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Abstract

Supraglacial lakes (SGLs) form when runoff (meltwater + rain) pools in depressions on the
Greenland ie sheet (GrlS). SGLs can collectively affect seasonal ice sheet flow rates when
they drain episodically; although the net impact on flow speed is uncertain. In this thesis: 1)
a new model of SGL Initiation and Growth (the SLING model) is presentedistngxXSGL
observations are evaluated and combined to form a single optimised dataset, 3) these data
are used to evaluate the model and 4) this model is used to investigate past trends in SGL

evolution in south west Greenland.

SLInG is a 2dimensional trasient hydrology model which routes runoff, which has been
simulated using a regional climate model, over a digital elevation model (DEM) of the ice
sheet surface. Water is routed wusing Darcy
Manni ngos repgnuchanneldlow, dnad is allowed to collect in depressions in the

DEM, thus forming SGLs.Observations of SGLs can be temporally sparsevaridtion in

reported lake frequency can be significant between dataBletee observational datasets of
SGLs,automatically derived from satellite data, were found to omit a sizeable (29 to 48%)
fraction of lakes identified manually. These datasets were combined using a hierarchical
scheme, leading to a 67% increase in the number of lakes reported.

By comparisn with satellite observations, SLING is found to be 19 times more likely to
correctly predict the location, or absence, of a lake, than not. In addition, simulated and
observed lake onset dates are highly correlated (r= ~0.8) and model estimatesi® dfe r
growth of lake covered area are, on average, just 14% greater than observed values. SLInG
was forced with 40 years of reanalysis data in order to investigate historical variation in the
temporal evolution of SGLsSLING shows that SGLs have resged to recent dramatic
changes in local climate by migrating inland by 150 m a.s.l. (3.75 m a.s.l. per year) during
19712010. This modelled trend is in good agreement with recent satellite observations and
suggests that SGLs, by forming and draining mhdr elevationswhere preexisting
surfacebed conduits such as moulins and crevasses are mag, contribute more

significantly to ice sheet dynamics in the future.
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Chapter 1

Introduction and background

1.1 Introduction

The Greenland ice sheet (GrIS) is the second largest ice mass in the world, after the
Antarctic ice sheets, and contains 2.9 X ®®°® of ice (Bamber et al., 2001 If the GrIS

were to melt completely, enougbater would be released to raise global sea level by 7.2 m
(Gregory et al., 2004 With Arctic temperatures set to rise 1y84C by 2100(Meehl,

2007, processes by which thisnperature change may influence ice sheet mass balance are
becoming increasingly important. Rising temperatures have a direct effect on mass balance
by promoting additional melting, which, in turn, may also contribute to mass loss through
changes in ice dyamics. In the fourth assessment report (AR4) of the Intergovernmental
Panel on Climate Change (IPCC), a lack of understanding concerning the processes which

contribute to changes in ice dynamics was highlightedcas@ern(Lemke, 2007.

Supraglacial lakes (SGLs), formed when runoff (meltwater + rain) pools in depressions on
the icesheet, may impact thmass balancef the GrISin three ways First, they reduce the
areaaveraged albedo of the ice and promote increased melting accor@egbyvich et al.,

2002 Tedesco et al., 20)2 Second they have been observed to drain rapidly through
hydrofracturg(Das et al., 2008oyle et al., 2013Selmes et al., 20}1 This mode o5GL
drainage has been correlated with seakand shorteterm velocity fluctuations in ice sheet
flow (Shepherd et al., 209 The third potential impact of SGLs on surface mass balance
may arise as a result of this velocity perturbation. If a net speed the ice sheet were to
occur, fluctuations in ice shebypsometry would render a larger surface area available for
melting (Parizek and Alley, 2004

As SGLsmay potentially have a large impact on ice sheet dynamics when they drain, they
have been the subject of numerous observational aalgliimg studiege.g. Echelmger et

al., 1991 Clason et al., 2032 Typically, observatiosiof SGLs are made eithersitu (e.qg.

Box et al., 2006Boon and Sharp, 2008r remotelyusingséellite sensorge.g.Georgiou et

al., 2009 Liang et al., 201 In-situ observations are generally limited to short time

periods, for example, a single melt season, because of log@tidaconomicconcerns.
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Satellite data offers the advantage of a longer time series of observations. However,
temporal samphg is typically sparse within individual years. Although a clearer picture of
SGL evolution is slowly coming together from the many, short/sparse datasets available,
there is still a great degree of uncertainty surrounding the behaviour of SGLs atificscien
understanding of the processes that drive their evoligitatking. Modelling studies have
been conducted in an attempt to address this uncerfaintyje et al., 2006bClason et al.,

2012 Banwell et al., 2012 However, these models of SGL evolution are limited by heavy
parameterisation ofvater routing and ponding and a somewhat empirical approach to
snowpack/firn processes such as retention and refreeliraddition, these models depend

on insitu measurements for forcing purposes, limiting their application to where and/or

when these ata are available

This thesis describes the development of a new, and the first, physically based model of SGL
evolution. This model is forced by regional climate model (RCM) data and is hence
optimised as a prognostic tool. In Sectib2 of this chapter, SGLs are introduced. In
Sectionl.3 the potential impact of SGLen the mass balance of the GrlIS is discussed. In
Section 1.4 observational studies of SGL evolution are reviewed. Sedtibrdescribes
potential SGL modelling strategies, with reference to previously published work. Section
1.6 presents the aim and objectives of research described in this thesis and in B&c¢tien
structure of the thesis is outlined.

1.2 Characteristics and behaviour of supraglacial lakes.

Supraglacial lakeform during thespringsummer melt season across much of the ablation
zone of the GrISe.g. McMillan et al., 2007 Sneed and Hamilton, 2007Bundal et al.,
2009. They are a key component of the supraglacial hydrological network, which
transports runofbver the ie and through firn, under gradients in hydraulic potential, en
route to its final destination off the ice shedtunoff is defined as the portion of surface
melt plus rainwater, which is free flowing, as opposed to being retained or refrozen. The
supraglacial hydrological network also includes wditerd streams/channels, crevasses and
moulins Eigure 11). Laterally flowing streams form from the accumulation of runoff from
overland flow. These streams incise channels into thgJaemsch and Gudmundsson,
2012. Crevasses and moulins provide a conduit by which rusgfiuted to theenglacial

and subglacial environmen(s.g. Catania et al., 200&lason et al., 2012Phillips et al.,
2011). Both the englacial and subglacial hydrological networks mirror that of the surface;

water may flow laterally in channels, be stored temporarily in Ipkekéts, and from the

10
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englacial environment, water may be routed vertically to base of the ice(slge&ulley et
al., 2009 Jansson et al., 200Bvine-Fynn et al., 2011

-
~7 ICE
-

EQ.LINE, -~
=~ MOULINS

——’
-
-
-

GPS’1 CREVASSES

Figure 11: Glaciological features in the equilibrium and ablation zones, including sur
lakes, inflow channels, crevasses, and moulRaproduced frordwally et al. (2002

SGLs fam when runoff pools in topographic depressiongha ice sheesurface. These
depressions are intransient features, formed by the transmission of the basal bedrock profile
through the ice. This transmission depends upon the shape of the bedrocniddedfsal
conditions s uc(hampks and ¥dndeBkry, 204 udniusdéson, 2003

Thus, SGLs are found to form in the same locations-geaear (Echelmeyer et al., 1991
Selmes et al., 20)1 SGL initiation begins shortly after the start of thelt seasor{e.qg.
Georgiou et al., 20Q09Colgan et al., 2001 when a threshold quantity of runoff has been
producedJohansson and Brown, 2013They begin to appear first at low elevations, close

to the margin, and fan progressively further inland as the melt season progréSsedal et

al., 2009. In south west Greenland, SGLs form up to about 2000 m @sWwat et al.,

2013. The depressions in the ice sheet in which SGLs form are limited itsittee ice

sheet topographyLuthje et al., 206b). This provides a potential constraint on the
maximum size of SGLs. However, SGLs may also grow through enhanced melting at the
lake bed(Tedesco et al., 2012uthje et al., 20060 The area of individual lakes has been
observedo grow up to 8.9 kfin west Greenlan@Box and Ski, 2007

When SGLs become brifall, they overflow and provide a temporary water storage site for
runoff on its way downstreaniBanwell et al., 2012 However, ultimately, they are
transient features and their cessation occurs in three discrete ways. Firsgyh&@Lbeen
observed temptyrapidly through drainage (e.gigure 12). This rapid drainage can occur
on timescales of the order of hoyBas et al., 2008oyle et al., 2018 Presumably, this

rapid drainage occurs through hydrofracture; the propagation of existing cracks and

11



Chapter 1 Introduction and background

crevasses in the lake bed to the base of the ice sheet, by a sufficient volume of meltwater
(Boon and Sharp, 200&rawczynski et al., 20Q9an der Veen, 2007 SGLs are often
intersected by channels that continuously supply water to, and drain water from the lake, as
part of the surficial hydrological networkigure 13). Lake drainage, by the propagation of
lateral channels has been observed on glaciers in Svalbard and Alssst@l, 1980
Raymond and Nolan, 20R0It has recently been proposed that this also occurs on the GrIS
(Selmes et al., 2013 edesco et al., 2011b Overflow, from the lowest part of the lake rim,

or discharge from the lake via a meltwater stream, incises a channel deeper than the level of
water in the lake An increase in didtarge from the lake through the channel propagates the
vertical evolution of the channel bée.g.Knighton, 1981 Gulley et al., 2009Jarosch and
Gudmundsson, 20)2This process allows water to drain laterally until the lake is empty. If

a lake does not drain completely by either of these two mechanisms, it may refreeze when
runoff is no longer being prodad and there is a negative energy exchange between the lake
and the atmosphe(&elmes et al., 201TJohansson et al., 2013At the west GrIS margin,

98% of runoff volumeis stored in SGLs which are large enough to hydrofracture
(Krawczynski et al., 2009 However, it isunclear at present whptoportion of lakes drain

in this way every year. Observational studies performed to date suggest that as few as 13%
(Selmes et al., 20)1or as many as 84%Johansson et al., 2018f lakes drain through
hydrofracture. The remaining 83% or 16% either drain laterally or refreeze.
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Figure 12: Examples of supraglacial lakéisat drain rapidly. Three lakes (rows a, b and
in MODIS band limages at the same scaléefore and after drainage.rd@a/time plots
correspond tdakes indicated by arrows. Reproduced fr8simes et al. (20).3
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Figure 13: A large SGL intersected by meltwater channels on the @Gtto: lan Willis.

1.3The mass balance othe Greenland ice sheet and feedback between melting
and ice dynamics

The mass élanceof the GrIS, DM , can be calculated as a linear sum of precipitat®n,

runoff, R, sublimation,S, and dischargeD (Equationl.1).
DM =P- R-S-D 11

Precipitation falls in solid form (i.e. as snow) across most of the ice sheet, however at lower
elevations during the summer, precipitation may fall as(fgttweis, 200y, Sublimation is

mass lost through thehpse change of water from solid (ice and snow) to gaseous (water
vapour) form, without passing through the intermediate liquid stage. Discharge is mass lost
through large bodies of ice becoming detached from the ice, dbeatxample through

calving intothe sea or marginal lakes at the terminus of outflow glaciers.

The first three term@ the right hand side of Equatidnl are collectively known as the
surface mass balance (SMB). Surface mass balance exhibits seasorahnngrand
longerterm variability following the distribution of accumulation and abbn Although
ablation rates are correlated with air temperafarg. Reeh, 191, Braithwaite and Olesen,
1984), surface air temperatures greater than the melting point of’i€ @@ not necessarily
mean melting will take place. Likewise, it is also possible for melting to occur when surface
air temperatures are less tharsthalue. Ablation depends on the net energy balance at the

ice sheet surface, i.©E in Equationl.2 must be positive.
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DE = SW, + SW,, + LW, +LW,

out

+SHF+ LHF +G, 12

Here, SW,and SW,,, are the incoming and outgoing short wave radiatibhy/, and

LW,

out

are the incoming and outgoing long wave radiatiShiF and LHF are the sensible

and latent heat fluxes an@, is the subsurface heat flux. Higher values ®E are

observed in the summer, during which period ablation (melting and sublimation) dominates
the surface mass balance equation. Conversely, lower or negative valligls afe
observed in the winter, and becauseuaculation rates are also at a maximum during the

winter months, a positive change in surface mass occurs.

1.3.1 Pastchanges in the Greenland ice sheet mass balance

In the recent past, changes to the GrlS mass balance can be characterised by inland
thickening due to increased precipitation in the interi@.g. Thomas et al., 2006
Johannessen et al., 200and thinning around the 6000 km ice sheet perimeter primarily
through discharge and particularly in the proximity of the fast moving outlet glgeiers
Abdalati and Steffen, 200Rignot and Kanagaratnam, 2006 As recently as
trend in Greenland SMB has been positiitanna et al., 2005 However, there is a
consensus thahé total GIS mass balance has been negative smicéeast 1995e.g.
Velicogna and Wahr, 200G homas et al., 200@&Ramilien et al., 2006Box et al., 2006

Rignot and Kanagaratnam, 2Q08/lass loss since the year 2000 has been attributed equally

to adecrease isurface mass balance aadl increase idynamic dischargévan den Broeke

et al., 2009 Joughin et al., 20Q&rabill et al., 2004. The most recent, reconciled mass
balance estimates for Greenland, made using a variety of techniques, are summarised in

Figure 14.

Global sea level hdseen rising slowly throughout the twentieth century, at a rate e2.0.0

mm yr. Of this, Greenland and Antarctica are thought to have contributed around 1%
(Rignot and Thomas, 200€hurch, 200} Various technigues have been used to attempt to
guantify the contribution of Greenland to global sea level rRgnot and Thomas (20D2
andKrabill et al. (2003 used altimetry to estimate this number to be 0.13 mihfor the
1990s, and 0.22 (+0.03) mm yt* for 19972003. Velicogna and Wahr (200@&ised satellite
gravimetry, to estimate that the rate of mass change during the perio@@D02ed to a

sealevel contribution of 0.22 (+0.06) mm yi. Most recently, a reconciled estimate of the

14

t

he



Chapter 1 Introduction and background

GrIS masdalance has been assembled from data acquired using autput method, as
well as laser altimetry and gravime{{$hepherd et al., 20).2This study concluded that the
GrIS has contribute8l (++ 1.2) mmto global sea level rise since 1992

200 T T T T T T T T T T T T T T T T T T T

o

-200

Mass Balance (Gt/yr)

[ Input output method
400  Gravimetry .

1995

1 | ! ! ! |
2000 2005
Year
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Figure 14: Rate of mass change of the Gr#S derived from the inpuatutput method (red)
satellite laser altimetry (green), and satellite gravimetpjue), with uncertainty range
(light shading).The rate of mass balance derived from laser altimetry data was compu
a timevarying trend. The gravimetry mass trend was computed after applyingreoi®
moving average to a relative mass time sehéodified fromShepherd et al. (20)2

1.3.2 Correlations between fluctuations in ice sheet flow and ice sheet surface melting

Evidence suggests that over the past decade, mass loss through discharge has increased
(Rignot and Kanagaratnam, 2Q0dfdicating a change in ice sheet dynamics. Glaciers and

ice sheets are able to flow, through either internal deformation or sliding at thedice
interfaee. Internal deformation exhibits a very slow response to changes in climate, because
changes in the surface mass balance impose low magnitude thinningZweddly et al.,

2002. However, ithas been proposed that ice motion through basal sliding may respond
rapidly to changes in climate through a malhamics feedback. Ice motion shows a
seasonal variability of up to 200¢Zwally et al., 2002Palmer et al., 201, Joughin et al.,

2008 Bartholomew et al., 2030 Thisspeedup has been shown to lm®incident with the

melt seasoife.g.Figure1.5) at oth the main body of th€rIS and its faster flowig outlet
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glaciers(e.g.Shepherd et al., 200Palmer et al., 2015ole, 201). This has ben shown to

be more significant for the main body of the ice shedth a 48% summer increase over
winter background flow ratethan the faster flowing outlet glaciashich exhibit a summer
velocity increase of just.6% (Joughin et al., 2008 It has been suggested thiat routing

of runoff to the bed othe ice sheeaprovides the meansf this to occur by lubricating flow
(Zwally et al., 2002Shepherd et al., 20D9 This suggests that in a warmer year, faster than
average ice sheet flow may occuHowever, olservations have also shown that in warm
years, where melting is greater than average, no net-gipeaideither maringerminating or
landterminating outlet glaciers is observed when velocity changes are integrated over the

whole year Figure 16).

