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Abstract 

Glacial melt water constitutes a significant portion of accumulated annual streamflow in 

Iceland’s many glacial rivers. Forecasting of seasonal ablation provides valuable 

information for optimal management of the hydrological resource. In the present project an 

ablation forecasting model was developed for the seasonal ablation of Brúarjökull, the 

largest outlet glacier of the Vatnajökull ice cap, SE Iceland. The greater part of the 

Brúarjökull catchment has been exploited for hydropower development in the Kárahnjúkar 

Hydro Power Project (HPP). As a result extended prior research on meteorological and 

climatological conditions is present. In the project the most relevant predictor variables are 

identified using simple linear regression analysis. The variables selected for model 

development are used to define the set of all potential linear regression models including 

four or fewer input variables. Inference about the response estimate, glacier ablation, is made 

by calculating a weighted average of model forecasts across the set of models being 

considered. The method is optimized by strategically selecting a subset of models showing 

good predictive performance. Three weighting functions for model averaging are compared 

and the best function is chosen for model implementation. A forecasting algorithm is 

developed and employed to predict seasonal ablation of Brúarjökull for the period 2012-

2015. The results show that observed ablation is reasonably well simulated using the 

methods developed. The 2015 forecast predicts ablation at or below the first quartile of the 

long term ablation time series of the glacier, the forecast also shows higher variability and 

larger confidence intervals than previous years. 

Útdráttur 

Stór hluti rennslis í íslenskum ám stafar af jökulleysingu. Áreiðanleg spá fyrir 

árstíðarbundinni leysingu jökla veitir verðmætar upplýsingar til stýringar og reksturs 

vatnsauðlindarinnar. Í þessu verkefni er þróað spáforrit fyrir árstíðarbundinni jökulleysingu 

á Brúarjökli. Stærsti hluti vatnasviðs Brúarjökuls hefur verið virkjað með Kárahnjúkavirkjun 

og liggja í kjölfarið fyrir mikið magn rannsókna á veður- og loftslagsaðstæðum á 

vatnasviðinu. Í verkefninu eru spábreytur fundnar með einfaldri línulegri fylgnigreiningu. 

Valdar breytur eru notaðar til að skilgreina mengi allra mögulegra línulegra leysingarlíkana 

með fjórar eða færri inntaksbreytur. Spágildi sumarleysingar er fundið með því að reikna 

vigtað meðaltal spágilda spárúmsins sem er til skoðunar. Aðferðin er bestuð með því að velja 

hlutmengi líkana sem sýna besta forspárgetu. Þrjú vigtarföll eru prófuð og borin saman og 

það sem sýnir besta forspárgetu valið. Spáalgrím er þróað til að spá fyrir jökulleysingu árin 

2012-15 kvarðað með gögnum frá 2001-2011. Niðurstöður sýna að forritið spáir ásættanlega 

fyrir sumarleysingu með þeim aðferðum sem voru þróaðar. Spá fyrir árið 2015 spáir fyrir 

leysingu um eða fyrir neðan fyrsta fjórðungsmark langtíma leysingaraðar jökulsins. Spáin 

sýnir einnig umtalsvert meiri breytileika spágilda og víðari skekjumörk en fyrri ár. 
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1 Introduction 

A large portion of the hydrological resources on Earth are stored as ice in ice caps and 

glaciers across the globe. Presently glaciers are estimated to cover up to 10% of the planet, 

most of which is accounted for by the continent of Antarctica. The water storage capacity of 

glaciers is significant and it is estimated that about 69% of all fresh water on earth is 

presently stored as ice (Shiklomanov and Rodda, 2003). Glacial melt water thus represents 

an important and significant source of water resources for many regions of the world.  

In Iceland, an island just south of the Arctic Circle, glacial storage plays an important role 

in the hydrological circulation. Seasonal variations in meteorological conditions lead to 

glacial melt water representing a significant portion of the accumulated annual discharge in 

the country’s many glacier fed rivers. Several of which have already been exploited in hydro-

power developments over the last decades, resulting in the domestic power grid mostly being 

supplied by hydropower.  

For the optimal management and utilization of the hydrological resources stored in the 

Icelandic glaciers their response to prevailing meteorological conditions and climate trends 

should be understood and simulated. In recent decades, significant research has been 

conducted to gain understanding of the multitude of factors governing the extent and 

magnitude of glacial ablation within and between seasons. Furthermore, predicted trends of 

global climate change have caused significant efforts to be made into assessing the resulting 

increase in glacial ablation rates. 

The present research considers the historical variation in the energy- and mass balances of 

Brúarjökull outlet glacier on the northern edge of the Vatnajökull ice cap in South Eastern 

Iceland. A large portion of the runoff from the Brúarjökull catchment was developed for 

hydro power generation by the construction of the Kárahnjúkar hydropower project in the 

beginning of the 21st century by the National Power Company Landsvirkjun. As a result, 

extended time series are available of hydrological and meteorological variables in the 

catchment, making the Brúarjökull glacier an ideal case study for the analysis of the 

variability in glacial mass- and energy balances as well as glacial ablation modelling.  

The study considers the wealth of data available at the study area to investigate the predictive 

ability of recorded meteorological and climatological time series to forecast observed 

ablation of the glacier. The aim of the research is to develop a statistical forecasting model 

for prediction of upcoming melt season characteristics. Such models can provide valuable 

information to engineers optimizing the operation of hydropower plants and reservoirs.  
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1.1 Description of the study area 

Brúarjökull glacier is an outlet glacier on the northern face of the Vatnajökull ice cap in 

South-Eastern Iceland. The glacier covers an area of 1,550 km2 making it the biggest outlet 

of the Vatnajökull ice cap representing about 19% of the total land area covered by the ice 

cap. The glacier ranges in elevation from 600 to about 1,550 m a.s.l and the current mean 

equilibrium line lies at an altitude around 1,200 m a.s.l (Björnsson et al., 1998). Figure 1. 

shows a map of the Vatnajökull ice cap detailing the ice divides of the outlet glaciers of the 

main ice cap as well as the main glacial rivers draining from it.  

 

Figure 1 Map of the Vatnajökull ice cap and its ice divides (Flowers et al., 2003). 

The Brúarjökull glacier catchment divides into several sub catchments defining some of the 

larger glacial fed rivers in the Icelandic eastern highlands. On the eastern edge of Brúarjökull 

glacier the river Jökulsá á Fljótsdal originates from the outlet glacier Eyjabakkajökull. The 

river has been dammed and diverted with the construction of Ufsarstífla which is a part of 

the Kárahnjúkar Hydro Power Project (HPP). 

From the eastern part of the Brúarjökull glacier the river Jökulsá á Dal (also referred to as 

Jökulsá á Brú) has its source which now drains into the Hálslón reservoir, the largest 

reservoir in the Kárahnjúkar hydropower development. At present the Hálslón reservoir 

extends to the edge of the glacier and the melt water is directly drained into the reservoir. 

On the western edge of the Brúarjökull glacier the rivers Kreppa and Kverká have their 
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sources. The rivers merge with streams from the Dyngjujökull outlet glacier to form the river 

Jökulsá á Fjöllum which is the only source of runoff from Brúarjökull glacier which has not 

been developed for hydropower.   

Brúarjökull glacier is gently sloping into the central Icelandic highland plateau and is 

classified as a surging outlet glacier. The average flow velocity of the glacier is small and is 

insufficient to maintain the annual mass balance between the accumulation and ablation 

zones of the glaciers. As a result pressure builds up over time to be released in an abrupt 

advance of the glacier called a glacial surge. Surges in Brúarjökull glacier occur with a 

frequency of 80-100 years and advances of up to 10 km with surface flow velocities of as 

fast as 5m/hr have been estimated based on geographical evidence (Björnsson et al, 2003; 

Benediktsson, 2010). Geomorphological mapping research of the area surrounding 

Brúarjökull glacier has revealed that the topography surrounding the glacier has been created 

in the last four surges of the glacier, in 1964, 1890, 1810 and prior to 1810 (Kjær et al., 

2008). 

The sub-glacial catchments of Brúarjökull glacier were mapped in a 2004 study where the 

changes in the subsurface topography and subglacial catchments in the time period 1946-

2000 were analysed. The results of the study are shown in Figure 2. which shows the 

subglacial catchments of Brúarjökull glacier as well as the ice coverage through the period 

1946-2000. The figure shows the drainage areas of the rivers Jökulsá á Brú, Kverká and 

Kreppa (Magnússon et al., 2004).  

 

Figure 2 Subglacial catchments of Brúarjökull, 1946-2000 (Magnússon et al., 2004). 
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Figure 2. shows that the subglacial drainage basin of Jökulsá á Brú constitutes the greater 

part of the total area covered by Brúarjökull. Glacial surges that occur periodically in 

Brúarjökull glacier can significantly increase the glacier surface area as well as it can impact 

the subglacial drainage catchments beneath the glacier. However, as indicated by Figure 2. 

the subglacial catchment of Brúarjökull glacier has remained relatively unchanged in the 54 

year period surveyed during which one surge was recorded in the glacier. 

Unlike many other Icelandic glaciers Brúarjökull glacier is not underlain by volcanic or 

geothermal zones, thus basal melting rates are much lower than other locations in the 

Vatnajökull ice cap. However, due to frequent eruptions in nearby volcanoes such as 

Grímsvötn, Gjálp and Bárðarbunga, the surface of Brúarjökull glacier is periodically covered 

in volcanic tephra decreasing the albedo and increasing the surface shortwave absorption, 

resulting in increased melt rates (Pálsson et al., 2009).  

1.2 Motivation 

In Iceland the hydrological cycle is significantly influenced by seasonal variations. 

Precipitation in the elevated highlands is stored in glacier accumulation zones from where it 

is slowly transported through ice flow to the ablation zones of the glacier where it is 

ultimately transformed into meltwater during the melt season. As a large portion of the 

domestic energy production has been developed using hydropower, forecasting of upcoming 

melt season characteristics is important for the management of the hydrological resource.  

Large scale hydropower developments have been mostly restricted to the central highlands 

where a network of diversions and reservoirs store runoff and supply energy to the countries 

interconnected grid. Reliable seasonal ablation models that can predict upcoming melt 

season characteristics can provide valuable information to operators optimizing water 

diversions and utilizations in the hydropower network. 

For the Hálslón reservoir, the largest in the Kárahnjúkar HPP, 1.400 km2 of the total 1.800 

km2 of the drainage basin is covered by the Brúarjökull glacier. This results in reservoir 

influx and flooding being dominated by glacial discharge characteristics (Tómasson et al, 

2009). Modelling of discharge characteristics provides valuable information regarding, 

reservoir fill rates, flood protection and the design of hydraulic structures. For the 

Kárahnjúkar HPP significant spatial strain was associated with the design of spillway 

facilities due to the narrow Hafrahvammsgljúfur canyon downstream of the dam where 

excess water is conveyed. Accurate modelling of Probable Maximum Floods (PMF) that can 

occur due to glacial melt provides valuable information for the design and operation of such 

facilities (Tómasson et al, 2006). 

In addition, due to predicted trends in global climate change, forecasting of the impact of 

changing climate is important for the design and optimization of future hydropower 

developments that exploit glacial melt water. Currently it is expected that Icelandic glaciers 

will all but disappear over the next two centuries resulting in a temporary increase in melt 

water runoff as the ablation progresses (Jóhannesson T, 2007). To utilize the excess energy 

that is predicted to be released, new hydropower developments in glacial rivers must take 

into account the predicted stream flow increase and older plants upgraded accordingly. As a 

result, reliable forecasting of ablation behaviour on the decadal scale in Icelandic glaciers 

over the next centuries will determine design of plant capacity at commissioning as well as 

potential upgrades throughout the plants lifecycle.  
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1.3 Objectives 

The aim of the present research is to enhance the present knowledge on annual ablation 

modelling of Icelandic glaciers. Over the last two decades a wealth of data have been 

gathered on the Vatnajökull ice cap covering a multitude of parameters concerning glacial 

ablation and the thermodynamics of the glaciers interactions with its surroundings.  

In the present research the correlation between time series of measured meteorological and 

climatological variables and the observed ablation will be assessed. Variables which show a 

high correlation to observed ablation are then used for the development of a multivariable 

ablation model. The model will utilize data available before the start of the melt season to 

forecast the upcoming melt season characteristics periodically throughout the spring season.  

The following research questions will be addressed in the present thesis: 

 Which variables, recorded in spring, show correlation to observed annual ablation? 

 Can these variables be used to predict melt season characteristics? 
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2 Literature review 

2.1 Theory of snowmelt 

In regions such as Iceland, where a significant portion of the hydrological resource is stored 

as snow and ice in glaciers, accurate predictions of the characteristics of the melt season are 

highly valuable. Melt season forecasting models are used to predict mass influx into 

hydropower reservoirs or to foresee natural disasters such as extreme flooding events. The 

required inputs to such forecasting models should relate to the fundamental physical 

processes that govern the melting of snow and ice. 

2.1.1 Energy fluxes of snow pack 

Snowmelt is the process of ice crystals melting and forming liquid water by the input of 

energy. The runoff resulting from snowmelt is thus only a function of the flux and storage 

of energy in the ice. Glacial runoff models based on energy balance calculations should 

therefore consider all of the individual sources of energy contributing to snowmelt. The 

energy budget of the snow pack is described by Equation 2.1. (e.g. U.S. Army Corps of 

Engineers, 1998), 

𝑄𝑚 = 𝑄𝑠𝑛 + 𝑄𝑙𝑛 + 𝑄ℎ + 𝑄𝑒 + 𝑄𝑔 + 𝑄𝑝 − 𝛥𝑄𝑖, (2.1) 

where Qsn represents the net short wave radiation flux of the snow from solar radiation, Qln 

represents the long-wave radiation flux from the atmosphere, Qh and Qe represents the 

turbulent fluxes of thermal convection from the air (sensible energy) and latent energy from 

vapour condensation, respectively. Qg represents the heat conduction from the underlying 

ground and Qp represents the energy contained in precipitation. ΔQi represents the internal 

energy that is stored within the snow pack, during warm periods there is a net flux of thermal 

energy into the snow and ΔQi is positive. The total energy available for snowmelt then 

becomes the sum of the individual energy fluxes or Qm. Figure 3. shows a diagram of the 

individual components of the snow pack energy balance. 

 

Figure 3 Components of the energy balance of snow and ice. 
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In the spring, when the energy flux into the snowpack increases, Qm in Equation 2.1. 

becomes positive and some ice will start melting. The meltwater will percolate into the 

porous matrix of the snowpack where it will either refreeze or be stored as liquid water 

between the snow grains, increasing the density and water content of the snow pack. This 

initial stage of snowmelt will transfer thermal energy from the surface boundary into the 

body of the snowpack until it reaches an isothermal stage at 0°C. A snowpack that has 

reached the isotherm and where the interstices between snow grains are fully saturated with 

liquid water is referred to as “ripe” as it can absorb no additional energy without resulting in 

surface runoff.  

If the underlying ground beneath the glacier ice is unfrozen, some meltwater will infiltrate 

into the soil. At low elevations glacial melt water will be mostly confined to the snow-ice 

boundary on the limit of the winter snow accumulation and contribute directly to surface 

runoff in the ablation zone of the glacier. At higher elevations cracks or natural channels 

such as moulins which lead through the body of the glacial ice may form, funnelling 

significant portions of melt water to the underlying ground beneath the glacier. 

When the water content of the snowpack has reached its saturation and the entire pack is 

isothermal, melt water will begin to form. The amount of melt water produced for a specific 

amount of heat, Qm transferred into the snowpack is given by Equation 2.2. (e.g. USDA, 

2004), 

𝑀 =
𝑄𝑚

334.9𝜌𝑤𝐵
 , (2.2) 

where M represents the meltwater in cm, Qm is the heat flux into the snow pack available for 

melting, ρw is the density of water and B represents the thermal quality of the snow pack that 

is defined as the ratio of its water content that is in the solid phase. The value 334.9 (kJ/kg) 

represents the latent heat of the fusion of ice.  

Net Short Wave Radiation 

The main source of energy on the Earth’s surface comes from direct solar radiation which is 

thus the most relevant source of energy for glacial melting. The extent of heat transfer into 

the glacial body due to solar radiation varies significantly depending on latitude, time of day, 

season, atmospheric conditions such as cloud coverage and the reflectivity of the glacier 

surface. The greatest source of variability in the ultimate amount of short wave radiation that 

reaches the glacier surface is cloud coverage which can cause the reflection of a large portion 

of the radiation before it reaches the surface.  

The reflectivity of the snow surface determines the ratio of radiative heat that is absorbed 

and retained within the snow. The albedo of the snow surface, α, is defined as the portion of 

solar radiation that is reflected from the surface and is calculated as the ratio of measured 

incoming and outgoing short wave radiation of the glacier surface. Thus the amount of 

energy available for snowmelt due to shortwave radiation is described by Equation 2.3. (e.g. 

U.S. Army Corps of Engineers, 1998), 

𝑄𝑠 = (1 − 𝛼)𝐼𝑖 , 
(2.3) 

where α is the Albedo of the snow surface and Ii is the incident solar radiation. 
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Net Long Wave radiation 

Another source of radiative energy flux in the snowpack is terrestrial or long wave radiation 

(wavelengths 6.8-100 µm). A portion of the energy absorbed by the snowpack is lost to the 

surrounding atmosphere as blackbody radiation. Long wave radiation is also absorbed by the 

snowpack from back reflection of the atmosphere and surrounding vegetation. Long wave 

radiation of snow cover is adequately described by the Stefan-Boltzmann law presented in 

Equation 2.4. (e.g. U.S. Army Corps of Engineers, 1998). As the snow cover will absorb all 

long wave radiation it is exposed to and it will emit the maximum possible radiation it can 

be modelled as a near perfect black body,  

𝑄𝑙𝑛 =  𝜀 ∗ 𝜎 ∗ 𝑇𝑠
4, (2.4) 

where Qln is the long wave radiation of a black body,  ε = 0.99 for clean snow, σ is the Stefan-

Boltzman constant: 5.735 * 10-11 kJ/m2sK4 and Ts is the blackbody temperature in Kelvin 

which in the present case is the snow/ice surface temperature. 

Sensible heat transfer 

Thermal energy is also transferred into the snow pack through convection of thermal energy 

from the surrounding atmosphere. Heat is absorbed by the snow through the turbulent 

exchange of sensible heat from the advection of warmer air above it. The sensible heat 

transfer between the snowpack and surrounding atmosphere is described by Equation 2.5., 

𝑄ℎ = 𝐷ℎ𝑢𝑧(𝑇𝑎 − 𝑇𝑠), (2.5) 

where, Qh is the net sensible heat flux,  Dh is the bulk transfer coefficient for sensible heat 

transfer in kj/m3°C. Dh must be determined empirically by controlled experiments, uz is the 

wind speed at a chosen height above the surface, Ta is the atmospheric temperature and Ts is 

the temperature of the snow surface (e.g. Gray and Prowse, 1992). 

