to the south which saw a 25% increase from 

1991 to 2017. In a globally warming climate, the GrIS is highly likely to continue this 

accelerated mass loss. 
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Figure 1.1. From Noël et al. (2019) showing the average runoff contribution between 

1959-1990 (A) and the change in runoff contribution after 1990 (B) calculated from 

the average runoff per sector (1991ï2017 minus 1958ï1990), with relative change 

labelled. 

1.3 Icebergs 

1.3.1 The Physical Impact of Icebergs on the Surrounding Ocean 

It is commonly held that Arctic icebergs travel in the direction of the surface ocean 

currents and at 2% of the wind speed, however other factors such as wave drag and sea ice 

cover also have an effect (Bigg et al., 1997). Therefore, it is important to understand the 

movement of the main ocean currents in the region likely to be transporting icebergs (Bigg et 

al., 1997; Wagner et al., 2017). The main ocean currents in the North Atlantic can be seen in 
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Figure 1.2. The surface ocean currents relevant for transporting icebergs are described below, 

but overall show an anticlockwise circulation. Cold, fresh meltwater is also carried along 

these paths. 

The East Greenland Current brings cold, Arctic water south, down the east coast of 

Greenland. The West Greenland Current then moves the cold water round the southern tip of 

Greenland and north, up the west coast into Baffin Bay. The Labrador Current transports the 

cold water south, down the east Canadian coast. This cold boundary current allows icebergs 

to exist in more concentrated numbers than in the warmer interior of the Labrador Sea, 

however few icebergs exist further south than the outer Grand Banks, Newfoundland (Marsh 

et al., 2018). This general pattern of ocean currents is unlikely to carry any single iceberg the 

complete route (Wilton et al., 2015). Many will be transported for only part of the course and 

some will even take a short-cut across the Labrador Sea or the Davis Strait.   
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Figure 1.2 Edited from Marzocchi et al., 2015, showing the main ocean currents, and 

their direction, in the North Atlantic. 

On this path, icebergs gradually melt, locally releasing cold and fresh water into the 

surface ocean, which can result in enhanced sea ice extent, duration and/or thickness (Jongma 

et al., 2009; Bügelmayer et al., 2015). However, this is a complex relationship as sea ice 

cover is negatively correlated to surface air temperatures, and helps to protect icebergs from 

wave erosion, both factors which promote longevity of the icebergs (Connolly et al., 2017). 

As sea ice cover restricts wind driven mixing of the surface ocean, this can result in increased 

stratification, hindering deep convection (Jongma et al., 2009). This is potentially 

exacerbated by the direct input of fresh meltwater from icebergs (Mackie et al., 2020), 

however this was found to be true in the Antarctic where icebergs tend to be much larger, 

therefore the effects on stratification directly in the Arctic are debatable but assumed to be 
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much less significant. For further discussion on the impact of freshwater on the surface 

ocean, see section 1.4. 

 As icebergs melt, they also release any particulate matter that was present at their 

formation. Most notably in the case of Greenland is Saharan dust that is deposited on the ice 

sheet, then calved off as part of an iceberg. A similar quantity of iron also enters the North 

Atlantic Ocean from sub-glacial erosion, however this is much more localised with less 

transport to the open ocean (Hawkings et al., 2014). This sediment provides key nutrients to 

Arctic waters, most notably iron (Hopwood et al., 2019). This iron has the potential to 

increase marine productivity and carbon storage, and therefore forming a negative climate 

feedback. However, as iron availability limits production in the Southern Ocean, iceberg 

enrichment may be more significant there (Raiswell et al., 2008). Nevertheless, as icebergs 

tend to follow similar paths, even relatively small levels of enrichment may produce 

observable benefits in ocean productivity (Stephenson et al., 2011). 

1.3.2 Iceberg Risk in the North Atlantic Ocean  

Icebergs that have calved from the GrIS pose a direct risk to shipping and stationary 

platforms in the North West Atlantic. The first recorded iceberg incident with North Atlantic 

shipping occurred in 1686, with the Happy Return sinking in the Hudson Bay while on a 

trade operation for the North West Fur Company (Hill, 2000). Hundreds of lives were lost in 

collisions in the following three centuries, with notable years include 1856, where over 300 

people were killed in the first two months alone, and 1884, where 12 vessels were damaged 

or sunk (Hill, 2000). While these sorts of tragedies were fairly common, the sinking of the 

RMS Titanic in 1912 with the loss of more than 1500 lives dramatically drew widespread 

public attention. With 1038 icebergs recorded south of 48°N (the latitude past which icebergs 
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enter international shipping lanes - both of the time and at present) that year, this would have 

been a high ice year for the time, but not unusually so. There had been strong north to north-

westerly winds that year, bringing very low temperatures, which facilitated icebergs 

surviving further south than the average, although not beyond the ice limit for the 20th century 

(Bigg & Billings, 2014). Therefore, while the iceberg risk for 1912 was high, it was not 

unprecedented. 

The International Ice Patrol (IIP) was established in the following year to try and 

prevent any more such incidents occurring. Today, combining data compiled from air 

surveillance, ship reports, satellite analysis and iceberg trajectory models, the IIP release 

daily charts of iceberg locations and weekly outlooks that are distributed through the North 

American Ice Service (available at 

https://www.navcen.uscg.gov/?pageName=iipCharts&year=2020). In their hundred year 

history, the IIP have significantly reduced the risk to life, with no human or major 

commercial losses to vessels following IIP advice in the patrolled region (Murphy et al., 

2012). However, as Arctic sea ice extent decreases there has been more interest in tourist 

vessels venturing north.  Commercial shipping routes (see Figure 1.3) are also edging further 

north and staying open for longer each year (Melia et al., 2016). While shorter shipping times 

are economically desirable, the risk of collision increases. Changing routes to avoid areas of 

high iceberg risk is currently done on a short term basis, however longer term forecasts could 

provide shipôs captains with enough warning to set an alternative course, rather than 

diverting. This aspect will be explored later in the thesis. However at present, the vast 

majority of ships travelling north of 48°N adhere to the Polar Code, implying that they have 

been strengthened with double hulls and have engines that are built to survive the freezing 

temperatures (Bai, 2015). 

https://www.navcen.uscg.gov/?pageName=iipCharts&year=2020
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Figure 1.3. The white triangles show where icebergs are commonly found in the ice  

season, and the yellow box shows the area patrolled by the IIP during this time. The  

red arrows are popular shipping routes and the black star is the approximate location 

of the Hibernia platform. (Navcen.uscg.gov, 2019).  

Icebergs also pose a threat to oil rigs and other stationary structures in the region. 

While this threat is costly to counter, the economic return on oil is high and therefore can, in 

some cases, be decided to be worth the risk. For example, the Hibernia platform was set up 

on the Grand Banks, Canada, which is an area where icebergs are commonly found. A 

number of schemes were implemented to reduce the risk of significant damage from 

collision, such as managing approaching icebergs with water cannons and towing, initiating a 

shutdown of the rig if the iceberg cannot be re-routed and strengthening of the rig as a last 
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resort (Fuglem et al., 2015).  These precautions were taken in an area of shallow water, where 

the rig is unlikely to be hit by very large icebergs due to grounding beforehand. 

Icebergs also have the potential to trigger submarine landslides (as seen in Figure 

1.4). This has implications for undersea cables and pipelines, which can be buried and/or 

damaged by such events, as well as by direct collision. This is a known problem in the Grand 

Banks region (south-east of Newfoundland) where pipelines are laid in trenches to reduce the 

likelihood of iceberg (or iceberg triggered) damages (Barrette et al., 2018; Normandeau et al., 

2021).  

 

Figure 1.4. An overview of how grounding icebergs can trigger submarine landslides 

(from Normandeau et al., 2021). Panel a) shows floating icebergs colliding with the 

seafloor. b) shows two examples: 1. of the tide receding and 2. of the iceberg 

capsizing. Both scenarios have the potential to trigger panel c) submarine landslides. 

 

1.4 The Impact of Increased Meltwater Input on a Localised and Global scale 

Sea level rise is a direct risk associated with meltwater input. The IPCC suggests that 

it  is óvery likelyô that the contribution of the GrIS to global sea level has increased from 0.09  

mm yrḍ1 between 1992ï2001 to 0.59 mm yrḍ1 for the period 2002ï2011 (Church et al.,  
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2013). Meanwhile, the IMBIE Team (2020) estimated that between 1992 and 2018 the 

melting GrIS was responsible for 10.8 ± 0.9 mm of sea level rise, while the IPCC noted a 3.6 

mm/yr increase over the period 2006ï2015 (Oppenheimer et al., 2019). It has also been 

estimated that the reducing GrIS is responsible for 25% of current sea level rise (Straneo et 

al., 2019). Therefore, this is a highly significant region when considering future change, as 

any major sea level rise would have global implications.  

As the global population is expected to continue to increase, and therefore also the 

number of people living in zones of potential coastal flooding, more money will have to be 

spent on coastal defences. However as population growth in coastal regions is predicted to 

increase most rapidly in emerging economies such as India, Bangladesh and Indonesia where 

much of the population is typically low-income, this could have serious social and economic 

impacts (Neumann et al., 2015). However, even in countries with a generally high disposable 

income,  sea level rise could have widespread impacts, notably on house insurance, 

maintaining or  upgrading current flood defences or dealing with large scale flood events (for 

example of the  New York subway). Any coastal country would be financially strained by 

investing significant resources in protecting an entire coastline. 

A less direct impact of meltwater input is changes in ocean circulation. This 

meltwater is cold and fresh and therefore decreases the density of the surface ocean locally, 

as salinity dominates temperature here, reducing the rate at which this cold water sinks 

(Hansen et al., 2016). This is important  because the Labrador Sea is one of the main areas of 

North Atlantic Deep Water (NADW) formation (Balaguru et al., 2018; Yu et al., 2016), 

which is a significant component of the Atlantic Meridional Overturning Circulation 

(AMOC), responsible for distributing heat around the Atlantic Ocean, and through this the 
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wider ocean system. It is worth noting recent suggestions that convection of water in the 

Irminger and Iceland basins may contribute more to the total overturning circulation than the 

Labrador Sea (Lozier et al., 2019). However, as the AMOC has a widespread effect on the 

climate, any changes to its strength could result in altered precipitation patterns, regional 

temperature and the location and strength of the North Atlantic storm track  (Jackson et al., 

2015). Increased stratification will also likely affect the distribution of fish species in the 

water column. Decreasing vertical mixing would result in less oxygen penetrating deep into 

the mid-layers and, as organisms in these regions continue to respire, this could result in 

oxygen minimum zones where only the smaller organisms, with a lower oxygen demand, can 

survive (IPCC, 2014). Larger fish will be forced higher in the water column, with 

implications on fishing and the wider ecosystem. Inputted meltwater would also have an 

impact on horizontal density gradients, leading to changes in the strength of ocean currents, 

and in shifting their position. Notably, the route that the Gulf Stream takes is dependent on 

the strength of the AMOC, with a strong AMOC associated with a northerly Gulf Stream 

path, and vice versa (Joyce & Zhang, 2010). 

A fairly recent example of changes in ocean circulation is the Great Salinity Anomaly, 

a low salinity event that occurred in the 1960s and 1970s. This event was linked to increased 

sea ice export from the Arctic, through the Fram Strait, that stabilised the upper ocean and 

therefore reduced Labrador Sea deep water production (Dima & Lohmann, 2011). The 

extreme sea ice years in the late 1960s were aided by a negative phase of the NAO, and the 

associated milder winter temperatures (Kim et al., 2021). This increase in ocean stratification 

led to a total shutdown of deep convection between 1968 and 1971, although in 1972 this was 

reinstated after a bitterly cold winter (Gelderloos et al., 2012). The wider effects of this 

salinity event were felt around the globe, with increased sea surface temperatures in the 
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Southern Hemisphere, and a rapid decrease in Northern Hemisphere temperatures (Hodson et 

al., 2014).  

Further back in history, to glacial times, there have been instances of large quantities 

of freshwater entering the ocean, and having wide-scale effects. A notable example of rapid 

climate change is the Younger Dryas, a cooling event that occurred around 12 thousand years 

ago and is often considered to have been initiated by a large input of meltwater from the 

glacial Lake Agassiz, Canada (Renssen et al., 2015). While it is an example of abrupt change, 

the large scale effect of meltwater input on climate can be clearly seen. This type of 

catastrophic change is very unlikely to be seen in the current climate, due in part to there 

currently being no ice marginal (or known subglacial) lakes of sufficient volume to rapidly 

add enough freshwater to the North Atlantic (Norris et al., 2021). This freshwater would then 

have likely been channelled into the North West Atlantic. This was a time of general 

warming after the Last Glacial Maximum, which occurred around 20 thousand years ago, but 

substantial parts of North America were still covered by the Laurentide Ice Sheet (Margold et 

al., 2015). It is theorised that this dramatic input of meltwater was sufficient to weaken the 

AMOC, as a result of restricted NADW formation. This is supported by ŭ13C records, which 

can be used as a proxy for carbon storage in the deep ocean, and therefore strength of 

circulation (Oppo et al., 2015; Peterson & Lisiecki, 2018). During this time, cooling of more 

than 5°C occurred over the North Atlantic, with significantly less cooling seen in the 

Southern Hemisphere. A 20%  reduction in soil moisture in Northern Africa and a 15% 

increase in moisture in southeast North America can also be seen (Renssen et al., 2015). 