The rate of basal sliding is controlled by adhesion (of the ice to the bed), bed roughness,
base roughness (from rock debris heldha ice) and the quantity and distribution of basal
water. Basal water either results from melting at the base of the ice or is suriaffe

which has been routed to the base from the supraglacial and englacial hydrological
networks. Basal water mediateliding principally by allowing deoupling of the ice and

bed. The extent to which this occurs is dependent on the effective pressure; the sum of the
vertically downwards acting ice overburden pressure and the vertically upwards acting basal
water presure. An increase in water pressure, perhaps by a sudden influx of a large volume
of runoff from a draining lake, counters the ice overburden pressure resulting in a reduction
in effective pressure. This results in a weakening of théedecontact anthster sliding is
enabled. Logic suggests that this means that effective pressure is controlled by the quantity
of basal water; a greater abundance of water would increase the water pressure, decrease the
effective pressure and provide for a subsequeamease in glacier flow velocity. However,

in actuality, the mode of stdflacial drainage provides a major control on effective pressure
which can overcome this relationshiSchoof, 201 Subglacial drainage may occur
through 1.) an efficient, channelised drainagstem (Rothliskerger, 197p or 2.) an
inefficient interconnected cavity based drainage systéfalder, 1985 At steady state, an
efficient, channelised regime enables high basal water flux when effective (water) pressure
is high (low) and under a system of linked cavities, basal water flux is high when effective
(water) pressuresilow (high). As a corollary, under a channelised regime, one would
expect a reduction in flow speed over that under a lhteadity regime. However, the
response time of this system to changes in water influx is slow. Temporary spikes in water
pressurecan therefore lead to transient acceleration of the ice sheet even once an efficient
channelised system has been establigBeloof, 2010Bartholomew et al., 201Das et al.,

2008 Sole, 201). SGLdrainagemay contribute to observed seasonal spapdy enabling
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these periods of transient accelera(iBalmer et al., 201Joughin et al., 2004
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Figure 1.5: Seasonal speedp correlated with meltwater availability(A) Horizontal ice
velocity (red curve) along a smoothed line of motion showing ice accelerations duril
summer melt seasons and the abrupt transitions to deceleration around the times
cessation. The cumulative additional motion (horizontalidueed, black) relative to &
wintertimeaverage velocity of 31.33 cm/day is 6.0 m by the time of the maximum velc
1999. (B) The vertical residual (blue) indicates a0 uplift at the time of the 19¢
transition from accelerating flow to deceleragifiow. (C) Cumulative positive degree de
(PDDs) and PDDs for ld@lay intervals (10d DD, red) from temperatures measured a
Swiss Camp, showing correlations of the melting with the intensity and timing of t
accelerations and decelerations. Vedi dotted lines mark May 1, July 1, and Septemb
for each year. Reproduced fratwally et al. (2002
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Although it is uncertain whether the supraglacial forcing of bslghhg has a significant net
impact in the present daydre have been few studies that investigate how this could change
in a warming world This isbecausecurrent generation ice sheebdels do notypically
addresdastflowing ice dynamics becausd the complex physics involved and high spatial
resolution required of such a model. This was identified as a key uncertainty in the IPCC
AR4 (Lemke, 2007.
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Figure 16: (a) Speeédup in years of high melting (1995 and 1998). (b) Speeth years of
low melting (1993, 1996 and 1997oint data are 35lay icevelocity averages relative t
the winter mean. Error bars show thei uncertaintyin speedup measurementsolid lines
monthly averaged dataColoured regionsmodel estimates of daily surface runa¥eraged
during years of high (orange) and low (blue) melting. Vertical dashed lines indicat
shoulders and midwagoint of the runoff period. Modified fro®undal et al. (2011
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1.3.3 Theimpact ofsupraglaciallakes on ice sheet mass balance

Supraglacialakesmay affect the ice sheet mass balance in three wragstly, they enhance
melt-rates at the lake bed with respect to the melt rates of the surround{iigdesco et al.,
2012, thusreducing the areaveraged albedo of the ablation (melt) z¢Rerovich et al.,
2002. Secondly, by providing a surfabed conduit for large volumes of runoff when they
drain, SGLs may affect ice dynamics through enhanced basal lubri¢atioghin et al.,
2004 Shepherd et al., 200Palmer et al., 2091

Enhanced melting has been shown to occur bersshice melt pondshéreafter6 me | t
pondsod) a n d theSo@itak propedies not we@r are such that tlre albedo is
significantly smaller than that of bare i€Baylor and Feltham, 2004 erovich et al., 2002
Greuell et al., 200ZFetterer and Untersteiner, 1998n fact, SGLs have been found to have
an albedo 71% lower thdrare ice and 82% lower than snowthe Kangerlussuaq rieg of
GreenlandGreuell et al., 2002 SGLs grow in size throughout the mekason through the
accumulation ofrunoff and enhanced melting beneath the lakgbservations have been
made on sea ice suggesting theit ponds can enhance the amaraged albedo of the ice

by up to 56%(Perovich et al., 2002 However, since sea ice is very flat, melt ponds can
grow more or less indefinitely and have been found to coveuah as 36% of the available
surface. For the GrIS case howeverwhere the potential maximum area of lakes is
constrained by topographiLuthje et al., 2006p the areacovered by lakess significantly
lower. Studies of the Swiss Camp, Russell Glacier, Ryder Glacier and
Nioghalfjerdsbrae/Zachariasstrom regions of the GrIS between 2001 and 2007 suggest
that maximum SGL coverage never exceeds 1% of the total(idillan et al., 2007
Sundal et al., 200P Despite this, SGLs maact as a climate feedbadk a small wayijn

that lakes enable enhanced melting, which leads to lake growth, which leads to a graater a

over which enhanced melting takes place.

At higher elevations on the ice sheet, SGLs have the potential to enafdeeto-bed
connectionsvhen they drainwhere conduits such asoulins and crevasses are rédewat

et al., 2013 Phillips et al., 201}l This may have serious consequences for ice sheet
dynamics, despite the relative rarity of drainage events at high elevations compared to low
elevations(Selmes et al., 20}3 In this region, surface water delivery to the base is too
small to enable the establishment of efficient, channelized systems. Because of this, an
increase in basal water pressulge to the draining of SGLs may enable faster sliding

(Bartholomew et al., 201)b In addition, if an SGL, thrggh drainage, were to create a new
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surfacebed connection in a region of frozen bed, this could enable a local decoupling of the
ice sheet and bedrock, potentially allowing a greater area of the ice sheet (biclide et

al., 2013. It has also been proposed that draining lakes provide a means-bfydrptogic
warming, i.e. that the passage(afarm) water through the (colder) ice causes an increase in

ice temperature, reducing the effective viscosity of the ice and increasing flow through
internal deformatior{Phillips et al., 2010 If SGL drainage were found to contribute to a

net increase in ice sheet flow speed, this may lead to a third mechanism through which ice
sheet mass balance may be altered. This is in addition to increased ablation and discharge
due to changing climate.Changes in the flow of ice can lead to additional changes in
ablation, through modified hypsometry; this may serve to thin and flatten the ice sheet,

effectively moving the equilibrium line further inland.

1.40Observations ofsupraglacial lakes

In-situ suveys of SGL characteristics in west Greenland focus on a particular lake or lake
drainage event and produce detailed data for a single melt gEasde et al., 2013Das et

al., 2009. The evolution of a single lake may also be reviewed using satellite im@ggry
Georgiou et al., 200%need and Hamilton, 2007aHowever, it has been more common to
review multiple lakege.g. Selmes et al., 20f1or a lake covered region, using remote
sensing datée.g.Liang et al., 2012McMillan et al., 200J. This enables the exploitation of

the full potential of the data available. Remote sensing products which have been used to
observe lakes include aerial photogragey. Thomsen, 1989Russell, 1998and satellite
mounted sensors such as the Advanced Spaceborne Thermal Emission and Reflectance
Radiometer (ASTERJe.g. Georgiou et al2009, the Landsat Enhanced Thematic Mapper
Plus (ETM+)(e.g. Lampkin, 201jland the Moderate Resolution Imaging Speecitmmeter
(MODIS) (e.g. Sundal, 2009 The western GrIS margin has undergone particular scrutiny
due to an abundance of lakes, lakes which regularly drain rapidly, andogalnented
seasonal and shorter term changes in ice dyndmigsoughin et al., 20Q8artholomew et

al., 2012. Typically, observational studies have focused on the Swiss Chkpbshavn
(contiguous with Swiss Camp) and Russell Glacier regions. The Russell Glacier region is,

on balance, the most studied.

SGLs may be identified in images obtained using remote sensing instruments by manual
interpretation, where each lake igitised by hande.g.Georgiou et al., 20QMcMillan et

al., 2007, or by a semautomated or fulhautomated methoge.g. Sundal et al., 20Q9

Liang et al., 2012 Both ASTER and Landsat ETM+ images have a high spatial resolution
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(of the order ~10 m), conducive to accurate lake areaeddion. By comparison, the
spatial resolution of the MODIS instrument is significantly coarser (250 m). Temporally,
ASTER and Landsat ETM+ have a sampling frequency of the order of several days, whereas
MODIS images are available twice daily. Typicalbtudies of seasonal and intamnual
variability in modes of SGL evolution are investigated using MO@$. Johansson and
Brown, 2013 Selmes et al., 20} ,1as a result of this relatively dense temporal sampling. A
number of automated methods of reporting SGL distribution from MODIS imageseon th
GrIS have been developed, although specific methods vary between datasets. Automated
mapping of lakes enables a number of images, containing numerous lakes, to be processed

efficiently. For examplerigure 17 shows an ASTER image of SGLs near Russell Glacier.

49°W 48°45"W

B67°25'N

67°20'N

49°W 48°45"WY

Figure 17: Supraglacial lakes observeging the ASTER instrument, in the Russell Gla
catchment on the Greenland ice Sheat]™ August 2001.

The five most extensive satellite surveys of SGL evolution are summarisecebeheof

these studies uses a semi fully-automated lake classification system. Saotomated
methods are soalled because they require the usepteselect images on which a lake
tracking algorithm is applied. With the exceptionHdwat et al. (2018 these surveys
were derived from MODIS imagerylhe MODIS instrument has been in operation on board
the National Aeronautics and Space Administration (NASA) Terra satellite since 1999 and
on board the NASA Aqua satellite since 2002he spatial resolution of each dataset is
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imposed by the resolution dhe MODIS instrument (250 m). Typically, the temporal
sampling of each dataset is different, depending on the selection of MODIS images for
inclusion in the record. The chief limitation in temporal sampling is cloud cover; if cloud is
present in the inge, some/all lakes may not be resolved. This also means thddtthef

lake appearancéor demisg¢ and maximumlake coveredarea may also be incorrectly
recorded if cloud coverwas present on the actual date of onset/demise/maximum lake
covered arealn years of abundant cloud cover, there may be as few as 12 completely cloud

free images per melt season (Sundal et al., 2009).

Sundal et al. (20Q%use 268band 1 (red, 0.620.670 um) MODIS images for 2003 and
20052007to chart the seasonal evolution of SGLs in three climatologically distinct regions
of the GrlIS, including the Russell Glacier regiofthese data consisff 28 (cloudfree)
observation days in 2003 and 12 (cldtee) days per year for 20807. Lake distributon
was automatically derived using semiautomated objectoriented segmentation and
classification methoge.g.Figure 18). The classification oflakedor tnot-lakedobjects was
achieved using fuzzy logic membership functionEhis methodassigis lake or notlake
status based on the degree of membershiph¢olake or noetake class,in terms of
reflectancerather than using a fixetthreshold Sundal et al. (20Q%valuate their metltb
by comparing automatically delineatikes from a MODIS image to manually delineated
lakes from 15 m ASTER scenes. Both images were acquired dudust 2001. They
estimate that 12% of ghlossible lakes are omitted from the automatically deline&tealrd,

as they are tosmall to be resolved by MODIS.

Johansson and Brown (2013) employ a similar (samdmated) method tS8unda et al.

(2009 in their survey of the Russell Glacier region on the GrlS. However, they extend their
method of classificatiorotinclude parameters such as lake length and shape, in addition to
reflectance. They also allow the threshold values df gacameter to evolve with season.
Data available from this study include up to 586 individual lakes identified inbafh@ 2

(near infrared, 0.8410.876 um)and band4 (green, 0.54%.565um) MODIS images in

each year for the period 20@D10. Johansson and Brown (2Q18valude their method

using seven Landsat (ETM+) images acquired between two to six days prior to/after the
acquisition of four MODIS images, over two years. Typically, < 10% of lakes reported
using this method are f ound totLandshtémagedy.alh se posi ti
addition, Johansson and Brown (20Q18uggest that the uncertainty associated with the
absence of sulesolution lakes in the dataset is around 11%; in agreement with the similar

assessment performed 8yndal et al. (2009
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67°30'N

Figure 18: An example of automatically delineated lakes on tHeJL®e 2003.0Observed
lakes fromSundal et al. (200%re superimposed on the original MODIS image from wt
these lakes were delineated.

Selmes et al. (20)1describe the distribution of fast draining lakes on théSs®etween

2005 and 2009 usingand limages fromMODIS covering the whole of the ice sheet area.
They employ a serautomated method of lake delineation, which does not use -object
oriented segmentation. Instead, they operate from-fnoa assumed lake digbution,
considering each known lake location in turn. At each location, pixels are assigned lake or
notlake status based on a threshold reflectance value of 65% of a standard reference
window. Thisa-priori lakedistribution wasdetermined from a supésed classification of a
subset of imagesand includes those lakésat exhibit a maximum area greater than 0.125

km?.

By tracking individual lakes, rather than considering a wide area, this approach
enables greater exploitation of the MODIS image hgraloud cover is not considered a
limitation, provided at least one lake is visible in each imagg Figure 19). Selmes et al.
(2011) evaluated their methoding 15 m ASTER scenes over a thyesr period, across

two regions of the ice sheet. One hundred lake images were used in total and it was

concluded that thimethod undepredics individual lake area by around 1.77%

Liang et al. (201Ruse a fully automated lake tracking algorithm to report iaterual
variability in SGL evolution during the period 20@010 in their 16,500 kfstudy area
which encompasses both the Swiss Camp region and Jakobshavn glaigret al. (201p
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also exploited cloudy as well as pakbudy images to assemble their dataset by delineating

all lakes present in the cloticke portion of 893 images, covering the ten year period. They
adopt a novel classification approach whereby a moving window of 25 x 25 pixels (6.25 km

X 6.25 km) is used to assess, based on the presence or absence of a positive tail in a
histogram of refletance values, whether a lake is present in that window. If a lake is
present, those pixels with reflectance values greater than a threshold determined from the
histogram are categorised as lake pixels. This algorithm is evaluated by comparison with
high-resolution ASTER imagery with favourable results. It was concluded that, using this
method, 99% of lakes manually identified in ASTER imagery are reported and up to 6% of

identified lakes are false positives.

The observational dataset with the longasetseries is that dflowat et al. (2018 In their
study, 402 scenes are usedein 40 years and 12 different regions on the GrIS are
considered. This includes both the Russell Glacier and Swiss Camp rddpovet. et al.
(2013 semiautomatically derive SGL distribution using a method based.iang et al.
(2012, in images from July and/or August each year, acquired by several Landsat
instruments and the ASTER instrument on board the Terra satellite. They alSonuse
SPOT5 imagery for 2007 and 200&lthough Howat et al. (2018has the longéstime
series, gaps of up to 25 years exist in their record, due to data scarcity.

M 8%

~

Figure 19: Automatically delineated lakes on (a) a cloud fraed (b) a cloudy day in th
vicinity of the Russell Glacier on the Gri3.ake distribution is mosaicked from multig
tiles, each featuring a single lake from tBelmes et al. (20)Xataset. Solid blue lines
delimit the extent of this mosaic on each daje two days reported here are (a) day 2
the 8th of August 2005 and (b) day 219, the 7th of August 2005.

Although the SGL datasets described here are the most extensive observational studies to

date in space and time, they still provide a limited record. The studiSsrnafal et al.
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(2009, Johansson and Brown (2018ndLiang et al. (2012 provide data for small areas.
Sundal et al. (20Q9Johansson and Brown (201&hdHowat et al. (201Bexhibit generally
sparse temporal sampling. Also, because they includelgldays in their recor&elmes et

al. (2012 andLiang et al. (2012do not exhibit consistent temporal samplingnsolakes

may be sampled 30 times and other lakes may be sampled 3 times within a given year. In
addition,Sundal et al. (200%andSelmes et al. (20)have short time series (4 and 5 years

of data respectively), andowat et al. (201B8has an incomplete time series. Sorf¢hese

data are known to report false positives and nopadisible lakes are reported by each
dataset.Because of the interference of cloud, and the fact that the MODIS instrument began
operation in 1999, it is not possible to derive a temporally demstormly sampled, long

term record of SGL evolution using satellite imagery.

1.5Modelling supraglacial lakes

Models describing the evolution of melt ponds have been widely used because melt ponds
have a significant impact on the af@zeraged albedo oka ice(Ebert and Curry, 1993
Taylor and Feltham, 200&locco and Feltham, 2003kyllingstad et al., 20Q®uthje et al.,

20063. Although meltponds have been modelled extensivétgre are only three models

of SGL evolution independent of the work described in this thesis. Thesesmebedn

Luthje et al. (2006} Clason et al. (20)2and Banwell et al. (2012 Modek of SGL
evolution can potentiallyprovide a temporally continuous, full ice sheetecord of SGL
ewlution as long assufficient forcing datare available Thus, models of SGL evolution

add value tabservational studies of SGLs and can help to congtraiimpact SGLs may

have on ice albedo and ice dynamits addition, a prognostic model hélse potential to be

useful in quantifying any contribution SGLs may make to future changes in these areas.