Latent heat transfer 

When atmospheric moisture condenses on the snow surface the latent heat of condensation 

of water vapour is transferred into the snowpack. The latent heat transfer occurring is 

described by Equation 2.6. (e.g. Gray and Prowse, 1992), 

𝑄𝑒 = 𝐷𝑒𝑢𝑧(𝑒𝑎 − 𝑒𝑠), (2.6) 

where Qe is the net latent heat flux, De is the bulk transfer coefficient for latent heat transfer 

which must be determined empirically, uz is the wind speed at a chosen height above the 

surface and ea and es are the vapor pressures in the free atmosphere and at the snow surface 

in Pa, respectively. 

The processes of sensible and latent heat transfer are commonly referred to simultaneously 

as turbulent heat transfer as they rely on the turbulent motion of air caused by atmospheric 

winds.  
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Heat Conduction from the underlying ground 

Thermal energy is not only absorbed by the snow pack through the atmosphere-snow 

boundary, but also through conduction with the underlying ground. The contribution of heat 

conduction from the underlying soil is low at Brúarjökull compared to other energy fluxes 

such as the radiative heat transfer on the snow surface, however it can become a significant 

amount throughout the entire melt season, especially so if the snow pack is underlain by 

geothermal areas. The energy flux at the snow-ground boundary is described by Equation 

2.7. (e.g. US Army Corps of Engineers, 1998), 

𝑄𝑔 = 𝑘 ∗
𝑑𝑇𝐼

𝑑𝑧
, (2.7) 

where, k is the thermal conductivity of the soil and dTs/dz is the temperature gradient 

between the ice and soil. 

Heat convected by precipitation 

As rain falls on the snow pack the thermal energy contained within the raindrops is absorbed 

by the snowpack. The amount of the energy flux between the snow and precipitation is 

described by Equation 2.8. (e.g. US Army Corps of Engineers, 1998), 

𝑄𝑝 = 𝐶𝑝𝜌𝑤𝑃𝑟(𝑇𝑟 − 𝑇𝑠)/1000, (2.8) 

where, Cp is the specific heat of rain kJ/kg°C, ρw is the density of water, Pr is the quantity of 

rain mm/unit time, Tr is the temperature of the rain and Ts is the snow surface temperature. 

The equation shows that the ultimate energy absorbed by the snow depends on the 

temperature gradient between the snow surface and rain; unless the gradient is relatively 

steep the total amount of energy absorbed for melting is limited.  

Internal energy of the snow pack 

As the melt season starts melt and rain water will percolate through the porous matrix of the 

snowpack where it will refreeze and release thermal energy within the snowpack. As the 

melt season progresses the internal heat deficit of the snow pack will decline until the pack 

reaches an isothermal heat distribution and surface runoff will commence. The internal mean 

energy of the snowpack is described by Equation 2.9. (e.g. Gray and Prowse, 1992), 

∆𝑄𝑖 = 𝑑𝑠(𝜌𝑖𝐶𝑝𝑖 + 𝜌𝑙𝐶𝑝𝑙 + 𝜌𝑣𝐶𝑝𝑣)𝑇𝑚, (2.9) 

where, ds is the depth of the winter snow pack, ρ is density where ρi = 922 kg/m3 and ρl = 

1,000 kg/m3, Cp is the specific heat where Cpi = 2.1 kJ/kg°C and Cpl = 4.2 kJ/kg °C and Tm 

is the mean snow temperature in °C. By definition if the temperature of the snow pack is 

below the freezing point of water the internal energy of the pack, ΔQi, is positive. 

Contribution of parameters in the energy balance 

Not all parameters in Equation 2.1. contribute equally to the ultimate snowmelt of the 

snowpack. The magnitude of the individual energy components contributing to snowmelt 

will vary significantly with and within seasons. The net short and long wave radiation 

transfer between the snowpack and its surroundings will generally comprise 60-90% of the 
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total energy supplied for snowmelt. The turbulent heat flux through sensible and latent heat 

transfer will generally account for 5-40% of the total energy balance on average. The 

contribution of the SEB components can vary significantly between season, surface 

characteristics, time of day and elevation on the glacier (Björnsson et al., 2005; 

Guðmundsson S, 2005).   

The heat conduction through the snow-ground boundary is generally small, ranging between 

2-5% of the total melt energy, since the temperature of the snow and ground are usually 

similar. Even in the case of geothermal areas covered with glacier Qg is not a significant 

source of melt energy and research on the Vatnajökull ice cap has shown that over the ice 

cap, geothermal melt only accounts for up to 5% of the total annual melt (Flowers et al., 

2003). The heat content of the precipitation that falls on the snow pack is small in relation 

to the latent heat of snow melt. Apart from events with extreme precipitation volumes, heat 

transfer from precipitation to the snowpack will be negligible (e.g. USDA, 2004).  

2.2 Icelandic glaciological research 

 Iceland is an island positioned in the middle of the Atlantic Ocean just below the Arctic 

Circle. The islands climate is governed by the temperate Irminger Current, a branch of the 

North Atlantic Current transporting warm waters from the eastern Atlantic to the arctic 

regions. The presence of this warm current causes Iceland to experience mild oceanic climate 

with relatively small fluctuations in temperatures seasonally. Large precipitation events are 

commonly observed due to cyclones crossing the North Atlantic, as the humid air rises above 

the mountainous island condensation occurs with associated precipitation (e.g. Björnsson et 

al., 2008). In elevated locations above the snow line, this precipitation causes snow 

accumulation and the formation of glaciers (e.g. Björnsson et al., 2008). 

At present 11% of the total area of the island is covered with glaciers. Icelandic glaciers are 

classified as “temperate” or “warm” indicating that the entire body of ice is at an isothermal 

state at the melting point. Temperate glaciers experience most of their mass loss through 

melting and due to the “warm” nature of the ice, water and thermal energy are transported 

through the body of the glaciers by crevasses and moulins. Water that reaches the bed of the 

glaciers can rise to large pressures, facilitating the sliding movement of outlet glaciers 

(Fountain et al., 1998). Due to the isothermal nature of these glaciers they adapt swiftly to 

changes in the climate and can expand or ablate rapidly depending on prevailing climate 

conditions. (Björnsson et al., 2008). 

A notable part of the dynamics of Icelandic glacier is the fact that the island sits in the middle 

of the continental rift between the North American and Eurasian continental tectonic plants. 

Additionally it is postulated that beneath the centre of the island is located a mantle plume 

where hot magma from the core of the earth rises, causing a hot spot of high magmatic 

pressure directly underneath the island. This volcanic activity leads to about 60% of the 

countries glaciated area being underlain by active volcanoes. As a result, extreme flooding 

events caused by volcanic eruptions or basal melting at geothermal areas are relatively 

frequent, often presenting a threat to crucial infrastructure (e.g. Björnsson et al., 2008). 

2.2.1 Climatic conditions and distribution of glaciers 

The distribution of precipitation regionally over Iceland is highly influenced by the 

underlying topographical conditions (Björnsson et al., 2008). In elevated areas that 
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experience high amounts of precipitation, the summer heat flux is insufficient to melt the 

accumulated snow. Leading to compounding accumulation over long time periods forming 

the large ice caps observed at the present day. However, as the ice caps grow, overreaching 

the topography, the body of ice will affect the surrounding weather patterns through cooling 

and upwards forcing of the air. Thus, the distribution of Icelandic glaciers become a dictating 

factor in the distribution of precipitation throughout the island (Björnsson et al., 2008). 

Figure 4. shows simulated mean precipitation over Iceland from 1961-1990 as calculated by 

the European Centre for Medium-Range Weather Forecasts (ECMWF) (Jóhannesson et al., 

2007). The figure clearly shows that the heaviest precipitation is observed above the glacial 

ice caps with the most extreme precipitation being above the Mýrdalsjökull glacier and 

southern Vatnajökull ice cap near the south-eastern shore of Iceland.  

 

Figure 4 Simulated mean precipitation in Iceland, 1961-1990 (Jóhannesson et al., 2007). 

The impact of the glaciated ice masses in Iceland on the local weather patterns surrounding 

them is evident in the altitude of the outlet glaciers flowing from the main ice caps. On the 

country’s largest glacier, the Vatnajökull ice cap, the lowest outlets at the southern face of 

the ice cap extend down to elevations of 100 m a.s.l or less. At these low altitudes the mass 

balance of the outlet glaciers is negative even in the winter, and the mass flux of ice is entirely 

supported by flowing ice from higher elevations above the equilibrium line. The glaciation 

limit in the Icelandic central highlands has been estimated to be about 1.600 m a.s.l whereas 

the mean bed elevation of the main ice caps is significantly below that elevation, at 670 m 

for Vatnajökull, 865 m for Langjökull and 1.020 m for Hofsjökull with only about 10-20% 

of the glacier bed lying above the current glaciation limit. The difference between the 

glaciation limit and the observed bed elevation clearly shows how that as the glaciers grew, 

they came to shape the climate of their surroundings. (Björnsson et al., 2008). 

The meteorological conditions on the glacier surface can deviate significantly from its 

surroundings and the free atmosphere. During the ablation season the melting ice surface of 

the ice cap develops a localized microclimate which is dominated by strong downslope 

winds called katabatic winds. The katabatic boundary layer above the ice surface is colder 

and denser than the warm air above resulting in that buoyancy and gravity sweep the cold 
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air down the sloping outlet glaciers (Björnsson et al., 2005). A study on the Vatnajökull ice 

cap has shown that the speed of the katabatic winds correlate to temperature observations in 

lowland regions surrounding the ice cap, suggesting that warming climate could cause 

stronger glacial winds with increased turbulent flux in the katabatic boundary layer 

(Björnsson et al., 2005). 

2.2.2 Methods and causes of glacial mass flux 

The subglacial surface beneath the glacier bed has been mapped by radio-echo sounding for 

all major icecaps in Iceland (Björnsson, 2002). These surface maps have been used to 

determine the limits of the main rivers draining from the glacier as well as the directions of 

large scale ice flow from the elevated accumulation zone to the outlet glaciers below the 

equilibrium line altitude. For the three largest ice caps the annual mass balance has been 

measured since the 1990’s (Björnsson et al., 1998, 2002; Sigurðsson et al., 2004). The melt 

water contribution to the glacial rivers draining from the ice caps has thus been estimated 

based on the mass balance measurements for individual drainage catchments and ice divides. 

Due to the importance of glacial meltwater to the country’s hydrological resource, significant 

research has been performed to investigate the mechanisms and physical causes of the glacial 

mass flux, both within and between melt seasons.  

Long term trends and historical evolution of Icelandic glaciers 

Until the end of the last glacial period some 12.000 years ago, Iceland along with most of 

Northern Europe was completely covered with ice. As the ice cap retreated with warming 

climate it is believed that during the Holocene Climate Optimum, glaciation was restricted 

to the highest mountain tops in Iceland (Eiríksson et al., 2000). During the period from about 

6000 B.C to 1000 B.C it is believed that the climatic conditions in Iceland were significantly 

drier and warmer than at the present with average temperatures up to 2°C higher, during 

which time vegetation colonized most of the land mass of the island as it emerged from 

beneath the ice cap (Guðmundsson, 1997; Vinther et al., 2006). 

Following the warm period with retreating ice caps, periods of climatic deterioration 

occurred where the Icelandic glaciers expanded significantly. During this neoglaciation two 

periods are associated with extensive ice cap expansion. During the first period, about 2.500 

years before the present, average temperatures decreased and precipitation increased, which 

led to a swift expansion of the mountain top glaciers in the Icelandic central highlands. The 

expansion caused the glaciers to extend over the central highland plateau, finally merging to 

form the large icecaps observed today (Shoemacker et al., 2003; Kirkbride et al., 2006; 

Flowers et al., 2008). 

During the time from the settlement of Iceland and until the thirteenth century A.D. the island 

was dominated by a mild weather similar to present day climate. Following that, the second 

period of neoglaciation occurred, which has been termed „The Little Ice Age“ (LIA) and 

extended from the middle ages until the end of the 19th century (Ogilvie et al., 2001; 

Kirkbride, 2002). During this period of glacial advance the equilibrium line altitude in 

southern Iceland descended to about 700 m a.s.l from about 1.100 m a.s.l during the warm 

periods. The expanding outlet glaciers advanced up to 10-15 kilometres and even immersed 

several farms in steep glacial valleys. During the LIA glacial advance, some of the more 

active outlet glaciers on the southern part of the Vatnajökull ice cap pushed away the 

sediment bed forming long trenches extending far below sea level (Nick et al., 2007). 
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Research on ice core samples from Iceland and Arctic Canada have suggested that the 

observed neo-glaciation was driven by periods of extensive volcanism where sulphur 

containing aerosols forced summer cooling. The volcanically induced cooling is believed to 

have been further sustained by feedback from sea ice and ocean interaction (Miller et al., 

2012).  

In the latter part of the 19th century the trend of cold climate started to reverse and the 

glaciers began their retreat. A short period of cold summers in the 1940‘s to the 1960‘s 

interrupted the retreat of the glaciers and even caused the expansion of several steep outlet 

glaciers. The warming climate resumed in the 9th decade of the 20th century and since the 

middle of the 1990‘s all non-surging outlet glaciers in Iceland have observed a trend of 

retreating ice (Pálsson et al., 2011; Bradwell et al., 2013; Björnsson et al., 2013). The 

acceleration in glacial retreat has been shown to be driven by high volumes of summer melt 

water, while no significant long term variations in precipitation has been measured (Hanna 

et al., 2004).  

Since the mid 1990‘s the average annual reduction in glacial mass in Icelandic glaciers has 

been about 9.5 Gt per year which corresponds to a global sea level increase of about 0.03 

mm annually (Björnsson et al., 2013). Naturally the trend of retreating glaciers in Iceland 

has an important impact upon the hydrological resources of the island. Prior to increased 

retreat observed in the 1990’s the contribution of glacial melt water to the total runoff on the 

island was estimated to be about 30%. At present the portion of glacial melt water in the 

countries total runoff is estimated to be at least 33% and is expected to increase further in 

the foreseeable future (Jónsdóttir, 2008). Due to this large and increasing contribution of 

glacial melt to the hydrological resource, significant research efforts have been undertaken 

to simulate the evolution of glacial melting, both within individual melt seasons as well as 

for long term changes in ice storage due to projected trends of global warming.  

Surface melt and energy balance 

Due to the importance of the glacial melt water, attempts have been made to numerically 

model the energy balance of the glacier described by Equation 2.1. and the resulting surface 

melt characteristics of all the major ice caps in Iceland. To enable such research, 

measurements have been carried out on the glaciers to develop extensive time series of 

meteorological and climatological variables as well as mass flux behaviour since the early 

1990’s (Björnsson et al., 1998). 

A mass balance model for the Vatnajökull ice cap was developed and calibrated in a 

collaborative study with the Universities of Utrecht and Iceland. The study considered the 

difference between modelling mass balance based on meteorological variables recorded 

within or above the katabatic boundary layer separating the ice surface and the free 

atmosphere. The results showed that due to the size of the ice cap the katabatic layer is thick 

enough to cause a significant difference between the temperatures measured at 2m above the 

ice cap surface and the temperatures in the free atmosphere. The developed model showed 

good correlation to the observed mass balance when data from AWS outside the glacier 

surface were used (de Wildt et al., 2003). 

The occurrence of two large flood events in the river Jökulsá á Brú draining the Brúarjökull 

glacier in August 2004 gave reason for research into the energy budget and resulting melt 

characteristics of the largest outlet glacier of the Vatnajökull ice cap. The energy fluxes of 
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the ice cap were estimated based on three AWS on the glacier surface and maps of the energy 

balance calculated for the whole glacier. The melt rates derived from the extrapolated energy 

fluxes correlate satisfactorily with measured river discharges. The flood analysis showed 

that the first event was caused by a large precipitation event and the second by an unusually 

low glacier albedo and warm and sunny weather (Guðmundsson et al., 2005). 

The impact of deviations of the equilibrium line altitude (ELA), the altitude where the net 

annual ablation is zero, on volume changes of the Vatnajökull and Hofsjökull ice caps have 

been researched. The research suggests that no simple relationship between the ELA and 

mass balance exists. However, modelling suggests that a critical value for the ELA exists, 

above which the ice cap will expand and below which it will settle to a steady state 

(Aðalgeirsdóttir et al., 2005). Simulations of the subglacial hydrology and ice sheet 

dynamics of the Vatnajökull Ice cap for the period 1600-2300 A.D. suggest that air 

temperature in the free atmosphere is the dominant long term control on the volume and area 

of the ice cap (Marshall et al., 2005). 

The historical evolution of the surface mass balance and ice flow of the Hoffelsjökull outlet 

glacier in SE Vatnajökull ice cap has been modelled through the period 1895 to 2010. The 

model employs a wealth of available data including bedrock topography developed by radio-

echo sounding, mass balance observations, energy balance measurements and surface 

elevation maps to calibrate and constrain the model. The model adequately simulates the 

observed 20% volume decrease of the glacier during that period. The calibrated model was 

used to predict the evolution of the glacier over the 21st century by considering several global 

and regional climate simulations. The results suggest that surface melt induced runoff from 

the glacier will increase over the next three to four decades and start declining past that time. 

If predicted climate warming patterns are realized the model suggests that the Hoffelsjökull 

glacier will mostly disappear by the end of the 21st century (Aðalgeirsdóttir et al., 2011). 

Geothermally induced bed melt 

As previously noted, about 60% of the glaciated area in Iceland is underlain by active 

volcanoes. Due to this interaction between fire and ice a portion of long term glacial mass 

balance is accounted for by geothermally induced ice melt at the soil-ice boundary at bed of 

the glaciers.  

Melt rates on glaciers overlying volcanic areas are enhanced through several mechanisms 

connected to the volcanic forces. Eruption events beneath an ice cap can release a 

tremendous amount of energy in a brief time period where a large volume of ice is melted. 

Areas of persistent geothermal activity beneath the glacial base continuously affect ice melt 

and ice flow. Lastly, eruption events that melt through the overlying ice are accompanied by 

the release of tephra around the crater which is dispersed throughout the glacier surface 

where the albedo decreases and the resulting short wave absorption of the glacial surface is 

greatly enhanced. In some cases of large eruptions the tephra layer may become large enough 

to create an insulation layer severely limiting heat flux (e.g. Pálsson et al., 2009) 

The contribution of geothermal and volcanic activity on the basal melt characteristics of the 

Vatnajökull ice cap has been researched by the Institute of Earth Sciences at the University 

of Iceland. The research shows that about 4% of the area of the ice cap is affected by 

perpetual geothermal activity, the melting in these areas is apparent by permanent 

depressions that form on the surface of the glacier. The research shows that in the time period 
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1992-2005 the ultimate contribution of basal melt to the total ablation of the glacier was only 

about 3%. About 90% of the basal melt was accounted for by geothermally induced melt 

occurring in the perpetually warm areas under the glacial base whereas 10% occurred during 

two volcanic eruptions in 1996 and 1998 in the volcanoes Gjálp and Grímsvötn, respectively 

(Pálsson et al., 2009). The maximal heat flux in the 1996 eruption in Gjálp has been 

estimated to be 5-6*105 W/m2 which occurred during the initial 4 days of the 13 day long 

eruption (Guðmundsson et al., 2004). 