While this large-scale meltwater input is not comparable to modern times, it gives a plausible 

basis for the indirect possible effects of meltwater input in the Labrador Sea. 
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1.5 Conclusions 

There are a variety of direct and indirect effects associated with a GrIS losing mass as 

icebergs and runoff. Icebergs pose an infamous risk to shipping, and as Arctic sea ice retreats 

and shipping routes drift north, this risk can only increase. Arctic tourism is also on the rise 

as accessibility increases. Even a relatively small collision, especially at speed, can result in a 

ship sinking. Meltwater input, from icebergs and direct runoff, may act to enhance sea ice 

extent. While greater sea ice cover would increase the albedo, and reflect more incoming 

solar radiation, ice sheet melt generally decreases ice sheet surface albedo with a positive 

feedback on climate. Large-scale changes in ocean circulation, due to meltwater input, could 

also have far reaching consequences, from changes to regional temperature and rainfall. This 

has a direct impact on human life on this planet. However, from an ecological standpoint, 

icebergs may also increase marine productivity, with the potential for a negative feedback 

loop, helping to cool the planet. 

1.6 Research Aims and Objectives 

The overall aim of this thesis is to assess how the accelerating mass loss from the 

GrIS will affect the ocean and to study the direct and indirect risks associated with this. This 

will be achieved through a combination of improving seasonal forecasting of the spatial 

density of iceberg occurrence (henceforth referred to as iceberg density) in the region off 

Newfoundland, Canada, and assessing the effects of inputting meltwater from the GrIS into 

the ocean.  

This project uses three models (of increasing complexity) to look at the effect that a 

reducing GrIS is likely to have on the ocean, in terms of iceberg concentration and meltwater 

input. In order of ascending complexity, the models are the WERR (Windowed Error  
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Reduction Ratio) statistical iceberg prediction model, the Sheffield based FRUGAL (Fine  

Resolution Greenland and Labrador) ocean model and the Southampton based NEMO (the  

Nucleus for European Modelling of the Ocean) ocean model. These models were chosen as 

they are amongst the few climate/ocean models to contain an iceberg component. A machine 

learning element is also introduced, to add confidence to the WERR prediction. The project 

focuses on using these models to assess the direct and indirect risks of ice mass loss from the 

GrIS, where ocean risk is defined as a function of exposure and vulnerability to a hazard that 

is a result of a changing ocean (Niehorster &  Murnane, 2018), and is a product of probability 

and impact. No risk scores have been calculated in this thesis, rather the focus is on 

discussing the risks (here defined as the potential for loss - either monetarily or in any other 

way negatively affecting human life) from the various hazards (defined as the object or event 

responsible for causing said loss) associated with climate change. There is a specific focus on 

how changing iceberg activity in the Labrador Sea may lead to a greater potential for ship 

collisions in the future, how meltwater input may alter large scale ocean circulation patterns 

(and the associated changing weather patterns) and sea level rise (and its effect on coastal 

living).        

1.7 Thesis Structure 

The rest of the thesis will be structured as follows: 

Chapter 2 will focus on the WERR control systems model iceberg forecast, and has been 

combined with machine learning techniques for the 2020, 2021 and 2022 prediction. The 

yearly forecasts, beginning 2019, will be presented, and their success evaluated.  
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Chapter 3 looks at using the FRUGAL ocean model to address the impact of increased 

meltwater on the North Atlantic, and the wider ocean, by assessing the effect of five runs of 

variable freshwater input on global ocean currents. 

Chapter 4 analyses the NEMO ocean model results in two runs: a past run (1983-2014) and a 

future (2015-2050) run, in a high-emission scenario. It will be determined if this data is 

useful for detecting iceberg flux past the 48th parallel, and whether satellite data could also 

be used for this purpose. There is also a focus on the impact of meltwater on global sea 

surface salinity and temperature patterns. 

Chapter 5 compares NEMO and FRUGAL model results, with a focus on assessing the 

impact of meltwater impact on sea level. 

Chapter 6 places the research in the context of ocean risk. 

Chapter 7 concludes the project and discusses the limitations of the thesis and potential future 

work. 
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2. Predicting Iceberg Behaviour off the North-East Canadian Coast 

2.1 Introduction 

This chapter is based on the published paper: 

Ross, J.B., Bigg, G.R., Zhao, Y. and Hanna, E., 2021. A Combined Control Systems and 

Machine Learning Approach to Forecasting Iceberg Flux off Newfoundland. Sustainability, 

13(14), p.7705.  

2.1.1  Introduction to Iceberg Forecasting 

 Icebergs have been a threat to shipping in the North Atlantic Ocean for hundreds of 

years (Hill, 2000). However, the sinking of the Titanic in 1912 drew widespread public 

attention and in response the International Ice Patrol (IIP) was set up to mitigate iceberg risk 

in the region off Newfoundland, Canada (see Chapter 1, Section 1.3.2 for more details). The 

IIP release daily charts of iceberg locations, and directly offer advice to shipsô captains on 

avoiding ice-heavy areas (Navcen.uscg.gov. 2021). 

While short term forecasts reduce the risk of serious collisions, longer term 

predictions could have a significant impact on marine planning, potentially altering iceberg 

monitoring and even shipping routes months in advance. This would be of great economic 

benefit, particularly as in recent decades the total number of icebergs each year entering the 

shipping lanes of the NW Atlantic have significantly increased compared to earlier in the 

twentieth century (Bigg et al., 2014). Between 1988 and 2006, Hill (2006) calculated the 

probability of a ship colliding with an iceberg to be 0.05% based on data from American and 

Canadian ports. Even at this relatively low rate, if the exposure to icebergs were to increase 
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(see various projections of Arctic shipping increase: Stephenson et al., 2018; Dawson, 2019; 

Bergström et al., 2020 and more), the risk necessarily increases.  

 This chapter presents an existing control systems model and a new machine learning 

approach to forecasting the coming yearôs iceberg season. The outcomes from both modelling 

approaches are compared and used to create one prediction for the iceberg season that can be 

distributed to the relevant/interested parties. Beginning with an overview of the relevant data, 

the chapter discusses the Windowed Error Reduction Ratio (WERR) model developed in 

Bigg et al. (2014), and how well this model recreates iceberg variability. Next is an 

introduction to the machine learning models, other applications of these models, and how 

well they represent I48N. The following section presents a retrospective look at previous 

yearsô icebergs forecasts, and a discussion of common combinations of the machine learning 

models outputs. The 2022 forecasting method is discussed, with the overall prediction 

presented. Next, there is a discussion on including bergy bits (very small icebergs) in the 

forecast. The final section concludes the chapter. 

2.1.2 Data 

It will be seen in section 2.2.1 that the three monthly input variables for prediction of 

I48N for both the machine learning models and the WERR model are the surface mass 

balance of the Greenland Ice Sheet (SMB), which affects how many icebergs calve from 

Greenland, the NAO, which affects atmospheric temperatures and precipitation in the region, 

and the mean Labrador Sea surface temperature (LSST), which affects both the calving rate 

of icebergs and the survivability of icebergs once in the ocean. This data is taken from the 

previous year(s) for the machine learning models, and from the 9 months leading up to the 

prediction for the WERR model. The calculation method for SMB is given in (Hanna et al., 



 

  

19 

2011; Wilton et al., 2017), and is the difference between ice sheet mass gain from snow 

accumulation and mass loss from ice sheet meltwater runoff, based on positive degree day 

runoff retention modelling (Janssens & Huybrechts, 2000). Here SMB data extended to 2021, 

and based on newly-available European Centre for Medium-Range Weather Forecasts ERA-5 

meteorological reanalysis data, are used. The LSST data can be found in the Physical 

Sciences Division of NOAA, under Kaplan v2 SST, and consists of monthly sea surface 

temperature anomalies in the Labrador Sea, over the area 55-67°N, 45-65°W 

(https://psl.noaa.gov/data/gridded/data.kaplan_sst.html). NAO data are available at 

https://www.cpc.ncep.noaa.gov/data/teledoc/nao.shtml. The monthly time series data for 

these three environmental variables can be seen in Figure 2.1. 

 

 Figure 2.1 Plot of the monthly time series data of SMB, NAO and LSST. 

I48N, the number of icebergs south of the 48th parallel in a given month as recorded by 

the IIP and available through their Annual Reports (see, for example International Ice Patrol, 
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2019), is generally accepted to reflect annual variability in iceberg activity in the Labrador 

Sea (Bigg et al., 2014). The latitude of 48oN is also the point beyond which icebergs begin to 

enter the trans-Atlantic shipping lanes (Figure 2.2). It is worth noting that iceberg identifying 

and tracking techniques have dramatically increased over the last century, for example the 

heightened numbers recorded in 1983 after the IIP included airborne radar technology 

(Report of the International Ice Patrol in the North Atlantic, 2019). Previously all 

observations had used the human eye only, therefore the addition of radar allowed for much 

greater coverage in adverse weather conditions (Anderson, 1993). Despite the restrictions 

early on in the dataset, the IIP record is the longest running and most complete record of 

iceberg sightings available.  

 

Figure 2.2. Map showing the major iceberg paths in the region, with mean April sea 
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ice extent represented by the dashed line. The dotted line estimates 48oN, while the 

ó+ô shows the location of the sinking of the Titanic. (Taken from Bigg et al., 2021). 

 Due to the complex interactions between the environmental variables and I48N, no 

clear linear relationship can be established. This is shown in the low maximum correlation 

(note a lag range of 0-10 months was considered) between the variables and I48N, when 

considering monthly data from 1950 to 2021: the NAO and SMB have no statistically 

significant correlation at the 5% level (-0.0076 and 0.0302 respectively), while LSST does 

have a statistically significant correlation of  -0.1952 (at the 1% level). This is likely to 

represent the established link between sea ice extent and I48N (Marson et al., 2018), with low 

sea ice years generally aligning with high LSST and low I48N. This link is continually 

observed in the IIP annual reports (available at 

https://www.navcen.uscg.gov/?pageName=IIPAnnualReports), along with observations of 

the NAO impacting sea ice development (see the 2021 report for an example of a low year, 

and 2019 for a high year). As the majority of icebergs that drift south of 48oN calve from the 

GrIS, variations in SMB have a significant impact on I48N, after a minimum lag of 8 months 

- which is the shortest time it takes for an iceberg to reach 48oN from Greenland (Bigg et al., 

2021). Bigg et al. (2014) found that variability in iceberg calving was predominantly 

responsible for yearly changes in I48N, especially on decadal timescales. Overall, the three 

environmental variables have strong, established, but non-linear, links to I48N, and are 

therefore the selected input variables for both modelling approaches. 

2.2 The Models 

2.2.1 A Windowed Error Reduction Ratio Approach 

https://www.navcen.uscg.gov/?pageName=IIPAnnualReports


 

  

22 

A model for I48N was developed in Bigg et al. (2014) using a Windowed Error 

Reduction Ratio (WERR) control systems method, where a sliding time-window, non-linear 

and time-lagged polynomial regression model, forced with the three environmental factors of 

SMB, NAO and LSST, is optimised for the observed number of icebergs passing 48°N. This 

method computes the linear and non-linear correlations between the input and output signals 

directly to select the model terms one by one. The full mathematical basis behind the WERR 

model can be seen in Zhao et al. (2017). The WERR method was shown in Zhao et al. (2016) 

to produce an output that had a correlation of 0.84 with the annual variation in the number of 

icebergs passing 48°N between 1900 and 2008.  

The original WERR model was a non-autocorrelative interpretative tool for I48N, rather 

than a predictive one, and so polynomial terms with time lags between 0 and 48 months were 

allowed within the library of candidate terms available for the model optimisation (Zhao et 

al., 2017). However, the dominant terms in the original WERR model had a lag of 8 months 

or longer, reflecting a minimum timescale between calving and icebergs reaching 48oN, so 

the model was adapted for predictive purposes by only allowing polynomial terms with a lag 

of this size to be available during the model optimisation (Bigg et al., 2021). This predictive 

model has a reduced, but still statistically significant (at the 1% level), correlation of 0.60 

between the January-September I48N values and the WERR model predictions over a 20 year 

test period, with a confidence of 80% in assessing whether a year was a high or low iceberg 

year relative to the 1997-2016 annual mean of 592. 