There ardour distinct stages déke evolution which describe the full seasonal cyElgyre
1.10); runoff production lake growth, lake drainage arfake refreezing. Together, these
form a relatively complex system. In Sectibrb.1to Sectionl1.5.4 a range of different
approaches to modelling these four stages are describéd refitrence to previous
modelling work. In Sectiod.5.5 recommendations for a new, improved, SGL modelling
strategy are presented. Models of sea ice melt p@uish are conceptually similar) are
also considered, given the scarcity of specific SGL modelhe physical principles
governing theevolution of melt pondare similarto those of SGLsvith the key difference
being the presence of salt in the sea ighich affects i optical and thermodynamic

properties.In addition,the presence of brine pocketeans thasea icds porous
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Figure 110: Modelling strategies for the four distinct stages of SGL evolutidrne

propoed methodology for thmodel described in this thesis is indicated in red.

1.5.1 Runoff simulation

The first stage in the evolution of melt ponds and SGLs is runoff production. Typically, in
lake modelling studies, runoff is approximated by mel{ibgthje et al., 2006bClason et

al., 2012, which can be calculated explicitly using a physically based energy balance model
(Taylor and Feltham, 2004&kyllingstad et al., 20Q9.uthje et al., 2006bBanwell et al.,
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2012 or parameterisedising a degree day mod@.g. Clasoret al., 2012 Some lake
models also include parameterisations for retention and refreezing of this meltwater
(Banwell et al., 2012 Advances in regional climate modelling have meantttieae is also

a third option; the use of runoff calculated by a high resolution regional climate model
(RCM) which has been optimised for use over ice, sashthe MAR (Moédle
Atmosphérique Regional) (Lefebre et al., 200%r RACMO (Regional Atmospheric Climate
Model) (van Meijgaard, 2008models

The energy balance approach calculates the surface energy surplus/deficit using Equation
1.2, accounting for the diffusion of energy between snow, ice and water. In their study of
melt ponds, Taylor and Felthaf2004) consider meltwater production as a Stefan problem,
and consequently use this net surface energy calculation to track the phase boundary of sea
ice ketween solid and liquid states. This is-dithensional solution where if net surface
energy is positive, the phase boundary shifts in favour of the liquid state, i.e. the ice melts.
Others use the net surface energy calculation to quantify ablati@t basknown values of
accumulation and snow amtk density(Luthje et al., 2006Banwell et al., 2012 Energy
balance models aradvantageous in that they provide physical justificationcidculated
ablation rates. However, they require measmments of incoming/outgoing
shortwave/longwave radiation, air temperature and atmospheric pressure. Heavy data
dependence is a limitation of this method since dnégolution data is not available for large
areas of the GrlS; all of these parameters beagxpected to be spatially variable. This also
limits this type of model in terms of predictive capacity.

An alternatve approach to modelling melt is using a parameterisation which is a function of
a small number of variables, for which there is amdta, such as theseof a degree day
model(Clason et al., 20)2 A degree day model ima@mpirical parameterisation, shown to
produce accurate results, of ablation as a function of surface tempédBxraitewaite and
Olesen, 1984Reeh, 1991 The degree dafjgure, Y, can be calculated usirifguationl1.3

below (Braithwaite, 198}

m=Mn=N

Y==—8aaa,nmn 13
M m=1 n=1

Here, U i s Tg,asfgieateethan arequdl to 0,iarfd djf, is less than zero (no

melting). T, is the temperature at theé"robservation on the"hday and M is the number

of observations in the ddBraithwaite and Olesen, 1989This number can then be used to
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approximate ablation by applying degree day factornfelt rate per degree day
(Braithwaite, 198% Degree day factors are typicaljeveloped through observations
(Braithwaite, 1984Reeh, 1991 This limits the effective usef degree day modelling to

locations where degree day factors have been measured.

RCMs may calculate runoff using a degree dagdelling approach to simulate ablation,
then parameterise retention and refreezffty example the ECMWigownscale model,
Hanna et al., 20Q2r, more commonly, using a full energy balance method with a snow and
ice model(for example the Polar Fifteneration Mesoscale Model (Polar MM5), Box et

al., 2009. Detailed snow and ice schemes simulate ablation (using a fullyebalance
method), incorporate simulated values of rainfall fritli@ climate component of the model,

and also take into account snow thermodynamic and metamorphic properties. This allows
water which is retained in the snow/firn (retention) aefilozen athe surface or at depth
(refreezing) to be accounted for. Studies have shown that in order to accurately simulate
runoff and SMB using an RCM, a detailed snow physitseme is essentifiRae et al.,

2012. A limitation of this methd is that RCM resolution may be rather coarse; MAR
typically operates at 25 km resolutiofigure 111), and RACMO operates at 11 km
resolution. A resolution of 25nk has been shown to be effective in reproducing SMB, in all
regions of the GrIS except for that immediately adjacent to the ice sheet rffaaico et

al., 2012.

Runoff
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75° N v 67F N
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(a)
65° N \ e
X R & &
= = = =
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Figure 111 Typical resolution of RCM simulated runoff over the Gr&hown, is the tota
annual runoff in”2003, simlated at 25 km resolution usiritge MAR mode(Fettweis, 200).
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1.5.2 Supraglaciallake growth

The principal mode of SGL growth ithrough the accumulationof runoff, laterally
transported due to elevation (hydraulic potential) gradients either by overland flow or in
meltwater channels. The principal mode of melt pond growth is through enhanced melting
at the lake bed and sidéScott and Feltham, 2010 Melt ponds also grow through laterally
transported runoff, however since sea ice is porous, the mechanism by which thési®ccu
lateral percolation, which is not a significant mechanism in SGL grdeuti Scott and
Feltham, 2010Luthje et al., 2006a Likewise, SGLs also grow through enhanced melting,
but the contribution of enhanced melting to lake growth is much smaller than that of runoff
accumulatior(Tedesco et al., 20).2

Lake growth from overland flow can be simulated by routing runoff over measurements of
surface elevation. This can be achieved usirgjgital devation model (DEM)where
topography may be derived from a range of sources, including visual if&lgdiingstad et

al., 2009, ice-penetrating radar dat&lason et al., 20)2r synthetic aperture radar (SAR)
data(Luthje et al., 2006 In order to redistribute runoff with respect to elevation/hydraulic
gradients, a routing algorithm is required in conjunction with the DEM. This combination
may be describeds a hydrology model which may be simple or complex as appropriate.
For runoff routing experiments where physical justification is not necessarily required, a
simple parameterisation of flow rate, such as the prescriptiorhofizontalmeltwaterflux
vectorwhich is proportional to the surface gradianay be appliedLuthje et al., 2006p%

The depth/volume of water in each grid cell is predicted at each time step by integrating this
parameterised flux. Another possibility is the use of weighted flow accumulation based on
the amount of meltwateggenerated and a single fledirection routingClason et al., 2032

Both of these approaches benefit from being simple, however each method is somewhat

empirical.

The model described iBanwell et al. (2018 which was developed at the same time as the
work described in this thesis, routes meltwater by linking a lake and catchment identification
algorithm with a fow delay algorithm. The lake and catchment identification algorithm

calculates the path of flow from each cell by following the direction of steepest descent,

until descent is no |l onger possible. The f1
water to follow this path of flow using Ma
Darcyés |l aw for flow through a porous mediu

hourly basis accordingly. This method improves on those described in Claso(26é1 3).

29



Chapter 1 Introduction and background

and Luthje et al. (2006b) by being more physically based. However, by not simulating the
rate of change of water in each cell at each-steg, this method does not represent a full
time-varying solution of water routing. In addition, physicalgraeters used in the flow
delay equations are tuned to one specific lake filling event, which may be considered a

weakness of the model when applied to a larger area.

Meltwater channels form from the accumulation of overland flow, in a network which
follows the distribution of hydraulic potential on the ice sheet surflae®is and Smith,

2009 Paterson, 1994 These channels are typically of the order of metres in width and are
consequently subrid scale features with respect to SGL evolution mo@élason et al.,

2012 Banwell et al., 2012 uthje et al., 2006b Because of this, meltwater/runoff channels

are not accounted for in thmodels ofLuthje et al. (2006band Clason et al. (2012
Banwell et al. (201ppar amet eri se for channelised flow
for flow through a porous medium when snow

channel flow where flow is over bare ice.

Enhanced meltingg most properly calculated using a radiative transfer/energy balance type
model whichcalcubtes the melt rate beneath, and at the sides of, the lake exggoily
Taylor and Feltham, 200&kyllingstad et al., 2009 A full, time-varying, physical solution

is particulary important for sea ice melt ponds sribe optical properties of sea ice vary
dramaticallyas he season progresses. However, this is less important on ice sheets. This
enables enhanced melting beneath SGLs to be more easiggbarsed One form wich

this parameterisation may take, is as a fraction of an enhanced melt rate, applied

proportional to melt pond depth.g.Luthje et al., 2006&Flocco and Feltham, 20R7

1.5.3 Supraglacial bkedrainage

SGLs and sea ice melt ponds drain both laterally and vertically; albeit with different modes

of behaviour.Drainage dsea ice melt ponds is well understood and may be modelled using

by
i s

Darcyobés |l aw for f | owFlocde and Ggjtham, 200pkgllingstadset me di u m

al., 2009; where the rate of drainage is controlled by the hydraulic head of meltwater
(height above sea level)The drainage of SGLs however, is less well understood. Two
dominant modes of drainage have been proposed; rapid drainagehthsalrgfracture and

less rapid drainage from channel incis{mawczynski et al., 200%elmes et al., 20)3 It

is also reasonable to assume that some slow seepage occurs from lakes, particularly above

the permanent snow line whefim is present. However thisow seepage may be ignored
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since flow throuh a saturated snow/firn pack is much slower than open channel flow
(Fountain, 199§ or drainagehrough hydrofracturéDas et al., 2008oyle et al., 2013

Lake overspill is inherently represented in the DEM/flow routing approach; once a
depression in which a lake may form is full, any additional water is passed downstream.
Drainag via meltwater channelsa relatively recently proposephenomenon, is more
complicated. At present, this process is not included in SGL models since channels are
typically a subgrid scale feature. However, models which simulate the incision of
meltwater channels specifically, earosch and Gudmundsson (20X®uld be adapted for

use in an SGL evation model. Jarosch and Gudmundsson (2p&@mbine ice dynamics,
openchannel hydraulics and heat transfer between runoff and ice to simulate channel
evolution. Although their model is fairly complex, they identify channel slope, meltwater
flux and meltwater temperature loss to the ice as therdorhfactors which control channel
evolution. This suggests that it is possible for a parameterisation to be developed based on
these factors.

It has been theorised that rapid vertical drainage occurs when the volume of water held in a
lake exceeds a tigal value beyond which hydrofracture may oc¢krawczynski et al.,

2009. However, this prasupposes the existence of a crack/crevasse in the lake bed and
(Selmes et al., 20} bbserve that only 28 of lakes in south west Greenland, which contain
enough water to ppagate fractures, actually drain rapidly. It has megested that these
cracks arise as a result of the tensile stress regime resulting from the flow of the ice sheet
(Clason et al., 2002 However, lakes that by this metric should not harecks, have
nonetheleskeen observed to exhibit hydrofracture and subsequent rapid drainage (Doyle et
al., 2013). Cracks and crevasses are difficult to capture with a numerical rfOldsion et

al., 2013. One approach to predicting the distion of areas of surface crevassing is to

use strain rates calculated from interferometric synthetic aperture radar (INSAR) velocity
measurementClason et al., 2092 This method, however, is limited to locations in space
and time for which ASAR velocity data are available. A simpler approach could be to
prescribe a random distribution of cracks, based on the observed fraction of lakes that drain.
A linear elastic fracture mechanics model may then be applied in order to calculate crack
propagation (van der Veen, 2007 This simplistic approach could not be used for the study

of individual lakes, although it may be of use in producing estimdtepatially averaged
behaviour. Rapid vertical drainage is not included in the modelstbfe et al. (2006pand
Banwell et al. (201
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1.5.4 Supraglacial lakerefreezing

The proportion oSGLs which drain/rereeze is not weltonstrainedJohansson et al., 2013
Selmes et al., 20),Lhence refreezing hasitherto notbeen considered in models GL
evolution(e.g.Luthje et al., 2006Banwell et al., 2012 Since the drainage of sea ice melt
ponds is better understood, modelling strategies addressing their refreezing have been
developed Models of melt pond evolutiorwhich treat meing as a twephase (Stefan)
problem, include refreezing naturally in the soluti@raylor and Feltham, 2004 Mét
ponds freeze from the top downward after the
ponds are large and shallow, it is assumed that thgeme completely and beconpart of

the sea ice floe. Likewise, models which use a general energycéatathodcan initiate
re-freezing when the energy balance becomes neg@fieeco and Feltham, 20R7 The
refrozen portion of meltwates then appliedo the top or bottom of the pond, as the model
requires. This process could be adapted for SGLs, if it was known which and how many
SGLs refreee and which drain.

1.5.5 Limitations of presensupraglaciallake models and scope for improvement

The primaryknowledgegaps incurrentSGL modelling methods exist in theeatment of
runoff production, flow routing methods, the potential for the modektapplied where in

situ meteorological observations are not availabled the absence arainage andake
refreezing Rae et al. (20)2determined that in order to accurately simulate runoff, a
snowpack model is regqed which calculates retention and refreezing explicitly. None of
the currently available SGL models include such processes. SGL evolution can occur over
very short timescalg®.g.Das et al., 2008Selmes et al., 20)3hus transient flow routing is

also important. Two of the existing SGL mod€@lsithje et al., 2006bClasonet al., 2012
parameterise flow routing, and althouBanwell etal. (2013 do employ physically based
flow routing, they do not explicitly model the full path of flow. In their model, water moves
directly from its originating cell to its final destination (i.e. into kelar off the ice). Each

of the existing SGL modeld uthje et al., 2006bBanwell et al., 2012Clason et al., 2012

are forced by irsitu meteorological observations and consequently cannot be used to
investigate SGL behaviour in the absence of such data, for example in regions a# the i

sheet not served by automatic weather stations (AWSs) and under future climate scenarios.

The use of RCM simulated runoff as forcing data would address some of these concerns as
RCMs provide good spatial coverage, at high temporal resolution, wikhplfiylsical

representation of snow and ice procegseas Lefebre et al., 200%an Meijgaard, 2008 In
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addition, continuous data is available extending frormdestrial times and projected up to
2100 for a range of climate change scenarios. Current methods of transient flow routing in
SGL modelling may also be improved upon by tlse of a physically based cellular flow
routing model which 1.) uses hydrol ogical
to calculate flow and 2.) also simulatester depth in each cell at each tistep, by
integrating flux between cells and ruhgfoduced within the celle.g. Bates and De Roo,
2000. A recommended method for a new model of SGL evolution was illustratédure

1.10. It is not appopriate to include lake drainage and refreezing in SGL evolution models
at present since processes which affect lake drainage are not well undéggdodyle et

al., 2013 Clason et al., 2032 nor are they adequately constrained by observations for

parameterisation to be possilideg.Selmes et al., 201Johansson et al., 20113

1.6 Researchaim and objectives

The overarching aim of this thesistisimprove scientific understanding as to the behaviour

of SGLs with the aid of observations and model simulations of their temporal evolution.
This thesis will focus on the Russell Glacier area of the GrIS since in this region, SGLs are
abundanfe.g. Sundal et al., 20p%have been observed to exhibit rapid drainage behaviour
(e.g.Doyle et al., 2013Selmes et al., 20)lice sheet flow exhibits seasonal and sherter
term variability(e.g. Palmer et al., 201 Bartholomew et al., 20)2and a link between the
drainage of SGLs and velocity changes has been observed in this (8gepherd et al.,
2009. In order to achieve the overarching aim of this thesis, the following four specific

research objectives have been formulated:

1. Createa new model of supraglacial lake initiation and growth.
Develop a novel algorithm to route runoff, taken from stdtthe-art RCM
simulations, over highesolution digital elevation data. The new model should
physically represent both overland and open channel flow to route runoff,
supraglacially into SGLs. His will enable the creation of maps of daily lake

distribution for a continuous time period.

2. Inter-compare satellite derived observations of SGL evolution and assemble
a combined (optimised) dataset. Systematically intercompare and evaluate
availableremotely sensed observations of SGLs in the Russell Glacier region of

the GrIS. Assess variability in reported SGL characteristics (e.g. lake size and
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reported lake frequency) between selected datasets. Combine several datasets to
produce a single, robuand optimised SGL index spanning multiple years.

3. Evaluate the lake evolution model with the aid of satellite-derived
observations. Evaluate the new model described in (1.) using satellite
observations of high temporal resolution, including the coethiSGL index
described in (2.). Evaluate the model against one year of data in order to assess
the model ds ability to reproduce seasonal v
t he mo d e | against mul tiple vyears of dat a

performance at the inteainnual timescale.