The Vatnajökull ice cap covers several active volcanic systems which have erupted 

periodically throughout Icelandic geological history. Research on tephra layers in the 

ablation zone of the Vatnajökull ice cap shows that at least 86 eruptions have occurred 

beneath the ice cap in the last 800 years. The annual contribution of meltwater released in 

volcanic eruptions has been estimated to be about 0.05 km3/annum (Larsen et al., 1998). 

Eruptions that break through the ice cap result in explosive eruptions with large amounts of 

tephra spread throughout the vicinity of the crater. The tephra in the ablation zone is washed 

away relatively quickly during the melt season while tephra in the accumulation zone is 

covered with a fresh snow layer to emerge later in the ablation zone. The long term 

accumulation of tephra leads to the ablation zones within the volcanic area of Vatnajökull to 

have a perpetually low albedo (Pálsson et al., 2009) 

Debris and tephra in the ablation zone can significantly lower the ice surface albedo, which 

increases the absorption of short wave radiation providing additional thermal energy for 

melting. Periodic tephra deposition on the surface of Brúarjökull is transported through ice 

flow from the elevated accumulation zones to the ablation zones of the glacier which as a 

result experience a perpetually dark surface with a low albedo (Pálsson et al., 2009). 

The impact of the tephra deposition resulting from the 2004 eruption of Grímsvötn on the 

Surface Energy Balance (SEB) of the Vatnajökull ice cap was considered in a 2014 study. 

The research showed that the maximal albedo decrease compared to modelled clear ice was 

0.35. The impact of tephra deposition in the low lying ablation zones of the glacier 

diminished with time and had returned completely to base line within four years. 

Contrastingly, the albedo around the Grímsvötn caldera increased with time (Möller et al., 

2014). The enhanced melting of the Vatnajökull ice cap due to the long term accumulation 

of volcanic debris and tephra results in a 13% increase in total ablation on average of the ice 

cap as compared to only clear ice comprising the surface of the glacier (Pálsson et al., 2009).  

The interaction between the geothermal forces and the glacier can result in releases of large 

volumes of accumulated melt water during extreme flooding events called jökulhlaups. 

Jökulhlaups can occur in many river courses in Iceland and the magnitude and frequency of 

the floods varies depending on the geothermal systems responsible for melt. Thus, 

jökulhlaups from the Skaftárkatlar geothermal system which drain through subglacial lakes 

occur every 2-3 years with maximum observed discharges of 1.500 m3/s (Atladóttir, 2013). 

Research on the western Skaftá cauldron has shown that the subglacial lake, lying 300 m 

below the ice surface, is well mixed and is perpetually at temperature around 4 °C. The 

research suggest that the sensible heat content of the lake is about twice the potential energy 

dissipated during a jökulhlaups (Jóhannesson et al., 2007). 

Less frequent but more extreme are jökulhlaups caused by subglacial volcanic eruptions. 

Eruptions in one of the most active Icelandic volcanoes, Katla, beneath the Mýrdalsjökull 
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glacier are accompanied by the most devastating jökulhlaups currently observed on the 

planet with estimated peak discharge of up to 300.000 m3/s (Tómasson, H., 1996).  

The devastating nature of the potential jökulhlaups in Icelandic rivers is a cause of threat to 

downstream hydraulic structures and crucial public infrastructure. Therefore ongoing efforts 

are being taken to assess the present risk and develop emergency responses to hazardous 

jökulhlaups (Elíasson, J., 2014). 

Glacier dynamics; movement of ice and glacial surges 

A last mode of mass transport within the glacial system is the actual flowing of the ice itself. 

Snow is accumulated in the higher elevated accumulation zones and flows down slope into 

the outlet glaciers in the ablation zone. Depending on the slope, thickness of ice and the 

topography of the glacier bed, the flow velocity and mass transfer rate of outlet glaciers can 

vary significantly. Glaciers in steep slopes show a fast flow velocity with an even mass 

transfer rate while gently sloping glaciers cannot maintain a sufficient flow velocity to 

supply the required annual mass transfer between the accumulation and ablation zone. Such 

glaciers are prone to glacial surges where large amounts of ice are transported swiftly in a 

sudden advance of the glacier. Surge intervals are irregular and range from years to centuries 

and of the 26 surge-type glaciers in the country, recorded glacier advances in Iceland have 

ranged from a few meters to 10 km (Björnsson et al., 2003).  

In all of the major ice caps in Iceland, glacial surges are a significant mode of mass transport 

from the ice cap plateaus at the accumulation zones into the outlets. Furthermore, as the 

surges release a tremendous amount of energy in a small amount of the time, the topography 

and geometry of the outlet glacier is drastically altered. Following a surge, the surface 

roughness of the outlet increases significantly as ice is transported to lower elevations, 

resulting in increased energy flux into the ice due to solar radiation and increased turbulent 

flux. Research on the Vatnajökull ice cap using digital elevation models developed by 

satellite data show that during the 1990’s 40 km3 of ice or about 25% of the total ice transport 

into the outlet glaciers of the main ice cap was accounted for by glacial surges (Magnússon 

et al., 2005). 

The surface velocity of some outlet glaciers of the Vatnajökull ice cap have been measured 

using satellite, radar monitoring and field measurements. In the steep outlets at the southern 

face of the ice cap which extend in some cases all the way down to sea level, very fast flow 

velocities have been observed, up to 5 m/day at Breiðamerkurjökull outlet glacier. The flow 

velocities increase downhill and the fastest velocities are observed where outlet glaciers flow 

into glacial lagoons where the glaciers calves into icebergs (Voytenko et al., 2015).  

The north facing outlets of the Vatnajökull ice cap extend into the central highland plateau 

and are thus situated in much gentler slopes. The northern outlets of the ice cap therefore on 

average have much lower flow velocities. However during glacial surges these outlet glaciers 

can advance very rapidly and research on end moraines created during such events suggests 

that during extreme surges in Brúarjökull glacier in 1890 and 1964 flow velocities were over 

5 m/hr (Benediktsson, 2010). 

The flow velocity of outlet glaciers and the resulting mass flux through ice flow is 

significantly influenced by ice melt rates. A portion of the glacial melt water will be 

transported to the glacial bed trough moulins and crevices in the glacial body. The water 

accumulation at the base will increase water pressure and produce a lubricating effect 



27 

between the glacier base and the bedrock. Research on the Greenland ice sheet have shown 

that the ice velocity response to increased surface melt occurs within days and that the 

velocity has been measured to increase by up to a factor of 4 (Zwally et al., 2002; Van de 

Wal et al., 2008). In cases of extreme amounts of melt water that may occur during a 

rainstorm or jökulhlaups, water pressure may increase to the point where localized uplift of 

the glacier occurs. Such behaviour has been recorded in the subglacial river course of 

Skeiðará beneath Skeiðarárjökull glacier a south western outlet glacier of the Vatnajökull 

ice cap were uplift rates of up to 20 cm/day was measured using radar and satellite data 

(Magnússon et al., 2011). 

2.3 Impact of global climate change 

The impact of predicted trends of global climate change on the glaciers of Iceland has been 

studied to forecast the rate and extent of glacier ablation into the future.  

The fate of southern Vatnajökull icecap and Hofsjökull glacier in the central highlands was 

evaluated in a 2006 study. The results of the study show that with a specified warming rate 

of 0.15°C per decade the volume of these glaciers will halve in 100-150 years and that the 

average runoff from southern Vatnajökull ice cap will have increased by 1.4 m H2O/yr as 

soon as 2030. The study predicts that within the next 200 years the glaciers will almost 

disappear completely (Aðalgeirsdóttir et al., 2006).  

Research on the overall impact of global climate change on Iceland’s hydrological resources 

was conducted on behalf of the National Energy Authority in 2007. The research shows that 

the Icelandic climate has already experienced a warming of over 1°C over the last 30 years 

accompanied by an accelerated ablation of the country’s glaciers. During the same period, 

no significant changes in precipitation behaviour have been observed. A climate scenario for 

Iceland was developed based on IPCC emission scenarios which specified a 2.8°C warming 

of the annual average temperatures by 2100 compared to 1990 with 10% increase in 

precipitation in the same period. According to the research runoff is predicted to have 

increased by 25% by the end of the 21st century. However, the predicted warming will cause 

shorter and more unstable winters causing higher runoff in early spring and late autumn and 

thus a more even distribution of river runoff throughout the year (Jóhannesson et al., 2007). 

The projected evolution of the two main ice caps in the central highlands, Hofsjökull and 

Langjökull have been simulated and compared. Based on moderate warming scenarios both 

ice caps are predicted to mostly disappear in the next 200 years. The models suggest that 

Langjökull ice cap will show higher mass balance sensitivity to the predicted warming than 

will Hofsjökull ice cap due to the lower elevation of Langjökull. The predicted ablation will 

increase river runoff over the next 40-60 years and discharge in glacial rivers will remain 

above present values throughout the 21st century (Guðmundsson et al., 2009). 

The response of three small ice caps in the south of Iceland surrounding the larger 

Mýrdalsjökull glacier, Eyjafjallajökull glacier, Torfajökull glacier and Tindafjallajökull 

glacier, to regional warming was assessed in a 2011 study. Average mass balance was 

estimated for two periods between 1979 and 2004 by comparison of digital elevation maps 

developed by satellite and radar data. The results show an acceleration of glacial ablation in 

the time period for all three glaciers. The study concludes that Torfajökull glacier and 

Tindafjallajökull glacier will completely disappear if present day climate conditions prevail. 

The future evolution of Eyjafjallajökull glacier was found be highly dependent on the 
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impacts of the 2010 subglacial eruption which were not fully understood at the time 

(Guðmundsson et al., 2011). 

A recent study on the Vestari Hagafellsjökull outlet glacier of the Langjökull ice cap 

assessed long term changes in the surface energy balance (SEB) of the ice sheet, observed 

during the period 1979-2012. The results of the research showed that the potential melt 

energy had significantly increased during the study period. The increase in the total SEB 

amounted to 20-32% at the two locations surveyed. The research showed that the 

components of the SEB were disproportionally impacted by the observed climate warming 

during the period. The largest increase in individual SEB components were in the turbulent 

fluxes with a 36-93% increase in the two study locations. However, the study showed that 

the short wave energy fluxes remained the largest contributing factor in the SEB and small 

relative changes in inbound short wave energy will contribute proportionally more to the 

SEB than the other factors. Lastly the study considered the impact of the North Atlantic 

Oscillation Index (NAOI), which is important factor determining Icelandic climate, on the 

SEB. The results showed a significant correlation between the NAOI and the radiative and 

latent heat components of the SEB (Matthews et al., 2014). 

In global terms, a recent study considered the historical trends in glacial ablation and glacial 

mass balance across the planet. Ablation measurement on a multitude of glaciers stretching 

back a century in some cases were gathered and assessed. The results showed that glacier 

retreat during the study period is a global phenomenon and that intermittent periods of glacial 

advances are restricted to individual regions. Results further indicate that mass loss during 

the 21st century is without precedent on a global scale for the duration of recorded history. 

The study concludes that glacial mass loss will likely continue for the next decades, even in 

the case where global climate remains stable (Zemp et al., 2015). One problem with making 

inferences on events occurring in the global cryosphere is the lack of accurate long term 

data. Although glacial monitoring has a relatively long history in the Nordic region other 

glacier locations such as the elevated glaciers surrounding the Himalayas in central Asia 

have been subject to minimal data acquisition due to their inaccessible locations. To further 

the state of the art in understanding snow and ice processes, the Global Cryosphere Watch 

was instigated by the World Meteorological Office (WMO) (Þorsteinsson et al, 2013).   

2.4 Glacial runoff modelling 

Due to the importance of glacial ice storage and snow melt to the world’s hydrological 

resources, significant scientific efforts have been placed to develop numerical models to 

simulate and predict snow melt characteristics as well as the timing and extent of the 

resulting surface runoff. In general two modelling approaches are most common in 

simulating and forecasting glacial mass balance, physical and empirical.  

Physical models attempt to evaluate all the components of the SEB as described in Chapter 

2.1 and presented in Equation 2.1. to calculate the resulting melt based on available thermal 

energy. The physical models describe the natural processes responsible for snow melt and 

as such require little calibration when used with reliable meteorological observations 

acquired in situ at the desired point on the glacial surface. However, as Equation 2.1. shows 

the SEB is a complex natural phenomenon affected by a range of individual variables and 

data acquisition is an expensive and laborious task. The lack of data due to the technical and 

logistical constraints of operating AWS in the inhospitable environments encountered at the 
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glacial surface, necessitates the development and employment of simpler models based on 

observed empirical relations to research glacial catchments where limited previous data are 

available (Engelhardt M., 2013).  

Empirical models that rely on measurements of few meteorological variables which exhibit 

correlation to observed mass balance are more commonly employed for ablation modelling. 

The empirical models range in complexity, from simple temperature-index models who rely 

only on temperature measurements to complex models who incorporate additional variables 

affecting the SEB such as the shortwave radiation. The simplest type of empirical models, 

called degree day models, compute snow melt, M, by multiplying the sum of positive daily 

mean temperatures with an empirical constant, the degree day factor (DDF) according to 

Equation 2.10. 

𝑀 = 𝐷𝐷𝐹 ∗ ∑ 𝑇+ (2.10) 

Even though degree day models only use air temperature measurements for input they have 

been shown to reliably predict rates of summer ablation (Hock, 2003). Although the main 

contributing factor of the SEB and resulting momentary melt is the incoming shortwave 

radiation, annual variations in mass balance are mainly accounted for by changes in climatic 

conditions such as temperature and precipitation (Oerlemans, 2005). The accuracy of the 

temperature-index models can be improved by incorporating variables of the SEB which are 

not affected by air temperature, such as surface albedo, inbound short wave radiation, 

humidity and wind speed (Carenzo et al., 2009). 

The choice of model for estimating glacial mass balance is therefore highly location and 

application dependant. The extent and amount of data available differs greatly between 

glaciers. Physical models will perform well in catchments where a wealth of data have 

already been gathered and a high resolution simulation is required, while simple temperature 

index models are more suited for initial estimations in regions where little data on 

meteorological and climatological conditions are available. Furthermore, topographical 

conditions may cause a further location dependency of modelling approaches. Due to the 

location dependency of modelling methodology, research has been conducted for a range of 

glaciated areas to compare the efficiency of different models in each region. 

In a 2003 study, the performance of five temperature index models and an empirical energy 

balance model in simulating the daily melt rates at the Vatnajökull and Langjökull ice caps 

was compared. The results showed that simulated ablation using physical SEB calculations 

well replicated observed measurements. Summer ablation was more accurately predicted by 

employing the empirical energy balance model than any of the temperature index models. 

The best results of the temperature index models was obtained by using temperature 

measurements obtained outside the glacier and extrapolating using a constant lapse rate to 

the glacier surface elevation. This suggests that temperatures within the katabatic layer on 

the glacial surface are significantly affected by the melting surface ice and correlate less to 

the incoming short wave radiation than to temperatures in the free atmosphere and that 

undamped temperatures better describe the thermal fluxes over the glacier. The study 

showed that the net short wave radiation is the largest factor in the SEB contributing to snow 

melt. Lastly, the study showed a significant connection between temperature in the free 

atmosphere and the speed of katabatic winds. This finding has important implications for 

modelling of future glacial response to climate change as a warmer climate will increase 
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katabatic wind speeds which further increase turbulent heat flux causing faster melt rates 

(Guðmundsson et al., 2003). 

A similar study conducted in 2009 focused on the Langjökull ice cap where one physical 

SEB model and two degree day models were employed to simulate ablation in the period 

2001-2005. The SEB was calculated as the sum of the radiative and turbulent heat fluxes 

whereas heat from rainfall and subsurface conduction was assumed negligible. The degree 

day models were used, one considering temperatures on the glacier and the second a scaled 

temperature observation outside of the glacial surface using a constant lapse rate. The results 

showed that degree day models successfully simulated seasonal variations in melting while 

SEB models much better simulated daily melt rates. The net short wave radiation was shown 

to be the largest component of the SEB for most intervals with every individual part of the 

SEB increasing down slope the glacier. The degree day model using temperature 

observations outside the glacier showed more accurate simulations of ablation. The study 

concluded that reasonable predictions of increased ablation due to climate change for 

regional changes of less than 3°C can be obtained by using empirical temperature index 

models (Guðmundsson et al., 2009).   

The performance of five glacier melt models in assessing the mass balance response of the 

Rhonegletscher glacier in Switzerland to future climate warming was compared in a 2014 

study. The models ranged from simple temperature-index models to physically based SEB 

models. The models were calibrated using mass balance data gathered in the period 2006-

2012 and the models are validated and compared on their ability to simulate observed glacier 

changes in the period 1929-2012. Results of the comparison showed that the physical SEB 

model showed the least agreement with observed values. Of the empirical models, those with 

a separate term for incoming short wave radiation showed the best agreement with long term 

observations, suggesting a transient relationship between temperature and glacial mass 

balance making simple degree-day models less suitable for long term mass balance 

modelling (Gabbi et al., 2014).  
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3 Data  

Reliable ablation forecasting requires quality data on a range of relevant variables governing 

the physics of snow melt. Due to the importance of the Icelandic glaciers to the country’s 

hydrological resources a significant amount of historical data have been gathered for the 

main glaciers and the catchments that surrounds them which were used in the present study. 

As the literature reviewed in Chapter 2 revealed, glacial ablation rates often show higher 

correlation to variables recorded outside the glacier surface. Therefore data were acquired 

from measurement stations on the glacier surface as well as in a range of locations 

surrounding the ice cap. 

3.1 Time series of Discharge  

Discharge measurements have been carried out by Landsvirkjun in most of the large glacial 

rivers draining from the Vatnajökull ice cap for several decades. In the present study, 

discharge measurements on rivers draining Brúarjökull glacier catchment were acquired. 

Time series of discharge were acquired as daily averages from; Jökulsá á Fljótsdal which 

originates from the outlet glacier Eyjabakkajökull, influx into Hálslón and at two locations 

in Jökulsá á Dal, at Hjarðarhagi and Brú, respectively.  

The locations of discharge measurements are shown in Figure 5. The time series of discharge 

from Jökulsá á Dal in Hjarðarhagi extends from 1963 and measurements at Brú began in 

1971. The time series from Jökulsá á Fljótsdal began in 1985 and the natural influx into 

Hálslón has been measured since the commissioning of the reservoir in 2007.  

 
Figure 5 Locations of discharge measurements (Data: LMÍ, 2015). 
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Apart from the point measurements in river discharge, the annual contribution of glacial 

meltwater from the Vatnajökull ice cap to the main glacial rivers draining from it is estimated 

based on mass balance observations gathered during bi-annual measurement surveys. The 

seasonal ablation average of glacial melt water transported to each river draining the 

Brúarjökull catchment is estimated based on the annual mass balance of the glaciers ice 

divides. The ice divides are found by potential maps produced from surface and bedrock 

digital elevation models and compared to river runoff in streams near the glacier. The 

assessed runoff due to glacial mass balance at the measurement stakes does not include 

precipitation that falls on the glacial surface during the summer (Pálsson et al., 2014). 