Seasonal forecasts produced from an ensemble of sliding-temporal windows of this 

revised WERR model (see Bigg et al., 2021 for details) have been released to the IIP for 

several years. The ensemble nature of the forecasts gives a measure of the error through its 
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standard deviation. In addition, to take account of the largely bimodal nature of the I48N 

iceberg number, Bigg et al. (2021) also categorised the forecasts as ñhighò or ñlowò, relative 

to the mean 1997-2016 I48N mean value of 497. Thus, the 2017 iceberg season forecast was 

766±297, with an observed total of 1008, so this was therefore a formal success, and both 

forecast and observed numbers fall in the ñhighò category. In 2018 the forecast was 685Ñ207, 

with an observed number of 208. While the forecast was lower than the 2017 observed total it 

was still ñhighò, while the observed I48N was clearly a ñlowò year, thus the 2018 forecast 

was a failure. The 2019 forecast was for 516±150 icebergs. By the end of the season the total 

number had reached 1515. The 2019 forecast was therefore a formal failure, although it was 

predicting a ñhighò year, as was observed. The 2020 forecast (including the machine learning 

approach) was for a low/medium ice year with 584±303 icebergs by the end of July. The 

observed number by this point was 169 (personal communication, Michael Hicks, IIP), 

representing a ñlowò iceberg year. The observed 2020 iceberg number fell outside the error 

bars, but there was an exceptionally large uncertainty in the 2020 forecast, with 4 of the 11 

members of the ensemble falling into the ñlowò category. This spread in the forecast 

probability amplified the need for alternative approaches; these are provided by the new 

machine learning models discussed below and it will be seen that their forecast for 2020 was 

definitely for a ñlowò iceberg year. The 2021 forecast was for 675±123 icebergs, with the 

machine learning models predicting a medium year. As only one iceberg was observed, early 

in the year in February, 2021 was an extremely low year and the forecast was a failure. 

As it was previously found that using WERR model ensemble members generated from 

more recent years seemed to produce closer ensemble results to reality than those earlier in 

the trial period (as they better represent the dominant environmental factors at play at that 

time), here the twenty year WERR model training period has been moved forward two years 
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to 2018 (see Appendices Table S1). Only the terms with a time lag time of at least eight 

months were selected, which allows production of a predictive model eight months ahead. 

The selected terms are also required to have an ERR (Error Reduction Ratio) of 0.02 or 

higher, where the ERR is a measure of how well the selected term explains fluctuations in 

system variance (Zhao et al., 2017). This contribution is shown in the following equation (1): 

 

(1) 

Note that yj is the system output and xi comes from P = X  V, where P is the matrix of 

potential terms and V is an upper triangular unit matrix. Where g is estimated by equation 

(2): 

(2) 

The ERR outcome is a percentage, and therefore has a maximum value of 100%. Greater 

values of ERR represent a higher contribution by the selected variable (Zhao et al., 2017).  

The time series of the performance of the WERR model over the period 1989ï2018 is 

shown in Figure 2.3. While the model often under-estimates the peak spring value of I48N, 

and over-estimates iceberg numbers in very low iceberg years, its representation of the annual 
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cycle (upper panel) and the annual total (lower panel) is good, with the latter having a 

statistically significant (at the 1% level) correlation of 0.87. 

 

Figure 2.3 Plot of WERR model fit vs. observed data for the latest 30-year window 

model. Upper panel shows the monthly fit, while the lower panel shows the annual 

total produced by the model, compared to observations. 

Overall, the WERR model can be used to model complex systems where the variables 

have a non-linear correlation, which is useful in this application as the lead up to iceberg 

calving is a non-linear process (Zhao et al., 2017). The ensemble of WERR models can be 

seen in the Appendices (Table S1), where the terms in bold were found to have a significant 

enough correlation to be included in the forecast. This is read into a Matlab file, where the 
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environmental data is inputted, and run to produce a cumulative forecast of monthly iceberg 

numbers south of 48°N, up to 9 months ahead.   

2.2.2 A Machine Learning Approach 

2.2.2.1 The Additional Yearly Iceberg Properties 

While a prediction of the total number of icebergs past 48°N in a year is a useful tool 

in understanding iceberg risk, other factors, including how early and late in each season 

icebergs will enter the shipping lanes, are also of use to shipping (personal communication 

with Michael Hicks, IIP). Therefore, three new measures have been included in the iceberg 

forecast, using a machine learning approach. These are a prediction of the peak month, the 

number of peaks and the rate of change. The machine learning tools have also been used to 

create a forecast of the maximum annual I48N number, to supplement the WERR model 

prediction. 

In an average year, North Atlantic icebergs are most prevalent in the months between 

March and June (Figure 2.4). However, which month contains the greatest flux, and so has 

the greatest risk to shipping, is variable. Therefore a prediction for the month in which the 

ópeakô occurs has been made for the 2021 ice season, estimated based on monthly values. An 

outcome of ó0ô reflects a prediction that the peak will occur between January and March. A 

result of ó1ô reflects April, and ó2ô denotes May. A value of ó3ô suggests the peak month will 

be in June or later in the year. 

Figure 2.3 also suggests that it is usual to have one dominant peak in monthly iceberg 

number, however, this is not necessarily the case. In some years, including 2019 

(International Ice Patrol, 2019), more than one peak was observed. Therefore, machine 

learning tools have been used to predict the number of peaks in the 2021 iceberg forecast. A 
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result of ó1ô suggests a single peak, whereas ó2ô denotes a year with multiple peaks. As daily 

data are only available for the last decade, monthly values have been used to estimate 

whether a year had one or more peaks. 

The rate of change prediction is a measure of how rapidly icebergs are passing 48°N 

and entering the shipping lanes (calculated by the number of icebergs in each month passing 

48°N compared to the yearly total - due to the historically small amount of available daily 

iceberg data). Iceberg numbers can vary significantly in a short period of time, and having 

some warning of this would be of use to shipôs captains. Therefore, the maximum rate of 

increase in each ice year from 1900 to 2020 was calculated, and, when ordered, the lower 

third were categorised as low, ó0ô, the centre third as medium, or ó1ô, and the highest third as 

ó2ô or high. 

In addition to the measures predicting iceberg behaviour, a machine learning approach 

has also been used to predict the annual I48N total. Here the categories are defined by the IIP, 

therefore a low year, ó0ô, has less than 231 icebergs past 48ÁN, a medium year, ó1ô, has 

between 231 and 1036, and a high year, ó2ô, has more than 1036. In order to improve model 

accuracy only three categories have been used for prediction, however the IIP also includes a 

definition for an extremely high ice year of more than 1399 icebergs.  



 

  

28 

 

Figure 2.4 Plot of the average number of icebergs past 48°N in each month, from 

1950 to 2020. 

Figure 2.5 shows the main features of an iceberg year for the new prediction 

measures. The new measures have been outlined on the plot and can be seen to represent the 

main differences between one iceberg year and another. Two recent years, 2017 and 2019, 

have been highlighted, as they show strong characteristics of particular measures. The 

magenta line, representing 2019, clearly shows a multiple peak year, with a high rate of 

change and a high I48N. As the most significant peak that year occurs in May, this is the peak 

month. The blue line, showing 2017, has a much gentler increase across the year, and 

therefore a low rate of change. As the greatest increase was in April, this is the peak month 

for that year. 2017 also only has one iceberg peak, and a medium I48N. The black lines show 

the last 50 years of cumulative iceberg numbers across the season. It can be seen that the 

greatest change in iceberg numbers usually occurs between March and June. Figure 2.5 also 
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shows that there is high variation in the total I48N, ranging from 0 to more than 2000 

icebergs in a year, with the low, medium, and high divisions being clear. 

 

Figure 2.5 Plot of the cumulative iceberg numbers south of 48° N in the last 50 years. 

2019 and 2017 have been highlighted (in magenta and blue, respectively) as they 

show clearly the characteristics of each new measure for prediction within the context 

of an iceberg season. 

These new measures allow for a better understanding of iceberg behaviour in a future 

season, and when combined with the WERR prediction, the yearly forecast aims to aid the 

IIP in reducing iceberg risk in the North-West Atlantic.  

2.2.2.2 The Machine Learning Models 

For the new measures, three machine learning models were tested and compared: Linear 

Discriminant analysis, a Linear Support Vector Machine algorithm (SVM), and a Quadratic 

SVM algorithm. The models use knowledge of the annual means of the three environmental 



 

  

30 

parameters forcing the control systems model (SMB, LSST and NAO), and allow a measure 

of auto-regression through having knowledge of the previous yearsô value of the appropriate 

measure of the environmental parameters and I48N. While there are other machine learning 

models, such as Random Forest or Gradient Boosting, that could be considered, these 

particular models have been selected due to their strength in classification tasks (Khondoker 

et al., 2016). It was found in Khondoker et al. (2016) that the Linear Discriminant approach 

was best for model precision, especially in circumstances with relatively few input variables. 

It was also suggested that the SVM method has the potential to outperform all other surveyed 

models when the number of input variables increases. Therefore, these approaches seem to 

complement each other, and were also all shown to have predictive skill beyond random 

chance (see Section 2.3). It should be noted that this chapter aims to demonstrate the proof-

of-the-concept of machine learning for this specific application, rather than optimising their 

prediction performance. Further research could look at involving other relevant machine 

learning models for a comprehensive comparison of prediction performance. 

Linear discriminant analysis, also known as the Fisher discriminant, has been used since 

1936 (Fisher, 1936). While much has changed since then, the base application remains the 

same. Multiple variants of the theory exist, in fields ranging from earthquake-induced 

liquefaction (Pham & Prakash, 2019.) to text classification (AbuZeina & Al-Anzi, 2018). In 

general, linear discriminant analysis is a variable reduction technique, with a strong pattern 

recognition ability (Khondoker et al., 2016), and is therefore a useful tool for classification 

purposes.  

Both linear and quadratic SVM algorithms are popular tools that attempt to locate an 

optimal boundary between classes for classification purposes (Bhuvaneswari & Kumar, 
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2013). A visualisation of finding the optimal linear hyperplane can be seen in Figure 2.6. 

While a quadratic boundary between classes is less easy to envision, the general principle 

remains the same: divide the data into classes by finding the best possible boundary between 

them. Many examples of this practice can be seen in the medical field, in analysing enzymes 

for liver disease (Fathi et al., 2020) or diagnosing whether a tumour is malignant or benign 

(Obaid et al., 2018), but examples are beginning to be encountered in environmental sciences, 

such as flood classification (Khan et al., 2019) or crop disease assessment (Chokey & Jain, 

2019).  

 

Figure 2.6 Visualisation of the optimal linear hyperplane (solid line) that classifies the 

data into two classes (diamonds and stars) in a support vector machine approach; 

inspired by Bhuvaneswari & Kumar, 2013. The support vectors are shown by the 

dashed lines. 

The machine learning models have been run through the MATLAB Classification 

Learner App. All three approaches were trained on a thirty year sliding-window method in 

order to utilise the relatively short dataset of yearly values since 1901, and for consistency 
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with the WERR approach (Zhao et al., 2016). They are then tested on the following year, 

starting at 1931, rolling forward. An average accuracy and error value can then be calculated 

from the 86 runs per model, as opposed to having a single accuracy value. 

2.3 Sensitivity of the Machine Learning Tools 

2.3.1 Model Accuracy 

The average accuracy, F1 score, and root mean squared error (RMSE) of the various 

machine learning models can be seen in Table 1. Accuracy has been calculated simply by 

recording the percentage of times the model result was true, meanwhile the F1 score is a 

measure of precision and recall, and is commonly used to reflect machine learning model 

accuracy, however both are useful for assessing binary classification results (Chicco & 

Jurman, 2020). When forecasting the I48N annual total, the output can either be low, 

medium, or high. As there are three possible outcomes, an accuracy of more than 33% is 

desirable to show that the method has some skill beyond random chance. Similarly, for the 

maximum rate of increase in an ice year forecast, there are also three outcomes: either low, 

medium or high. However, when forecasting the number of peaks in an ice year, there are 

only two possible outcomes: either one or multiple. Therefore, for the prediction to show skill 

beyond random chance, an accuracy of more than 50% is required. Lastly, for the prediction 

of when the peak month will occur in an ice year, there are four possible outcomes: January 

to March, April, May, or June onwards. This prediction therefore has the lowest requirement, 

of more than 25%, of performance better than random chance. 
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Table 2.1 Showing the accuracy, F1 score, and root mean squared error (RMSE) of the 

various machine learning models over the trial period of 1931ï2017. The last row shows the 

mean skill level for each variable predicted, defined as the mean model accuracy/(expected 

random accuracy). 

 I48N Annual Total Rate of Change Number of Peaks Peak Month 

 

Accuracy 

(%)  F1 RMSE 

Accuracy 

(%)  F1 RMSE 

Accuracy 

(%)  F1 RMSE 

Accuracy 

(%)  F1 RMSE 

Linear 

Discriminant 54.6512 0.66 0.7924 41.8605 

0.5

2 1 55.814 

0.7

7 0.6647 26.7442 

0.

54 1.3118 

Linear SVM 50 0.7 0.8627 37.2093 

0.6

2 1.023 56.9767 

0.7

8 0.6559 26.7442 

0.

59 1.2152 

Quadratic SVM 50 0.71 0.9022 41.8605 

0.5

9 1.0173 60.4651 

0.7

7 0.6288 30.2326 

0.

52 1.3725 

Mean Skill level 1.55   1.21   1.16   1.12   

 

From Table 2.1, it can be seen that the three machine learning models have similar 

levels of accuracy and RMSE between models when considering each new measure, however 

the Quadratic SVM is overall the best at predicting the peak month and the number of peaks, 

while the Linear Discriminant best forecasts I48N. However, the skill level, defined as the 

mean model accuracy/(expected random accuracy), differs between measures modelled. The 

model of the annual I48N total is the most skillful by some margin, while the skill levels for 

models of each of the other three measures are similar. The F1 score also agrees with this. 
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While the number of peaks prediction has a higher F1 score than I48N, reflecting high model 

precision, this is offset by the forecast having the lowest number of possible outcomes. 