4. Examine inter-annual and longerterm trends in supraglacial lake
evolution. Use the model described in (1.) to examine the relationship between
SGLs and runoff over the 202D10 period. For example, SGL onset day
high/low runoff years. Use the model described in (1.) to investigate the
response of SGLs to changes in climate over the -2970 period. For

example, the maximum elevation at which lakes are found.

1.7 Thesisstructure

The remainder of this thesisedes to fulfil the objectives presented in Sectib®. In
Chapter 2, a new-8imensional transient model of SGL evolution is described and evaluated
scientificaly. The model configuration is described and the recommendedp sist
justified. In Chapter 3, this model is evaluated operationally, against one year of
observations, densely sampled in time. This chapter also investigates the potential for this
modelto be applied inteannually. In Chapter 4, an inteomparison of SGL observations

is performed using three separate, previously published, observational datasets derived from
MODIS imagery. These data are combined to form a new, robustyime®bsev/ational

record of SGL evolution. In Chapter 5, this new observational record is used to extensively
evaluate the model presented in Chapter 2 at theantanal timescale. Also in Chapter 5,

the model and observations are used to investigateanteal and longeterm variability

of SGL evolution, including an assessment of the response of SGLs to recent changes in
climate. Finally, Chapter 6 summarises the contents of this thesis, draws conclusions from

the work described therein and makes reconaagons for further study.
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Chapter 2

The Supraglacial lake Initiation and Growth (SLInG) model

2.1Introduction

Supraglacial lakes (SGLs) are an annual feature on the Greenland ice sheet (GrIS) and
provide temporary storage for runoff (meltwater + wet precipitation) before it leaves the ice
sheet(e.g. Echelmeyer et al., 199Bundal et al., 20Q9.iang et al., 2012 SGLs areof

interest due to their role in the supraglacial hydrological netandkbecause they affect the
mass balancef the GrlS, by reducing aremveraged albedo and perturbing ice sheet
velocity when they drain rapidly through hydrofract(ibas et al., 2008oyle et al., 2018

Current scientific understanding on the evolution of SGLs is based on a number of
observational studiege.g. Das et al., 2008Sundal et al., 20Q9Selmes et al., 20})1
Modelling SGLs is desirable, in conjunction with observations, riteioto produce a
continuous time series of lake evolution. Furthermore, models can be used when/where
observation is not possible, for example, to provide information on days when cloud cover
inhibits the retrieval of satellite observations (a known thtidn of the observational
record). In particular, modelling in conjunction with observations allows insight into
drainage behaviour, which may have implications for ice sheet dynamics. Finally, the
development of an SGL modelling framework will alloar fforward projections in time.

For example, to study possible changes to SGL behaviour under future, warmer, climates.

Models of SGL evolution need to consider the life cycle of SGLs, from runoff production to
drainage or rdreezing. Previously puished models of SGL evolution disregard the
rainfall element of runoff and have focused on simulating the production of meltwater.
Meltwater production in these models is commonly calculated usirgjtuinpoint
observations of incoming and outgoing raidiatin an energy balance mod8&anwell et al.,

2012, Selmes et al., 2011uthje et al., 20060 While this is physically based,ptecludes

the use of such a model for forward prediction. These models also typically use empirical
methods to route the simulated meltwater into lafkeghje et al., 2006bClason et al.,
2012. In reality, meltwater routing is a function of hydraulic gradient, water depth and
surface type, all of which are transient properties. The primary aim of this thesis is to

develop a novel-Blimensional (D) fully transient hydrology model capable of
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dynamically routing runoff estimated using a regional climate model (RCM), allowing water
to pool in topographic depressions forming SGLs.

The remainder of this chapter describes tH 2ansient hydrology model, which simulates

Supraglacial Lake Initiation and Growth (hereafter the SLING model). The SLINnG model

uses Manningb6s equat(Manming,fl8dlandbleendé € hlhawef of | blwow
through a porous mediufChow, 1988 to route RCM simulated runoff over a digital

elevation model (DEM) of the ice sheet. If snow is present (or absent) in the cell, according

to the RCM output, Daretype flow (or Manningtype flow) is assumed. As runoff collects

in intransient depressions in the elevation model, SGLs are formed. In this thesis, the model

is applied to a region of the GrlIS in the region of Russell Glacier, which incorporates much

of that glacierés catchment. eHRCM eutpetrandp r ovi di ng
a high resolution DEM) is available, the model may be used to simulate water routing over

any freshwater ice surface. In this thesis, the MAR @#Atmosplériqgue Régional) RCM

(Lefebre et al., 2005s used to provide runofsnow depth and snow density forcing, and

the high resolution DEM oPalmer et al. (20)1is used to represent the ice sheet surface.

Section2.2 of this chapter details the model architecture and includes a full description of

the mathematical equations used to calculate the flow of water between model grid cells.

Secton 2.3 describes the data used to force the model in simulations described in this thesis.
Section2.4 explores the model setup, both generally and in the context of this application to

the Russell Glacier region and provides scientific evaluation of the model configuration (for
example the val ue o fmodelpa Beactiof.gdecussesthé limitasionsd i n t he
of the model and Sectidh6 provides a summary of the work featured in this chapter. The

majority of the work contained in this chapter has been published in the journal The

CryospherdLeeson et al., 2032

2.2Model processes

The SLING model, further described in this chapter, isdin®nsional transient hydrology

model that employs Universal Transverse Mercator (UTM) coaté@on a regulagrid of

100 m spacing. SLInG is composed of three main algorithmic elements; flow direction,
water displacement and lake accumulation. These are considered in turn and each execute in
a cellwise manner. Firstly, each cell is assigrmetlow direction based on steepest slope
downward. Secondly, the water displacement between each cell and its destination cell is
calculated. Finally, the lake accumulation algorithm identifies hydrological sink cells and

designates water contained ireth as lake/netake water as appropriate. This is repeated at
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90 second intervals until at the end of each model day, SGL distribution is retrieved. The
remainder of this section describes these algorithms in more detail.

2.2.1 Flow directionalgorithm

The first step the model takes is to assign a flow direction to each cell based on free surface

(ice + lake + water) slope. It is assumed that water can flomnessst northsouth or

diagonally Figure2.1). The algorithm works on a ceflise basis; it assigns a flow direction

to each cell, which is towards the neighbouring cell with the lolyesy free surface, with

respect to the cell under consideration (cell axhédfcell itself is the lowest lying, then it is

a 6sinko6 cell and the water it contains doe
consideration is at the border of the study
it, water is assmed to have been moved out of the study area/off the ice sheet (cell ¢).

(a) (b) (c)

10 7 8 10 7 8 10 7 |NoData
6 8 9 6 4 9 6 8 9
9 10 9 10 4 9 10 4

|

Figure 2.1: Schematic of possible flow option€Lells coloured blue are the originatin
cells, cells coloured red are the destination cellslumbers indicate arbitrary usface
heights. (a) Flow into lowest lying neighbour, (b) Sink cell, water stays in cell, (c) B
cell, water is assumed to leave the study area.

2.2.2 Waterdisplacemenglgorithm

Water displacement is also calculated on awile basis. Typically, RCMs which have
been developed to simulate the climate in the polar regions, such as MAR and RACMO
(Regional Atmospheric Climate ModdEttema et al., 20)0Qfeature a comprehensive snow
model which includes retention and refreezing. This means that SLInG is able to use RCM
estimates of runoff production directly. In order téireate the change of water volume in

any given cell, flux out of the cell is combined with the rate of runoff production within the
cell, and the resulting equation is solved to estimate the change of volume within the cell for

a given timestep. Volumeic flow rate or flux, Q, can be calcul ated usi
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flow through a porous mediu€how, 1988 where snow is present in the cellvhere the

cell is bare ice Q can be calculated usiltglanni ngés equation for open
(Manning, 189] and the relationshigQ = Av, where A is cross sectional area of the

channel, andv is velocity of flow. In both cases flux is proportional to free surface slope,

S, which is calculated by dividing the hydraulic head+d, - z, - d, by the path length

of flow, P (Figure2.2).

(a) (b)
L2 A=L*d,

L

Figure 2.2: Two cell schematic illustrating parameters used to calculate flow rdteis
free surface slope between the two cells (a and¥%, cross sectional area of flovik, is the

length of a side of the square cell a@dand d are ice/lake surface height and deptl
free water in the cell.

The mth length isL for flow between cells which share a border a@for cells with a

diagonal path. The iate of change of depthﬁ -dot notation is used to denote the time

derivative),due to fow out of the cell, can be calculatbg stating thathe volumetric flow

rateis equalto the rate of change of depthultiplied by thesurface area of the cell?
(Equation2.1).

dout= 21

There is also likely to be a change in depth due to rymoffuction within the cell. Runoff
produced within the cell through melting or precipitation is provided by an RCM in mm of
depth per day. The contribution to depth change, in thrfr@m both of these nehanisms

is therefore given in guation2.2.

d#zi@+d€wm

2 22
L2 86400

BecauseQ is proportional to surface slope, which is described as a functidwamf
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independent variableg), and d,, an additional equation is required in order to integrate

2.2 with respect to time. Eqtian 2.2 can be rewritten ford, becausedf""* = - #

the water that leaves cell (a) must arrive in cell (b).

1 ®+ d]g\/lAR

& =-=
b L2 86400

23

This gives a system of coupled differential equations that are integrated with respect to a

given timestep using a fourth order Run@itta (RK4) approximation.

It is possible that one cell receivesterfrom many contfiuting cells The new depth of
water inany given cell,n, at time, t, is calculatedising Ejuation2.4. Equation2.4 adds

the summation of water passed into the cell fromrieighbours (if any) and thenaunt
generated bythe RCM within the cell to the depth of water at timg,=0, and then
subtractghe displaced water due to flow. A condition is imposed whetke calculated
amount of displaced water is more than the sum of the depth of water in the origin cell at
time, t =0, and the water generated within the celltbg RCM only the original cell
content plufkRCM generatedunoff is dispaced.

t t
dy =dy +§ dy +f"™" - i 24
0 0

The rest of this section describes the flux equation with respect to Darcy and Manning type

flow.

2.2.2.1Dar clawdaos flow through a porous medium

As discussed, the model developed in thissis is forced using runoff simulated by an

RCM. Most RCM (e.g. MAR, RACMO) simulated runoff occurs over bare ice, however,
runoff can occur over snow when the snow pack has a high liquid water content (6% or
greaterin MAR). The model assumes Mannitype flow if simulated snow depth is less

that 20% of the runoff depth. If snow depth is greater than 20% of runoff depth, the model
calcul ates flow vel oci 25) (Chosv,il1888 IToaation344s L aw

the sensitivity of the model to this 20% switch threshold is tested.

Q:_S 25
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Here, Ais the cross sectional area of flokiqure 2.2), ris the viscosity of water, taken
here to be 1.763 10° Pa s, andkis the permeability of the snow. Permeability is
determined usin@himizu et al (1969) who experimentally derived a relationship (Equation
2.6) between permeability and specific gravity of snow,, and snow grain sizef). In this

study, snow density is simulated by the RCM arghaw grain size of 1 mm is assumed.

Section2.4.6tests the sensitivity of the model to this assumed snow grain size.

k =0.077n G 78" 26
Because,
A=d,Q, 27
and,
S:Za+dal;zb'db, 238

whereterms are as befarby substituting2.6, 2.7 and2.8 into 2.5 and2.5 into 2.1, the rate
of change of depth in cell (a) due to flow between cells (a) and (b) can be expressed as:

k
&, =S Qd- d.d, +d,(z,- 2)) 29

2.2.2.2Ma n n i eqggafionfor open channel flow

If according tathe RCM, the snow depth in the cell is less that 20% of the runoff depth, the
surface is assumed to be bare ice and Manningds
(Manning, 189):

vz%Rﬁ”S”2 2.10
Where Vv is the cross sectional average flow velocit, i s 6Manni ng6s no,
experimentally derived roughness-efficient accounting for channel frictionS is as
previously defined andR, i s t he hydraulic radi us of t he 0
approximated by depth of flow for wide, shallow channels. In this stdigkes the value

0.011; the midpoint of a range of n values (600012) ctrived experimentally for ice by

Lotter et al(193). Section2.4.5discusses the sensitivity of the model to a rangén of
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values. The flux can be calculated by multiplying velocity by cresstional area of flow
(Equation2.11).

Q=Av 211

Here, A=d, Q.. By substitutingEquation2.10 into 2.11 and 2.11 into 2.1, the rate of

change of depth in cell (a) due to flow between cells (a) and (b) can be expressed as:

&=ﬁ®5’3 Gd, - d, +2, - 2,)"2 212

2.2.3 Lake accumulation algorithm

Flux is modelled using a orimensional approximation; only the amount of outgoing water

is explicitly calculated at each tingtep. A result of this is that while water flowingt ofa

cell only has one destinationamy cells may flownto the same cell. This also means that
while the solution ensures that the cell under consideration is in hydraulic equilibrium with
respect to its destination cell, it is not necessarily in hydraulic equilibrium with respect to the
other cells that surround it. This results in no natural pooling occurring within the solution.
Since the pooling of water is a desired outcome, a lake formation algorithm forms the final
stage of the model. At the end of each time step, after the ftow €ach cell has been
calculated, an iterative accumulation algorithm brings water together into lakes. In a similar
manner to the flow direction algorithm, each cell is considered in turn and assigned
sink/nonsink status based on the free surface hesflits nearest neighbours. If a cell is
found to be a sink, water sufficient to fill the cell to the height of its lowest lying nearest
neighbour, is designated lake water and incorporated into the DEM of the fixed surface. The
algorithm loops round thcells repeatedly until all sinks are filled, both original sinks and
new sinks resulting from the filling of the old sinks. Once all possible lake water (runoff
which 6fillsé a depr es s i-stepisadhaaced ahdetre proggamc u mu |

begins again.

2.2.4 Drainage refreezing and end of life processes

At this time,the SLINnG model simulates only lake growth, and does not incorporate end of
life processes. This includes refreezing and processes leading to lake drainage, which is
known to be an aspect of the seasonal cycle of some (akgdMcMillan et al., 2007

Georgiou et al., 20Q%Bundal et al., 20Q%elmes et al., 20)1 In consequence, whithe
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SLInG model provides information about the location, onset, and cumulative area of SGLs,
it cannot fully simulate the evolution of lakes. The conditions irequto promote rapid
drainage are not well understo@@dason et al., 20)2nor is the percentage of lakes which

do drain well quantifieqSelmes et al., 201Johansson et al., 2013Therefore at present

given this large uncertaintyt is inappropriate to include drage in theSLING model

either explicitly or as a parameterisation. Lakes refreeze from the top down; an ice lid forms
on top of the lake and this grows downwards. Lid growth rate can be determined as a
function of the lake surface temperature, which lwamrcalculated from a surface heat budget
using meteorological parameters from MAR. However, since it is not known which lakes
refreeze and which lakes drain, it is also inappate to includerefreezingin the SLING

model at this time.

2.3Model domain and forcing data

In this thesis, the SLInG model is applied t6,253km? region of western Greenland where
SGLs are abundarfiBundal et al., 20Q%ndfor which fine spatial resolution elevation data

are availablg¢Palmer et al., 2031 Thisincorporates much of the area of Ressell Glacier
catchment(Figure 2.3). In this region, the ice sheet elevation ranges fid®0to 1752
metres above sea level (m a.s.IThis entire region experiences temperatures above freezing
during the ablation seasdeading to abundant melting and runoff. Thedel domairuses

the UTM projection system and is represented on a grid of square cells of length th@0 m
finest resolution of the DEM. Prior to being input to the model, forcing datapisojected,
wherenecessary, into the UTM and-sampled to the model grid. In the remainder of this
sectionthese data are described and any potential sources of error, which may affect model

performance, are discussed.

2.3.1 InSAR digital elevation model

The DEM used by SInG is derived from interferometric synthetic aperture radar (INSAR)
data acquired by the European Remote Sensing satellites ifA&8later et al., 2091 The

DEM uses the UTM projection system and is posted at a grid resolution of 100 m. InSAR
DEMs are derived using differential interferometry, a technique which is able to reproduce
relative surface elevation using the difference between two pairsdaf maages, which

have been superimposed in order to be able to resolve phase information about the returned
radar data(e.g. Mather, 2004 Kwok and Fahnestock, 1996 This information is then

translated to the earthés surface wusing a
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indepemlent estimates of surface elevation have been made by e.g. GPS or altimetry
measurements. Potential sources of uncertainty in an INSAR DEM include the distance in
space between each pair of images (baseline length), how well each image pair agrees on the
returned radar signal (coherence), accuracy and number of, @@dPpenetration of the

radar signal below the surfade.g. Zebker et al., 1994Massom and Lubin, 2006

Examplesof these uncertainties with respect to the DEM in this study are given here.