In the present study the aim is to predict the season ablation of Brúarjökull glacier, of which 

most is accounted for by river runoff in the river Jökulsá á Dal. To model the seasonal 

ablation of the glacier, time series of the estimated annual summer ablation contribution of 

Brúarjökull to surface runoff in Jökulsá á Dal was utilized as the response variable. 

For analysis of catchment characteristics, such as frequency analysis of the melt season 

boundary, and the computation of daily melt rates in data verification, daily discharge 

measurements from Jökulsá á Dal were used.  

3.2 Measurements on glacial surface 

3.2.1 AWS on glacier surface 

Several Automatic Weather Stations (AWS) have been operated on the surface of the 

Vatnajökull ice cap in cooperation between Landsvirkjun and the Science Institute of the 

University of Iceland for the past decades during the melt season. Additionally mass balance 

surveys are carried out in the spring and fall to estimate winter accumulation, summer 

ablation and consequently the net glacier mass balance for the melting season.  

In the present research data from three main AWS on the Brúarjökull glacier surface were 

considered. The AWS were denoted as BruNe (B10), BruMi (B13) and BruEf (B16) and 

provide meteorological data from the lower (850 m a.s.l), middle (1.200 m a.s.l) and upper 

(1.400 m a.s.l) parts of the Brúarjökull glacier catchment, respectively. The AWS in the 

upper and middle parts of the glacier are installed every year in the spring and dismounted 

in the autumn to prevent damage during the harsh winter months as they would otherwise be 

covered with snow. The AWS on the lower part of the glacier however, is operated 

continuously throughout the year.  

The lowest AWS on Brúarjökull glacier is consequently subjected to long periods of harsh 

conditions and little maintenance during the winter months. As a result the measurements 

recorded at BruNe may be more prone to measurement error and displaying faulty readings 

due to icing and snow burial events  

The lowermost and highest stations, BruNe and BruEf, have been operated every year since 

2001 while the middle station, BruMi, has operated since 1994, although the location was 

altered in 1996. The locations of the glacially bound AWS are shown in Figure 6. 

The AWS were designed to measure and collect information on the main variables of the 

SEB that affect snow melt and are responsible for the heat transfer into the glacier body. 



33 

Time series of the following parameters are available from the three AWS on the glacier 

surface: 

 Temperature at 2 m [°C] 

 Humidity at 2 m [%] 

 Incoming and reflected short wave solar radiation at 2 m [W/m2] 

 Incoming and outgoing long wave radiation from atmosphere at 2 m [W/m2] 

 Wind speed and direction at 2 m [m/s and °] 

 Albedo, calculated 

Data was received as the mean daily values of the parameters that are recorded in the AWS 

and was further processed to provide time series of seasonal averages of each variable at 

each location.  

 
Figure 6 Location of mass balance measurements and AWS on and off the glacier (Data: LMÍ, 2015). 

3.2.2 Bi-annual measurement surveys 

To assess the winter accumulation and summer ablation of the glacier, measurement surveys 

are conducted by Landsvirkjun in collaboration with the Institute of Earth Science at the 

University of Iceland at the boundaries of the melt season in spring and autumn. To estimate 

the winter snow accumulation in the spring survey an ice core is drilled and the density of 

the ice core is measured over its depth and the boundary of the snow accumulated over the 

winter and older ice is estimated as the depth where a sharp increase in density and crystal 

structure is observed. Additionally the temperature profile over the depth of the ice core is 

measured as a secondary measurement to confirm the boundary of older ice and last winter’s 

snow accumulation. Finally, a wire (ablation area) or rod (accumulation area) is placed in 
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the hole left by the core in the spring survey, to be revisited in autumn (Þorsteinsson et al., 

2013) 

In the autumn survey the core locations are revisited and the length of wire or rod that stands 

out of the glacier surface is measured to estimate the summer balance. For each melt season 

the net mass balance of the glacier is calculated as the winter accumulation added to the 

summer balance. Figure 6. shows the average location of ablation measurements on the 

Brúarjökull glacier surface which were used in the present research. 

3.3 Measurements outside the glacier 

Measurements collected on the glacier surface provide good information on the momentary 

energy fluxes between the glacier and its surroundings. Due to the immense forces at play 

in the glacial energy balance the glacier creates highly localized weather patterns on the 

glacier surface dominated by katabatic winds. Therefore meteorological and climatological 

data from other sources surrounding the glacier, such as land based AWS near Brúarjökull 

glacier and sea temperature measurements from around Iceland, are considered in the present 

research. 

3.3.1 Land based AWS 

Data were acquired from AWS operated by the Icelandic Meteorological Office (IMO) and 

Landsvirkjun (LV).  The data are measured in three locations close to Brúarjökull glacier in 

the central highlands north of the Vatnajökull ice cap. The highland locations considered in 

the present study were, Eyjabakkar (LV), Kárahnjúkar (LV) and Upptyppingar (IMO).  

Additionally, data were acquired from AWS located in populated areas in the lowlands 

surrounding the Vatnajökull ice cap. Meteorological data were thus also acquired from 

Mývatn (IMO) and Egilsstaðir (IMO). Data was received as the mean hourly values of the 

parameters that are recorded in the AWS and were further processed to provide time series 

of seasonal measurement averages.  

The locations of the AWS recording metrological measurements used in the present study 

are shown in Figure 6. 

The data from the land based AWS includes measurements on: 

 Temperature at 2 m [°C] 

 Dew point temperature, calculated [°C] 

 Vapour pressure, calculated [hPa] 

 Relative humidity, at 2 m  [%] 

 Atmospheric pressure, at 2 m [hPa] 

 Wind speed at 10 m [m/s]  

 Wind direction at 10 m [°] 

 Precipitation (only used from Egilsstaðir) 

The time series acquired on land have a range from 1996, 1997, 1998, 1999 and 2005 to the 

present day for the AWS at Mývatn, Eyjabakkar, Egilsstaðir and Kárahnjúkar and 

Upptyppingar, respectively.  
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3.3.2 Sea temperature 

Time series of sea temperature measurements on several locations around Iceland were 

acquired from the Marine Research Institute which has conducted sea temperature 

measurements since the 1980’s. Sea temperature time series were obtained from the 

locations: Vestmannaeyjar, Mjóifjörður and Grímsey. The locations of sea temperature 

measurements are shown in Figure 7.  

 

Figure 7 Locations of sea temperature measurements (Data: LMÍ, 2015). 

The time series obtained display daily average temperatures beginning in 1988 and 1989 at 

the stations at Mjóifjörður and Grímsey, respectively and in 1999 at the station in 

Vestmannaeyjar.  
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4 Methods 

4.1 Time series 

Time series of predictive meteorological and climatological variables and the ablation 

response variable were assembled from the acquired data described in Chapter 3. To assess 

the temporal evolution of predictive information available, time series were developed for 

annual seasonal measurement averages for varying periods in the first two quarters of the 

year. Specifically, time series were calculated for seasonal measurement averages for five 

different periods in winter and spring for continuously available variables. The given 

algebraic names of the time periods for which seasonal time series were calculated and the 

duration of each period is presented in Table 1.  

Point measurements such as the biannual recording of winter accumulation and summer 

ablation on the glacier surface were used as received with a single value for each melt season. 

Point measurements in spring were assumed to be available before the 15th of May. The 

response variable considered in the present study was the seasonal ablation of the glacier 

that results in runoff in the river Jökulsá á Dal. Time series for the response variable had 

been calculated based on ablation measurements performed on the glacier and potential maps 

of the glacier sub-surface topography. 

In all cases time series of seasonal winter averages were developed, calculated as 

measurement averages of continuous variables for the time period ranging from the 1st of 

January to the 1st of April each year. Additionally time series of seasonal averages for four 

time periods in the spring were calculated. Thus time series are available for model 

development for 5 different periods from the 1st of April to 1st of July as shown in Table 1.  

Table 1 Seasonal time series. 

Period name Time period Duration  

P1April 1 January – 1 April 3 Months 

P15May 1 April – 15 May 1,5 Months 

P1June 1 April – 1 June 2 Months 

P15June 1 April – 15 June 2,5 Months 

P1July 1 April – 1 July 3 Months 

 

The time series were calculated using both Microsoft Excel and Matlab and the results 

compared to ensure computational conformity. Time series were computed using the 

averageifs function in Microsoft Excel for the time periods mentioned previously. Time 

series of daily averages are constructed from time series of hourly averages in Matlab using 

a toolbox developed by Mark S. Raleigh (Raleigh, 2015).  

The Matlab program seasonalAV.m was then developed to compute the seasonal averages 

described in Table 1. the program is presented in Appendix II. Time series calculated in 
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Matlab and Microsoft Excel showed good agreement for all measurement averages, slight 

deviations were observed in time series with many outliers or faulty measurements due to 

different bridging procedures between the programs. Deviations were in all cases very small 

and only noticeable in the second or third decimal place. Time series developed in Matlab 

were used for further analysis in the present study.   

Data were available continuously for most of the considered variables during the time period 

2001-2014 which was chosen as the study period for the present research. Measurements 

prior to 2001 are not considered as well as time series with very extensive measurement gaps 

within the period are excluded from further analysis.  

Daily average time series were inspected for outliers both graphically and statistically. 

Statistical outlier analysis was performed using an adjusted box plot procedure, where 

outliers were identified as measurements laying more than two standard deviations from the 

mean (Garcia, 2010; Vanderviere and Huber, 2004). Statistically identified outliers were 

analysed graphically, removed where applicable and replaced with NaN values.  

An extended period of faulty measurements was identified for time series of measurements 

recorded at the AWS BruNe on Brúarjökull glacier during the spring of 2014. From the data 

it can be deduced that several of the AWS instruments were fully or partially covered with 

snow from February to May of that year. Due to the importance of the measurements at 

BruNe the measurement gap was bridged by replacing with average daily measurements for 

years with similar observed ablation.  

As a result of the extensive bridging of the time series at BruNe model results for the year 

2014 may be skewed which should be considered when interpreting forecasts for that year.  

4.2 Data Verification 

The ability of the acquired data to represent the momentary energy balance of the glacier 

was assessed by calculating the energy balance and the resulting melt rates as described in 

Equation 2.1. in Chapter 2.1 and comparing the simulated runoff to observed values. The 

contribution of the turbulent heat fluxes Qt of latent and sensible heat transfer was estimated 

based on the bulk method as described in Equation 4.1., 

𝑄𝑡 = 𝑐1 ∗ 𝑢 ∗ (𝑇𝑆 + 𝛾(ℎ𝐺 − ℎ𝑆)), (4.1) 

where c1 is a scaling factor, u is the wind speed on the glacier, TS is temperature measured 

at elevation hG outside the glacier while hS is the elevation of the glacier surface. The 

constant lapse rate used was γ = -0.6 * 10-2 °C/m. Equation 4.1. has been discussed and 

developed for the Vatnajökull ice cap e.g. by Guðmundsson et al., (2003) and de Wildt et al. 

(2003). 

The net energy available for melting was computed using the sum of the turbulent and 

radiative fluxes, Qt and Qr. Where Qr is the net sum of the short wave and long wave radiative 

energy flux. Time series of direct measurements of Qr are available from the AWS on 

Brúarjökull glacier. The resulting melt rate, M, was then computed as described by Equation 

4.2., 
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𝑀 =  {

𝑄𝑡 + 𝑄𝑟

𝜌𝐿
,   𝑄𝑡 + 𝑄𝑟 ≥ 0 

0     ,    𝑄𝑡 + 𝑄𝑟 < 0

, (4.2) 

where ρ is the density of water and L = 3.3*105 J/kg is the specific latent heat of melting. 

Lastly the, relative contribution of the radiative and turbulent fluxes was compared and 

related to previous research on the surface energy balance of Brúarjökull glacier. Subsurface 

heat flux and heat supplied by precipitation was assumed to be negligible. 

4.3 Regression analysis 

Regression analysis is a statistical analysis technique which enables the assessment of the 

relationship between two or more variables. Regression analysis is employed to develop 

empirical models where measurements on one or more variables are used to predict the 

outcome of a process or natural event (Montgomery and Runger, 2006).  

In the present study the relationship between metrological and climatological variables 

recorded on and off the Brúarjökull glacier surface and the time series of observed ablation 

on Brúarjökull glacier were explored. The correlation between each individual variable and 

the observed ablation was assessed by developing and evaluating a simple linear regression 

model. The results of the simple linear regression analysis of individual variables provided 

a ranking of the most relevant meteorological parameters for ablation modelling. These 

variables were then further utilized to derive the set of all plausible multivariable linear 

regression models which incorporate the most relevant single predictor variables. The 

model-space of potential multivariable regression models was then used for the development 

of a seasonal mass balance model of the Brúarjökull glacier. 

The set of time series assembled in the present study as described in Chapter 4.1 was divided 

into three periods for analysis. Regression models are calibrated using data from the 

calibration period 2001-2009. The forecasting ability of the models was assessed based on 

data from the forecast evaluation period 2010-2011 and lastly the models were verified by 

forecasting for the verification period 2012-2014. 

4.3.1 Simple linear regression analysis 

In simple linear regression analysis the impact of a single predictor variable on a dependent 

response variable is assessed. As the name implies the technique assumes that there exists a 

linear relationship between the two variables. The simple linear regression model is 

described by Equation 4.3. (Montgomery and Runger, 2006), 

𝑌 =  𝛽0 + 𝛽1𝑥 +  𝜖, (4.3) 

where Y is the response variable, x is the predictor variable, β0 and β1 are the unknown 

regression coefficients for the intercept and slope, respectively and 𝜖 is the random error.  

The regression coefficients β0 and β1 are estimated using the least squares approach where 

the sum of squares of the vertical deviation between the regression line and the observed 

values is minimized. The least squares estimates of β0 and β1 are described by Equations 4.4. 

and 4.5 (Montgomery and Runger, 2006), 
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�̂�0 =  �̅� − 𝛽1�̅� (4.4) 
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 (4.5) 

The fitted regression equation is therefore described in Equation 4.6., 

�̂� = �̂�0 + �̂�1𝑥. (4.6) 

To derive an estimate on the variability in the regression model the error sum of squares, the 

SSE, is calculated to assess the variance σ2 of the error term 𝜖 in Equation 4.3. The error sum 

of squares is derived from Equation 4.7. (Montgomery and Runger, 2006), 

𝑆𝑆𝐸 = ∑ 𝑒𝑖
2

𝑛

𝑖=1

= ∑(𝑦𝑖 − 𝑦�̂�)
2

𝑛

𝑖=1

. (4.7) 

The total sum of squares for the response variable SST is found from Equation 4.8., 

𝑆𝑆𝑇 = ∑(𝑦𝑖 − �̅�

𝑛

𝑖=1

)2 = ∑ 𝑦𝑖
2 − 𝑛�̅�2.

𝑛

𝑖=1

 (4.8) 

A popular measure of the accuracy of the derived regression model is the coefficient of 

determination R2.  The coefficient ranges from 0 to 1 and describes the amount of variability 

in the response variable that is accounted for by the regression model. Thus a model where 

R2 equals unity, all the variability in the data is accounted for by the model. The coefficient 

of determination is calculated by Equation 4.9. (Montgomery and Runger, 2006), 

𝑅2 = 1 −
𝑆𝑆𝐸

𝑆𝑆𝑇
. (4.9) 

In the present study simple linear regression analysis is performed on the relation between 

all the considered time series of metrological variables and time series of observed ablation 

for the various time periods considered. The variables are then ranked according to their R2 

value and associated relevance to further model development.  

In the present study, a program SLRA.m was developed using Matlab where all simple linear 

regression models between each predictor variable and the observed ablation of the glacier 

were calculated and evaluated. Each model is calculated using the built in fitlm.m function 

in Matlab and evaluated using the inbuilt function feval.m. The models were ranked 

according to their R2 value and models showing R2 values of less than a set value were 

rejected from further analysis. The choice of R2 for model elimination is optimized by 

performing a sensitivity analysis on model forecasts with ranging values of R2. The optimal 

value was found and incorporated for further model development. 
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The program SLRA.m is presented in Appendix III. The input into the program is a table 

with time series of seasonal averages of all considered predictor variables, a vector 

containing the corresponding response variable and a R2 value for determining which 

variables should be stored for further model development. The output of the program is a 

ranking matrix containing information on all the models selected and a table of the 

corresponding variable time series. Variable selection for further model development is 

performed for all time periods shown in Table 1. thus identifying the best predictor variables 

for each time period.  

4.3.2 Multiple linear regression analysis 

Many natural processes and applications are influenced by more than one single variable. 

To model such applications using regression, a multivariable regression model can be 

developed which evaluates of the impact of several predictor variables, xk, on the response 

variable, Y. Equation 4.10. describes the multiple linear regression model with k predictor 

variables (Montgomery and Runger, 2006), 

𝑌 =  𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ + 𝛽𝑘𝑥𝑘 + 𝜖, (4.10) 

The regression coefficients, βk are estimated based on the least squares approach in k 

dimensions where the sum of squares of the deviation between the regression line and the 

observed values is minimized. The least squares function, L, in k dimensions is described by 

Equation 4.11., 

𝐿 = ∑ 𝜖𝑖
2 = ∑ (𝑦𝑖 − 𝛽0 − ∑ 𝛽𝑗𝑥𝑖𝑗

𝑘
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2
𝑛
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(4.11) 

the least squares estimates of the regression coefficients β0, β1, β2,…,βk are found by 

minimizing L with respect to β0, β1, β2,…,βk according to Equations 4.12. and 4.13.,  

𝜕𝐿
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|
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) = 0 (4.12) 
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𝑘
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) = 0 ,   𝑗 = 1,2, … , 𝑘 (4.13) 

The accuracy of a developed multiple linear regression model is assessed through the 

coefficient of multiple determination R2 and the R2
Adjusted coefficient. The R2 coefficient is 

defined as the coefficient of determination for simple linear regression described in Equation 

4.9. The R2
Adjusted coefficient is described by Equation 4.14. where n is the number of 

response variables and p the number of predictor variables or observations(Montgomery and 

Runger, 2006), 
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𝑅𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑
2 = 1 −

𝑆𝑆𝐸(𝑛 − 𝑝)

𝑆𝑆𝑇(𝑛 − 1)
 (4.14) 

the R2
Adjusted coefficient is often a preferred statistic in multiple regression analysis as it 

penalizes for adding predictor variables to the model, providing a guard against over fitting 

of the model. Equation 4.14. shows that R2
adjusted will increase when a variable is added to 

the model which reduces the error mean square.  

As the R2 and R2
adjusted metrics measure the relative quality of a model, they can be used to 

compare several potential models to identify the optimal one. However, it should be noted 

that the coefficient of determination can only assess the relative quality of a model based on 

the input data, it cannot discern if all the models are incorrect. Furthermore, the coefficient 

of determination measures the relative “goodness” of fit for an individual model. That is, it 

describes how well the model fits the data being simulated. As such it makes no inference 

on the quality of a model based on the actual accuracy of prediction. 