Similarly, the peak month prediction has the greatest number of outcomes, and therefore has 

an expected lower precision. 

The forecast for a particular measure is defined as a collective view of the combined 

models of a given measure. While the models often agree on individual measures, the 

likelihood of the models predicting all four measures the same is low. For the 2021 forecast, 

when the models predicted different outcomes for a measure, the forecast was the outcome 

that had been predicted more than once. 

2.3.2 Machine Learning Hindcasts 

Here the 2017ï2021 machine learning hindcasts are presented, and can be seen in 

Table 2.2. Interestingly, the Linear Discriminant and Linear SVM hindcasted the same result 

across all measures for the years 2017ï2020; however, this was not the case for the 2021 

forecast, nor has this historically been the case. 
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Table 2.2 Machine learning hindcasts (in order Linear Discriminant, Linear SVM and 

Quadratic SVM) separated by commas. The observed class is shown in bold. 

Year I48N RoC Peak Month No. of Peaks 

2017 1,1,1 1 1,1,1 0 2,2,2 1 1,1,1 1 

2018 1,1,1 0 0,0,1 1 2,2,1 0 2,2,1 2 

2019 2,2,2 2 0,0,1 1 1,1,2 2 1,1,1 2 

2020 0,0,1 0 1,1,0 2 2,2,2 1 1,1,1 1 

2021 1,1,1 0 1,0,0 0 3,3,1 0 1,1,1 1 

 

The 2017 hindcast was for a medium iceberg year across all models, and this was the 

observed case. The three models also successfully hindcasted one peak. However, all models 

were incorrect in hindcasting a medium rate of change (observed low) and a peak month of 

May, as opposed to the true April. Overall, the hindcast was fairly successful, hindcasting 

both I48N and the number of peaks correctly. There was also high model unity between all 

measures. 

For 2018, all models incorrectly hindcasted a medium iceberg year, when a low year 

was observed. While there is less agreement between the models for the other three measures, 

all incorrectly hindcasted the peak month (April and May, when JanuaryïMarch was 

observed). Only the Quadratic SVM successfully hindcasted the rate of change (medium); 

however, the Linear Discriminant and Linear SVM models successfully hindcasted the 

number of peaks (two) where the Quadratic SVM failed to do so. Overall, this hindcast was 

unsuccessful, with only individual models successfully hindcasting. 
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For the 2019 season, all models successfully hindcasted a high iceberg year; however, 

they all failed to hindcast a second peak. Only the Quadratic SVM successfully hindcasted 

both the rate of change and the peak month (medium and May). Overall, the Quadratic SVM 

hindcast was very good for this year; however, the two linear models were less successful. 

For the 2020 hindcast, both the Linear Discriminant and the Linear SVM successfully 

hindcasted a low iceberg year, and all models hindcasted one peak. However, no model 

hindcasted a high rate of change or that the peak would occur in April. Overall, the hindcast 

was fairly successful when looking at the linear models. 

For 2021, all models predicted a medium I48N and one peak. There was significant 

disagreement regarding the month in which the peak would occur, however April was 

selected overall for the forecast as this is the more common peak month than June onwards. 

A low rate of change was also chosen overall, despite the Linear Discriminant prediction of a 

medium rate of change. While the rate of change and number of peak predictions were 

successful, I48N and the peak month were not. 2021 was an extremely low year, as 

previously noted, with an early peak in February (the only observed iceberg past 48°N). This 

is potentially why there was so much disagreement over the peak month prediction. 

These hindcasts show that, while the individual models often fail to predict certain 

measures, it is common for at least one model to successfully predict each outcome. This is 

true for the long-term trend, not just the four years hindcasted here. Therefore, it is in 

deciding which model results should take precedence that further work on this topic should 

focus on. 

2.3.3 Properties of the Machine Learning Models 
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Table 2.3 shows all combinations of the four machine learning outputs that have been 

predicted or observed in the testing period (1931ï2017). In the Table 2.3 format ([I48N, RoC, 

peak month, number of peaks]), the 2021 forecast is [1,0,1,1]. This combination was 

previously observed twice; however, it is rarely a predicted combination, only appearing once 

in the Linear SVM outputs and never in the Linear Discriminant or the Quadratic SVM. The 

most common predicted outputs for each machine learning tool, respectively, are: [1,0,2,1], 

[1,0,2,1], and [0,0,2,1]. The most common observed combinations are [0,0,2,1] and [1,1,1,1]. 

The similarity in the predicted outcomes is consistent with observed results, in that one peak 

in May (e.g., [x,x,2,x]) is a common scenario. Likewise, one peak in April ([x,x,1,x]) is also 

often predicted, as in the second common observed combination. However, it is notable that 

there is a wider range of observed combinations (44) than any of the models predict (43, 34, 

and 39, respectively). The Linear Discriminant Model appears to best reflect the range of 

observed combinations, and also has a similar distribution across the structure given in Table 

2.3. 
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Table 2.3 Machine learning output combinations over 1931ï2017. Here the order is: I48N, 

rate of change (RoC), the peak month, and the number of peaks. Therefore, a combination of 

[0,0,2,1] is for a low ice year, with a low rate of change, and one significant peak in May. 

The last row in each set shows the sub-column totals, with the total sub-set of combinations 

in brackets in the first column. 

 

Combinations 

with 0 I48N 

Number of 

Repetitions 

Combinations 

with 1 I48N 

Number of 

Repetitions 

Combinations 

with 2 I48N 

Number of 

Repetitions 

Observed 

Combinati

ons 

 

 

 

 

 

 

 

 

 

 

[0,0,2,1] 6 [1,1,1,1] 6 [2,1,1,1] 3 

[0,2,1,2] 3 [1,2,2,1] 3 [2,0,2,1] 2 

[0,1,2,1] 3 [1,1,2,2] 2 [2,2,3,2] 2 

[0,2,0,2] 3 [1,0,2,1] 2 [2,2,0,1] 2 

[0,2,1,1] 3 [1,2,1,2] 2 [2,2,2,2] 2 

[0,2,2,1] 3 [1,2,1,1] 2 [2,2,2,1] 1 

[0,0,1,1] 3 [1,0,1,1] 2 [2,1,3,1] 1 

[0,0,3,2] 2 [1,1,0,1] 1 [2,0,1,2] 1 

[0,1,1,1] 2 [1,1,2,1] 1 [2,0,3,1] 1 

[0,1,0,2] 2 [1,1,3,2] 1   

[0,0,1,2] 2 [1,0,3,1] 1   

[0,1,3,1] 2 [1,2,0,2] 1   

[0,1,2,2] 2 [1,2,3,2] 1   

[0,2,2,2] 2 [1,0,3,2] 1   

[0,1,1,2] 1 [1,0,0,2] 1   

[0,0,0,2] 1 [1,2,0,1] 1   

  [1,0,0,1] 1   

  [1,2,3,1] 1   
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  [1,1,3,1] 1   

Total (44) 16 40 19 31 9 15 

 

 

 

Linear 

Discrimina

nt Output 

Combinati

ons 

(ld) 

[0,0,1,2] 5 [1,0,2,1] 6 [2,2,2,1] 2 

[0,1,2,1] 4 [1,2,2,1] 4 [2,0,2,2] 2 

[0,2,0,1] 3 [1,1,1,1] 4 [2,2,1,1] 2 

[0,2,2,1] 3 [1,2,1,1] 4 [2,2,3,2] 1 

[0,2,2,2] 3 [1,0,2,2] 3 [2,2,1,2] 1 

[0,1,1,2] 3 [1,1,3,1] 2 [2,1,1,2] 1 

[0,2,1,2] 3 [1,2,3,2] 2 [2,2,3,1] 1 

[0,0,3,2] 2 [1,0,3,2] 1 [2,0,2,1] 1 

[0,2,1,1] 2 [1,0,0,2] 1 [2,1,3,1] 1 

[0,1,2,2] 2 [1,0,1,2] 1 [2,1,2,1] 1 

[0,1,3,1] 2 [1,2,0,1] 1   

[0,1,0,1] 2 [1,1,0,1] 1   

[0,0,2,1] 1 [1,2,3,1] 1   

[0,0,1,1] 1 [1,1,2,1] 1   

[0,1,0,2] 1 [1,0,3,1] 1   

[0,1,1,1] 1     

[0,0,2,2] 1     

[0,2,0,2] 1     

Total (43) 18 40 15 33 10 13 

Linear 

SVM 

Output 

Combinati

ons 

(ls) 

[0,0,2,1] 5 [1,0,2,1] 6 [2,2,1,2] 3 

[0,1,2,1] 5 [1,2,2,1] 4 [2,1,2,1] 2 

[0,0,1,2] 5 [1,1,2,1] 4 [2,0,3,1] 2 

[0,2,2,1] 5 [1,0,2,2] 3 [2,1,1,2] 1 
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[0,2,1,1] 5 [1,2,0,1] 3 [2,2,2,1] 1 

[0,0,2,2] 3 [1,2,1,1] 2 [2,1,2,1] 1 

[0,1,1,1] 3 [1,1,1,1] 2   

[0,2,1,2] 3 [1,0,1,2] 2   

[0,1,2,2] 2 [1,1,3,2] 1   

[0,1,1,2] 2 [1,2,3,2] 1   

[0,2,0,1] 2 [1,0,1,1] 1   

[0,2,2,2] 2 [1,2,1,2] 1   

[0,0,1,1] 1 [1,0,3,1] 1   

[0,2,3,1] 1     

[0,1,0,1] 1     

Total (34) 15 45 13 31 6 10 

Quadratic 

SVM 

Output 

Combinati

ons 

(qs) 

 

 

 

 

 

 

[0,0,2,1] 7 [1,1,2,1] 5 [2,2,2,2] 2 

[0,2,2,1] 5 [1,2,0,1] 3 [2,2,0,2] 2 

[0,0,1,2] 4 [1,2,1,1] 3 [2,0,3,1] 1 

[0,2,1,2] 4 [1,2,2,1] 2 [2,2,0,1] 1 

[0,1,1,1] 4 [1,0,2,1] 2 [2,1,2,1] 1 

[0,0,0,1] 3 [1,1,2,2] 2   

[0,1,2,2] 3 [1,1,1,1] 2   

[0,2,1,1] 3 [1,2,1,2] 2   

[0,2,2,2] 3 [1,2,3,1] 2   

[0,2,3,2] 2 [1,2,2,2] 1   

[0,0,2,2] 2 [1,0,1,2] 1   

[0,1,2,1] 2 [1,2,0,2] 1   

[0,2,0,1] 2 [1,1,0,2] 1   
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[0,0,3,1] 1 [1,0,2,2] 1   

[0,1,1,2] 1 [1,0,0,1] 1   

[0,0,3,2] 1     

[0,1,0,1] 1     

[0,1,0,2] 1     

[0,2,3,1] 1     

Total (39) 19 50 15 29 5 7 

 

Figure 2.7 attempts to show in another, more graphical way, the common patterns in 

the observed combinations. This clearly shows that one peak (the red circles) is significantly 

more common than multiple peaks (in blue). The plot also shows that the majority of 

observed combinations have a low or medium I48N and a peak month of April or May. This 

seems sensible, as the average I48N has been increasing over the last century, and the 

training period is 1931 to 2017. Also, as previously mentioned, the peak month is usually 

April or May. Figure 2.8 shows, for comparison, the Linear Discriminant model distribution 

which most resembles the observed results. In general, the clustering occurs at similar 

locations but with the main differences at times of low rate of change. The model is also more 

likely to predict multiple peaks; however, as previously stated, the observational results may 

be under-representing this aspect. For reference, the 3D scatter plots of the Linear and 

Quadratic SVM models have been included in the supplementary material as Figures S1 and 

S2. 
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Figure 2.7 Plot of the observed combinations from the testing period of 1931ï2017, 

where I48N, the rate of change, and the peak month are marked on the axis. A red 

circle corresponds to one peak, while blue represents multiple peaks. The larger the 

circle, the more times that combination has occurred. 
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Figure 2.8 Plot of the Linear Discriminant combinations from the testing period of 

1931ï2017, where I48N, the rate of change, and the peak month are marked on the 

axis. A red circle corresponds to one peak, while blue represents multiple peaks. The 

larger the circle, the more times that combination has occurred. 

Another question regarding how well the machine learning models perform relative to 

the observed states is how well they do overall for each measure. Table 2.4 attempts to show 

this, through a comparison of the means and standard deviation of the various models 

compared to observations. The prediction of the number of peaks was excluded here as there 

are only two possible outcomes, and it can be seen from Figure 2.6 and Figure 2.7 that one 

peak is overwhelmingly dominant. Table 2.4 shows that the Linear Discriminant outputs have 

the most similar distribution to the observed results, with a very small net difference across 

all three measures. The Linear Discriminant modelôs mean is best for two of the three 

measures (I48N and rate of change), and its standard deviation is best for all of the measures. 
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Table 2.4 Distribution of combinations. The table shows the mean and standard deviation of 

the predicted and observed I48N, rate of change (RoC), and the peak month over the trial 

period of 1931ï2017. Also shown is the total difference between the unweighted means of 

each of the three quantities predicted and the observations. Models closest to observations are 

shown in bold for each measure. 