Based on a comparison with airborne laser altimeter data, it has been estimated that DEMs
formed from repeat pass INSAR data achieve a relative accuracy of between 2.50and 1

m, depending upon the length of the perpendicular baseline of the INSARdlaghin et

al., 1996. In the present examplthe DEM was formed with a perpendicular baseline of

120 m, and the associated relative accuracy is estimated to be 10.0 m. Radar elevation
measurements correspond to horizons at depth relative to the ice sheet surface, due to
penetration of the microwaw&gnal into the snowpack. -Band radar, such as that used to
derive the DEM in this study, can penetrate as deep as 35 m in Gre@hdemdand Zebker,

2000, but has a typical penetration depth e8 @n in the ablation zone and ~10 m et
accumulation zone. A study of INSAR derived topography has demonstrated that this
horizon follows that of the ice sheet surfagiRignot et al., 20001 This is because
topogaphy is strongly correlated with basal conditions that are transmitted through the ice
(Gudmundsson, 2003

The DEM has been smoothed to reduce noise due to, fompéxaimcoherent pixels in the
interferogram, using boxcar averaging across a moving 5 pixel (500 m) window. While this
process increases the sigt@hoise ratio, it may also result in a reduction in amplitude and

an increase in bandwidth. As a resdipressions in the DEM in which lakes may form,
may be artificially wide and shallow with respect to the actual ice sheet surface. However,
given that the smoothing window (500 m) is on a much smaller spatial scale than the mean
ice sheet gradient (~4 mepl km), the smoothing press is unlikely to affect largecale
topographigradients, and as a corollary, water routitynrealisticallylargegradients exist

in the DEM at the data coverage margin, which arise as an artefact of smoothing. The
impact of thee gradients on the model is minimised by removing all cells that exhibit
gradients that differ by more than one standard deviation from the local mean. This removes

a margin of 13 cells around the ice edge only.

The DEM was evaluated using 1689 poiofsknown elevation from ICESat altimetry
measurements (Palmer, pers. comm.). These data were also used to provide an overall

uncertainty estimate. DEM heights were found to correlate very strongly with ICESat
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elevation measurements (r=0.99), and a roeamsquare deviation (RMSD) of 19.6 m was
calculated between DEM surface heights and observed values. SGLs form in depressions
that are lower lying with respect to the surrounding surface; consequently, uncentaigy

DEM applesto the lakeas well ago the surrounding iceln this thesis, it is assumed that
topographic depressions in which lakes could potentially formrem@lved with respect to

the local topography of the ice sheet.

50‘: w 45‘: w
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Figure 2.3: Map indicatingstudy area considered in this chaptdflevation contoursat 50(
m intervals from 500 m a.sfaken fromBamber et al. (2001 also shown is thMAFR
simulated total runoff for 2008blue -white areas represent zero runoff)cathe DEM use
in this studybounded irblack).

2.3.2 MAR simulateddaily runoff, snow depth and snow density

SLING uses estimates of surface runpfénow depth and snow denstiigrived from the
MAR RCM, run at 25km resolutionover GreenlandFettweis, 200/Fettweis et al., 2091

MAR is a dynamic downscaling RCM, which takes a limited geographical area at fine
spatialand temporal resolutio@nd embeds it in a globgkeneral circulation modgiGCM)

on a coarse grid/timescalétmospheric conditions such as temperature and pressure at the
boundary 6 the RCM are prescribed every smodel hours by the GCM, and addiia

physics is employed to downscale these data to a finer spatial and temporal resolution.
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MAR is forced atthe boundaries by thd&uropean Centre for MediuRange Weather
Forecast (ECMWFERA-Interim reanalysis The runoff product provided by the MAR
model has been calculated using a snow and ice model, which accounts for retention,

percolation and refreezing of melater(Lefebre et al., 2003

At the scale of the whole ice sheet, the uncertainty in surface mass balance (SMB;
precipitationrunoff) values simulatedy MAR has been estimated to be ~1(Béttweis et

al., 2013. Locally, this uncertainty could be higher, however MAR simulated SMB in this
particular region of the Gri% known to compare very well with observatiof\&ernon et

al., 2013 Tedesco and Fettweis, 2012In fact, when compared to field estimatesken

along the Ktransect (located in this region), MAR is found to reproduce annual mass growth
to within 24% of observed valué¥ernon et al., 2003 In the same study, the RACMO,
Fifth-generation Polar Mesoscale ModeMM5, Box et al., 2000and ECMWFdownscale
(Hanna et al., 2002nodels were found to perform less well, reproducing annual SMB rates
to within 38%, 29% an®5% respectively. In a similar study, MAR is also shown te out
perform two additional RCMs; the HadRM3P (a regional model based on the Hadley Centre
Coupled Model version 3, HadCM3) and HIRHAM5 (a coupled version of the High
Resolution Limited Area ModeHIRLAM and the ECHAMS5 global model), in terms of
reproducing observed SMBRae et al., 2002 Although runoff from MAR has not been
explicitly validated due taa paucity of observationst is known that runoff estimates
contribute the greatest amount of uncertainty to MAR simulated SMB values, because of the
use of a constant bare ice albed MAR (Fettweis et al., 20)1 Therefore it is reasonable

to propose an upper limibv the uncertainty iMAR simulatedrunoff of 10%. Fettweis et al.
(2013 have shown that the daily melt emtesimulated by MAR compares well with that
derived from satellite data over the period 127099.

Although MAR, when run at 25 km resolution, has been shown to reproduce SMB
successfully in general, it is less certain that MAR is able to resolveeie SMB gradient

close to the ice sheet margin. Franco et al (2012) perform simulations using MAR at a range
of resolutions and find, by comparison with observations taken along-trengect, that a

25 km resolution simulation is not fine enough to hes&MB very close to the ice margin.
Because of thisthere is less confidence in runoff estimates for the region of the ice sheet
situated below 1100 m a.s.l. (25 km and 1 grid cell away from the margin). Above this
level, surface gradients are shallow; theamevesteast elevation gradient between 1100 and
1700 m a.s.l. in the study area is ~0.4%. Fausto(208P calculated a lapse rate @.8C

(+/- 2.5) per 1 km in altitde over the GrIS. This suggests that along a 25 km transect of the
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GrIS, between 1100 and 1700 m a.s.l., temperature range due to changing elevation is just
0.68. And so, a 25 km grid box is able to adequately resolve temperature, which gives
confidene in the resolution of other SMB componenfs mean bias 0f4% (-30 m) exists
between the DEM and MAR topography, above 1100 m .a#olwever DEM and MAR
topography are very strongly correlated (r=0.93) and have similar meaagtstlevation
gradiens, 0.31% and 0.37% respectively. Applying the lapse rateanisto et al. (2009

over the longest eastest transect (77.7 km), the combined effecthe mean bias and
elevation gradient would result in a temperature difference of©,d%etween MAR and

DEM surfaces, at the most easterly end of the transect. Because this difference is small, and
melting is correlated with temperatuf@eeh, 199) it is reasonable to use MAR data
represent runoff production over the DEM surface. The MAR data-fsojected and

oversampled to the model domain before being supplied to the surface for routing.

2.4 Model configuration and source of parameters

The current model setup benefits fromextensive period of development and testing. This
section justifies the choice of the current configuration, including the parameters used within
the model. Details are provided specifically regarding the temporal resolution of the model,
the sensitiviy of the model to forcing (runoff and digital elevation) data, and the method by
which flow is assigned to be Darcy/Manning type flow. Parameters which may take a range
of wvalues, such as snow density, snow grain si z
equations. Therefore, here, the values used for these parameters are justified, and the
sensitivity of the model output to chosen values is investigated. Observations of SGL
evolution in 2003 are used to justify the model configuration where appeprigihese
observations consist of a time series of daily SGL distributions, derived from Moderate
Resolution Imaging Spectroradiometer (MODIS) imagery and were described further in
Chapter 1(Sundal et al., 2009 All model simulations in the remainder of this chapter have

been performed for 2003.

2.4.1 Runoff (forcing) data

Runoff is generated in each model cell at a constant rate, calculated udjngatizes
supplied by MAR. In reality, runoff production exhibits a diurnal cyélggre2.4). The
model dependency on this constant rate of run@f$ tested by running the model twice
using a onédour timestep. The first simulation was forced by hourly MAR runoff rates,

and the second simulation was forced by a constant daily rate of runoff calculated from the
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hourly MAR output integrated overladay period. On average, the-Bdur sum of hourly
output is 6% smaller than the daily output, this is likely due to missingdieps (of 120 s

each) in the hourly output and can be considered a programming error (Fettweis, pers.
comm.). This is withi the 10% uncertainty range in MAR generatadoff estimates
proposed by-ettweis et al. (2093
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Figure 2.4: Hourly runoffintegrated ovethe study area.Hourly runoffsimulated by MAF
(black), 24 hourlow pass filter through these dafged), hourly runoff calculated from dail
MAR output, assumed to be generated at a constant rate throughout tfidugdy

Less than 1% difference was found between simulationg tsiarly- and daily data in all
metrics applied. This suggests that in the experiments described in this thesis, the
accumulation and routing of meltwater over the surface is not perturbed by small changes in
runoff amount, and, that this process dampautsthe diurnal signal of runoff production,

with respect to the growth of supgtacial lakes. Consequently, in the SLING model, they
exhibit no diurnal variability in their evolution. This is of course, limited to this model and

may not be the caserftakes that drain.

Because MAR estimated runoff data have not been independently evaluated, simulations
were performed with fixed fractions of runoff amount, including a doubling of runoff, and
then compared to the observationsSiindal et al. (2009 The MAR model can, for
example, overestimate the quantity of runoff by up to ~ 1@Fétiweis efal., 2013 due to

the use of a constant bare ice albedo (~0.45) for the entire bare ice area of tfieBrids

et al.,, 2011 Simulations were performed, in which the runoff et by MAR was
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scaled by the following factors, 2.0, 1.5, 1.0, 0.75, 0.5 and 0T2te location of SGLs
shows little dependence on the amount of runoff supplied to the ice sheet surface, when that
amount is between half and double that predicted by M3¥66% of simulated lakes are
co-locatedwith observations for scaling factors of 2® the MAR simulated runoffThese
sensitivity tests indicate that lakes would still form in the spatial patterns observed under a

wide range of runoff scenarios, allimg for relative uncertainty in the forcing data

Maximum simulated lake area is the metric upon which modifying the runoff amount has the
most significant impactHigure 25); in these simulations maximum lake area is directly
correlated with runoff quantity (r=0.96). Thésiggests that in high runoff years, SGLs may
be expected to grow larger. This is in agreement with the findinGudal et al. (2009

who find a positive correlation between runoff amount and maximum SGL area in their
observational study of SGevolution. In addition,dke onset is initiated sooner with an
increase in runoff amount occurring approximately on days 153, 154, 155, 157, 159 and 160
when the runoff is scaled by 2.0, 1.5, 1.0, 0.75, 0.5 and 0.25, respeciityis in
agreement wit the findings ofJohansson et al. (20L3vho find that lake growth is
consistently initiated after 4Q+/-18.5 positive degree days. In high runoff years, this
threshold would most likely be reached earlier.
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Figure 25: Sensitivity of modelled lake coveredrea with respect to runoff amou
Presented here are lake area profiles simuldigbLING, whemising the full runoff amou
andrunoff scakd byfactorsof 2, 1.5, 0.75, 0.5, and 0.2. Also shown isdlmulative lak
area profile derived from observations 8fuindal et al. (2009black dasheq.

48



Chapter 2 The SLING model

2.4.2 Spatial resolution of digital elevation model

In order to testhe sensitivityof the model to DEM resolution, simulations are performed
using SLInG and four DEMs with a range of spatial resolution. ddrsparison studyses

a grid of square cells of length 100 m (standard resolution), 300 m, 500 m and 1000 m. In
these experiments, the resolution of the DEM is redbgetktighbourhood averaging

49° W 48° W 49° W 48° W
(a)
. H68° N
670 N H67° N
68° N- 68" N
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Figure 26: Distribution of SLING simulated lakes (blue) for the year 2003 modelled
resolution of (&) 100 m, (b) 300 m, (c) 500amd (d) 1000 m. Also shown are lake
observedin Sundal et al. (2009(red), and the area coincident in both modelled a
observe lake distribution (purple).
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SLInG, when using &EM posted at 300 nperforms reasonably well when compared to
observationgFigure 26). SLING co-locaes54% of observed lakes, just 28 less lakes than

are resolved using a posting of 100 Talfle 21). Simulated maximum lake covered area is
0O4knfgreater than that using the DEM posted at
This suggests that the neighbourhood averaging method smooths out some of the smaller
depressins inthe DEM and that the depressions that remain are artificially large, with
respect to the original DEM. A posting of 500 m results in a significant reduction in model
skill, co-locating just one third as many lakesSidnG simulations performed ug a DEM

of the standard resolution of 100 m. It is interesting to note that although the 1000 m
resolution DEM reproduces much fewer lakes than the finer resolution models, it does
successfully simulate 43 (18%) of them. It is likely that all 43 lakeislware successfully
simulated at 1000 m resolution exhibit drainage behaviour; a lake of this size is certain to
hold enough water volume to enable hydrofract(ileawczynski et al., 2009 The
correlation between simulated and observed lake onset day is high using a DEM at all four
resolutions (> 0.79). Howeverit is important to remember that this figure is based only on
those lakes thatire successfully locatedhe number of which deices as the DEM
resolution becomes coarser. These results suggest that reasonable results may be obtained
usingSLInG witha DEM posted at 300 m, which may be useful if SLING is applied to large

areas.

Table 21: Impact of DEM resolution on model skill.For the four metrics reportedynly
lakes larger than 0.125 Krare considered

DEM Posting (m)

100 300 500 1000
Maximum lake covered area (% total) 4.5 4.9 2.8 0.9
Observed lakes also modellgadumber) 159 131 82 43
Observed lakes also modelled (%) 66 54 34 18
Correlation between simulated and

0.83 0.79 0.79 0.87
observed onset dates.

2.4.3 Temporal resolution of model

Free surface gradients are found to be large between some cellsiagdhe SLING model,
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the maximum travel distance of the water is limited to one cell at eachstiape This
imposes the requirement affine timestep n orderto represent the full flow patbf the
water; with a coarse timgtep, the flow is artificially retardedHowever, conputational

expediency prevents the operation of the model at very fine, e.g. 1 second, resolution.

order to test th dependence of the model on choice of t#tep, a simulation was
performedfor one day, day 196 (in the middle of the melt seasoimgustimestep of 60,
90, 120, 180, 210 and 600 seconds.heTproportion of cells wherall the water was
displaced in each simulatiomas noted Figure 2.7). Incompete flow occurs in a greater
proportion of cells when the tinstep is increased. The use of a 600 second-giepe
meant incomplete flow was observed in over 20% of cellich is unacceptable. Using
0.5% incomplete flow aan acceptable level of adaey, 90 secondsvas choseras the
standard timestep. The usef an RK4 approximation to integrate tHow rate equation,

over an implicit solution, magsocontribute to tk development of incomplete flow

Maximum lake covered area (% of total)
(sl199 10 o) moj) @1e|dwoou)

0
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Timestep (seconds)

Figure 2.7: Maximum simulatedbke covered area, as gercentage of the total area, w
respect to timestep in seconds (black) The proportion ofmodel gridcells exhibiting
incomplete flowwith respect to timestep in secorfa).

Simulations were performdar a full year with th@éime-steprange indicated above in order
to investigate the impact of the choice of tistep on the realisation of the flow path of the

water (and consequéysimulatedmaximum lake area, onset date and locatidrje model

outpu was foundto be generally insensitive to temporal resolution when locating and

initiating lakes, with less than 5% difference between maximum (60 seconds) and minimum

(600 seconds) values. All simulatioreported the same number, and distribution akés
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and lake onset day showed no significant variation between simulatidie most
significant impact of a coarséme-step is on the maximum cumulative aradgimestep of
600 seconds was found to have a maximum cumulative area 16% less thantieaedi
using a 60 second tirrsep Figure 2.7). Using a timestep in the 6120 second range
made no significant difference to any of the metnantioned herandjustifies thechoice
of 90 seconds as the standard tistep.

2.4.4 Switch béween Manning and Darcy type flow

There are two principal methods by which runoff flows across the ice sheet surface via the
supraglacial hydrological network, 1.) water flows through the snow pack, downhill from the
point of production, by overland flow2.) the ice sheet is incised with both transient and
perennial meltwater channels, which evolve according to the distribution of hydraulic
potential in the systen{Knighton, 1981 Lampkin, 201). These channels are not
represented explicitly in the SLING model, since they are aggdiscale feature. Overland

fl ow is parameterised in the model through the
medi um and channelised flow is parameterised th
open channel flow. The model switches between Mapmand Darcytype flow, in order to
calculate flux out of a given cell, based on the presence or absence of snow in that cell. This
process is relatively simple for those cells where there is either no snow or snow depth is
greater than runoff depth, wre it is clear which type of flow applies. However, it is
possible that snow is present in the cell but the runoff depth is greater than the depth of
snow. Under these conditions in the real world, either a mixedtfipe/regime occurs or

the snow inhe cell is removed by the passage of wéBamwell et al., 2012 In order to
investigate model dependence on this, simulations were pedorming SLING where
Manningtype flow was assumed unless the snow depth exceeded a fixed fraction of the
runoff depth. If the snow depth exceeded this fraction, Doy flow was assumed and

flux out of the cell calculated accordingly. Simulations evperformed with fractions of

0.2, 0.4, 0.6, 0.8 and 1 and for Mannitiyge flow only. Seasonal evolution of SGLs for
each of these simulations was compared to observgtamslal et al., 20Q0%nd an optimal

fraction chosen accordingly.