Another popular measure of the quality of a multivariable linear regression model is the 

Aikake Information Critera (AIC). The method was developed by Hirotugo Akaike in 1973 

as a measure of the relative goodness of fit for a developed regression model and is thus a 

useful metric to compare the quality of different models. The AIC for a particular model is 

calculated by Equation 4.15. where n is the number of observations or response variables 

and p is the number of predictor variables,  

𝐴𝐼𝐶 = 𝑛 ∗ ln (
𝑆𝑆𝐸

𝑛
) + 2𝑝, (4.15) 

Similarly to the R2
Adjusted statistic described in Equation 4.14. the second term in the AIC 

equation acts as a penalty for adding additional predictor variables to the model. 

Furthermore, as with the R2 statistics the AIC only indicates the “goodness” of fit of a model, 

and as such it contains no information on the actual predictive ability of a model (Symonds 

et al., 2011). 

In the present study, multivariable linear regression models are developed for all possible 

combinations of the predictor variables identified using the program SLRA.m. The models 

are calibrated for the calibration period 2001-2009. The relative error in forecast for the 

forecast evaluation period 2010-2011 is calculated for each model as well as the predicted 

ablation for the verification period 2012-2014. 

The program MLRA.m was developed in Matlab where all possible multivariable regression 

models with an equal or fewer number of predictor variables than a given value are 

calculated. In the present study models incorporating up to four predictor variables are 

identified. The program thus defines and calculates the space of all possible multivariable 

regression models incorporating four or fewer predictor variables denoted as M4D. Each 

model was calculated using the built in fitlm.m function in Matlab and evaluated using the 

inbuilt function feval.m 

The program MLRA.m is presented in Appendix IV. The input into the program is a table 

with the time series of seasonal averages of all predictor variables identified for further 

model development using SLRA.m, a vector containing the response variable and the 

maximum number of predictor variables to be incorporated into the models, arbitrarily 
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selected as 4 in the present study. The output of the program is a ranking matrix containing 

information on all the developed multivariable regression models.  

4.3.3 Multimodel Inference 

Traditional practise in regression modelling is to select a single “best” model from all 

candidates that can be used to describe the desired response variable. Several criteria for 

selection of a “best” model have been proposed in the literature such as the R2
adjusted statistic 

and the AIC criterion (Symonds et al., 2010).  

However, as the search strategy for a single optimal model recognizes the existence of a 

number of plausible models, the selection of a single model introduces additional uncertainty 

in the estimate of the response variable. Unless the uncertainty associated with model 

selection is accounted for, overconfident estimations of model predictions may be inferred 

(Wang et al, 2013) 

An alternative to selecting a single regression model and making inferences on unknown 

variables as if the model had been given in advance is to average the prediction over a range 

of plausible models. This technique, called model averaging, incorporates the uncertainty 

associated with model selection into predictions of unknown variables (Hjort and Claeskens, 

2003).  

Developed statistical methods for model averaging include Bayesian Model Averaging 

(BMA) and Frequentist Model Averaging (FMA). Compared to the BMA methodology, less 

literature has been published concerning FMA. Using BMA, model uncertainty is evaluated 

by assigning prior probabilities to all models being considered whereas in FMA no prior 

probabilities are required and all estimators are determined by the data (Hoeting et al, 1999; 

Wang et al, 2009)  

An important aspect of model averaging is the choice of weights for each model estimator. 

Several methods for choosing model weights have been proposed in the literature which 

differ depending on if BMA or FMA is employed (Raftery et al., 1997; Buckland et al., 

1997). In the present study the FMA approach to model averaging was chosen as it relies 

only on the available data and does not involve the assignment of complex prior probabilities 

for each candidate model. 

Model weights 

In traditional data analysis an optimal model, S, is selected and used as if it had been given 

in advance and reports only the estimator of the response variable µ̂(S), however the actual 

estimator is, 

µ̂ =  {

 µ̂(𝑆1),   if the first model, (S1) is selected
…                              …                                  

 µ̂(𝑆𝑁), of the N𝑡ℎ model, (𝑆𝑁) is selected
, (4.16) 

The estimator above can be simplified, 
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µ̂ = ∑ 𝜆𝑘 (𝑆𝑘|𝑑𝑎𝑡𝑎)µ̂𝑆𝑘

𝑁

𝑘=1

, (4.17) 

where, λk is the weight associated to model Sk and,  

(𝑆𝑘|𝑑𝑎𝑡𝑎) = {
1,   𝑖𝑓 𝑚𝑜𝑑𝑒𝑙 𝑆𝑘 𝑖𝑠 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑
0,    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                         

. (4.18) 

Several options for choosing the weight function λk, under the FMA approach have been 

proposed. In cases where little prior information is available on the likelihood of each model 

a uniform likelihood of each model is a reasonable choice (Raftery et al., 1997). The uniform 

weight function, λUNI ,is given by, 

𝜆𝑈𝑁𝐼 =  
1

𝑁
, (4.19) 

Another weight function based on the “goodness” of fit of each model was developed by 

Buckland et al., (1997) which uses the AIC information criterion statistic for development 

of the weight function. The suggested weight, λAIC, for model Sk based on information 

criterion is, 

𝜆𝐴𝐼𝐶 =  
exp (−

Ik

2 )

∑ exp (−
I𝑘,𝑙

2 )𝑁
𝑙=1

 (4.20) 

where Ik represents the Aikake weight of model Sk. The use of several information criterion 

such as the AIC, BIC and FIC in Equation 4.20. have been suggested in the literature 

(Burnham and Anderson, 2004; Zhang et al, 2012) 

Other strategies for weight function selection include the minimization of Mallow’s Cp 

criterion proposed by Hansen, (2007), minimization of the Cross-Validation Criterion 

(Hansen and Racine, 2012) and weight choice based on the unbiased estimator of risk 

suggested by Liang, Zou and Zhang, (2011). 

Most of the model weight functions proposed in the literature are developed by assessing the 

“goodness” of fit for each model using the calibration data. However to assess the predictive 

performance of each model it may be prudent to assign higher probabilities to events that 

occur in reality, e.g. by assigning model weights based on the relative error in prediction 

(Bernardo and Smith, 1994).  

A weighting function was developed for the present project, λPP, to incorporate the predictive 

performance of each model into the model weights. The function assigns weights based on 

the relative error in prediction for the years 2010-11 is given as, 

𝜆𝑃𝑃 =  
∑ |1 − |1 − µ𝑗/µ̂𝑘,𝑗||𝐽

𝑗=1

∑ (∑ |1 − |1 − µ𝑗/µ̂𝑘,𝑗||
𝐽
𝑗=1 )𝐾

𝑘=1

,  (4.21) 
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where µj is the observed response variable for year j and µ̂𝑘,𝑗 is the estimated response 

variable by the kth model for year m, K is the number of models in number space and J is the 

years the relative error is calculated for, which in the present case are the years 2010-11. The 

optimal weight function of the above three was identified and incorporated into the final 

forecasting model.  

In the present study the three strategies for the selection of model weights presented in 

equations 4.19-4.21 are performed and evaluated based on their predictive performance. 

Models were calibrated for the calibration period 2001-2009, the predictive performance of 

the models was assessed for the forecast evaluation period 2010-2011 and the modelling 

strategies are verified by forecasting for the verification period 2012-2014. The three weight 

functions considered in the present study were: 

Model exclusion and identification of “best” subset 

Another important aspect of the model averaging methodology is the selection of a set of 

models over which to average. A complete Bayesian solution to the problem is to average 

over the entire set of possible models, or the whole model-space. Research suggests that the 

complete Bayesian approach shows optimal predictive ability (Madigan and Raftery, 1994). 

However, as the entire set of potential models can become very large, averaging over the 

entire model-space may not be practical. A model selection algorithm for linear regression 

models was proposed by Madigan and Raftery (1994). The algorithm, referred to as Occam’s 

window, entails calculating the average over a reduced set of models. Two principles form 

the basis of the algorithm. 

First, models that predict the data much worse than the model providing the best predictions 

are discredited and eliminated from the set of potential models. In the present study the 

observed ablation was estimated as the “best” model and predictive performance was 

calculated as the cumulative relative error in forecast for the forecast evaluation years 2010-

2011, the prediction error is denoted as ε2010-2011. Thus the selected subset of models,                 

S ⊂ M is given as, 

𝑆 =  {𝑀𝑘: ∑ |1 −
µ

µ̂𝑗,𝑘 
|

𝐽

𝑗

≤ ε𝑒𝑙𝑖𝑚}, (4.22) 

where µ is the observed response variable and µ̂𝑗,𝑘 is the estimated response variable by the 

kth model for years j to J and εelim is the maximum allowed forecast error for the years 2010-

2011, chosen by the data analyst. 

Furthermore, in a similar way, models not accounting for the variability in the calibration 

data can be excluded by removing models exhibiting low values of the adjusted coefficient 

of determination R2
Adjusted. 

Secondly and optionally, complex models incorporating many input variables can be 

excluded if they predict the observed data worse than their simpler submodels, thus 

removing models that receive less support from the data.  
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In the present study the “best” subset of candidate models for ablation modelling is selected 

by elimination of models showing lower R2
Adjusted than a given value, Relim, and the 

cumulative forecast error for the years 2010-2011, ε2010-2011 < εelim thus eliminating models 

that show both poor conformity to the calibration data as well as poor predictive ability for 

unknown observations. The choice of the values Relim and εelim is optimized by performing a 

sensitivity analysis on model forecast by varying the values of Relim and εelim. The optimal 

values were identified and incorporated for further model development.  

In the present study individual models were not evaluated based on their complexity as 

suggested by Madigan and Raftery, 1994. However, a sensitivity analysis of model space 

forecasts for the forecast evaluation years 2010-11 was performed for varying dimensions 

of model space, or varying number of allowed input variables for each model. 

Estimation of Brúarjökull glacier ablation using multi-model inference 

In the present study, the model averaging estimate of glacier ablation, �̂�, within a model 

space, M, is given by. 

�̂� =  ∑ 𝜆𝑘�̂�𝑘

𝐾

𝑘=1

, (4.23) 

where the index k denotes the k-th model considered, �̂�𝑘is the estimated ablation on the basis 

of the kth model, 𝜆𝑘 is the weight associated with model k and ∑ 𝜆𝑘
𝐾
𝑘=1 = 1. In the present 

study the estimate of glacier ablation was found using the three model averaging weight 

functions described previously and the results were compared and assessed. Furthermore, 

the efficacy of selecting a model subspace for model averaging is compared to averaging 

over the entire model space. The optimal model strategy is determined based on accuracy of 

forecast for the years 2012-2014 and incorporated into the final ablation model. 

The confidence interval on the response estimate found by model averaging is estimated by 

calculating 90% Wald confidence intervals proposed by Burnham and Andersson, (2002). 

The confidence interval is of the form �̂�𝑀 ± 𝑧 ∗ 𝑠𝑒(�̂�𝑀) where z is the 100(1-α)th percentile 

of the standard normal distribution and se(ÂM) is the standard error of the model averaged 

estimation,  

𝑠𝑒(�̂�) =  ∑ 𝜆𝑘

𝐾

𝑘=1

√(𝑠𝑒(�̂�𝑘) ∗ 𝑡𝑣𝑖/𝑧)
2

+ (�̂�𝑘 − �̂�)2, (4.24) 

where λk and Âk are the weight and response estimate of the kth model, respectively, and tvi 

is the 100(1-α)th percentile of the t-distribution with vi degrees of freedom. In the present 

paper the standard error se(ÂM) is calculated as presented in Equation 4.24. However, several 

other approaches to confidence assessment of model average estimators have been proposed 

in the literature which may deserve closer review in future work (Kabaila et al, 2015; Turek 

and Fletcher 2012). 

In the present paper, the program evaluate.m was developed in Matlab to calculate the 

response estimate based on the methods described in this chapter. The program is presented 

in Appendix V. 
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4.3.4 Algorithm for multi-model forecasting 

Based on the methods described in this chapter an algorithm for variable selection, model 

subspace optimization and ablation forecasting was developed. Figure 8. displays the 

algorithm implemented in the present project and details the methodology employed.  

 
Figure 8 Algorithm for multi-model forecasting. 

Figure 8. shows that the first step in the methodology implemented is variable selection using 

SLRA. About 100 predictor variables are evaluated based on their fit to observed data for 

the calibration period 2001-2009. Variables are stored for further analysis if their simple 

linear regression model shows a R2 value of above a set value Rsel. Variables displaying 

worse fit to calibration data are eliminated from the space of plausible models.  

From SLRA generally about 30 variables for each time period described in Table 1. remain 

for further analysis. Using MLRA the space of plausible models incorporating four or fewer 

predictor variables each is identified. As in SLRA, MLRA models are calibrated using 

observed data for the years 2001-2009. 

The models are evaluated on their fit to calibration data, estimated as the R2
Adjusted value, as 

well as their predictive ability during the forecast evaluation years 2010-2011. Models 

showing a cumulative relative error in forecast, ε2010-2011 > εelim are eliminated from the space 

of plausible models as well as models showing R2
Adjusted < Relim 

The quality of the model spaces identified for ablation forecasting is assessed by calculating 

weighted averages of model space forecasts using the weight functions described in Chapter 

4.3.3. The forecasts are verified for the verification years 2012-2013, verification is only 

weakly considered for the year 2014 due to large measurement gaps at the AWS BruNE 

during the spring of 2014. 

Finally, when the best forecasting methods have been identified, all models are re-calibrated 

for the period 2001-2013 and model-space forecasts are re-calculated using the best methods 

previously identified to forecast the upcoming melt season ablation of Brúarjökull glacier 

for the year 2015.  

4.4 Analysis of the melt season boundary 

4.4.1 Frequency analysis of summer snow fall 

As stated in previous chapters, the main contributing factor to the SEB of the glaciered 

surface is the incoming short wave solar radiation. Hence, factors that affect the absorption 

of short wave radiation on the glacier surface greatly contribute to controlling the ultimate 

amount of melt water produced during the season. During the height of the melt season in 
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summer, snowfall events can greatly increase the ice surface albedo, drastically reducing the 

production of meltwater until the new snow has fully melted to reveal the older low albedo 

ice cover.  

Frequency analysis of summer snowfall events on the three AWS sites on Brúarjökull glacier 

was performed by visually counting peaks of high albedo during each melt season during 

the period 1996-2011 and comparing to resulting drops in streamflow in the time series of 

discharge for Jökulsá á Dal. The date in spring where the albedo reaches its minimum value 

is also recorded for all stations suggesting the time of maximum meltwater production 

potential at each elevation. The time during fall where the albedo again increases to its 

maximum is recorded to estimate the duration of the melt season at each site.  

The correlation of snowfall occurrences at the different AWS locations to observed seasonal 

ablation of the glacier was assessed by the development of a simple linear regression model. 

The impact on runoff from a chosen individual snow fall event was calculated in terms of Gl 

by analysing drops in streamflow resulting from a snow fall event identified by a peak in 

recorded albedo. The lost runoff due to the event is found by subtracting the measured 

discharge from the extrapolated discharge between the edges of the runoff drop.  

4.4.2 Melt season boundaries 

Frequency analysis of melt season boundary 

Apart from prediction of the amount of ice melted and consequent energy released during 

the melt season, information on the timing of onset and end of the melt each season is 

valuable information for operators of hydropower schemes. 

The date of melt season start on Brúarjökull glacier was identified from discharge time series 

from the measurement station in Jökulsá á Brú at Brú and the time series for the natural 

inflow into Hálslón. Time series in Jökulsá á Brú were analysed for the time period 1971-

2003 and the influx into Hálslón from 2005-2014 to determine the distribution of the melt 

season boundary in spring.  

The date of the start of the melt season was estimated as the time when discharge rises above 

four times the long term winter average discharge continuously for six consecutive days. 

The end of the melt season was similarly identified as the time where discharge decreases 

below six times the long term winter average discharge for six consecutive days as the tails 

of the annual runoff distribution are much less steep in the fall than in the spring at the melt 

season beginning.  

Analysis was performed visually by plotting discharge time series for each year in Microsoft 

Excel. Results were re-calculated by development of automatic algorithm in Matlab and 

compared. Distribution of the melt season boundary was found to be similar for results found 

using the two programs.  

The Matlab program jadar.m was developed which inputs a table of daily discharge 

measurements and the associated date of measurement. The program then calculates the 

distribution of the melt season boundary in the spring and fall and outputs the results as a 

results matrix and plots a histogram of the results. The program is presented in Appendix 

VI.   
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5 Results and discussion 

5.1 Data verification 

The quality and capability of the meteorological and climatological data acquired to 

represent the supplied energy fluxes for meltwater production was assessed. The SEB of the 

glacier was calculated for the 2011 melt season. The resulting melt rate was calculated based 

on equation 4.2. The internal energy of the snow pack was assumed to be negative until the 

beginning of June where melt water production begins. The simulated glacial runoff was 

subsequently compared to observed inflow into the Hálslón reservoir. Figure 9. shows the 

simulated glacial runoff from Brúarjökull glacier compared to the measured inflow into 

Hálslón for the 2011 melt season. 

 

Figure 9 Simulated and observed runoff for 2011 melt season. 

Figure 9. shows that the peak discharge is reasonably well simulated with a few days delay 

between the observed and simulated peak. The simulated time series exhibited much more 

variation than the observed, as would be expected due to signal dampening as the melt water 

is transported through a multitude of passages down the ice cap. The simulated series showed 

higher melt rates in early spring than were observed, this may be due to insufficiency in 

modelling the internal energy of the snow pack which results in the lag time as the snow 

pack ripens upwards the glaciers and the ratio of snow covered area contributing to melt 

water runoff increases. The figure shows that the simulated glacial runoff agreed reasonably 

to observed measurements of inflow to Hálslón 

Figure 10. shows the observed and simulated accumulated discharge throughout the 2011 

melt season. The figure shows that melt rates during the height of the melt season were 

exaggerated by the energy balance model. However the simulated total accumulated runoff 

differs only 2.8% from the observed value at the end of the melt season.  
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Figure 10 Accumulated runoff, Simulated and observed, during 2011 melt season. 

The relative contribution of the simulated parameters of the SEB to the total energy flux 

available for melting, was calculated for the same period. Figure 11. shows the contribution 

of the net radiative and turbulent heat fluxes on the Brumi AWS on Brúarjökull glacier 

during the 2011 melt season. The figure shows that during the summer months the largest 

contribution to melt energy is due to the radiative heat fluxes with turbulent fluxes usually 

comprising no more than 10% of the SEB from the middle of June to the end of August. 

However the turbulent fluxes can contribute the bulk of the total energy flux during spring 

and autumn when daily solar insolation decreases and wind speeds accelerate. Large peaks 

in the turbulent fluxes in spring and fall may occur during cloudy and windy days, where 

insolation is minimal and turbulence above the glacier surface at a maximum. These findings 

agree well to previous studies of the surface energy balance of the Vatnajökull ice cap (de 

Wildt et al., 2003 and Guðmundsson et al., 2005). 