Observed/Model I48N RoC Peak Month Total Diff. from Obs. 

Observed 0.71 ± 0.75 1.07 ± 0.82 1.51 ± 0.94  

Linear Discriminant 0.69 ± 0.72 1.06 ± 0.85 1.58 ± 0.91 0.1 

Linear SVM 0.58 ± 0.69 0.99 ± 0.87 1.50 ± 0.73 0.22 

Quadratic SVM 0.50 ± 0.65 1.16 ± 0.85 1.41 ± 0.90 0.4 

 

A final aspect of the machine learning models examined here is how successful the 

models are in predicting individual combinations for specific years. Table 2.3 showed that the 

Linear Discriminant Model had almost as many outcomes as in the observations, therefore 

the question is how this links to successful predictions. The successfully predicted 

combinations from the testing period of 1931ï2017 can be seen in Table 2.5. Random chance 

suggests that only 1.36% of the 86 outcomes, or just one, would be expected to be predicted 

by a model if there were no skill in the models. However, 10 of the 44 observed combinations 

were successfully predicted by one or another of the models. One common combination, 

[0,0,2,1], which represents a low iceberg year, with a low rate of change and one peak in 

May, was correctly predicted multiple times. Each of the models showed levels of skill, with 

five, five, and nine successful predictions for the Linear Discriminant, Linear SVM, and 
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Quadratic SVM models, respectively. Overall, Table 2.5 shows that the Quadratic SVM 

approach is the most likely to predict the entire combination, with the fewest ñfalse alarmsò. 

However, as even this tool successfully predicted only just over 10% of the yearsô ice states 

exactly, it shows that assessment of likely iceberg season risk remains exploratory. Overall, 

the three machine learning models help to build a more comprehensive practical idea of 

iceberg conditions in a given year, rather than just predicting a final total. 
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Table 2.5. Showing all the successfully predicted combinations over the trial period of 1931ï

2017, with the number of times this occurred compared to how many times it was predicted. 

In the list of successful combinations, the number in brackets gives the number of years in 

which this combination was found. 

    Number of Successful Prediction Total Number of Predictions 

Successful 

Combination 

Linear  

Discriminant  Linear SVM  

Quadratic 

SVM 

Linear  

Discriminant  

Linear 

SVM 

Quadratic 

SVM 

0 0 1 2 (2) 1 1 1 5 5 4 

0 0 2 1 (6) 1 2 2 1 5 7 

0 1 1 2 (1) 1 0 0 3 2 1 

0 1 2 1 (3) 0 1 1 4 5 2 

0 2 1 1 (3) 0 0 1 2 5 3 

0 2 2 1 (3) 0 0 1 3 5 5 

1 0 2 1 (2) 1 1 1 6 6 2 

1 2 1 1 (2) 1 0 0 4 2 3 

1 2 2 1 (3) 0 0 1 4 4 2 

2 2 2 2 (2) 0 0 1 0 0 2 

Total 5 5 9 32 39 31 
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2.4 The 2022 Forecast 

 The WERR 2022 forecast can be seen in Figure 2.9, with the machine learning 

forecast in Table 2.6. The WERR prediction shows a lower than average year. The figure also 

shows that while previously the 10 year average has been higher than the 50 year average, 

due to the number of very low years in the last decade the 50 year and 10 year averages are 

almost exactly equal. The machine learning aspect overall predicts a medium iceberg year 

(when the average of the three measures is taken), however when combined with the WERR 

forecast and noting the range in the I48N machine learning prediction, the joint forecast is for 

a medium year but on the lower side. A low rate of change and one peak in April is also 

predicted. This forecast was released to the IIP in December 2021. It was also made widely 

available on the University of Sheffield website in January 2022 (see 

https://www.sheffield.ac.uk/geography/news/forecast-2022-iceberg-season-newfoundland-

canada).  

 

https://www.sheffield.ac.uk/geography/news/forecast-2022-iceberg-season-newfoundland-canada
https://www.sheffield.ac.uk/geography/news/forecast-2022-iceberg-season-newfoundland-canada
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Figure 2.9 Plot of the 2022 iceberg forecast, including the average number of icebergs 

past 48°N by August in the last 10 and 50 years. 

Table 2.6 2022 Machine Learning Model Predictions. 

 I48N RoC Peak Month No. of Peaks 

Linear Discriminant 2 1 1 1 

Linear SVM 1 0 1 1 

Quadratic SVM 0 0 1 1 

 

2.5 Bergy Bits and Growlers 

 The Canadian Government defines an iceberg to be ice extending 5 or more metres 

above the sea surface, and 15 or more metres in length (Canada, 2022). Smaller óicebergsô 

than this are referred to as bergy bits, while any less than one metre above the sea surface and 

less than 5 metres in length are known as growlers (Canada, 2022). Despite the reduced size, 

they are often of a scale great enough to cause damage to ships, with collision with a bergy 

bit is thought to have resulted in the sinking of the Shrimp Trawler BCM Atlantic in 2000, off 

the Labrador Coast (Hill, 2000). However, the yearly total released by the IIP does not 

include bergy bits and growlers (Report of the International Ice Patrol in the North Atlantic, 

2019). Therefore in this section, the aim is to determine the relationship between I48N and 

the number of bergy bits and growlers, in order to predict likely 2022 levels. 

 The iceberg data released by the IIP includes a measure of iceberg location and size 

(available at https://data.noaa.gov/dataset/dataset/international-ice-patrol-iip-iceberg-

sightings-database). Therefore data can be used to identify both the presence and the location 

https://data.noaa.gov/dataset/dataset/international-ice-patrol-iip-iceberg-sightings-database
https://data.noaa.gov/dataset/dataset/international-ice-patrol-iip-iceberg-sightings-database
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of observed bergy bits and growlers. However, as growlers in particular can be very small, 

and as they are not included in the IIP yearly total, not all bergy bits and growlers in the 

Newfoundland region will have been identified. However, this is still useful for looking at 

trends. 

 Figure 2.10 shows I48N compared to the yearly total number of bergy bits and 

growlers recorded south of 48°N. The data begins in 1998 as before this a different recording 

system was used, which did not include iceberg locations. It can be seen from the figure that 

I48N and the number of bergy bits and growlers are strongly related. This is supported by the 

high positive correlation between the two (0.7889 statistically significant at the 1% level). 

 

Figure 2.10 Plot showing I48N compared to the total number of bergy bits and 

growlers recorded south of 48°N each year between 1998-2020. 

 As the iceberg locations are also available, it is interesting to see whether there is also 

a relationship between I48N and the latitude of the furthest south bergy bit or growler in each 
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year. This is shown in Figure 2.11, where it is clearly seen that in high I48N years, bergy 

bits/growlers can survive further south. However, there is little difference in latitude past 

around 800 icebergs (a medium-high I48N). 

 

Figure 2.11 Scatter plot showing I48N compared to the latitude of the furthest south 

(recorded) bergy bit or growler each year between 1998-2020. 

Overall, there has been shown to be a strong positive correlation between I48N and 

the number of recorded bergy bits and growlers. Additionally, in low I48N years the furthest 

south recorded bergy bit or growler is found at a significantly higher latitude than in medium-

high I48N years. However, once this medium/high threshold is reached, the latitude of the 

bergy bit/growler does not show significant change, potentially as these small ice masses can 

not survive south of these latitudes. Therefore, this suggests that regarding the 2022 forecast, 

as a medium year, on the lower end, is predicted, that a slightly lower than average number of 



 

  

51 

bergy bits and growlers are likely to be recorded south of 48°N. Similarly, the latitude of the 

furthest south recorded bergy bit/growler is likely to be higher than in an average I48N year. 

2.6 Conclusions 

Overall, this chapter presents a new machine learning approach to forecasting iceberg 

behaviour in the North West Atlantic. The addition of these machine learning models to an 

existing and updated control systems forecast has been done to supplement the WERR result 

and to try to predict more detailed and practically useful aspects of iceberg behaviour in the 

forthcoming ice year. The flexibility of the machine learning tools allows for a prediction of 

practically any quantity, restricted only by the available data. The four new measures in this 

paper were selected after end-user feedback from the IIP that these forecast aspects would be 

of interest for monitoring purposes. The machine learning models themselves were selected 

due to their established success in classification tasks in the environmental sector; however, 

as this a new application of these models, future work may focus on optimising the selection 

of machine learning approaches to achieve the best prediction performance in this field. 

The WERR model forecast has been released to the IIP operationally every year since 

2018, and two of the machine learning predictionsðI48N and the rate of changeðwere also 

provided for the 2020 season. However, the 2021 ice season was the first to present all of the 

new measures and the WERR forecast. Both aspects of the forecast were also used for the 

2022 season forecast. While it can be seen from the presented figures and tables that the 

combined iceberg forecast is statistically useful for prediction, it must also be noted that in 

recent years the forecast has not been as successful as might have been expected. It may be 

that as the models were developed using data from the last century, the dominant 

environmental variables affecting I48N have changed over this time. However this is difficult 
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to prove, as only using a decade of data at a time would severely reduce the confidence in the 

result. The 1990ôs were a decade of near-consistent high I48N, which can be seen in Figure 

2.12. The 5-year moving average has also been included in orange to highlight this. It can be 

seen that from 1999 there has been an increase in the number of extreme low years. This is 

likely due to reduced sea ice extent as a result of climate change, as greater sea ice extent 

historically facilitates iceberg survival, through reduced wave erosion on the iceberg and the 

associated cooler sea surface temperatures. However, there is also large natural variability in 

I48N.  

 

Figure 2.12. Showing I48N each year from 1980 to 2021 in blue. The 5-year moving 

average is plotted in orange. 

Another effect of the gradually decreasing sea ice extent is allowing shipping further 

north. While there may be the beginnings of a decreasing trend in I48N (which is also seen 

from the NEMO ocean model in Chapter 4, to be discussed later), many recent years have 
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recorded high numbers of icebergs (for example 1515 in 2019). As such, there is real 

practical application in long term iceberg warning. A combined forecast of iceberg severity 

gives the shipping industry time to adjust routes and departure times to avoid regions of high 

iceberg density. While this work is not currently at a stage to be crucial to the shipping sector, 

it shows both the predictive capacity of these machine learning tools in an area of high 

natural variability, and is of interest to the IIP in their continued role patrolling the region. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

  

54 

3. Using an Intermediate Complexity Ocean Model to Assess Meltwater 

Impact from the Melting Greenland Ice Sheet 

3.1 Introduction and Model Overview 

3.1.1 Aims and Objectives 

This chapter presents the results from adding a meltwater component to the FRUGAL 

(the Fine Resolution Greenland and Labrador Sea) intermediate complexity coupled ocean-

iceberg model in four different scenarios of increasing realism and a control run. Analysis has 

then been done to identify the global ocean changes that result from the differences between 

these runs. There is a repeated focus on sea surface salinity because this variable is a clear 

indicator of freshwater addition. The strength of the main ocean currents have also been 

included in order to understand the larger impact of the meltwater input. This plays into the 

main aims of this chapter ï to assess the effect of meltwater input from the Greenland Ice 

Sheet (GrIS) on the ocean worldwide, in the context of human-induced climate change.  

The structure of the chapter is as follows: an overview of the model and relevant input 

data, a description of the differences between model runs, model results with a particular 

focus on sea surface salinity and changes in ocean circulation, a discussion and analysis 

section, and finally an overall conclusion.  

3.1.2 The Model and Input Data 

The coupled ocean-iceberg model FRUGAL (Wadley & Bigg, 2002) is a modified 

version of the Southampton-East Anglia (SEA) ocean general circulation model that was 

developed in Beare (1999). The model moves the North Pole to Greenland, utilising an 

orthogonal curvilinear grid discussed in Madec and Imbard (1996). This allows for 20 km 
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resolution around the coast of Greenland, but significantly coarser resolution in the Southern 

Hemisphere, of approximately 1.5° latitude by 2° longitude (Wilton et al., 2015). The fine 

resolution of the model allows the topography and bathymetry to be realistically expressed 

for the level of complexity of the model, most notably in globally important mixing channels 

(McCarron et al., 2021). FRUGAL uses a free surface which allows freshwater flux to change 

sea surface height, rather than a rigid lid approach (FRUGAL Model User Guide). The model 

has 19 vertical levels (from 30 m in thickness at the surface to 500 m for the lowest level), it 

includes the tracers temperature and salinity, with both allowing for  horizontal, vertical and 

isoneutral mixing (Wilton et al., 2015). 