Using Manningtype flowonly, lakes greater than 0.1RE? begin to appear 29 days earlier
in the melt seasofday 126) than when usirgpth Manning and Darcytype flow (hereafter
combinationflow) (day 155. The observationfor 2003 of Sundal et al. (2008jst show
signs of lakes on day 151. It is immediately apparent fragare 2.8 that the two flow
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regimes promote radically different maximum lake areas; Marmiog flow overestimates
the maximum lake area by 368adcombination flow overestimates maximum lake area by
just 1.4% for a switchfraction of 0.2. The Mnning only regime outperforms the
combination regime in simulating lake filling rat@he rootmeansquare deviatiobetween
simulated and observed daily lake area during the filling period is found 82D&m?

when Manningtype flow is assumed arB.45km? whencombination flowis assumed

From Figure 2.8 it can be seen that the model is sensitive to the threshold applied for the
Manning/Darcy switch. As the threshold proportion of snow depth to runoff increases, total
lake area shows a corresponding increase. If more water is allowed to follow MeypEng

flow, lakes grow larger. With a switch of 0.2, i.e. Datgge flow is imposd if snow depth

is greater than 20% of the runoff depth, maximum lake coverage is 4.32% of the study area.
With a switch of 1.0, i.e. Daretype flow is imposed if snow depth is greater than 100% of
runoff depth, maximum lake coverage is 4.83% of theyst@a. In order to reproduce
observed maximum cumulative lake arf&undal et al., 2009 a switch value of 0.2 is
required. Since combinatidlow with a switch value of 0.2 gives the most accurate results,
simulating both onset day and maximum lake area in close agreement with the observations,

this value is adopted as the standard threshold for the model.
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applied once the snow depth (sdep) exceeds a given percentage of rundffgoshown is
observed cumulative lake area for 20@&ndal et al., 200%nd simulated daily lake are
using Manningtype flow only.
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245 Manningds 6nbod

In this thesi s, an experimentally derived value
found to be in the range 0.000012(Lotter, 1932. Model sensitivity is tested with respect

to Manningds 6én6é wadnple ardertohnagnitudeahld end 8.00d1. + /

Within the range of values proposed by Lott£932), there is little variation in simulated

SGL behaviour.l f Manningés O6nd is increased or decreas:
evolution shows a significant departure from the results obtained using the experimental

range proposed by Lotter (1932), particularly with regards to maximum lake&Fagese

29). When Manningb6s 6né is higher |l akes grow | ar
associated with very rough surface conditions; for example river flow over vesg themsh

or through trees, c o0 n appliesstaea syrface emodtheréevex thdnue of 0.
polished bras¢Chow, 1988. It is clear that flow over bare ice exhibits neither of these

roughness characteristics athéc hoi ce of 0. 011 as the value of Ma
is reasonably justified
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Figure 2.9: Lake area profilessimulated using SLInGor a r ange of «
Also showr(dashed)s theobserveccumulative lake areime seriegfSundal et al., 200).
2.4.6 Snow density and snow grain size

In this study, snow density is used together with snow grain size in order to estimate snow
pack permeability based @&86) (S8imizumio9ehu &wow equat i on

density is an output of MAR and is calculated by a Maiterad thermodynamic snovce
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model (Lefebre et al., 2003which uses the snow metamorphism and albedo laws of the

CEN (Centre doOoEtudes de [(Bandial.jl99)Snosvigraiv mo d e |
size is an internal parameter in MAR and is imposed following the air temperature when
snowfall occurs. Snow grain size is also allowed to evolve according to the conditibas i

snowpack (i.e. melting, refreezing) again using CROCUS snow metamorphism (Brun et al.,
1992). However, the grain size is only defined in MAR for-dendritic (i.e. not freshly

fallen) snow layers. The sneise model has been extensively validatedETH Camp in

west Greenland, situated ~252 km further north than the centre of the study area described in

this thesig(Lefebre et al., 2003 However, this validation was performed with a focus on

surface albedo, being of particular interest in climate simulatadher than specific snow

parameters.

Snow density across the region considered in this study ranges from ~74tkg~847 kg

m* in the MAR output Figure 2.10). There is a clear seasonal cycle in snow density;
densification begins at the start of the melt season and continues throughout the
spring/summer. Towards the end of the melt season,aimpacted snow and firn either
melts away or turns into ice, and fresh snowfall once more decreases the snow density. In
the MAR output Figure 2.10), very high snowdensities are seen across the region, both
above and below the equilibrium line, during the height of the melt season. These densities
indicate very compact fir(Paterson, 1994 There are few observations of snow density in

the ablation zone with which to make a comparison, howeerden Broeke et al. (2008

have recastructed the maximum snow density value in the ablation zone to be 508 kg m
by assuming that an energy balance model is correct and applying this to observations of
snow depth. This suggests that a snow density of 947 Rrmay be an overestimate. In
order to investigate the impact that this may have on model results, a sensitivity analysis

with respect to snow density was performed using SLInG.

The model was run with density as suggested by MAR, a fixed snow density of 500 kg m
throughout and figd fractions of 0.5, 0.7 and 0.9 the MAR simulated snow density. No
significant difference was found in simulated lake evolution using any of these values,
indicating that the model is insensitive to snow density. The mean snow depth for cells with
densty greater than 500 is 0.02 m. This suggests that these densities occur in a very small
layer of densified snow and thus their impact on model results is negligible. Maximum
snow depth in the data obtained from MAR, is simulated to be 1.31 m in 200& whi
corresponds to a simulated snow density of 282 Rg Since this value is simulated at the

end of the melt season, it can be assumed that this is fresh snow, as such, the MAR
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simulated density value is in good agreement with observed density valineshty fallen
snow (~300 km ) (e.g.Lefebre et al., 200%reuell and Konzelmann, 1994

-
o
o

lllllllllllllllllll

o)

S
o
2

N A O
o O O

Cells with snow cover (%)

o

150 200 250 300
day

3
gm’)
® o

o
© o

600
400
200

Snow density (k

150 200 250 300
day

Figure 2.10: Show pack variation throughout the melt seasaay&110 to 300) for the stuc
region as simulated by MAR in 2003[op: Snow cover in the study areaot®m: Mean
snowdensity (black), the shaded area shows the variability with the maximum snow ¢
highlighted in red and the minimum in blue.

Typically, snow grain size takes a value in the range 0.2 to 1.0 mm, dependent on conditions
in the snowpack (e.g. meltingefreezing)(Lyapustin et al., 20Q9Shimizu, 1969 The

SLInG model uses a value of 1.0 mm for snow grain size. In order to test the serditivity
simulated SGL evolution to this grain size, model runs were performed for one year, 2003,
with snow grain values of 0.2, 0.4, 0.6, 0.8, 1.2 and 1.4 mm. No significant difference was
found in simulated lake evolution using any of these values, indjcttat the model is also

insensitive to snow grain size.

2.5Limitations of the model

A new 2dimensional transient hydrology model has been developed in order to simulate the
initiation and growth of SGLs on the GrIS. This model uses hydrological equations to route
runoff, calculated by a complex snow/melt model within an RCM, acrosgharésolution

DEM of the ice sheet surface. While this model is sophisticated with respect to previously

published models of SGL evolution, assumptions are made which may impose limitations on

56



Chapter 2 The SLING model

the use of the model. These limitations are outlined heeg, ithplications discussed in
further detail and suggestions for future development to address them introduced.

2.5.1 Pre-existing surfaceenglacial conduits

The SLINnG model does not include, or parameterise forsgsdbscale features of the
supraglacial hydiogical network. This includes crevasses and moulins, which are common
features on the GrlS, particularly near the margin. Crevasses, moulins and cthestprg
surfaceenglacial conduits hinder the formation of lakes by draining runoff from ttiacsur
before it is allowed to accumulate sufficiently to pool into topographic depressions.
Crevasses are abundant at low elevations where ice sheet velocity is high, relative to the
interior, resulting in tensile stress reginm@&smpkin, 201). Moulins are more commonly
found at lower elevations also, with a peak density between 200 and 700 (Phikips et

al., 201). SGLs are principally of interest due to their potential to affect ice dynamics
through hydrofracture and drainage. This is most significant in regions wheegigtiag
surfacebed conduits are rare, such as high elevations. Restricting the applicability of the
SLInG model to regions where crevassing and moulins are rare has little impact on the

ability of the model to address this area of interest.

2.5.2 Temporal variations in topgraphy

A fixed DEM forms the surface of the GrIS in the SLING model. Although an INSAR DEM

is typically derived from observations made over a single winter, SLING assumes that a
single high resolution DEM is sufficient to represent the surface of thehést in any year.

This assumption is made on the basis that surface topography is largely controlled by the
transmission of basal conditions through the {t@mpkin and VanderBerg, 2011
Gudmundsson, 200&nd so intelannual variability of surface topography is not significant.

It has been observed that rgasupraglacial lakes are intransient features (Echelmeyer et al,
1991, Selmes et al 2011) which supports this assumption. However, this observation is
based on years of data, and it is unlikely that the hypsometry of the ice sheet would be
sensitive to kmate forcing at this timescale. This uncertainty would need to be
reconsidered if the model were to be used to make forward projections for, for example, tens

of years.

2.5.3 Initial condition

SLInG assumes that the i cemelthbeasen;ieitlsatlated mpt y 6
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depressions in the surface contain no water. It is known from observations that lakes that
have not drained, freeze over at the end of the melt season (Sundal et al. 2009; Selmes et al.
2011). If lakes do not freeze complgtel t hen t her e must be an ice 61
An INSAR DEM of an ice sheet surface represents a scattering horizon at depth rather than
the true surface. Rignot et @001 showed that for ice, the radar penetration can be as
shallow as 0 m (typically 1 m (2 m)). For firn, this depth was found to be closer to 10 m,
however much of the DEM (95%) lies below the permanent snowline (~1600 mira.s.!
MAR). If the ice lid is thick (33 m), the surface of the lake and the surrounding ice in the
DEM will be slightly below their absolute value, but the gradient between them will be the
same. If the ice lid is thin, the radar is reflected at thdakd/boundary; radar cannot
penetrate water, and the gradient between lake/surrounding ice will be artificially shallow by

upto3 m.

It is clear therefore, that a DEM derived from INSAR data collected in a single winter will
include existing suprglacial lakes, although their surface elevation may 43eni below the
absolute value. In order to ascertain which of the sinks in the DEM contain frozen lakes,
observations of lakes from the preceding melt season are needed, including a record of
which lakesdrained and which rroze. Observational datasets of sufficient temporal
resolution to verify this information are obtained from MODIS imagery (which is only
available from 2001). As such, this uncertainty is unable to be quantified for DEMs derived
from data collected before this period. This uncertainty could be minimised by the use of a
DEM that has been derived by stacking elevation data from multiple years, e.g. the
Advanced Spaceborne Thermal Emissions and Reflection Radiometer (ASTER) global
Digital Elevation Model (GDEM). However, the ASTER GDEM is unsuitable for use in
studies of the GrIS due to large uncertainties in reported elevation for perennially ice

covered area@vieyer et al.2011).

2.5.4 Channelised vs. overland flow

The model uses a parameterisation for channelised and overland flow whereby, if snow
depth in the cell exceeds 20% of the runoff dep
flow through a porous mediumasogped t o Manningdés equation for c
Section2.4.4discussed this approach in more detail and tested the model sensitivity to this
threshold value. It was determined that, while a reasonable degree of agreement with
observations of SGL evolution is achieved using this method, none of the threshold values

nor Manningtype flow only, is able to capture lake filling rate exactly. This suggests that
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there are processes not accounted for in this method. One of these processes could be the

removal of snow; in reality, the passage of water in supraglaciahelsawould displace

any snow therein. Using the method outlined in seci@y.] snow remains in the cell

until no longer present in the MAR simulation. Sirstgraglacial channels are a sy

scale feature, they cannot be modelled realistically; however, it would be possible to create a
pseudechannelised system within the model. This could be calculated as a network of cells,
following the lowest contoursf hydraulic potential. These cells would be assigned as
6channel cell sd and all snow in these <cel
course of the dayb6és water routing. Thi s
however and it is unelr how much, if any, of this uncertainty this process would remove.

It is recommended that any such development be deferred to a future time and the current

model setup be retained.

2.5.5 Enhanced melting at the lake/bed interface

The SLING model does not @unt for enhanced melting at the lake/ice interfacehis

time. This is beause tle contribution of enhanced melting to water volume held in lakes is
found to be roughly an order of magnitude less than the contribution of hydrological routing
to lake vater volume. The water depth in SLInG simulated lakes (with no enhanced
melting) grows on average at a mean rate of 0.2fy1, and SGLs have been observed to
contribute an additional 0.03 day" of water volume through enhanced ablation at the lake
bottom (Tedesco et al., 20)2 The absence of this process suggests that lake volume may be
underestimated slightly by SLInG, padilarly since the bathymetry of the lake is not

allowed to evolve in response to this enhanced ablation.

2.5.6 End of life processes not included in the model

The SLING model simulates only lake growth, and at present does not oretepend of life
processedncluding refreezing and processes leading to rapid lake drain&gece neither

the patterns of, nor processes contributing to, rapid lake drainage are well understood, it is
inappropriate to include end of life processes in the SLING model at this tisea
consequence, SLING may only be used in time slice mode; the boundary condition of an
empty DEM is reenforced at the start of every melt season and residual lake volume is not
carried over into the next. At this time, the SLInt@delmay be used tobtain valuable
information about the location, onset, and cumulative area of 8Gasy given year, but

not the timing of or mode of demis&ince these processes are essential in order to
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reproduce the full seasonal cycle of lake evolution, the nmmgght to be adapted to include
end of life processes once this behaviour is better understood.

2.6 Summary

In this chapter, a novel-R transient hydrology model (SLINnG) which initiates and grows

SGLs on the GrIS has been described. The model architectisistsaf three algorithms,

flow direction, water displacement and lake accumulation. The model calculates flow

direction on a cellise basis based on the path of steepest descent. Water displacement is

calcul ated either usinlg dDapoydss!| amedif om o4 oMan
equation for open channel flow. Water is accumulated into lakes by allocating water that

has been transported to topographic sinks to become fixed and unable to flow. The model

operates with a 90 second tisiep and prodws daily maps of SGL distribution.

The model setup has been justified and model output has been tested for sensitivity to model
configuration. The optimal temporal resolution of the model has been found to be 90

seconds in a tradeff between accuracynad computational expediency. The model is forced

by runoff generated at a constant rate throughout the day; in actuality runoff quantity

exhibits diurnal variation. The impact of this on simulated SGLs was tested and the

accumulation and routing of melater was found to dampen this signal; the evolution of

SGLs does not exhibit diurnal variability in the SLING mod&he model is found to be

sensitive to runoff amount, which suggests that it can be used to simulate the response of

SGLs to changes in dliate. The model is also found to be sensitive to DEM resolution and

it is recommended that SLING be operated at as fine a resolution as the DEM will allow.

However, reasonable results may be obtained up to DEM postings of 300 m, which may

prove useful ifsimulations are performed over a large ar@de model was found to be

sensitive to a parameterisation of overland and channelised flow. Testing against
observations of SGL evolution suggests that when snow depth is equal to or greater than

20% runoffee pt h, fl ow should be assumed to be overl an
| aw. Ot her wi s e, fl ow should be assumed to be c
equation. The model was found to be insensiti
resonabl e range derived experimentally for ice.
within the model. The model was also found to be insensitive to values of snow density and

snow grain size. MAR produced snow density and a constant snow grain sirgmofvere

chosen for use within the model.
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SLInG is the most physically based SGL evolution model to date. However, limitations
have been identified. First, due to a relative abundance of moulins and crevasses, for
simulations based on the GrlS, thedabmay not be applied at low elevations. This has
little impact on the usefulness of the model since the impact of SGLs on ice dynamics is
likely to be most significant at high elevations. Second, a fixed DEM is used to represent
the ice surface in thmodel in all years of interest. This is valid due to the intransient nature
of surface topography in general and the depressions in which lakes form in particular.
However, assuming that the DEM is empty of lakes is also source of uncertainty in the
modd output. The magnitude of this uncertainty is difficult to quantify, given the lack of
contemporaneous observations. Third, lake filling rate is underestimated by the model, this
is attributed to the lack of explicit representation of the removal ofvdmp meltwater
channels. Finally, the model at present does not include end of life processes including re
freezing and drainage. At this time, insufficient knowledge exists regarding the mechanisms
and patterns of drainage for these end of life prosdsskee included in SLInG in any robust

way.