 

Figure 11 Contribution of radiative and turbulent heat fluxes to SEB, 2011. 
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The results of the energy balance model suggest that daily melt rates on the glacier can be 

reasonably well simulated by calculating the melt resulting from the net radiative and 

turbulent heat fluxes of the glacier surface. A more accurate simulation could potentially be 

achieved by modifying the model to account for the boundary conditions of the internal 

energy of the snow pack at the beginning of the melt season.  

Although the accumulated melt season runoff was adequately simulated by the energy 

balance model it cannot be employed for long term ablation forecasting due to availability 

of applicable data.  

5.2 Regression analysis 

5.2.1 Simple linear regression 

According to the methodology described in Chapter 4.3.1, simple linear regression analysis 

was performed on the time series of all predictor variables to assess their individual impact 

on the observed summer ablation. Analysis was performed for time series of seasonal 

measurement averages for the periods described in Table 1. Variables showing R2 values 

lower than 0.3 were rejected for further model development.  

Figure 12. shows all evaluated simple linear regression models ranked by their R2 value for 

all time periods considered. The horizontal axis shows the number of models in each time 

series considered and the vertical the ranked R2 values. The 1D model-spaces considered are 

plotted as different coloured lines on the graph. 

 

Figure 12 One dimensional model-space ranked by R2 value. 
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The figure shows that on average the models available on the 1st of July show higher 

correlation to observed data than models available earlier in the year. In general the models 

available on 1st of April show the worst fit to observed data. However in all cases the highest 

correlation is observed for a few variables available at the 1st of April. The figure also shows 

that more models available in July show higher R2 values than in models available earlier in 

the year, meaning that the model-space available at the 1st of July contains the most models. 

The results suggest that in general variables contain more predictive power as they become 

temporally closer to the actual event being modelled.  

The models shown in Figure 12. form a space of all potential one dimensional ablation 

models considered in the present project. The potential model space is calculated for all time 

periods described in Table 1. Individual model-spaces are referred to as 𝑀𝑃𝑒𝑟𝑖𝑜𝑑
𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛, thus 

the one dimensional model space of models available at the 15th of June is denoted 𝑀15𝐽𝑢𝑛𝑒
1𝐷 . 

The results of the simple linear regression analysis performed in the present study are 

presented in Table 2. in Appendix I. Variables showing R2 values exceeding 0.3 were 

selected for further model development and are shown in the table as bolded and highlighted. 

R2 values for the variables recorded in winter are the same for all time-series as those 

variables are always available before the 1st of April and common to all models.  

5.2.2 Multiple linear regression analysis 

According to the methodology described in Chapter 4.3.2., multivariable linear regression 

analysis was performed on the time series of variables identified using SLRA. The model 

space of all possible linear regression models incorporating four or fewer predictor variables 

was calculated for all time periods described in Table 1. using the program MLRA.m.  

Figure 13. shows all models in the calculated four dimensional model-space ranked by their 

R2
Adjusted value for all time periods considered. The models are calibrated for the time period 

2001-2009. The horizontal axis shows the number of models in the 4D model-space with 

R2
Adjusted > 0 for each time period and the vertical the ranked R2

Adjusted values. The 4D model-

spaces considered are plotted as different coloured lines on the graph. 

The figure shows that the set of models available on the 1st of July, 𝑀1𝐽𝑢𝑙𝑦
4𝐷 , shows the best 

fit to the calibration data. The model space available at the 1st of April, 𝑀1𝐴𝑝𝑟𝑖𝑙
4𝐷 , shows the 

worst fit to calibration data by far. The results suggest that the predictive power contained 

within the variables improves as they are measured in time periods closer to the actual event 

being modelled.  
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Figure 13 4D model-space ranked by R2

Adjusted value. 

The improved fit of models available later in the year is much more apparent for the 4D 

model-space compared to the one dimensional as Figure 12. and Figure 13. are compared. 

Still, as Figure 13. shows the best models for all time periods approach an R2
Adjusted value of 

unity, suggesting that good forecasts of melt season ablation could be achieved as early as 

the 1st of April. However, it should be remembered that a good fit to calibration data does 

not necessarily indicate good predictive ability of models, especially in cases where few 

observations of the response variable are available and predictor variables may be internally 

correlated.  

A selection procedure for an optimal predictive regression model from the available model 

space should include an evaluation of the predictive performance of the models. Models 

more accurately simulating real events should be considered more plausible than those 

producing poor forecasts. Figure 14. shows the 30 “best” 𝑀1𝐽𝑢𝑙𝑦
4𝐷  models ranked by the 

cumulative relative error in forecast for the years 2010-2011. Model forecasts are shown as 

circles while observed ablations is shown as a blue line. The figure shows that the models 

reasonably well simulate the calibration data as well as adequately forecast ablation for the 

years 2010-2011.  

The figure shows the results for the set of 30 “best models” that best predict the ablation for 

the forecast evaluation years 2010-11. The figure shows that model forecasts for the year 

2012 show a very large variation in forecasted values. The figure also shows that several 

models adequately predict the ablation for 2012. Selection of any one of the plausible models 

as the “best” one ignores the error in model estimation associated to model selection. If the 

predictive ability of the selected model is not obviously superior the reasoning for model 

choice is not well justified.  
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Figure 14 Forecast 2012 by 30 best 4D models. 

Of course, model selection can be performed iteratively by forecasting one year ahead each 

time and eliminating poorly performing models. However, if the number of models 

remaining when all unknown forecasting years have been evaluated is above one, uncertainty 

in model selection is still present and model verification is impossible. 

Figure 14. shows that although the variability in model forecasts for the 30 “best” models 

chosen based on forecast ability for the forecast evaluation years 2010-11 for the year 2012 

is large, the dispersion of model forecasts appear to approximately equally over and under 

estimate the upcoming melt season ablation and on average the models appear to centre 

around the observed value. These results suggest that potentially a better and more stable 

results can be achieved by accounting for several likely models simultaneously.  

Figure 15. shows histograms of 𝑀1𝐽𝑢𝑙𝑦
4𝐷  model forecasts for the years 2012-2014. The figure 

shows the predicted ablation of Brúarjökull glacier on the horizontal axis and the number of 

models predicting ablation within the associated forecast interval on the vertical. The figure 

shows that for all the verification years the space of forecast estimations converges to a most 

frequently forecasted value. The distribution of forecast estimations resembles the normal 

distribution with somewhat heavy tails. 
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Figure 15 Histograms of M4D
1July forecasts for 2012-2014. 

The results presented in Figures 13-15. suggest that perhaps a more confident and accurate 

prediction of upcoming melt season ablation may be achieved by considering the results of 

several models simultaneously.  

5.2.3 Multimodel Inference 

According to the methodology described in Chapter 4.3.3, a more accurate estimate of 

glacier ablation might be achieved by accounting for the forecast of several models 

simultaneously rather than by selection of a single “best” model. A complete Bayesian 

approach to model averaging is to average over the entire set of potential models whereas a 

more computationally feasible strategy would be to isolate a subset of plausible models over 

which to average.  

Selection of optimal model subspace 

In the present study the optimal subset of models is identified by eliminating models that 

show both a poor fit to the calibration data as well as poorly predict the ablation during the 

forecast evaluation years 2010-2011. Model fit to calibration data is estimated based on the 

associated R2
Adjusted value and the forecasting ability of a model is assessed based on the 

cumulative relative error in forecast for the years 2010-2011, ε2010-2011. More formally 

models were excluded from the subset of optimal models if R2
Adjusted < Rcutoff and ε2010-2011 > 

εcutoff. 
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In the present study the parameters for model elimination were identified by performing a 

sensitivity analysis on model-space forecasts for the years 2012-2013 where the values of 

Rcutoff and εcutoff are ranged across the set of plausible values. Figure 16. shows a surface plot 

of the results for 𝑀1𝐽𝑢𝑙𝑦
4𝐷  model-space for the individual years 2012 and 2013 as well as the 

optimization for both years simultaneously. Model space forecasts are calculated using the 

uniform weighting function described in Equation 4.19. Cumulative relative error in model 

space forecast for the forecast evaluation years 2012-2013 is shown as a colormap, the 

colorbar on the right of each figure shows the color values as percentages. Values of Rcutoff 

are shown on the Y axis and εcutoff on the X axis.  

 

Figure 16 Optimization of subspace selection. 

Figure 16. shows that model space forecast for both the years 2012 and 2013 display 

significant errors in forecast for εcutoff values lower than about 0.3. In these cases the total 

number of models used for forecasting is low, reducing the total predictive power of the 

model space. As the number of models increases and εcutoff values exceed approximately 0.5 

model-space forecasts level of to a stable value. From the figures it can be seen that the 

lowest error in forecast for the forecast evaluation years 2012-2013 is achieved by setting 

the elimination parameters Rcutoff = 0.3 and εcutoff = 0.6 which were selected as the optimal 

elimination parameters identifying the best subset of models for forecasting.  

Figure 17. shows the model-space forecast for the years 2012-2014 using both the whole 

model-space as well as the identified optimal subset. Forecast is calculated as a weighted 

average of model forecasts employing a uniform weight function to all potential models. 

Observed ablation is shown as a blue line with squares and the forecasts are shown as 

different coloured circles.  
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The figure shows that the complete Bayesian approach of averaging across all potential 

models significantly over estimates the ablation for the years 2012-2013. Whole space 

forecast for 2014 is more accurate but could be a random effect due to the large gap in 

measurements at BruNe in spring 2014. 

 
Figure 17 Uniform weighted average forecast of 𝑴𝟏𝑱𝒖𝒍𝒚

𝟒𝑫  Wholespace and “best” subspace. 

The figure shows that model forecasts found by uniform model averaging across the selected 

subspace of plausible models more accurately predict the upcoming melt season ablation. 

Forecast error is within 7% for the years 2012-2013 but increases to about 14% in 2014 

which may be due to the bridging of outliers in measurements from BruNe during spring 

2014. 

Selection of model averaging weight function, λ 

The results acquired have shown that reasonably indicative forecasts of melt season ablation 

can be achieved by averaging model results across a subset of plausible forecasting models 

using a uniform average weight function. The surveyed literature indicates that a more 

accurate forecast may be achieved by selection of a weight function that incorporates 

information on either the predictive performance of the models or the conformity of fit to 

calibration data (Lauritzen et al., 1994).  

In the present study, three different weight functions for model averaging were evaluated 

and the one providing the best predictive ability was identified and selected. Model 

averaging was performed for the best selected subsets of plausible models for the 𝑀1𝐽𝑢𝑙𝑦
4𝐷  

model-space. Evaluated weight functions were, uniform weight of all models, λUNI, weight 

based on AIC, λAIC, and a weight function developed for the present project, λPP, as described 

in Chapter 4.3.3. 
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Figure 18. shows the average of 𝑀1𝐽𝑢𝑙𝑦
4𝐷  model forecasts for the time period 2012-2014 using 

the three weight functions considered in the present study. The forecasts are calculated for 

both the best selected subspace and the whole space of possible models. Results for the best 

subspace are shown on the graph above and the lower graph shows results for the whole 

model space. Forecast results are shown as circles while the observed ablation is displayed 

as a blue line with boxes. 

 
Figure 18 Forecast results with different model weights. 

Figure 18. shows, that for the best selected subspace model averaging with the weight 

function, λPP, shown in equation 4.21. over all delivers the best results. The results are 

marginally better than those achieved by employing a uniform average. For the selected 

subspace the worst results are achieved using the AIC based weights calculated by equation 

4.20 which significantly overestimates the ablation for the years 2012 and 2013. The figure 

also shows that for the years 2012-2013 the most confident estimates are produced by the 

subspace forecasts, however for 2014 wholespace forecast all converge to the observed value 

with substantially higher confidence than previous years. 

The model averaging procedure was implemented on the whole model space of possible 

models and results are shown on the lower graph in Figure 18. The figure shows that by 

using the AIC based and uniform weight functions ablation is overestimated during the years 

2012-2013 while all weighting procedures correctly predict ablation 2014. As with the 

selected subset of plausible models the weight function, λPP, consistently produces the best 

forecasts.  

Model performance for different time periods 

The ability of the methodology presented in the present paper to forecast the upcoming melt 

season ablation at different times in the first half of the year was assessed by calculating M4D 

model average forecasts for all the time periods shown in Table 1. Figure 19. shows the 
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forecasted ablation predicted from the 1st of April to the 1st of July for the years 2012-2014. 

The forecasted ablation at each time period is shown as a red line with squares and the 

observed ablation each year is shown as a blue horizontal line. The vertical axis shows the 

ablation in Jökulsá á Brú and the horizontal the date of forecast availability. Forecasts were 

calculated using a selected best subset of models and the, λPP, weight function. 

 
Figure 19 Model space forecasts at different time periods at spring. 

Figure 19. shows that for the years 2012-2014 the forecasts approach the observed value as 

the predictions become temporally closer to the actual event being modelled. The forecasted 

values can range significantly, especially between the earliest prediction dates. The 

variability in forecasts between periods ranges for different years. Relatively stable forecasts 

are produced for the years 2012-2013 from the 1st of June, more variability is observed 

during 2014 where forecasts become stable at the 15th of June. The figure further shows that 

the confidence of the response estimates improves as forecasts are made later in the year.  

The results suggest that indicative predictions of upcoming melt season ablation may be 

achieved as early as the 1st of April. However, the results clearly suggest that more accurate 

predictions are not available until at least the beginning of June. 

Variable selection in SLRA  

Variable selection in the present study was performed by simple linear regression analysis 

and rejection of variables showing poor fit to calibration data based on the value of the 

coefficient of determination R2. To optimize the selection of variables to include most 

variables improving the predictive ability of the model space, a 𝑀1𝐽𝑢𝑙𝑦
4𝐷  model-space was 

calculated by ranging the value of R2 used for variable elimination in SLRA. Model space 

forecast was calculated by using all three weight functions, λUNI, λPP  and λAIC, presented in 

Equations 4.19., 4.20. and 4.21. respectively, for both the “best” selected subspace and the 
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whole model space. The cumulative relative error in forecast for the years 2012-2013 was 

calculated for a range of R2 values. 

 

Figure 20 Optimization of variable selection based on predictive performance of 4D model-space. 

Figure 20. shows the cumulative relative forecast error for the model configurations 

considered as percentage values on the vertical axis. The R2 values used for variable 

elimination are shown on the horizontal axis.  

The figure shows that the best forecasts are consistently achieved by eliminating single 

variable models showing R2 < 0.3. When forecasts are found using the selected “best” subset 

of models results are consistent between the λPP and λUNI weight functions. Best results are 

achieved by using the whole model space forecasts weighted using the λPP weight function 

with predictor variables showing R2 > 0.3. However, if the R2 value used for variable 

elimination is increased above 0.3 the λPP, weighted wholespace forecasts very significantly 

overestimates the observed ablation. The λUNI, weighted wholespace forecasts show very 

little variation as the number of possible input variables is increased. The λAIC weight 

function shows good results for R2 = 0.35 for both model spaces, but results deteriorate 

rapidly to either side of that value.  

The results suggest that the best predictions are consistently achieved by using the selected 

“best” subset of plausible regression models. λPP, weighted forecasts for the whole model-

space perform  well when all input variables with R2 > 0.3 are included in the model-space. 

The λPP, weighted forecast for the whole mode-space however display more instability in 

terms of R2 selection for elimination than its corresponding subset. The instability observed 

in whole model-space forecast using the λPP, weight function may be due to the collinearity 

of variables remaining in model-space or poor performance of the weighting function in 

presence of very poorly performing models. 
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Analysis of model-space dimension 

In the present study multimodel inference from a set of plausible linear regression models 

was considered. The study focused on the set of plausible linear regression models 

incorporating four or fewer predictor variables, denoted as the four dimensional model space 

M4D. The selection of the number of variables to include in the model-space employed for 

ablation forecasting is evaluated by sensitivity analysis. The impact of model dimension 

selection on the cumulative relative error in forecast for the years 2012-2013 for a ranging 

selection of R2 values used for variable elimination in SLRA is assessed and the optimal 

dimension of model space selected. 

Figure 21. shows the cumulative relative forecast error for the λPP, weighted model forecasts 

for one, two, three and four dimensional model-subspaces available at the 1st of July for R2 

values for variable selection ranging from 0.1 to 0.4. The figure shows cumulative relative 

forecast error for the years 2012-2013 on the vertical axis and the R2 value used for variable 

selection on the horizontal axis. Forecast results for different model subspace dimensions 

are plotted as lines on the graph.  

 
Figure 21 Model-space forecast error with varying dimension. 

The figure shows in all cases the most accurate forecast is achieved by using the one 

dimensional model-subspace. The best predictions for all model-spaces, was achieved by 

using R2 > 0.3-0.35 for variable elimination in SLRA. The four dimensional model-subspace 

outperforms the two and three dimensional ones for R2 > 0.25. 

The results shown in Figure 21. suggest that the best predictions of seasonal ablation on 

Brúarjökull glacier can be achieved by weighted averaging across a subset of plausible one 

dimensional simple linear regression models. By incorporating more variables into the 
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considered model-space, predictive ability of the models is diminished and forecast error is 

increased. The less accurate predictions observed by using higher dimensions of model-

space may be due to collinearity of input variables. 

5.2.4 Forecasted ablation 2015 

The methodology developed in the present study was implemented to forecast the ablation 

of Brúarjökull glacier for the 2015 melt season. Model space forecasts were calculated by 

employing the methods producing the most accurate forecasts for the years 2012-2014 

identified in the previous sub chapters. Forecasts were produced for all time periods 

described in Table 1. and the evolution of predictions throughout the spring of 2015 were 

analysed. The final optimized algorithm developed for ablation forecasting is presented in 

Figure 22. 

 

Figure 22 Optimized algorithm for ablation forecasting. 

Figure 23. shows a histogram of the whole 𝑀1𝐽𝑢𝑙𝑦
4𝐷  model-space forecasts for the year 2015. 

The figure shows that the distribution of forecasted ablation by the models has two peaks 

centred on approximately 1500 and 2500 Gl, indicating very low or medium ablation, 

respectively. The results suggest some conflict between models causing added uncertainty 

in prediction. 

 

Figure 23 Histogram of model-space forecasts for 2015. 



62 

Forecasts for the M4D model-space were produced for the year 2015 for all different time 

periods described in Table 1. Figure 24. shows the evolution of model space forecast 

throughout the spring of 2015. The figure shows that the forecasted ablation has consistently 

decreased throughout the spring as new data has become available. Predictions produced 

early in the year indicate a very large ablation volume, however as the predictions are 

recalculated later in the year a much lower ablation volume is predicted. 

 
Figure 24 Model space forecasts for 2015 at different times in spring. 

The figure shows that due to the high variability in model forecasts 2015 wider confidence 

intervals are associated with the response estimations than for previous years. Furthermore, 

the confidence of the estimation decreases with time suggesting further uncertainty in 

models available later in the year.   