The iceberg model was developed in Bigg et al. (1997), Gladstone et al. (2001) and 

Levine and Bigg (2008) and produces both iceberg flux and trajectories. The modelled 

icebergs are divided into size classes depending on the average observed size in each region, 

therefore icebergs calved from the Antarctic will be on average larger than Northern 

Hemisphere icebergs (McCarron et al., 2021). However, giant icebergs have not been 

included. Basal melting, wave erosion and buoyant convection are the dominant ways in 

which FRUGAL model icebergs melt (Levine & Bigg, 2008). Iceberg numbers are also 

scaled by the International Ice Patrolôs yearly iceberg total crossing the 48th parallel (see 

https://nsidc.org/data/G00807/versions/1), for temporally realistic yearly variability in the 

North Atlantic. Icebergs are seeded so that in the Northern Hemisphere January is the peak 

month for any location south of 64°N and July for any North of this; in the Southern 

Hemisphere, October is the peak release month (FRUGAL Model User Guide). Therefore, in 

the Northern Hemisphere the icebergs are realistically seasonally variable as icebergs that are 

inputted around Greenland in July reach 48°N in March-May as is observed by the IIP (see 

chapter 1 for more detail on this). In the Southern Hemisphere icebergs are also seasonally 

https://nsidc.org/data/G00807/versions/1
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variable but the annual total is constant (FRUGAL Model User Guide). This seasonality (in 

both hemispheres) is achieved by releasing 75% of each yearôs annual total in one peak 

month, then 15% the following month, and 10% on the following, therefore no icebergs are 

discharged six months after the peak (Wilton et al., 2015). There are 70 iceberg seeding 

locations in the Northern Hemisphere, and only 29 in the Southern Hemisphere (Wilton et al., 

2015). 

Regarding the model input data, gridded 3-hourly 20th Century reanalysis data: 

precipitation, sensible and latent heat flux, u and v wind components of momentum flux, 

upward and downward long wave radiation flux, and upward and downward short-wave 

radiation flux was accessed via Research Data Archive (available at https://rda.ucar.edu/) and 

transformed into daily averages. This data is derived from surface pressure observations, then 

observed sea-surface temperatures and sea-ice extent are used as reanalysis boundary 

conditions (Wilton et al., 2015). The data was then processed to be compatible with 

FRUGAL. The data from 1890 was used for these runs. The model is then forced with these 

variables: heat (sensible, latent and the radiation fluxes listed above), freshwater (where 

freshwater flux is the difference between precipitation and evaporation) and wind (zonal and 

meridional) (Wilton et al., 2015). The model does have an observed tendency to overestimate 

some fields, such as the strength of the AMOC, which has largely been attributed to the 20CR 

forcing fields used here (Wilton et al., 2015). 

Greenland runoff data is courtesy of David Wilton (see Wilton et al., 2015 for how 

this was calculated). This data was then extended from 2008 to 2015 with ERA 5 data, 

available at the Copernicus Climate Change Service Climate Data Store. The Wilton data has 

been calculated using 20th Century reanalysis input data accessed via https://psl.noaa.gov/, 

https://rda.ucar.edu/
https://psl.noaa.gov/
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and consists of surface latent heat flux, precipitation, and air temperature 2m from the 

surface. The evaporation rate is then calculated by dividing the surface latent heat flux per 

time step by either the latent heat of evaporation or sublimation, and rescaling. When the air 

temperature is above freezing, the latent heat of evaporation used is 2.5x10  J/kg. Whereas, 

when the air temperature is below this point, the latent heat of sublimation (equal to 2.83x10  

J/kg) is used instead. After rescaling the variables and applying multiple ice masks, a monthly 

runoff total per degree latitude/longitude is outputted. A much-simplified version of this 

calculation is that runoff is equal to precipitation plus snowmelt, minus evaporation.  

3.1.3 The Model Runs 

The five model runs vary over input time and quantity, see Table 3.1 for a formal 

definition of each run. Note that for all runs, eleven input locations for the Greenland 

meltwater have been used. These locations have been chosen as they reflect the most 

significant regions of freshwater input around Greenland (Figure 3.1). The first non-control 

run (hereby denoted as Run 2) inputs a constant quantity of freshwater only over the summer 

months. Run 3 has monthly varying freshwater input across the whole year. Run 4 has yearly 

varying freshwater input. Run 5 has monthly and yearly varying freshwater input and is 

therefore theoretically the most realistic. 

 

 

 

 

Table 3.1 Outlining the differences between FRUGAL model runs 
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Model Run Time period of freshwater input Freshwater quantity 

Run 1 Control run (no inputted runoff). Control run (no inputted 

runoff). 

Run 2 Only during the summer months 

(early June to late August). 

Constant input, varying only 

for each location. These 

values were the average of 

the period 1980-2015 over 

each region. 

Run 3 Monthly varying input, constant for 

each year. 

The monthly average for 

each location over the 1980-

2015 period. 

Run 4 Yearly varying input, constant 

across all months. 

The yearly average for each 

location over the 1980-2015 

period. 

Run 5 Varying both monthly and yearly. The average for each month 

at each location, changing 

yearly with the data. 
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Figure 3.1 Map of Greenland showing the approximate input locations.  

3.1.4 Model Run Input Data 

 The calculated runoff data used for the four model runs can be seen in the following 

tables. Note all have been rounded to 1 decimal place. Table 3.2 shows the average runoff for 

each input location over the summer months (June, July and August) for the 1980-2015 time 

period that was used for Run 2. Table 3.3 shows the runoff data used on Run 3, where the 

data has been averaged over the entire time period for each month and location. Table 3.4 
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shows the input data for Run 4, where the runoff data has been averaged for each year, across 

all months, for each location. The input data for Run 5 can be seen in the appendix (Table S2) 

due to its length and shows the input runoff varying monthly and yearly for each location. 

  The Greenland input locations were chosen as they were the areas of most significant 

surface runoff contribution. These were the areas of greatest surface runoff averaged between 

1980 and 2015, from Wilton et al., 2015 data. However, as can be seen from Table 3.2, there 

is a large range in the size of this contribution. The input location at 72.66°N, 20.57°W adds 

17 times less than that at the location 64.51°N, 51.31°W. Geographically, the largest 

quantities of freshwater are from Jacobshavn and the Scoresby Sund, with significant 

contributions from both the Helheim and Kangerdlugssuaq glaciers. The Run 4 values are 

lower than comparable Run 2 values as Run 4 uses the freshwater average across the whole 

year, whereas Run 2 only averages the summer months. From Figure 3.2, a plot of the 

monthly varying freshwater input of Run 3, it can be seen that the majority of runoff occurs 

between early May and late September. The peak is usually July or August, and as such the 

ósummerô months used for Run 2 are defined as June, July and August. From Figure 3.3, 

significant yearly variation exists in the Run 4 input data. No clear overall increasing trend 

can be seen from this plot, instead each location is individually influenced by the year. 
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Table 3.2 Showing the location and runoff data used for Run 2, with runoff data 

rounded to one decimal place. Note that ósummerô is defined as June, July and 

August. 

Latitude Longitude Average Summer Runoff from 1980-2015 (t/yr)  

64.51 -51.31 214047.2 

60.94 -46.13 122585.2 

72.66 -20.57 12507.4 

75.03 -57.55 180667.7 

80.75 -12.43 41174.6 

71 -22.83 62685.4 

71.29 -51.68 40511.9 

65.95 -37.92 150761.6 

69.98 -27.18 46125.6 

68.49 -32.93 164096.4 

70.95 -22.3 146195.1 

 

Table 3.3. Input values for Run 3, showing the monthly average at each location for 

the years 1977-2015, in t/yr, rounded to 1 decimal place. 
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Figure 3.2 Plot of the runoff data at each input location used for Run 3, where the 

monthly average across all years (1980-2015) has been calculated. 
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Figure 3.3 Plot of the runoff data at each input location used for Run 4, where the 

average runoff for each year has been calculated. 

3.2 Model Results 

3.2.1 Overview 

The following section has been separated by location (world view, Northern 

Hemisphere and Southern Hemisphere) with all runs compared to the control run. A detailed 

look of the major seas and global passages that are likely to show the effect of meltwater 

input has been done. The reasoning behind choosing each location has been included in the 

appropriate section. These highlighted regions in the Northern Hemisphere are the Gibraltar 

Strait, the Bering Strait and the Labrador Sea. The strength of the Atlantic and Pacific 

Overturning Circulation has also been addressed. In the Southern Hemisphere, the regions are 

the Drake Passage and the Indonesian Throughflow (although it is noted that the Indonesian 

Throughflow has a Northern Hemisphere component as well). More generally, the Northern 

and Southern Hemisphere Overturning flow rates have also been analysed. There has been 

greater focus on the Northern Hemisphere as that is where the additional freshwater has been 

inputted, and therefore where the clearest results are expected. However, it will be shown that 

the inputted runoff is also having an effect in the Southern Hemisphere. Unless otherwise 

stated, all time-series plots use a 360-day running mean to show yearly variability.  

All runs, including the control run, include yearly variable Northern Hemisphere 

icebergs, this means that the calving rate from the GrIS has been scaled using the IIPôs 

dataset. Icebergs are also present in the Southern Hemisphere. Figure 3.4 shows the yearly 

variability in the number of icebergs observed past the 48th parallel by the IIP (denoted I48N). 

From year to year, I48N can range from 0 to more than 2000 icebergs. This variability shows 
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that while high/low iceberg years will have a local influence on the surface ocean, they are 

unlikely to be responsible for large-scale ocean changes. This is also historically true, with 

Barker et al., (2015) noting while the additional freshwater from melting icebergs may 

contribute to extending cold periods; they do not initiate such events. 

     

Figure 3.4 Plot of I48N from 1980-2015 as recorded by the IIP.  

3.2.2 The World View 

The plots of the Northern and Southern Hemisphereôs overturning circulations in Run 

1 can be seen in Figures 3.5 and 3.6 respectively. These plots show the background 

variability in the runs. The Northern Hemisphere plot shows two distinct phases: from 1987-

2000 and from 2005-2015, with a transitional period in between. The Southern Hemisphere 

plot has a smaller range than for the Northern Hemisphere, and shows two separate troughs at 

1990 and 2002-2005. Peaks in 1989, 1995 and 2013 can also be seen. This suggests the 

Northern Hemisphere experienced overall larger change in the time period, while the 
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Southern Hemisphere shows greater year-to-year variations. These regions give a good 

general overview of global circulation patterns. 

 

Figure 3.5 Plot of the strength of the Northern Hemisphere Overturning Circulation 

over time for Run 1. 
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Figure 3.6 Plot of the strength of the Southern Hemisphere Overturning Circulation 

over time for Run 1. 

The four non-control runs (2-5) have had the control run (Run 1) subtracted, in order 

to remove the background variations and instead see the impact of the additional freshwater. 

They have then been plotted with a 360-day moving average to see yearly variations. The 

Northern and Southern Hemisphere overturning circulations can be seen in Figure 3.7 and 3.7 

respectively. The Northern Hemisphere shows that the Run 5 freshwater input has a clear and 

immediate impact on the overturning circulation, compared to the three other runs. However, 

by 1994 all of the runs (except Run 2) show a similar pattern. This continues until 2009, 

where Run 5 again distinguishes itself from Runs 3 and 4, and returns to values more similar 

to Run 2. Overall, most runs show a sustained negative impact on the Northern Hemisphere 

overturning circulation from inputting increased freshwater runoff, which is most strongly 

seen in the 20-years between 1999 and 2009. After this point, Run 5 (theoretically the most 
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realistic run) returns to positive values, while Runs 3 and 4 remain at similar negative levels. 

Run 2 shows little variation over the time period, compared to the other runs, however, it 

does fluctuate above and below zero throughout. Figure 3.5 showed that in the control run, 

Northern Hemisphere overturning circulation increased significantly after 1999. This 

therefore suggests that the additional freshwater input acted to reduce this observed increase. 

 

Figure 3.7 Plot of the strength of the Northern Hemisphere Overturning Circulation 

over time. 

In the Southern Hemisphere (Figure 3.8), Run 5 again shows an immediate impact, 

before aligning closely to Runs 3 and 4 for much of the time period. Therefore, while all 

other runs take 5 years or so to affect Southern Hemisphere circulation, the freshwater in Run 

5 manages to impact the Southern Hemisphere circulation before it could realistically reach 

these areas. Overall, this period can be considered to be the system adjusting to the large 

quantities of freshwater suddenly inputted, rather than a useful indication of circulation 

changes. This is supported by Run 5 following closely to Runs 3 and 4 after this point. 
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Overall, in the Southern Hemisphere, while fluctuations above and below zero are recorded, 

looking at the scale it can be seen that the additional freshwater tends to result in a slight 

positive impact on overturning circulation. 

 

Figure 3.8 Plot of the strength of the Southern Hemisphere Overturning Circulation 

over time. 

 

3.2.3 The Northern Hemisphere  

Figure 3.9 shows the change in Atlantic Overturning Meridional Circulation (AMOC) 

over time. The trend observed in the Northern Hemisphere plot (Figure 3.5) can be seen here. 

Other studies also identify an increasing rate from 1995 to a peak in 2005, attributed mainly 

to decadal variability after a low period in the 1980s and early 1990s (Chen & Tung, 2018). 