The SLING model, the first-B fully transient hydrological model, is a useful research tool
and, as it is physically based, allows the processes that control the evolution of SGLs to be
studied. The frameworlof SLInG allows for a continuous temporal record of SGL
evolution over many years to be obtained, where/when observations are unavailable. The
model is forced by runoff produced by an RCM with a comprehensive ice and snow model,
giving a high degree ofonfidence in runoff quantities. In addition, by optimising the model

for forcing by an RCM, it has been made possible to use SLInG for forward projections,
assuming little future variation in ice sheet topography. However, before the model can be
used toinvestigate the evolution of SGLs, in present times or in the future, extensive
evaluation against a range of observations is needed. Such an evaluation is performed in the

following chapter.
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Chapter 3

On the simulation of supraglacial lake evolution usinghe SLInG

model

3.1Introduction

Supraglacial lakes (SGLs) form annually in intransient depressions on the Greenland ice
sheet (GrlS) and are known to form in the same locationsoyegear (Echelmeyer et al.,

1991 Selmes et al., 20)1 These lakes have been observed to drain rapidly, presumably
through hydrofractur¢van der Veen, 2007 delivering large volumes of meltwater to the
base ofthe ice sheefDas et al., 2008Doyle et al., 2018 This can lead to seasonal and
shorterterm variations in the velocity of the ice sheet flRartholomew et al., 2012
Shepherd et al., 2009oughin et al., 200&wally et al., 2002 Although it is uncertain at
present, what the long term implications of these perturbations of ice dynamics may be,
SGLs remain of interest due to their influenagice sheet albed{Greuell et al., 2002and

their ability to enable surfage-bed connections where conduits such as moulins and
crevasses are rafiee. at high elevation@hillips et al., 201l Observations of SGLs cover
short time pgods and are temporally sparéag. McMillan et al., 2007 Johansson et al.,
2013. This thesis aims to address uncertainty in the observational record of SGLs, by
modelling their initiation and growth and thus enhancing current scientific understanding

regardingheir evolution.

The supraglacial lake initiation and growth (SLING) model, a nhew model which has been
specifically written for this thesjswasintroduced in Chapter.2 SLInG can be used to
simulate tle initiation and growth of SGLs. These processes are a necessary precursor to
drainage, which is not included in the model at present. In Chapter 2L i@ model was
extensively described and evaluated scientifically. In this chapter, SLInG is edaluat
operationally, i.e. against observations, for a region of the @&dStin the vicinity of the
Russell Glacier In this region, SGLs are abundant and seasonal and steortevariations

in ice sheet velocity, which have been attributed to meltwateilability, are well
documentede.g. Bartholomew et al., 2015hepherd et al., 200@almer et al., 2091 In

order to verify the usefulness of the model as an SGL simulation tool, three
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subsections of simulated SGL evolution have been chosen against which to evaluate model
performance. These are: lake location, lake temporal evolution (onset and filling) and lake
spatial evolution (area and volume). The location of SGLs indicates where swethce
conduits initiated by rapid drainage may appear. Onset day can be cahsidaaxy for

the onset of drainage because lakes can drain asasotitays after they appe@fohansson

et al., 2013 Also, knowledge of SGL volume is desirable in order to constrain the amount
of water available for hydrofracture, and subsequent rapid delivery to the base of the ice
sheet Leeson et al., 20)2 Thesesimulated SGL characteristiGre comprehensively
evaluated with respect to the observationsSofdal et al. (20Q9using various statistical
methods. Sectior8.2 describes these methods, Sect®l evaluates model skill in
reproducing the seasonal cycle of lakes during 2003; the year in which the sampling of the
satellite observations is most densectibn 3.4 evaluates model skill in reproducing inter
annual variability for the 2008007 period and SectioB.5 provides a summary of this
chapter. The majority of the work contained in this chapter has been published in the journal
The Cryosphere (TQ)eeson et al., 20)2

3.2Evaluation methods

In this chapter, a range of different metrics will be used to atalthe performance of
SLInG against observations of lakes. Here, these methods aréddswith respect to lake
location temporal (onsefilling rate) and spatial (lakeoveredarea and volumegvolution.

3.2.1 Observations of supraglacial lake evolution

Observations from the dataset ®findal et al. (2009 which were described more fully in
Chapter 1, are used to assess the skill of the model in simulating the evolution of SGLs.
These data are derived from Moderadsolution Imaging Spectroradiometer (MODIS)
imagery using an automated methodSundal et al. (20Q9used an objeatriented
segmentdon and classification system to identify possible lakes in a MODIS image, using
fuzzy logic to assign objects laket-lake status based on their degree of membership to the
lake ornotlakeclass. By this methodgundal et al. (20Q9wvere able to produce daily lake
distributions using clouffee MODIS images fo28 separate days during the 2003 melt
season and 12 sep#e days each for the 202807 melt seasons (efggure 31).

The spatial resolution of the MODIS instrument is 250 ®8GLs of smaller area are
therefore not reslved. It is estimated that total SGL area is underestimated %ywi#en

using therelatively coarseesolution MODIS data, as compared to a manual classification of
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fine- resolution (15 m) ASTER imagefundal et al., 2009 Because of this, and because
small lakes do not hold enough water to drain rapidly, lakes which are smaller than 0.125
km? aremasked out of simulatdeke distributionswhich are described in this chaptéFhis

value corresponds to the minimum water volume required for hydrofracture through 1 km
thick ice (Krawczynski et al., 2009 There is also an err¢+14%, but temporally variable)
associated with the misategorisation of iceovered lakes as bare ice using this automated
classification methodSundal, 200R The observations used in this study have been

manually corrected for therror.

Figure 31: Automatically delineated lake distribution for day 196, 20¢8. MODIS image
with automatically delineated lakes superimposed in (bjl Original MODIS image.

3.2.1.1 A cumulative record of supraglacial lake initiation and growth.

The SLING model simulagethe initiation and growth of SGLs. As such, it may only be
used to model SGLup to the observed date of drainage. However, in order to assess model
performance, it is appropriate to refer to a time series of cumulative observemblaked

area; whib is assumed to represent the evolution of SGLs, should drainage not bdsur.

also assumed that this cumulative distribution includes all possible lakes that are larger than

the resolution of the MODIS instrument.

For each of the observation days,-difensional map of lakdistributionis available. A

time series of cumulative lake observations is constructed by superimposing the lake
distributionon each observation day onto all preceding observationsKiggre 32). For
example, the cumulative distribution of lakes on observation day 3 consists of the reported
distribution of lakes on day 3, superimposemto the reported distribution of lakes on
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observation day 2, and onto the reported distribution of lakes on observation dayd,.

lakes that form, and then drain, are included in the cumulative distribution and are available
for comparison with simaked lakes that form, but do not draim.order to investigate lake
location, the cumulative distribution of lakes on the final observation day is ifseghixel

in the model grid is observed to be part of a lake at any point during the observational

record, it is included in this distribution

0°W . . 49°
A

T

T

Figure 32: Example of method of creating cumulative SGL distributions from the data
Sundal et al. (2009 (a) day 157, 2003, (b) day 166, 2003 (c) day 175, Z8D8umulative
distribution on day 175, 2003

3.2.2 Lake location

In order to assess the skill of the modelgredicting lake locatigncumulative spatial
distributions of simulated and observed lakes are analysed. Since SGLs predicted by the
model do not drain, theimulatedlake distribution at day 300 (after the last day for which
positive runoff is generated) can be used to reptekercumulative distribution of all lakes
simulated by the model throughout the melt season.

The observed and simulated lake distributions may be compared qualitatively or
guantitatively. Quantitative methods take two different forms. 1.) A simplkebgkake
comparison, whiclanalyses the number of observed lakes which are also mqadeitkel) a
somewhat more complex cealise method using statistical approaches suggested by
Stephenso2000). For the first case, the observed lake distribution is superimposed on the
simulated lake distribution and timeimber of lakes thadre 1) observed only, 2) simulated

only and 3) both observed and simulated, are counted. It can be considered a perfect result
of the model if all of the olesved lakes are simulated;odel skill is represented as that

percentage of observed lakes tha thodel cdocates. The statistical methods suggested
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by Stephenson (2000) are implemented with pé¢
Heidke skill score (HSS)which both require the assembly of a contingency table. A
contingency table is aairix that displays the frequency distribution of two variables; in this

case observed lake pixels and modelled lake cells. In this instance, the contingency table

consists of a.) OHIi t s o6; cell s which ,Bye both
6Fal se al ar ms 6; cells which are predicted t ¢
6Mi sses ob; cells observed, but not predicted,

cells which are neither simulated nor observed to be kelke (€.9.Table 31).

Table 31: Standard configuration of a two variable contingency table.

Event observed

Yes No
Yes a
Eventforecast No c d
Total n

The 'odds ratio'q, is defined as being the ratio of the odds of successfully predicting that a
cell is a lake (a hit) or not (a correct rejection) to the odds of making an incorrect prediction
(false alarms + misses) and is calculated uBopgation3.1 (Stephenson, 2000

ad
=— 31
9 bc

Where a,b,c,d are as indicated iable 31. The odds ratio can be positively skewed by a

low event to norevent ratio(Stephenson, 20Q0and these data presented here apparently
exhibit this rare event bias, given that there are many more cells which do not form part of a
lake than there are cells which do. In this case however, a correct rejection is considered to
be apositive result of successful water routing and ponding. The Heidke skill score (HSS)
provides a means of assessing model skill when compared to a random assignment of
lakehotlake cells by calculating the proportion of correct forecasts to that whichdnae

obtained by chance. h& HSS can be calculated usirguBtion3.2.

_ 2(ad- bo)
~ (@a+0)(c+d)+(a+b)(b+d)

32

Where a,b,c,d are as before. Neither the HSS nor the odds ratio take into account any

degree of spatial autocorrelation, i.e. where many cells are clustered together into a lake.
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3.2.3 Temporal evolution

The extent to which the model was able to rdpoe the temporal evolution of SGLs, both

in terms of onset day and subsequent growth, was investigated. Since it is desirable that the
model simulates the initiation of lakes effectively, lake onset day is used to assess model
skill in timing the appearae of lakes.The onset days calculated for each individual lake,

and isdefined aghe first day in the year when thake can be seen in the observations or
simulation results as appropriate. In order to compare observed and simulated lake onset
day; first, coincident lakes (both observed and simulated) are identified in the cumulative
observed lake distribution, and the simulated lake distribution. Then, a simulated and an
observed onset day are assigned to each lake based on its first appeat&cemulated

and observed record. Finally, the Pearson correlaticaffment (PCC) is calculated
between the simulated and observed onset days. The PCC is a measure of linear dependence
between two variables (in this case simulated onset day amsvell onset day). The PCC

takes a value betweed and 1 where 1 indicates perfect correlatidnjndicates perfect
anticorrelation and 0O indicates no relationship between the two variables. If the PCC
between simulated and observed onset day weraftabe 1, this would be interpreted as

the model being certain to reproduce the observed onset day. Qualitative interpretation of
the strength of correlation based on the PCC is somewhat arbitrary. In this thesis the
interpretation of Blumai2004i s used; a relationship can be sai
exceeds 0.69. Also, the PCC can be tested for statistical significance usintgshe t
(Bluman, 2003 The PCC is accepted as evidence of model skill if it is found to be

significant at the 99percentile.

The lake filling period is defineds the period during which SGLs fill, from onset to
maximum capacity. This can be assessed on anrasezaged and laKey-lake basis.
Because observed lakes exhibit rapid drainage behaviour, a process not currently included in
the model, a cumulatiieke covered aresstimate is used (secti@i2.1.). In this chapter,

model skill in filling rate is evaluated on an ai@aeraged basise. consilering all lake cells
together rather than resolving individual lakes. This evaluation is perfdmnediculating

the rootmeansquareddeviation (RMSD) ([Huation3.3), between modelled and observed
values,for total number of grid cells/pixels which form part of a lake duting filling

period. The RMB is a measure of the average magnitude of the difference between two

datasetqWillmott et al.,, 198%. Because it is also useful to know the direction of the

difference, mean bia is also calculated5quation3.4).
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a-m) 33
— N
B=—a0, - M, 34
Where O, and M, arethe observednd modelled/alue of lake covered area at tinte,

3.2.4 Maximum lake covered area

Maximum lake covered aremay be used to constrain the maximum amount of meltwater
that may be available, through hydrofracture, for rapid delivery to the base of the ice sheet.
Total lake covered arean a given day, is defined as the sunthef area of all pixels/grid
cells which areobserved/simulatetb form part of a laken that day. In the observational
record of SGL evolution, maximum totéke covered areaccurs prior to the onset of
widespread drainag&hepherd et al., 2009 In the simulation, maximum totklke covered
areaoccurs towards the end of the melt season, when either depressions afdl lyim
insufficient runoff remains available to fill them. Because of this differemmwee more the
cumulative time series of lake distribution, described more fully in se8tid.1 is used in
order to assess model skill in simiig maximumlake covered area Model skill is
expresse as a percentage overestimate or uestanate of the simulated maximuake

covered arewith respect to the observed maximiake covered area

3.3Model performance in 2003

Due to thedense temporadampling available2003 is a notable year in the observational
record of SGL evolution. Observations are available®separate days in 20@Sundal et

al., 2009, the next densest available samf@é&daily distributions of SGLsjs 23 separate
days in 201QJohansson et al., 2013 This is primarily due to the lack of cloud cover in
MODIS observations in that year. SLInG is operationally evaluated against the 2003
observational reard of Sundal et al. (2009 Simulated values are obtained by running the
SLInG model for 2003, forced by runoff and snow charésties generated by the MAR
(Modéle Atmosphérique Rgonal) regional climate modelRCM) (Lefebre et al. 2005,

and using the highesolution digital elevation model (DEM) Bfalmer et al. (2001

3.3.1 Experiment design

Simulations for 2003 were performed using the modelupetietailed inChapter 2 A
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summary of the model sep is provided here. The model was again run with a resolution
of 100 x 100 min a 6,753 km? region of western Greenland, in the vicinity of Russell
Glacier (Figure 33). SLInG is run with a 90 second tirsep and lake distribution is
reportel every model day. Simulations were forced by runoff, snow depth and snow
density, generated by the MAR RCM run at 25 km resolution. MAR is forced at the
boundaries by the European Centre for Medium Range Weather Forecast (ECMWF) ERA
Interim reanalysis.The high resolution DEM of Palmer et al. (2011) forms the surface of
the ice sheet in the simulations. This DEM was created from Interferometric Synthetic
Aperture (INSAR) data acquired in 1996 by the European Remote Sensing satellites. In this
region d the GrlS, elevation ranges from 1100 m a.s.l. to 1752 m,d.800 m a.s.l. is
chosen as the lower bound in this experiment because the spatial resolution of the (forcing)
runoff data limits the ability of the RCM output to adequately resolve surfass balance

in regians of steep elevation gradiefffranco et al., 2092 In addition, the distribution of
crevasses, mouls and other prexisting surfaceenglacial conduits below this elevation,

are able to drain water from the surface directly into the englacial environment, thereby

rendering it unavailable for lake formation.

3.3.2 Lake location

The skill of the SLING modeh predicting lake location is assessed on a ceik Wwasisand

on a lakeby-lake basis across the study arelm order to quantify model skill in predicting

the presence or absence of lakes on a cell wise basis, the number of simulated lake cell hits
(predicted and observed), false alarms (predicted but not observed), misses (observed but not
forecast) and correct rejections (neither predicted nor forecast) are presented in the form of a
contingency tableTable3.2). Using this contingency table, the odds ratio is calculated to

be 18.93; indicating that the model is ~19 times more likely to predict a cell to be part of a
lake or not than to make dncorrect prediction. Th&iSSis found to be 0.32, which
suggests that the model performs 32% better than a random assignatiomot-laketells

over the study area.

Table 32: Contingency table detailing the number of poteld and observed lake cells in
this study area.
Lake cells observed

Yes No Total
Yes 9 956 18 701 28 657
Lake cellssimulated| No 18238 648 393 666 631
Total 28194 667094 695 288
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Figure 33 shows a comparison between observed (red) sindulated (blue) lake
distribution, with coincident lake arésghlighted in purple, within thetudy area.There are
simulatedand observed las that are in close proximity, but that am coincident. There
are also a number of incidences of darge observed lake coinciding with several sma
modelledlakes. However, in generalthere isgood agreement betwea¢he model anc
observations in terms of locating lakéise location of 66% of lakes greater tHat25 knf

is correctly similated.

(b)
70 ke 44
1160+
1150F
0 500 1000 1500
1505~
1500-
68° N
1495 ake 33
0 1000 2000 3000
127
126
125
1245 Lake 229
0 500 1000 1500
1350F
13406
67° N 1330 e 113 ]
0 500 1000 1500 2000 2500
1470
1465
1460
1455 Lake 107
0 500 1000 1500 2000

Figure 33: Simulatedvs. observed lake distributionfa) Compositemap of all MODIS
observed lakes (red) and all lakes simulated using SLING (llughg the 2003 meli
season. Coincident lake area is shown in purple. (b)-&ast lake surface (blue) and b
(black) profiles for modellethkes indicated by number {a). The transect taken is shov
in black in (a).