Model space forecasts available at the 1st of July were calculated using the methods 

consistently producing the best predictions for the years 2010-2014. Figure 25. shows the 

predictions using the best methods identified in the present study. The figure shows forecasts 

calculated using the whole 𝑀1𝐽𝑢𝑙𝑦
4𝐷  model-space, the best 𝑀1𝐽𝑢𝑙𝑦

4𝐷  subspace and the best 𝑀1𝐽𝑢𝑙𝑦
1𝐷  

subspace. Forecasts were calculated using the λPP weight function described by Equation 

4.21. The figure shows the observed ablation for the years 2001-2014 as blue lines with 

squares. The model space forecasts are shown as red circle, the long term average ablation 

as a yellow vertical line and the 1st and 3rd Quartiles of the long term ablation time series as 

black lines. 

The results suggest that according to the three methods consistently producing the most 

reliable forecasts during the time period 2010-2014, the predicted ablation for the year 2015 

will be around or below the 1st Quartile mark for the long term ablation time series of the 
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glacier. The 4D subspace and the 4D wholespace indicate ablation in the range 2.000 – 2.150 

Gl while the 1D subspace predicts the ablation to be about 1.750 Gl.  

 
Figure 25 Forecast for 2015 using best methods. 

The results for the ablation forecast for 2015 suggest a larger variability in model-space 

forecasts compared to previous years, indicating additional uncertainty in prediction. 

Temporal evolution of forecast, indicate a downward trend in model predictions throughout 

the spring 2015. The best identified methods for multimodel inference suggest that from the 

model-space available at the 1st of July 2015, a relatively low ablation volume can be 

predicted for Brúarjökull glacier for the upcoming melt-season. At the time of publishing of 

the present thesis the ablation of the glacier during the 2015 melt season had not yet been 

measured, however from inflow measurements into Hálslón, it is clear that the ablation 

volume during 2015 will be low. 

5.3 Analysis of the melt season boundary 

5.3.1 Summer snow fall events 

Analysis of the frequency of snowfall events during the melt season in summer which 

drastically reduce melt water production on the glacier, was performed for the period 1996-

2011. The analysis was performed by visual inspection of graphs showing the evolution of 

glacier albedo and time series of discharge for Jökulsá á Brú throughout the melt season. 

Snowfall events were assumed where a sharp increase in albedo was observed, followed by 

a drop in river discharge. Sharp peaks in observed albedo can result from rain events that 

wash away tephra and sand that accumulates on the glacier surface, increasing the albedo. 

To prevent interpreting such events as snow events, the time series of discharge was used to 

confirm drops in discharge for the events. 
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The results show that summer snowfall events are common at all AWS stations during the 

time period 1996-2011 on the glacier and at least one event is recorded each summer at each 

station. 

The analysis showed that the average duration of the melt season at each AWS station has 

remained relatively constant during the time period considered. The average length of the 

melt season is 115 days at the lowest AWS on Brúarjökull glacier, Brune and around 50 days 

for both the elevated AWS, Brumi and Bruef. The observed duration of the melt season has 

remained relatively constant during the study period. 

The correlation between observed frequencies of summer snow fall events to the 

accumulated discharge in Jökulsá á Brú during each melt season was assessed. The results 

showed that the highest correlations observed correspond to snowfall events at the highest 

AWS, Bruef, with a correlation with a R2 value of 0.10, while R2 values of 0.004 and 0.01 

were observed for the stations Brune and Brumi, respectively.  

The results suggest that summer snowfall events are common on the glacier surface and that 

the number of snow fall events on the glacier in summer provide little information on the 

total amount of melt water produced over the melt season.  

The impact of summer snow events on decreased melt water production was assessed for a 

selected snow fall event. The lost runoff was found by bridging runoff valleys resulting from 

albedo increase and subtracting the simulated runoff from the observed values. Figure 26. 

shows an example of estimated lost runoff due to a snow fall event at the lower reaches of 

Brúarjökull glacier in June of 2008.  

 

Figure 26 Estimate of lost runoff due to a summer snow fall event. 

The figure shows that discharge in Jökulsá á Brú drastically drops following a sharp increase 

in albedo at the Brune AWS. The accumulated loss of runoff for the particular event in June 

of 2008 is estimated to be 218 GL. The results clearly show that snowfall events during 

summer decrease the melt water production of the glacier. The events themselves however, 

are frequent and appear randomly distributed and thus provide little additional information 

in terms of predictive power for ablation modelling.  
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5.3.2 Melt season boundary: Frequency analysis 

As described in Chapter 4.4.2 the date of the beginning and end of the melt season were 

found by analysing the time series of discharge in the rivers draining the Brúarjökull glacier 

catchment and quantified as the day of the year. The boundaries of the melt season were 

found by analysing the time series of discharge in Jökulsá á Dal at the station in Brú for the 

period 1971-2003 and for the sum of the series in Jökulsá á Dal at Brú and the natural inflow 

to Hálslón for the period 2004-2014. The distribution of boundary dates in the spring and 

fall for the period 1971-2003 was found and is presented in the histogram in Figure 27.  

 

Figure 27 Distribution of melt season boundary dates.  

The results of the melt season boundary frequency analysis are shown graphically in Figure 

28. The figure shows daily discharge measurements in Jökulsá á Dal measured at Brú for the 

years 1971-2003 as a blue line on the graphs. The day of melt season beginning each year is 

shown as a vertical green line and the day of melt season end is shown as a red vertical line.  
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Figure 28 Estimated melt season boundary dates in Jökulsá á Dal at Brú 1971-2003. 
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6 Conclusion 

The wealth of accumulated data in the Brúarjökull glacier catchment was verified to 

adequately represent the momentary energy balance of the glacier surface. The main 

contributing factor to the SEB in Brúarjökull glacier was found to be the net radiation over 

the glacier surface, which is only occasionally rivalled by turbulent heat fluxes. Therefore 

any energy balance ablation model must rely mostly on direct measurements of inbound and 

outgoing solar and long wave radiation. As accurate seasonal forecasting of solar insolation 

and long wave radiation are practically impossible, modelling of seasonal ablation through 

direct simulation of the physical parameters causing snow melt is equally difficult.  

Since classical energy balance models may not be sufficient for seasonal ablation 

forecasting, statistical models calibrated to individual catchments may provide the best 

modelling results. Due to the amount and extent of data available, the Vatnajökull ice cap 

provides an ideal case study for regression modelling of seasonal ablation. As multivariable 

regression modelling requires extensive time series of all considered variables, such research 

has only recently been possible.  

The present research has shown that from the set of all potential regression models 

considered a number adequately predict seasonal ablation. Selection of any single one of the 

promising models would lead to additional uncertainty in the estimation of the response 

variable due to the model selection. It was shown that reasonably accurate inference on the 

unknown variable can be made by calculating a weighted average of model forecasts over a 

set of plausible models.   

Several weighting functions were investigated and compared in the present study. The results 

conclude that the best weighting function is the one ranking models based on their predictive 

ability to forecast unknown observations. In most cases a uniform weight function provided 

the second best predictions. The selection of a subset of plausible models over which to 

average was investigated. The results suggest that the optimal subset is found by eliminating 

models poorly predicting ablation for two consecutive years as well as models showing poor 

fit to calibration data. The results indicate that the accuracy in forecast is more sensitive to 

poorly predicting models remaining in model-space than poorly fitted models. 

The forecasting model developed was employed to forecast the upcoming ablation of the 

2015 melt season. The results show a much larger variability in model space forecasts 

compared to previous years, indicating more uncertainty in the response estimate. The 

forecast for 2015 suggests a very low ablation volume for the melt season which is predicted 

to be at or below the first quartile of the long term ablation time series of the glacier. 

The boundary of the melt season on Brúarjökull glacier was analysed. Frequency analysis of 

the boundary was preformed revealing the frequency distribution of melt season boundaries 

in spring and fall. The results revealed that the melt season generally begins around the 

middle of May to the beginning of June and ends around the end of September to the end of 

October. Additionally, frequency analysis was performed on summer snowfall events on the 

Brúarjökull glacier surface. Snowfall events drastically increase reflectivity of the snow 

surface, reducing the amount of absorbed radiation. The results indicate that snow fall events 

are frequent on the glacier and do not correlate with the total volume of snowmelt produced 

within a season.  
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A concern for future forecasting using the model developed in the present paper is the surge 

behaviour of Brúarjökull glacier. Surges have been shown to occur with a period of 80-100 

years where the glacier advances significantly in a short period of time. Surges of the glacier 

will cause deformation of the ice surface which may impact the characteristics of thermal 

energy flux into the glacial body. Therefore it may be possible that the predictive 

performance of the model developed will decrease following a surge in the glacier. In case 

of such an event the methods presented in the present paper mEndrust be re-applied to new 

data recorded after the surge event. It follows that in case of a surge event ablation modelling 

using a regression approach may not produce adequate results for several years until 

sufficient data has been gathered. 

Future work 

The analysis presented in the present study poses some further questions that should be 

addressed in future work.  

The number of observations of the predictor and response variables used in the present study 

is low. The initial model calibration for model selection and multimodel inference involved 

only 9 observations. Models incorporating four input variables thus only have 5 degrees of 

freedom for coefficient fitting causing a possible problem with overfitting of models. To 

improve upon the results and reduce risk of overfitting the study should be repeated in 

several years’ time and the results re-evaluated when more observations are present. 

The predictor variables considered in the present study include measurements of the same 

parameters at different locations. This can cause several of the variables used for multivariate 

regression analysis to be highly correlated to each other. Such problems of multicollinearity 

may result in models displaying good fit to the calibration data but poor predictive ability 

for unknown observations. Future work should consider either means of selectively 

removing correlated variables or methods to improve predictive ability in the presence of 

multicollinearity. 

In the present study only a linear class of regression models was considered in several 

dimensions. Other classes of regression models may potentially provide better predictive 

results. For example, considering the interaction of parameter terms independently or in 

conjunction with the linear terms may improve predictive ability in the presence of 

multicollinearity. Additionally, adding quadratic and higher power terms to the model may 

improve predictive ability of models including variables that show an exponential 

relationship to Brúarjökull glacier ablation. 

The temporal resolution of the model predictions in spring can be improved by adapting the 

method presented to incorporate moving averages of predictor variables in spring. This 

would allow forecast to be produced in real time as the melt season approaches rather than 

having 5 dates in spring where forecasts are calculated. 

Additionally, recent development in machine learning software may in time replace the most 

limiting factor in statistical analysis, the statistical analysts themselves. Expertly guided 

machine learning software could potentially produce more accurate models, for more glacier 

catchments in a significantly shorter time than previously has been possible. The field of 

machine learning is currently rapidly advancing and it would be advisable to at least monitor 

the progress of the field into the area of forecasting of natural phenomena. 
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Appendix I – SLRA Results 

Table 2 Results of simple linear regression analysis: Selected variables for further evaluation 

Season Location Variable Unit M1April M15May M1June M15June M1July 

W
in

te
r 

Upptyppingar 
Wind Direction  ° 0.70 0.70 0.70 0.70 0.70 

Wind Speed m/s 0.17 0.17 0.17 0.17 0.17 

Eyjabakkar 

Temperature °C 0.75 0.75 0.75 0.75 0.75 

Dew Point Temperature °C 0.05 0.05 0.05 0.05 0.05 

Vapour Pressure hPa 0.05 0.05 0.05 0.05 0.05 

Humidity % 0.69 0.69 0.69 0.69 0.69 

Atmospheric Pressure kPa 0.10 0.10 0.10 0.10 0.10 

Wind Direction  ° 0.05 0.05 0.05 0.05 0.05 

Wind Speed m/s 0.13 0.13 0.13 0.13 0.13 

Kárahnjúkar 

Temperature °C 0.68 0.68 0.68 0.68 0.68 

Dew Point Temperature °C 0.59 0.59 0.59 0.59 0.59 

Humidity % 0.35 0.35 0.35 0.35 0.35 

Atmospheric Pressure kPa 0.04 0.04 0.04 0.04 0.04 

Wind Direction  ° 0.37 0.37 0.37 0.37 0.37 

Wind Speed m/s 0.24 0.24 0.24 0.24 0.24 

Egilstaðir 

Temperature °C 0.62 0.62 0.62 0.62 0.62 

Humidity % 0.34 0.34 0.34 0.34 0.34 

Atmospheric Pressure kPa 0.15 0.15 0.15 0.15 0.15 

Wind Speed m/s 0.00 0.00 0.00 0.00 0.00 

Precipitation mm 0.00 0.00 0.00 0.00 0.00 

Mývatn 

Temperature °C 0.64 0.64 0.64 0.64 0.64 

Humidity % 0.03 0.03 0.03 0.03 0.03 

Wind Speed m/s 0.53 0.53 0.53 0.53 0.53 

Mjóifjörður Sea Temperature °C 0.12 0.12 0.12 0.12 0.12 

Grímsey Sea Temperature °C 0.20 0.20 0.20 0.20 0.20 

B
ru

N
E 

Temperature °C 0.34 0.34 0.34 0.34 0.34 

Humidity % 0.09 0.09 0.09 0.09 0.09 

Incoming solar radiation W/m2 0.21 0.21 0.21 0.21 0.21 

Reflected solar radiation W/m2 0.29 0.29 0.29 0.29 0.29 

Incoming long wave 
radiation 

W/m2 0.01 0.01 0.01 0.01 0.01 

Reflected long wave 
radiation 

W/m2 0.26 0.26 0.26 0.26 0.26 

Wind Speed m/s 0.02 0.02 0.02 0.02 0.02 

Wind Direction  ° 0.06 0.06 0.06 0.06 0.06 

Positive Degree Days - 0.00 0.00 0.00 0.00 0.00 

Negative Degree Days - 0.37 0.37 0.37 0.37 0.37 

Net Radiation W/m2 0.48 0.48 0.48 0.48 0.48 

Albedo - 0.44 0.44 0.44 0.44 0.44 

Sp
ri

n
g 

Upptyppingar 
Wind Direction  ° 0.00 0.00 0.03 0.00 0.00 

Wind Speed m/s 0.00 0.01 0.01 0.00 0.00 

Eyjabakkar 

Temperature °C 0.00 0.04 0.01 0.03 0.07 

Dew Point Temperature °C 0.00 0.18 0.28 0.29 0.34 

Vapour Pressure hPa 0.00 0.19 0.30 0.32 0.42 

Humidity % 0.00 0.24 0.34 0.43 0.46 

Atmospheric Pressure kPa 0.00 0.03 0.13 0.11 0.06 

Wind Direction  ° 0.00 0.03 0.00 0.00 0.01 

Wind Speed m/s 0.00 0.10 0.05 0.03 0.02 

Kárahnjúkar Temperature °C 0.00 0.12 0.06 0.08 0.09 
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Dew Point Temperature °C 0.00 0.07 0.01 0.01 0.00 

Vapour Pressure hPa 0.00 0.05 0.29 0.29 0.00 

Humidity % 0.00 0.02 0.18 0.19 0.25 

Atmospheric Pressure kPa 0.00 0.03 0.04 0.00 0.16 

Wind Direction  ° 0.00 0.10 0.05 0.02 0.00 

Wind Speed m/s 0.00 0.00 0.02 0.00 0.00 

Egilstaðir 

Temperature °C 0.00 0.34 0.52 0.48 0.01 

Humidity % 0.00 0.06 0.18 0.15 0.44 

Atmospheric Pressure kPa 0.00 0.09 0.12 0.06 0.10 

Wind Speed m/s 0.00 0.14 0.31 0.20 0.10 

Precipitation mm 0.00 0.10 0.00 0.01 0.19 

Mývatn 

Temperature °C 0.00 0.00 0.00 0.00 0.02 

Humidity % 0.00 0.09 0.11 0.04 0.00 

Wind Speed m/s 0.00 0.25 0.21 0.22 0.03 

Mjóifjörður Sea Temperature °C 0.00 0.10 0.12 0.14 0.23 

Grímsey Sea Temperature °C 0.00 0.46 0.43 0.41 0.36 

B
ru

N
E 

Temperature °C 0.00 0.07 0.24 0.35 0.40 

Humidity % 0.00 0.00 0.10 0.08 0.08 

Incoming solar radiation W/m2 0.00 0.62 0.48 0.37 0.32 

Reflected solar radiation W/m2 0.00 0.53 0.57 0.53 0.45 

Incoming long wave 
radiation 

W/m2 0.00 0.10 0.35 0.38 0.38 

Reflected long wave 
radiation 

W/m2 0.00 0.00 0.08 0.11 0.19 

Wind Speed m/s 0.00 0.07 0.18 0.23 0.20 

Wind Direction  ° 0.00 0.05 0.02 0.01 0.00 

Positive Degree Days - 0.00 0.14 0.24 0.33 0.43 

Negative Degree Days - 0.00 0.00 0.07 0.08 0.24 

Net Radiation W/m2 0.00 0.00 0.00 0.04 0.49 

Albedo - 0.00 0.25 0.43 0.46 0.41 

B
ru

M
I 

Temperature °C 0.00 0.19 0.23 0.24 0.26 

Humidity % 0.00 0.16 0.32 0.04 0.01 

Incoming solar radiation W/m2 0.00 0.01 0.37 0.15 0.01 

Reflected solar radiation W/m2 0.00 0.33 0.21 0.00 0.15 

Incoming long wave 
radiation 

W/m2 0.00 0.09 0.37 0.20 0.12 

Reflected long wave 
radiation 

W/m2 0.00 0.06 0.16 0.15 0.17 

Wind Speed m/s 0.00 0.13 0.02 0.00 0.00 

Wind Direction  ° 0.00 0.04 0.00 0.02 0.02 

Positive Degree Days - 0.00 0.03 0.00 0.17 0.14 

Negative Degree Days - 0.00 0.21 0.26 0.21 0.23 

Net Radiation W/m2 0.00 0.09 0.02 0.01 0.11 

Albedo - 0.00 0.27 0.01 0.11 0.26 

B09 

W
in

te
r 

A
cc

u
m

u
la

ti
o

n
 

m 

0.00 0.17 0.17 0.17 0.17 

B10 0.00 0.32 0.32 0.32 0.32 

B12 0.00 0.26 0.26 0.26 0.26 

B13 0.00 0.00 0.00 0.00 0.00 

B14 0.00 0.01 0.01 0.01 0.01 

B16 0.00 0.03 0.03 0.03 0.03 

B18 0.00 0.01 0.01 0.01 0.01 

B19 0.00 0.04 0.04 0.04 0.04 

BB0 0.00 0.00 0.00 0.00 0.00 

BRU 0.00 0.52 0.52 0.52 0.52 

BUD 0.00 0.19 0.19 0.19 0.19 
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Appendix II – SeasonalAV program 

function [Q1,Q2,Q3,Q4,Spring, APmJU, APmMA] = seasonalAV(X) 
%seasonalAV is a program that calculates seasonal averages of measurement 
%time series. Seasons are predefined in the time series matrix in columns 
%4-7. Column 4, Quarters are labled 1-4. Column 5, Spring is labled 1 
%(Apr-May). Column 6: April - 15 June is labled 1. Column 5, April- 15 

$May is labled 1.  