The Atlantic Overturning Circulation is an important part of the global climate cycle, and a 

popular topic for discussion on anthropogenic climate change (Zhu & Liu, 2020). 
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Elsewhere in the Northern Hemisphere, the Gibraltar exchange flux shows a period of 

suppressed activity between 1993 and 2001 (see Figure 3.10). The Gibraltar Strait links the 

Atlantic Ocean to the Mediterranean Sea by narrow channel and is highly important to marine 

shipping (Sotillo et al., 2016). This region is heavily but indirectly influenced by the NAO 

and the Atlantic Multi-decadal Oscillation (AMO) (Fenoglio-Marc et al., 2013). The AMO 

was in a negative phase between the mid-1960s to the mid-1990s (Trenberth et al., 2021), 

while the yearly NAO was negative for the early 1990s and positive for much of the second 

half of the same decade (Jones et al., 1997). 

The Bering Strait flux is shown in Figure 3.11. This shows a gradual decreasing trend 

before the 2009-2012 low, before increasing again. As the only ocean connection between the 

Arctic and the Pacific, the Bering Strait is an important region of heat and nutrient supply to 

the western Arctic Ocean (Zhang et al., 2020). Variability is driven by a combination of 

pressure differences between the Pacific and Arctic Oceans, and local wind strength and 

direction (Woodgate et al., 2012). 
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Figure 3.9 Plot of the strength of the Atlantic Overturning Circulation over time for 

Run 1. 

 

Figure 3.10 Plot of the strength of the Gibraltar Exchange flux over time for Run 1. 
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Figure 3.11 Plot of the strength of the Bering Strait flux over time for Run 1. 

 Sea surface salinity (SSS) is a clear indicator of freshwater, as such it is important to 

look at the SSS in the Labrador Sea region. The Labrador Sea is an important region of North 

Atlantic Deep Water formation (NADW), a significant component of the AMOC (Balaguru 

et al., 2018). It is also the region through which icebergs travel in order to affect the trans-

Atlantic shipping lanes, monitored by the IIP (Bigg & Billings, 2014). Figure 3.12 shows the 

salt flux (the integral of salinity x velocity) into the Labrador Sea over the time period. As 

seen in Figure 3.4, of I48N, 1991-1998 was a time of high iceberg numbers passing through 

the Labrador Sea. After 1998, yearly variations in I48N became much greater, with seven of 

the next seventeen years registering very low iceberg numbers. This may explain some of the 

variation seen in the figure, notably the prolonged decrease seen between 1989 and 1995, 

however this variability cannot explain all of it. Iceberg numbers are dependent on many 

environmental factors, but primarily the sea temperature (Labrador Sea Surface Temperature, 
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LSST), atmospheric temperatures (the NAO, North Atlantic Oscillation) and quantity of ice 

calved from the Greenland Ice Sheet (the surface mass balance, SMB) (Bigg et al., 2014; 

Zhao et al., 2016; Zhao et al., 2017). 

 

 Figure 3.12 Plot of the salt flux into the Labrador Sea over time for Run 1. 

 As before, the four non-control runs (2-5) have had the control run (Run 1) subtracted, 

in order to remove the background variations and instead see the impact of the additional 

freshwater. They have then been plotted with a 360-day moving average to see yearly 

variations. Figure 3.13 shows the strength of the Atlantic Overturning Circulation in the four 

runs. This shows a similar pattern to the Northern Hemisphere overturning plot, as might be 

expected, with the significant trough in the mid-2000s. Again, here the majority of changes 

are negative, except for Run 5 after 2013. This suggests that the additional freshwater from 

all the runs is in the short term slowing the AMOC down, however as Run 5 shows an 

increase from 2008, this may not be the long term trend. Overall, a longer period of study 

would be needed here to be sure.  
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Figure 3.13 Plot of the strength of Atlantic Overturning Circulation over time. 

 Elsewhere, Figure 3.14 shows the Gibraltar Exchange flux over the time period. 

While changes here are on a much smaller scale than in the previous plots, this means that 

Run 2 changes are much more visible than before. In fact, Run 2 can be seen to show the 

most variation out of all the analysed locations, likely due to the AMOC being geographically 

close to the seas around Greenland. Run 3 and Run 4 as usual displaying similar patterns to 

each other. Figure 3.10 showed a low between 1993-2001, which can be seen here as a period 

of low fluctuation compared to the rest of the time period. Run 5 maintains a similar pattern 

of change to Runs 3 and 4, however between 1994 and 2000 it seems to act as the opposite to 

Run 2. While Run 2 is near zero during this time, Run 5 is distinctly positive. This suggests 

perhaps that the more realistic Run 5 is facilitating mixing earlier than Run 2 (which remains 

close to zero until 2000) allowing for the increased flux.  
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Figure 3.14 Plot of the strength of Gibraltar Exchange flux over time. 

Figure 3.15 shows the Bering Strait flux over time, and here, while the scale is also 

reduced, Run 2 shows very little variability compared to the Gibraltar Exchange flux plot. 

Additionally, the three other runs are more similar than other regions have shown, after the 

expected variability in the Run 5 start. Overall, while the different runs are having an impact 

in the area, the scale of this difference is low. There is however an overall increasing trend 

across all runs, so perhaps on a longer timescale greater change would become apparent. The 

Bering Strait is, after all, not geographically close to the freshwater input locations.  
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Figure 3.15 Plot of the strength of Bering Strait flux over time. 

 The Labrador Sea salt flux can be seen in Figure 3.16. This is an important region, not 

only for iceberg numbers (as seen in previous chapters) but also as it is geographically close 

to Greenland and the input locations. Additionally, the surface ocean currents in the region 

carry this freshwater directly into the area (see Chapter 1, Figure 1.2). As expected from this 

location, significant differences are visible in the plot, with the vast majority showing a 

positive reaction to the additional meltwater. This suggests that while surface salinity is 

decreasing, as the additional freshwater is having a negative effect on the Atlantic 

Overturning Circulation (see Figure 3.13) the Labrador Sea is experiencing less mixing and is 

therefore more stratified. As salt flux is calculated over the whole depth, a thin surface fresh 

layer over a high-salinity base would increase the overall flux value. This region will be 

considered further in Chapter 5, Section 5.3.1, where the surface layer will be analysed and 

compared to the NEMO model outputs (see Chapter 4). 
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Figure 3.16 Plot of the salt flux into the Labrador Sea over time for all runs 2-5 

compared to the control run. 

3.2.4 The Southern Hemisphere  

 The strength of the Pacific Meridional Overturning Circulation (PMOC) over time 

can be seen in Figure 3.17. Changes in the PMOC affect marine life and carbon storage in the 

Pacific and may be a leading force behind interannual variability in the global Meridional 

Overturning Circulation (Tandon et al., 2020). After the year 2000, the flux appears to 

stabilise slightly and begins an increasing trend.  

 The Drake Passage connects the Atlantic and Pacific Oceans while extending into the 

Southern Ocean and is located between Cape Horn in South America and the Antarctic. This 

is an important region of anthropogenic carbon storage (Fay et al., 2018), and provides 

insight into the circulation changes occurring in the Antarctic Circumpolar Current (ACC). 

The ACC plays a significant role in moving freshwater, heat, and nutrients around the 
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Atlantic, Pacific, and Indian Oceans (Chidichimo et al., 2014). The main atmospheric 

variability is due to the Southern Annular Mode (SAM), which has shown a positive trend 

since the early 1990ôs (Marshall et al., 2018; Koenig et al., 2016). Figure 3.18 shows the 

change in Drake Passage flux over time, which is not in steady state. This is potentially 

associated with the steady increase in circumpolar wind forcing that is here not compensated 

by eddy activity. A consistent, gradual increase is observed across the whole time period, 

which is likely attributed to the positive SAM trend, and the associated stronger westerly 

winds. 

Figure 3.19, the Indonesian Throughflow flux plot, shows a mid-1990s low, followed 

by a 2000 peak, intermittent and gradual decrease, before another peak around 2010. 

Interannual variations in the Indonesian Throughflow are often heavily tied to El Niñoï

Southern Oscillation (ENSO) phase (Feng et al., 2018). The period 1990-1995 was, barring 

momentary lapses, a positive ENSO phase; 1995-1997 was a negative phase; 1997-1998 was 

positive again (see data available at https://www.psl.noaa.gov/enso/mei). The sustained 1990-

1995 positive phase is reflected in the flux being low during the same time period in the 

figure. Overall, there is a generally accepted strong correlation between the Indonesian 

Throughflow and the ENSO phase throughout the field (see England et al., 2005; Van Sebille 

et al, 2014). 
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Figure 3.17 Plot of the strength of the Pacific Overturning Circulation over time for 

Run 1. 

 

Figure 3.18 Plot of the strength of the Drake Passage flux over time for Run 1. 
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Figure 3.19 Plot of the strength of the Indonesian Throughflow flux over time for Run 

1. 

Again, the four non-control runs (2-5) have had the control run (Run 1) subtracted, in 

order to remove the background variations and instead see the impact of the additional 

freshwater. They have then been plotted with a 360-day moving average to see yearly 

variations. See Figure 3.20 for a plot of Pacific Overturning Circulation over time. As might 

be expected from the location of the Pacific Ocean, while all runs show some variability, the 

fluctuations are relatively low and focused around zero. A longer time period would identify 

whether any significant differences as a result of the freshwater input could be seen.   
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Figure 3.20 Plot of the strength of Pacific Overturning Circulation over time. 

In the Drake Passage, Figure 3.21 shows flux changes over time. Here, Run 5 deviates 

significantly from Runs 3 and 4, remaining mainly negative as opposed to the generally 

positive impacts from Run 3 and Run 4. Again, Run 2 can be seen to show slight variation 

around zero. Run 5 represents a more realistic, and therefore variable, freshwater input than 

Run 3 or Run 4, which have relatively similar input patterns. Figure 3.18 showed a steady 

increase in Drake Passage flux over time in the control run. This is another area that will be 

addressed in more detail in Chapter 5 (see Section 5.2.2). 
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Figure 3.21 Plot of the strength of the Drake Passage flux over time. 

The Indonesian Throughflow flux over time can be seen in Figure 3.22. Here, while 

Run 2 shows little variation, Runs 3, 4 and 5 are relatively similar for most of the time. 

However, towards the end of the run, Run 5 starts to show more extreme variations than the 

other two, while still following a similar pattern. All these three runs are negative for the 

majority of time. Indeed, the Indonesian Throughflow flux is reduced by 1-2 Sv in Runs 3-5, 

which is about 10% of the total, and is therefore significant. Overall, the plot shows that 

while Indonesian Throughflow flux is often heavily tied to the ENSO phase, the inputted 

freshwater is having an impact on this regions and generally reducing flux.  
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Figure 3.22 Plot of the strength of the Indonesian Throughflow flux over time. 

3.3 Discussion and Conclusions 

 This chapter presents how four different variations of freshwater runoff input affect 

the world oceans, compared to the control run (Run 1). It has been shown throughout that 

Run 2 tends to show the least differences from Run 1, which seems sensible as additional 

freshwater is only inputted during the summer months. Run 3 (where runoff changes 

monthly) and Run 4 (where runoff varies yearly) are consistently similar. This also makes 

sense as they are fundamentally similar by nature - both represent an average across the time 

period. It is Run 5 that is theoretically the most realistic, as it varies both monthly and yearly. 

Therefore it is unsurprising that while Run 5 often follows a similar pattern to Runs 3 and 4, 

the scale of variation is usually more extreme. In the case of the Drake Passage flux, Run 5 is 

showing the opposite impact than Runs 3 and 4 (see Chapter 5, Section 5.2.2 for further 

discussion on this). Overall, from these results it seems sensible to conclude that Run 5 was 
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the most realistic and therefore the most useful for comparison with the NEMO ocean model 

(see Chapter 5).  

 Therefore, it is interesting to consider sea surface salinity of Run 5 compared to the 

control run, as this is a clear indicator of freshwater. Figure 3.23 shows sea surface salinity 

averaged between 1995 and 2004 for the control run, while Figure 3.24 shows Run 5 sea 

surface salinity averaged over the same time period, but with the control run subtracted. 

Similarly, Figure 3.25 shows sea surface salinity averaged between 2005 and 2014 for the 

control run, while Figure 3.26 shows Run 5 sea surface salinity averaged over the same time 

period, with the control run subtracted. These plots show that while the control run has little 

variation between the decades, Run 5 differences from the control run are significant, with 

the later decade showing generally lower salinity across large parts of the world (barring the 

Mediterranean Sea). This seems sensible as Run 5 contains significantly more freshwater 

than the control run. Additionally, Figure 3.14 showed the Gibraltar Exchange flux, and 

suggested that Run 5 had an effect on its strength, which is then affecting mixing (and surface 

salinity) in the Mediterranean Sea, so this is also to be expected. Overall, these figures 

support that Run 5 is inputting large quantities of freshwater, and that a global impact is felt 

from this within two decades.  
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Figure 3.23 Plot of sea surface salinity averaged between 1995 and 2004 for the control run. 

 

Figure 3.24 Plot of Run 5 sea surface salinity averaged between 1995 and 2004, with the 

control run subtracted. 
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Figure 3.25 Plot of sea surface salinity averaged between 2005 and 2014 for the control run. 