 
%Developed by Darri Eyþórsson 
Start_year = 2001; 
End_year = 2014; 
YearIND = Start_year:1:End_year; 
Duration = Start_year-End_year; 
[L,W] = size(X); 
Q1 = zeros(Duration, W); 
Q2 = zeros(Duration, W); 
Q3 = zeros(Duration, W); 
Q4 = zeros(Duration, W); 
Spring = zeros(Duration, W); 
APmJU = zeros(Duration, W); 
APmMA = zeros(Duration, W); 
counter = 1; 
start = 2001; 
for j = 1:14 
for k = 1:W 
IND1 = find(X(:,1) == YearIND(j)); 
L1 = length(IND1); 
IND2 = find(X(:,1) == YearIND(j) & X(:,4) == 1); 
IND3 = find(X(:,1) == YearIND(j) & X(:,4) == 2); 
IND4 = find(X(:,1) == YearIND(j) & X(:,4) == 3); 
IND6 = find(X(:,1) == YearIND(j) & X(:,5) == 1); 
IND7 = find(X(:,1) == YearIND(j) & X(:,6) == 1); 
IND8 = find(X(:,1) == YearIND(j) & X(:,7) == 1); 
Q1(counter,k) = nanmean(X(IND2(1):IND2(end),k)); 
Q2(counter,k) = nanmean(X(IND3(1):IND3(end),k)); 
Q3(counter,k) = nanmean(X(IND4(1):IND4(end),k)); 
Spring(counter,k) = nanmean(X(IND6(1):IND6(end),k)); 
APmJU(counter,k) = nanmean(X(IND7(1):IND7(end),k)); 
APmMA(counter,k) = nanmean(X(IND8(1):IND8(end),k)); 
end 
counter = counter + 1; 
start = start + 1; 
end 
for i = 1:13 
    for n = 1:W 
        IND5 = find(X(:,1) == YearIND(i) & X(:,4) == 4); 
        Q4(i,n) = mean(X(IND5(1):IND5(end),n)); 
    end 
end 
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Appendix III – SLRA Program 

function [Ranking,Tbl] = SLRA(Y,T,Rcutoff) 
%Program to calculate all potential regression models given a response 
%variable in vector Y, a table of Predictor variables, T and an 

%arbitrarily chosen value for the coefficient of determination R^2. The 
%program stores all regression models with higher R^2 value than 
%specified and gives a ranking of models based on their R^2 value in the 
%ranking matrix, Ranking. The matrix is organized as follows: 
%  Column 1: Number of variable column in input table 
%  Column 2: R^2 value of each model 
%  Column 3-4: Relative error in forecast 2010-2011 
%  Column 5: Total forecast error 2010-2011 
%  Column 6-9: Predicted ablation 2012-2015 
%Time series of statistically significant predictor variables are stored  
%in the table Tbl. 

  
X = table2array(T); 
X = X(:,3:length(X)); 
L = length(X); 
R2 = zeros(L,9); 

  
%calculate all simple linear regression models, evaluate them, 
%find the relative error in prediction and evaluate ablation for 

%subsequent years 
for i = 1:L 
    mdli = fitlm(X(1:9,i),Y(1:9)); 
    R2(i,1) = i; 
    R2(i,2) = mdli.Rsquared.Ordinary; 
    Eva = feval(mdli,X(:,i)); 
    RelEr = abs([1 1]' - Eva(10:11)./Y(10:11)); 
    R2(i,3:4) = RelEr; 
    R2(i,5) = R2(i,3)+R2(i,4); 
    R2(i,6:9) = Eva(12:15); 
end  
%Rank models according to their R2 value 
Rrank = sortrows(R2,2); 

  
%Remove models with lower R2 value than specified 
for i = 1:length(Rrank) 
    if Rrank(i,2) < Rcutoff 
        Rrank(i,2) = NaN; 
    end 
end 
Rrank(any(isnan(Rrank),2),:) = []; 
Ranking = Rrank; 

  
%Create table indexing the best predictor variables 
Top = zeros(length(Rrank),2); 
for n = 1:length(Rrank) 
    Top(n,1) = Rrank(n,1);  
    Top(n,2) = Rrank(n,2); 
end 

  
%Take the results into a table with the best SLRA models 
Tbl = T(:,Top(:,1)+2); 
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Appendix IV – MLRA Program 

function [Rest] = MLRA(Tbl,Y,numvar) 
%Program to find all potential regression models from a dataset with a 
%specified number of input variables. The program inputs a table, Tbl, 

%with all the predictor variables to be assessed. The table is calculated 
%by the program SLRA.m. A vector, Y, containing the response variables 

%and the number of predictor variables to be assessed in each model. The 

%output of the program is a results matrix, Rest, organized as follows: 
%   Columns 1-N: The number of the predictor variables used in each 

%model, 
%   taken as the number of respective column in the input Tbl 
%   Column N+1: RsquaredAdjusted statistic of each model 
%   Columns N+2-N+3: Relative error in prediction in the 2 years 

%following 
%   model calibration  
%   Column N+4: total error in prediction for 2 years following 

%calibration 

%   Columns N+5-N+8: Predicted response for 3 years following initial 
%   prediction 

  
X = table2array(Tbl); 
[~,L] = size(X); 
Lengt = 0;   

  
%Preallocate results matrix 
for i = 1:numvar 
nummod = nchoosek(L,i); 
Lengt = Lengt+nummod; 
end 
Rest = zeros(Lengt,numvar+8); 
Nums = 1:1:L; 

  
%Index all models 
Beg = 1; End = 0; 
for i = 1:numvar 
nummodr = nchoosek(L,i); 
Indi = nchoosek(Nums,i); 
End = End+nummodr; 
Rest(Beg:End,1:i) = Indi; 
Inter = zeros(length(Indi),8); 
%Loop through the index, find models and calculate parameters of interest 
    for n = 1:nummodr 
    mdl = fitlm(X(1:9,Indi(n,:)),Y(1:9)); 
    Eval = feval(mdl,X(:,Indi(n,:))); 
    Inter(n,1) = mdl.Rsquared.Adjusted; 
    Inter(n,2) = abs(Eval(10)-Y(10))/Y(10); 
    Inter(n,3) = abs(Eval(11)-Y(11))/Y(11); 
    Inter(n,4) = Inter(n,2)+Inter(n,3); 
    Inter(n,5:8) = Eval(12:15); 
    end 
Rest(Beg:End,numvar+1:end) = Inter; 
Beg = End+1; 
end 

  
%Organize the results 
Rest = sortrows(Rest,numvar+4);    
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Appendix V – Evaluate.m program 

function [Best,Compare] = Evaluate(Res,respVar,Tbl,EstErr,Rlvl) 
%Program to evaluate all potential regression models. 
%The program inputs results matrix from MLRA.m,Res, the response 

%variable, respVar, and a table,Tbl, of all the predictor variables time 

%series. The output from the program is a results matrix, Best organized 
%as follows: 
% 1: year, 2: Observed Ablation, 3:AD hoc subspace 
% 4: AD hoc error 5: AIC subspace 6: AIC error, 7: Uniform Subspace 8: 
% uniform error 9: Ad hoc 10: Ad hoc error, 11: AIC, 12: AIC error, 13: 
% Uniform 14: Uniform Error 

 
[L,W] = size(Res); 
numVar = W-9; 
Best = Res; 
PredVar = table2array(Tbl); 
t = 2001:1:2015; 

  
%Start by finding model average results for wholespace 

  
%Calculated AIC and PP weight for each model 
for n = 1:length(Best) 
    Best(n,numVar+9) = exp(-Best(n,numVar+9)/2); 
end 
AICProb = Best(:,numVar+9)./sum(Best(:,numVar+9)); 
PriorProb = abs(1-Best(:,numVar+4))/sum(abs(1-Best(:,numVar+4))); 
Res(:,W+1) = PriorProb; 

  
%Model averages of entire modelspace: Uniform average 
Veriwhole1 = mean(Res(:,numVar+5)); 
Veriwhole2 = mean(Res(:,numVar+6)); 
Veriwhole3 = mean(Res(:,numVar+7)); 
Veriwhole4 = mean(Res(:,numVar+8)); 
Prognowhole = [Veriwhole1;Veriwhole2;Veriwhole3;Veriwhole4]; 
ProgWholeErr = abs(1-(respVar(12:15)./Prognowhole))*100; 
%Calculate 90% confidence interval for prognosis 
UACIr = zeros(length(Res),4); 
UACI = zeros(1,4); 
respVar(15) = Veriwhole4; 
for n = 1:4 
for i = 1:length(Res) 
    UACIr(i,n) = 1/length(Res)*sqrt(((Res(i,numVar+(5+n-1))-respVar(12+n-

1))*1.476/1.28)^2-(Res(i,numVar+(5+n-1))-respVar(12+n-1))^2); 
end 
UACI(1,n) = sum(UACIr(:,n))*1.28; 
end 

  
%PP weighted avereage 
VeriWeight1 = sum(Res(:,numVar+5).*PriorProb); 
VeriWeight2 = sum(Res(:,numVar+6).*PriorProb); 
VeriWeight3 = sum(Res(:,numVar+7).*PriorProb); 
VeriWeight4 = sum(Res(:,numVar+8).*PriorProb); 
WeightedWhole = [VeriWeight1;VeriWeight2;VeriWeight3;VeriWeight4]; 
WeightWholeErr = abs(1-(respVar(12:15)./WeightedWhole))*100; 
%Calculate 90% confidence interval for prognosis 
PPCIr = zeros(length(Res),4); 
PPCI = zeros(1,4); 
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respVar(15) = VeriWeight4; 
for n = 1:4 
for i = 1:length(Res) 
    PPCIr(i,n) = PriorProb(i)*sqrt(((Res(i,numVar+(5+n-1))-respVar(12+n-

1))*1.476/1.28)^2-(Res(i,numVar+(5+n-1))-respVar(12+n-1))^2); 
end 
PPCI(1,n) = sum(PPCIr(:,n))*1.28; 
end 

  
%AIC weighted averages 
AICWeight1 = sum(Res(:,numVar+5).*AICProb); 
AICWeight2 = sum(Res(:,numVar+6).*AICProb); 
AICWeight3 = sum(Res(:,numVar+7).*AICProb); 
AICWeight4 = sum(Res(:,numVar+8).*AICProb); 
AICWhole = [AICWeight1;AICWeight2;AICWeight3;AICWeight4]; 
AICWholeErr = abs(1-(respVar(12:15)./AICWhole))*100; 
%Calculate 90% confidence interval for prognosis 
AICCIr = zeros(length(Res),4); 
AICCI = zeros(1,4); 
respVar(15) = AICWeight4; 
for n = 1:4 
for i = 1:length(Res) 
    AICCIr(i,n) = AICProb(i)*sqrt(((Res(i,numVar+(5+n-1))-respVar(12+n-

1))*1.476/1.28)^2-(Res(i,numVar+(5+n-1))-respVar(12+n-1))^2); 
end 
AICCI(1,n) = sum(AICCIr(:,n))*1.28; 
end 

  
%Elimination loop, find best subset 
for n = 1:L 
    Best(n,W+1) = sum(Best(n,W-5:W-4)); 
    if Best(n,numVar+1) < Rlvl  
         Best(n,:) = NaN; 
    end 
    if Best(n,numVar+2) > EstErr 
        Best(n,:) = NaN; 
    end 
    if Best(n,numVar+3) > EstErr 
        Best(n,:) = NaN; 
    end 
end 
Best(any(isnan(Best),2),:) = []; 

  
%Re-calculate AIC weight for each model 
Best(:,numVar+9) = Best(:,numVar+9)./sum(Best(:,numVar+9)); 

  
%re-calculate PP weights for BMA of subspace 
Prior = abs(1-Best(:,numVar+4))/sum(abs(1-Best(:,numVar+4))); 
Best(:,W+1) = Prior; 

  
%Find the uniform weighted average for the subspace 
VeriReg1 = mean(Best(:,numVar+5)); 
VeriReg2 = mean(Best(:,numVar+6)); 
VeriReg3 = mean(Best(:,numVar+7)); 
VeriReg4 = mean(Best(:,numVar+8)); 
ProgVeriReg = [VeriReg1;VeriReg2;VeriReg3;VeriReg4]; 
ErrVeriReg = abs(1-(respVar(12:15)./ProgVeriReg))*100; 
%Calculate 90% confidence interval for prognosis 
UACIssr = zeros(length(Res),4); 
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UACIss = zeros(1,4); 
respVar(15) = VeriReg4; 
[b,~] = size(Best); 
for n = 1:4 
for i = 1:b 
    UACIssr(i,n) = 1/length(Best)*sqrt(((Best(i,numVar+(5+n-1))-

respVar(12+n-1))*1.476/1.28)^2-(Best(i,numVar+(5+n-1))-respVar(12+n-

1))^2); 
end 
UACIss(1,n) = sum(UACIssr(:,n))*1.28; 
end 

  
%Find PP averages for subspace 
Veri1 = sum(Best(:,numVar+5).*Best(:,end)); 
Veri2 = sum(Best(:,numVar+6).*Best(:,end)); 
Veri3 = sum(Best(:,numVar+7).*Best(:,end)); 
Veri4 = sum(Best(:,numVar+8).*Best(:,end)); 
AHPrognosis = [Veri1;Veri2;Veri3;Veri4]; 
AHProgErr = abs(1-(respVar(12:15)./AHPrognosis))*100; 
%Calculate 90% confidence interval for prognosis 
PPCIssr = zeros(length(Res),4); 
PPCIss = zeros(1,4); 
respVar(15) = Veri4; 
for n = 1:4 
for i = 1:b 
    PPCIssr(i,n) = Prior(i)*sqrt(((Best(i,numVar+(5+n-1))-respVar(12+n-

1))*1.476/1.28)^2-(Best(i,numVar+(5+n-1))-respVar(12+n-1))^2); 
end 
PPCIss(1,n) = sum(PPCIssr(:,n))*1.28; 
end 

  
%Find AIC averages for subspace 
VeriAIC1 = sum(Best(:,numVar+5).*Best(:,numVar+9)); 
VeriAIC2 = sum(Best(:,numVar+6).*Best(:,numVar+9)); 
VeriAIC3 = sum(Best(:,numVar+7).*Best(:,numVar+9)); 
VeriAIC4 = sum(Best(:,numVar+8).*Best(:,numVar+9)); 
AICPrognosis = [VeriAIC1;VeriAIC2;VeriAIC3;VeriAIC4]; 
AICProgErr = abs(1-(respVar(12:15)./AICPrognosis))*100; 
%Calculate 90% confidence interval for prognosis 
AICCIssr = zeros(length(Res),4); 
AICCIss = zeros(1,4); 
respVar(15) = VeriAIC4; 
for n = 1:4 
for i = 1:b 
    AICCIssr(i,n) = Best(i,numVar+9)*sqrt(((Best(i,numVar+(5+n-1))-

respVar(12+n-1))*1.476/1.28)^2-(Best(i,numVar+(5+n-1))-respVar(12+n-

1))^2); 
end 
AICCIss(1,n) = sum(AICCIssr(:,n))*1.28; 
end 

  
%Output matrix: organized  

Compare = [(2012:1:2015)',respVar(12:15), AHPrognosis, 

AHProgErr,AICPrognosis, AICProgErr, ProgVeriReg, 

ErrVeriReg,WeightedWhole, WeightWholeErr,AICWhole, 

AICWholeErr,Prognowhole, ProgWholeErr]; 
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Appendix VI – Jadar Program 

function [Distri] = jadar(Tbl) 
%jadar.m is a program that calculates the distribution of melt season  
%boundary dates for a given time series of discharge. The input for the  
%program is a table where the first column are dates of discharge 
%measurements and the second is the measured discharge.  

  
%Extract Dates and Discharge values from table 
Dates = table2array(Tbl(:,1)); 
Discharge = table2array(Tbl(:,2)); 

  
%Caluclate whole time series parameters 
L = length(Dates); 
AV = mean(Discharge); 
Stand = std(Discharge); 

  
%Create a preallocated matrix for results 
Count = year(Dates(L))-year(Dates(1))+1; 
Distri = zeros(Count,7); 
Distri(:,1) = year(Dates(1)):1:year(Dates(L)); 

  
%Create working matrix with all data 
Data = zeros(L,10); 

  
for i = 1:L 
    Data(i,1) = year(Dates(i)); 
    Data(i,2) = month(Dates(i)); 
    Data(i,3) = day(Dates(i)); 
    Data(i,4) = Discharge(i); 
    if Data(i,2) < 4 || Data(i,2) > 11 
        Data (i,5) = 1; 
    end 
end 

  
%Calculate the long term winter average 
INDwin = find(Data(:,5) == 1); 
LTWA = mean(Data(INDwin(1:length(INDwin)),4)); 

  
%Observation loop to find the boundaries of the melt season 
for i = 1:L 
    if Data(i,4) > LTWA*4 
        Data(i,6) = 1; 
    end 
    if Data(i,4) > LTWA*6 
        Data(i,8) = 1; 
    end 
end 

  
for i = 1:L-6 
    if Data(i,6) == 1 && Data(i+1,6) == 1 && Data(i+2,6) == 1 && 

Data(i+3,6) == 1 && Data(i+4,6) == 1 && Data(i+5,6) == 1 && Data(i+6,6) 

== 1 ; 
        Data(i,7) = 1; 
    end 
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    if Data(i,8) == 1 && Data(i+1,8) == 1 && Data(i+2,8) == 1 && 

Data(i+3,8) == 1 && Data(i+4,8) == 1 && Data(i+5,8) == 1 && Data(i+6,8) 

== 1 ; 
        Data(i,9) = 1; 
    end 
end 

  
%Put results into results matrix 
for n = 1:Count 
    %Column 2: Yearly Average 
    INDI = find(Data(:,1) == year(Dates(1))-1+n); 
    Distri(n,2) = mean(Data(INDI(1:length(INDI)),4)); 
    %Column 7: maximum discharge 
    Distri(n,7) = max(Data(INDI(1:length(INDI)),4)); 
    %Column 3: Winter average 
    INDW = find(Data(:,1) == year(Dates(1))-1+n & Data(:,5) == 1); 
    Distri(n,3) = mean(Data(INDW(1:length(INDW)),4)); 
end 

  
for n = 1:Count 
    %Column 4: Day of melt seasonstart 
    INDsta = find(Data(:,1) == year(Dates(1))-1+n & Data(:,7) == 1); 
    Distri(n,4) = datenum(Dates(INDsta(1)))-datenum(year(Dates(1))-

1+n,1,1);   
    %Column 5: Day of melt season end 
    INDend = find(Data(:,1) == year(Dates(1))-1+n & Data(:,9) == 1); 
    Distri(n,5) = datenum(Dates(INDend(end)))-datenum(year(Dates(1))-

1+n,1,1); 
    %Column 6: length of the melt season 
    Distri(n,6) = Distri(n,5) - Distri(n,4); 
end 

  
%plot a histogram of the results 
histogram([Distri(:,4) Distri(:,5)] ,100) 

  

  

 

  