 

Figure 3.26 Plot of Run 5 sea surface salinity averaged between 2005 and 2014, with the 

control run subtracted. 
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 Overall, the results from all the runs suggest that inputting realistic freshwater values 

around the Greenland coast has an impact on all major oceans and passages. Most 

significantly, is the observed decrease in Atlantic Overturning Circulation, however as Run 5 

had increased to slightly above zero by the end of the run, it is probable that a longer time 

period is necessary to conclude that the additional meltwater resulted in a weakened Atlantic 

Overturning Circulation. Additionally, the runs suggest that the freshwater resulted in an 

overall decrease in Northern Hemisphere Overturning Circulation and Indonesian 

Throughflow flux, compared to a general increase in Bering Strait flux and Labrador Sea salt 

flux, and potentially in the Southern Hemisphere Overturning Circulation. Also that Run 5 is 

having a generally decreasing effect on global salinity, as would be expected. 
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4. Assessing Meltwater Impacts and Iceberg Trends to 2050 Using a High 

Complexity Ocean Model 

4.1 Introduction 

4.1.1 Model Overview 

 The Greenland Ice Sheet (GrIS) inputs freshwater and icebergs into the North 

Atlantic. This chapter aims to address how these inputs are likely to change in a high-

emissions scenario by 2050, using a high complexity ocean model - the Nucleus for European 

Modelling of the Ocean (NEMO). While NEMO is a popular choice of ocean model, this 

chapter presents a first assessment of future trends in Arctic iceberg numbers using the high-

resolution ORCA12-N512 run. There is also a focus on meltwater effects on major ocean 

currents and a discussion of whether remote sensing data can be used for iceberg detection in 

the North Atlantic, for comparison with NEMO outputs and observed results.  

 The Southampton based NEMO ocean model (see Madec et al., 2017 for in-depth 

documentation) is coupled with the ICB iceberg component (Marsh et al., 2015), in two runs 

of 1/12° global ocean resolution and 25 km atmospheric resolution, accessible through the 

JASMIN environment, managed by the Centre for Environmental Data Analysis (CEDA). An 

assessment of the advantages of the high resolution present in the ORCA12-N512 run is 

available in Hewitt et al. (2016). The first run is between 1950 and December 2014, the 

second runs into the future (to 2050) from January 2015. The future run has been forced with 

SSP585, a high emission scenario from the Coupled Model Intercomparison Project Phase 6 

(CMIP6), with an approximate surface warming of 8.5 Wm-2 by 2100 (Hofer et al., 2020). 

Both runs include oceanic and atmospheric components (through various atmospheric general 

circulation models accessed via the coupling software OASIS, see Madec et al., 2017). 
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Therefore atmospheric pressures have an impact on the ocean and cryosphere, with the fluxes 

provided by the coupling software (Madec et al., 2017). The NEMO model has previously 

been used by the Met Office and the ECMWF as an ocean component of a climate model 

(Consortium, 2021). This, and the multitude of publications using this model (see Sadighrad 

et al.; Momin et al.; Yool et al.; etc. in 2021), promote the advantages of using ORCA12-

N512 output data.  

In the model, the ocean is assumed to be a fluid represented by equations including 

the Navier-Stokes equations and a non-linear equations of state, coupling temperature and 

salinity to the fluid velocity (Madec et al., 2017). Several additional assumptions are also 

made: the spherical earth approximation, the thin-shell approximation, the turbulent closure 

hypothesis, the Boussinesq hypothesis, the Hydrostatic hypothesis and the Incompressibility 

hypothesis (see NEMO ocean engine, NEMO System Team for more information on these). 

The surface freshwater budget has an atmosphere component (evaporation minus 

precipitation) and a cryosphere component (freezing minus melting of ice), and these affect 

the ocean through changing the volume (and so sea surface height) and surface temperature 

and salinity (Madec et al., 2017). Sea surface height (Ẽib) is also affected by atmospheric 

pressure, defined in equation (3): 

  (3) 
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Where Patm is the atmospheric pressure, Po is a reference atmospheric pressure defined 

as 101000 N/m2 and g and ɟo are the usual values (gravity and density of water respectively), 

see (Madec et al., 2017). 

Concerning boundary conditions, where the land and ocean interact the major flux is 

freshwater input/output, primarily through river runoff; where the solid earth and ocean meet, 

there is no transport of heat or salt across the boundary and no momentum; when considering 

ocean-air interaction, the freshwater budget is maintained by considering precipitation - 

evaporation, horizontal momentum is also exchanged, while surface tension is not included; 

at the sea ice - ocean interaction, heat, salt, freshwater and momentum are exchanged (Madec 

et al., 2017).  

Icebergs are treated as Lagrangian particles, with the equations defining their 

movement available in Martin & Adcroft (2010). In ORCA12-N512 simulations, the ICB 

module is extended to coupling via heat fluxes, whereby the ocean provides the latent heat 

needed to melt icebergs, amounting to a local cooling effect on the ocean. Icebergs are 

affected by atmospheric winds, and ocean currents and waves, and are reduced by bottom 

melt and erosion (Madec et al., 2017). The model assumes that icebergs are at a 45 degree 

angle to the wind (to the left in the Northern Hemisphere and to the right in the Southern 

Hemisphere) see Bigg et al. (1997). This is clearly not always the case in reality (Marsh et al., 

2015). Another limitation of the model is that in real life much of the iceberg is submerged in 

the water, however here the iceberg is assumed to float at the surface due to the difficulties of 

coding this realistically (Marsh et al., 2015). Therefore, as the icebergs melt the freshwater is 

released only at the surface, and this additional mass is able to affect the free surface height 

(Marsh et al., 2015). Icebergs are calved constantly throughout time, at realistic input 
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locations around both the Northern and Southern Hemisphere (as outlined in Levine and 

Bigg, 2008).  The mean calving rate in the Antarctic is 1140 Gt/year, and 188 Gt/year in the 

Arctic; giant icebergs are under represented by the model but this is not a large consideration 

in the Northern Hemisphere as giant icebergs tend to be found around Antarctica (Marsh et 

al., 2015). The calving rates are based on calculations from around 2000, so are low in 

comparison to current observations; iceberg calving accounts for approximately half of the 

total freshwater flux into the North Atlantic from the GrIS, with runoff making up the rest 

(Marsh et al., 2015). An iceberg mask is applied where snow over the continents is converted 

to iceberg calving (personal communication with Bablu Sinha, NOC). Ice sheet melt and 

runoff are dependent on temperature and salinity values, and are each expressed as a volume 

flux (NEMO ocean engine, NEMO System Team).  

This chapter will examine the model outputs from both of the ocean-iceberg runs. The 

variables considered are restricted to FICEBERG (the freshwater from melting icebergs) and 

SOS (sea surface salinity) for the Newfoundland region analysis. These have been selected as 

they are the clearest available ways of showing iceberg presence. Section 4.3 considers long-

term trends in the world oceans, using sea surface salinity and sea surface temperature (TOS) 

to identify regions of interest for closer analysis. This chapter will also consider whether 

satellite data would be useful for iceberg detection in this setting, using the Aquarius (see 

https://aquarius.oceansciences.org/cgi/data.htm) and SMAP (see 

https://smap.jpl.nasa.gov/data/#:~:text=The%20SMAP%20science%20data%20products,The

oretical%20Basis%20Documents%20(ATBDs)) sources. Throughout, there is a focus on 

May averages as this is historically the peak iceberg month off Newfoundland, in order to be 

comparable to other models in this thesis (see Chapter 2, Section 2.2.2.1). 

https://aquarius.oceansciences.org/cgi/data.htm
https://smap.jpl.nasa.gov/data/#:~:text=The%20SMAP%20science%20data%20products,Theoretical%20Basis%20Documents%20(ATBDs)
https://smap.jpl.nasa.gov/data/#:~:text=The%20SMAP%20science%20data%20products,Theoretical%20Basis%20Documents%20(ATBDs)
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The format of the chapter is as follows. Section 4.2 will address global SOS and TOS 

patterns. Section 4.3 looks at Arctic regions in more depth, including an assessment of how 

well the SOS and FICEBERG reflect yearly iceberg severity (in terms of a high or low yearly 

number of icebergs). Satellite data will be used in section 4.4 to examine whether Arctic 

icebergs are detectable in the Labrador Sea. The chapter ends with a conclusion and 

discussion section. Further work comparing this modelôs outputs to FRUGAL (from Chapter 

3) is available in Chapter 5. 

4.1.2 NEMO Greenland Ice Sheet mass loss 

 In this high-emission run of NEMO, it is important to first assess how the Greenland 

Ice Sheet (GrIS) freshwater runoff and iceberg calving is changing in the model over the time 

period. The NEMO variables selected to best reflect these are FRIVER (the water flux into 

sea from rivers in kg/m²/day) and FICEBERG (the water flux into sea from icebergs, also in 

kg/m²/day). Here, freshwater input from rivers, icebergs and ice shelf melt is vertically 

distributed over depth, and the net amount of water inputted into the ocean is calculated by 

precipitation (including sea-ice formation and melt and iceberg calving in the Northern 

Hemisphere) minus evaporation, plus river runoff (FRIVER), plus iceberg melt 

(FICEBERG), plus ice shelf melt (Silvy et al., 2022). 

Figures 4.1 and 4.2 show these monthly variables, averaged over the Greenland 

margin. FRIVER shows a steady increase over the time period (but still with large seasonal 

variability), while FICEBERG is dominated by seasonality. The rise in 2050 could be part of 

a multi-year trend that is repeated with similar spikes in 2037 and 2041, rather than a 

potential decadal pattern. For this reason, Figures 4.3 and 4.4 show the two variables with a 

12-month running mean. FICEBERG can now be seen to be steady until the early 2010s, 
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before decreasing over time. Additionally, a semi-decadal fluctuation can be detected in this 

overall trend. FRIVER still shows a steady increase except for a sharp rise around 2050. 

When the linear trend line is calculated, FRIVER (excluding the running mean ) has the 

equation y = 0.0822x + 20.539 (not statistically significant at the 5% level), while for 

FICEBERG the equation is y = -0.0011x + 3.2144 (again, excluding the 12-month running 

mean and not statistically significant at the 5% level). These further show that FRIVER is 

increasing over time, while FICEBERG is decreasing. This is likely due to the high-emission 

scenario resulting in accelerated melt by 2050. Overall these plots show that in this model 

run, freshwater runoff from the GrIS is increasing by 2050, while iceberg calving is 

decreasing.  

 

 Figure 4.1 Plot of FRIVER monthly values, averaged over the Greenland margin. 
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Figure 4.2 Plot of FICEBERG monthly values, averaged over the Greenland margin.

 

Figure 4.3 Plot of FRIVER monthly values, averaged over the Greenland margin with 

a 12-month moving average.   
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Figure 4.4 Plot of FICEBERG monthly values, averaged over the Greenland margin 

with a 12-month moving average. 

4.2 Global Results 

4.2.1 Sea Surface Salinity 

The mean May SOS for the time-period 1985-95 can be seen in Figure 4.5. Later 

figures in this section (4.6-10) show the decadal changes in SOS compared to this initial run. 

Only May averages have been presented in order to be comparable to earlier sections, and to 

relate changes in the North Atlantic to I48N. The Arctic region around the Laptev and East 

Siberian Seas shows significant change in every decade, which in some sections is increased 

SOS. Interestingly, the Greenland region only slows slight freshening over the entire time-

period. Overall, these plots show sustained slight freshening in most areas of the globe, while 

some Arctic regions and other large river outlets (the Amazon, the Congo etc.), show more 
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dramatic changes. As the focus of this thesis is on changes resulting from a melting GrIS, the 

Arctic regions will be analysed in greater depth in Section 4.3.2.  

 

 Figure 4.5 Mean May sea surface salinity (ă) between 1985 and 1995. 

 

Figure 4.6 Decadal average for May sea surface salinity 1995-2005 minus 1985-95 

(ă). 
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Figure 4.7 Decadal average for May sea surface salinity 2005-2015 minus 1985-95 

(ă). 

 

Figure 4.8 Decadal average for May sea surface salinity 2015-2025 minus 1985-95 

(ă). 
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Figure 4.9  Decadal average for May sea surface salinity 2025-2035 minus 1985-95 

(ă). 

 

Figure 4.10 Decadal average for May sea surface salinity 2035-2045 minus 1985-95 

(ă). 
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4.2.2 Sea Surface Temperature 

The mean May TOS for the time-period 1985-95 can be seen in Figure 4.11. The 

following figures (4.12-16) show the decadal changes in TOS with this initial period 

subtracted. The May averages have been considered for the same reasons as previously 

stated. These figures show a steady increase in TOS for the vast majority of global regions, 

which is unsurprising in the high-emission scenario used. The notable exception is the mid-

North Atlantic, directly south of Greenland, where a cooling effect is seen by the decade 

2035-45, compared to the 1985-95 period. This area, along with Arctic regions identified in 

the previous section, will be directly addressed in the following section (4.3). 

 

Figure 4.11 Mean May sea surface temperature (°C) between 1985 and 1995. 
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Figure 4.12 Decadal average for May sea surface temperature 1995-2005 minus 1985-

95 (°C). 

 