These results are encouraging as they support the use of the model described in this thesis as
a tool for pirpointing the location of lakes. This is useful, as SGLs are known to drain
rapidly through hydroficture and enable the rapid delivery of large amounts of meltwater to

the base of the ice sh&@loyle et al., 2013Das et al., 200&Krawczynski et al., 2009 This
supraglacial perturbation of the subglacial environment is particularly important at higher
elevations where existing surfabed condits, such as moulins and crevasses, are rare

(Howat et al., 2013Phillips et al., 201l It is reassuring therefore that SLING performs
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well in this region. The successful location of observed lakes is prinadtrilyuted to DEM
accuracy. However, realistic water routing is also a major factor. The skill this model
displays in predicting SGL location is a result of uniting these factors.

3.3.3 Lake covered areand volume

Since the processes of lake drainage anéeefng are not incorporated within the model at
this time, results are restricted to comparisons of lake filling and are meaningful only until
the date of drainage/commencement of refreezing. However, model skill in simulating
cumulative lake covered areassuming no drainage, can be investigated by comparing
model output for daily lakeoveredarea with an estimate of cufative lake covered area
derived from satellite observationsF{gure 34). The model predicts the maximum
cumulative lake covered areabetween 100 and 1700 m a.s.l., very wellyith an
overestimation of justl.5% of the maximumvalue The maximum cumulative area
occupied by lakgixels/celk is reached around day 203 {21ily) in the observationapout

one week later thatme maximum daily runoff amount in the MAR data which occurs at day
196 (15" July), and reached around day 245 (SeptemBir2the simulation.
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Figure 3.4: Comparison betweerSLING simulated(solid), observed (dashed) ar
cumulative observed (dotted), fractionake covered area 2003 for threeslevationbands
in theRussell Glacier catchment of the Greenland loees.
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Luthje et al. (2006ppmodel tre routing and ponding of runoff in a similar region of the GrIS

to that investigated in this thesis, using empirical methods. In their dtutlye et al.
(20060 model the maximum lake covered area to be aro%d They also propose that
thisis a topographic limitation, i.e. thanhce this area has been reached, the lakes are brim
full and can grow no moreln order to find the maximum possible lake covered area for the
DEM thatis used by SLInG to route runoff in this studycGIS was used to fill the sinks in

the DEM to their mximum capacity. The maximum possible lake covered area, was found
to be 6.46 of the ice sheet above 1100 m a.s.l., in agreement with the findingghgpé et

al. (2006h. The maximum volume of water that can possibly be stored in SGLs in this
sector of the GriSs thereforeestimated to be 1.49 Rmor 126 of all runoff produced in

2003. This suggests that the vast majority of runoff passes through or over the ice sheet
without being storefbr long periodsn lakes. Lake area coveragetod%is neverreported

by observatins derived from MODIS imageryNeither is 6.4% lake area coverageer
simulated using the SLING dynamic hydrology modeden when dable the MAR
simulated runoff § suppliel (see Chapter 2) Although simulated lake area coverage
stabilises, not all kes are brirfull by the end of the melt season with respect to the sink in
which they are located, especially at the higher elevations where melting begins later and
ends sooner. If the ablation season were to lengthen, particularly at these higtiensleva

it is possible that this topographic limit could be reached.

Although the model does not include drainage it is reasonable to conclude that runoff,
extraneous to that ponded in lakes by the observed date of drainage or refreezing, has passed
into the ice sheet though englacial channels (e.g. crevasses or moulirsyasses are
abundant at lower elevations, where velocity gradients relative to the interior result in high
tensile stress regimésampkin, 201}). In addition, moulin density is typically 1 moulin per

1-2 knt for ice sheet elevations below 1000 m a.s.l in west Gree(ihillips et al., 201

Above 1100 ma.s.l., up to the date of observed maximum simulkztieel covered are@ay

245, September 2nd), 11.89 kwof runoff is produced, according to the MAR model. A
maximum of 12%of this runoff is estimated to be stored in observed lakes when considering
a cumulativdake covered area conical lake and a diametpth ratio of 100:1Box and

Ski, 2007. By comparison, a previous study of the nearby Swiss Camp region of the GrIS
estimated, using observations of lake area and mean depth, that 17% ohaibtedter
volume produced had been stored in lakes by Au@dsMillan et al., 200]. By day 245,
according to SLInG simulated SGL volume estimajast 6% of total runoff to date is
stored in lakes. Howeveysing SLING simulatedSGL area estimates, together wah

conical approximation, 11% of total runoff is estimated to be stored in lakes by dag 245,
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value more consistent with observationBhese results, together with the fact that 34% of

the MODIS observed kes in 2003 are not simulated, suggests that the DEM used in this
study underestimates the amplitude of the short period variations in the ice sheet surface that
lead to the formation of lakes. This could arise from the DEM smoothing process, or
indicatethe presence of refrozen lakes #nigerpreted as part of the ice sheet surface. This
also provides an explanation for a number of lakes which are simulated slightly offset from
observed locations. As a result, the 12% estimate for maximum storage \sblamid be

taken as a lower bound, given a 6.4% maximum lake covered area.

3.3.4 Temporal evolution

The temporal evolution of SGLs is investigated using the methods outlined in se2ti®n

The simulated onset day, of the 66% of observed lakesessfully placed by the modéd

found to be correlated with the observed onset of these lakes Wi@Caf 0.76 Figure

3.5). This may be considered strongcorrelation(Bluman, 2003 A mean lead irthe
observations of 4 days is calculated when considering all 159 lakes. Lakes initially form at
lower elevations, and subsequently form progressively further inland over the course of the
melt seasonHigure3.4). This pattern can s be seen in the MODIS dat&imulated lake
initiation is contemporaneous with observations in the upper two elevation bands at days 155
and 162 for 1300 to 1500 m a.sdnd 1500 to 1700 m a.s.l. respectively, however observed
lakes begin to appear 4 days earlier than simulagédeen 1300 and 1500 m a.s.l.
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Figure 35: Correlation between simulated and observed onset day forstib8essfully
located SGLs. Vertical error bars indicate uncertainty in observed onset day due te
uniform temporal sampling.Size and colour of symbol indicate number of points, n,
indicated value.Also shown:ihe of best fi{red), 1:1 correlation (blue).
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Simulated lake filling rate is much slower than that observed; in this experiment, the model
underestimates cumulative klcovered areand exhibits arRMSD from observed values

of 28.45 km during the filling period. One possible explariah for this is the method by
which channelised flows parameteriseih the model; when a snow depth greater than 20%
of runoff depth is present, Dartype flow is assumed. Snow depth is varied in SLInG
according to MAR simulated valuemdthere is ndfeedback between flow through a cell
and snow depth within it. It is likely that small amounts of snow would be washed away by

the passage of water, a process not currently included in SLInG.

3.4Model performance at the interannual timescale

The model wasun with a resolution of 90 seconds for 2005, 2006 and 2007 (in addition to
2003) to investigate the performance of the model in capturingantaral variability and to

provide a more robust validation.

Table 33: Observed SGldata availability characteristics of runoffand datistical
description of modeskill in predicting lake locations in 2003, 20@B07. Daily mean

runoff relates to the melt seas@ay 130 to 250 Also shown is the number of observations
available h each yearthe maximum observed and modellele covered areaas a
percentage of total area and the PCC calculated between observed and simulated lake onset
day.

Year 2003 2005 2006 2007
Total Runoff (k) 12.34  6.93 7.93 12.99
Daily AverageRunoff (mm) 16.52  11.55 15.32 20.77
Number of Satellite Images available 29 12 12 12

Percentage (%) of observed lakes modelled 66 57 64 70

Odds ratio 19 21 17 18

Heidke skill score 0.32 0.28 0.25 0.22
Maximum Modelled_ake coveredrea(%) 4.30 3.19 4.08 5.15
Maximum Observedlake covered are@b) 4.24 2.67 2.54 1.93
Onset day correlation 0.76 0.62 0.73 0.30
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These years were chosen because they were the years for which observations were available,
using the same method as those for 2(8&dal et al., 2W9). Of these years2003 and

2007 were particularlyvarm, resulting ira total runoff amount over the whole of this sector

of the ice sheet of 12.34 Rnand 12.99 krh (Table 3.3) according to the MAR RCM
(Lefebre et al. 2009. This corresponds to a daily mean runoff depth of 16.52 and 20.77
mm. The 2005 and 2006 melt seasons have over 30% less rundfigh@her two years at

6.93 knf and 7.93 krfj respectively.

The model performs consistently well limcatinglakes in 2005, 2006 and 2007 with odds
ratio values of 21, 17 and {&able 33). These results confirm that the locations of SGLs
coincide with intransient depressions in the ice surface topography and, with the current
model setp, it is not essential to have contemporaneous surface elevation and runoff
observations to predict where lakes forBoth Echelmeyer et al. (1995nd Selmes et al.

(2011 observed that SGLs appear in the same locations on different years, in agreement
with the findingsof this modelling study. Figure 36 shows the cumulative lakeovered

area, as a percentadmth as simulated (solid) and observed (dashed). Thedmeement
between modelled and observed maximum cumulative dakeredarea occurs in 2003.

The model overestimates this value slightly in 2005, and significantly more in the other

years considered.

SLING shows closest agreement with observatiohscumulative lake covered area
described bySundal et al. (2009in 2003 and 2005. SLInG also simulates a positive
correlation betwen runoff production and lake size, particularly between mean daily runoff
and maximum cumulativiake covered areaSLInG simulates similar maximum modelled
lake covered aresain 2003 and 2006, which also have similar runoff amounts of 16.52 and
15.32 mm per day on average. However, the observations do not confirm this correlation;
maximumlake covered areim 2007, the year of most abundant runoff is smaller than in the
othe three years. This could be attributed to the role that drainage plays in regulating SGL
area. However, there aB8 days of observations for 2003 and only 12 per year for the
period 20052007, in addition to which, the observations taken in 2007 gtdyhclustered
(Figure 3.7). The sparseness of observations in 2B037 relative to 2003, and the
clustering of observations in 2007, suggests dbatervations in these years may not be able

to capture a comparable degree of variability in runoff forcing of dailydakeredarea.
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Figure 36: Multi year comparison of cumulativake covered are§l100m to 1700 m a.s.|
as a percentage of total areavodelled values are given with solid lines ahé observed
valuesof Sundal et al. (2009re givenwith dashedines

Although cumulativdake covered are@ over predicted, the variability @umulativelake
covered are#s reproduced well for 2005 and 2006; the simulated and observed cumulative
area profiles show the same shapmyre3.6). This is particularly evident in 2005 where

the mean bias between the model and observations during the filling period is just 2.19 km
Mean bias values are found to 4#6& kn?, 52 knf and 130 knf for 2003, 2006 and 2007
respectively In 2005, the direction of the bias is variable; RMSD is calculated to be
14.75 knd. Again, there is a reasonable correlation between simulated and observed onset
day (Table 33), with the exception of 2007 where correlation is 0.30, which may be
considered insignificant. Uncenmdy in the observations isighest for this yearlt is clear

that an investigation to the uncertainty associated with observations of SGLs is needed,
particularly with regard to the impact of sample size and density on reported SGL evolution.
Additional observations may be required to fully evaluate model performance at the inter

annualtimescale.
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Figure 37: Runoff variability and temporal sampling of tbéservations ofSundal et al.
(2009 for 2003, 20052007. Shaded region indicates totainoff integrated over the stuc
region Vertical lines indicate days for which an observed daily lake distributio
available.

3.5Summary

In this chapter, a new method of modelling SGL evohutias been evaluated (the SLInG
model). This model has been used to simulate the onset and growth of SGLRirsské
Glaciercatchment in western Greenlandsing data acquired during the 2003 melt season,
the model has been demonstrated to be 18stimore likely to correctly predict the presence

(or absence) of lakes than to make incorrect predictions, within an elevation range of 1100 to
1700 m a.s.l.,, when compared with MODIS satellite imagery. Of the 66% of observed lake
locations, which the modleorrectly reproduces, the simulated lake onset day is found to be
correlated with that observed withP&LCof 0.76. The model predicts a progression of lake
initiation inland as the melt season progresses, a pattern also previously reported in
numeroussatellite surveys of SGL&.g.Sundal et al., 200McMillan et al., 2007 Sneed

and Hamilton, 2007a SLING accurately simulates maximum cumulati&ke covered area

with only a 1.5% overestimate. However, because the model does not simulate processes
leading to lake stagnation or decay, such as refreezing or drainage, absolutekgaily
covered are& not simulated. The maximum potential lakeovered ice sheet area is limited

by topography to 6%. This corresponds to a volume of ~1.49%km2% of the runoff

produced in 2003. This can be taken as an upper bound given uncertainty in the DEM.
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SLInG has been evaluated at the irgenual time scaland found to reproduce lake location
successfully in 2003 and 20@®07. This confirms the assumption that ice sheet
topography is the dominant driver of SGL locatiohhis is in agreement with the findings

of Echelmeyer et al (1991) and Selmes et all{20who used a range of observational
techniques to investigate the ineamnual distribution of SGLs on the GrIS. Both studies
observed that SGLs appear in the same locations on different years, also indi¢hied in
modelling studyHowever, the agreeent between model and observations in termakaf
covered areand volume and temporal evolution is much less convincing. This may be the
result of drainage, potentially influencing the observational record but not included in SLING
simulations Howe\er, it may also possibly a data artefacas the days on which
observations are available in 20807 are few and sparse. An investigation into the
impact of sample size and spacing on reported lake evolution is required and will be

addressed in Chaptér

It is important to note thahe SLInGmodel simulates only lake growth, and at present does
not incorporate processes leading to rapid lake drainage, which is known to be an aspect of
the seasonal cycle of some lakes (e.g. McMillan et al, 2007 g®eoet al. 2009, Sundal et

al. 2009, Selmes et al. 2011n consequence, whilhe model provides information about

the location, onset, and cumulative area of SGLs, it cannot fully simulate the evolution of
lakes that drain. On the other hand, diffees between modelled and observed lake
volumes can provide useful information as to the quantity of water that has drained from
lakes. In future work, processes such as drainage and refregayrige investigated in the
context of this model. This chapgr has shown SLInG to be a good first step towards
capturing thevariability of SGL evolution with a numerical modeThese initial results are
promising and suggest that the model is a useful tool for use in analysing the behaviour of

SGLs on thésrISin the present day and potentially beyond.
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Chapter 4

A comparison of observations of suprglacial lake evolutionat the

western margin of the Greenland ice sheet

4.1 Introduction

Supraglacial lakes (SGLs), formed from the pooling of runoff in topographic depressions,
are an annual feature on the Greenland ice sheet (GrlS) during the melt season. SGLs
locally decrease the surface albedo with respect to the neighbouring bare dce are
accelerating melting as a res(@reuell et al., 2002 However, in recdryears, SGLs have
been the subject of both observatiot@ly. Doyle et al., 2013McMillan et al., 2007 and
modelling studieqe.g. Banwell et al., 2012Luthje et al., 2006pbdue to their supposed
ability to impact ice sheet dynamics. SGLs may drain rapidly through hydrofracture
(Krawczynski et al., 20Q9van der Veen, 2007 and this drainage has been observed to
affect the local dynamics of the ice shébBlas et al., 2008 The timing of peak lake
drainage has also been linked to seasonal speed the ice shedShepherd et al., 20D9

The role of SGL drainage in a potential net acceleration of the ice sheet is un&urtaial

et al.,, 2011 Schoof, 2010 However, SGLs remain of interest due to their role in the
supraglacial hydrological network. In particular, the location of SGLs is of interest because
they can enable surfate-bed connections at high elevations; where conduits such as
moulins and creasses are raréBartholomew et al., 2011bHowat et al., 20183
Additionally, knowledge of SGL volume is desirable to constrain the amount of water
available for hydrofracture, and delivery to the base of the ice @les=on et al., 20)2

Observations of lake behaviour have traditionally been madéuror obtained remotely

using satellite instruments such as the Advanced Spaceborne Thermal Emission and
Reflection Radimeter (ASTER), the Moderatesolution Imaging Spectroradiometer
(MODIS) and the Lansht7 Enhanced Thematic Mappdup (ETM+) (e.g.Georgiou et al.,

2009 Sundal et al., 2009 edesco and Steiner, 20155GLs have been identified in satellite
images obtained using these optical remote sensing instruments by manual interpretation,
where each lake is digitised by hafedg. Georgiou et al., 20Q%icMillan et al., 2007, and

by semi or fully-automated methodg¢e.g. Sundal et al.,, 20Q9Liang et al., 201p

Automated mapping of lakes enables a nunolb@magescontainingnumeroudakes,to be
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processed efficientlyBoth ASTER and ETM+ images have a high spatial resolution (of the
order ~10 m) conducive to accurate lake delineation. However, the MODIS image record
has a far higher temporal samplingt least once a day, rather thannmgiekly and is better
able to reslve the evolution of lakes. Typically, studies of seasonal and-antaual
variability in modes of SGL evolution are investigated using MO(2L§. Johansson et al.,
2013 Selmes et al., 2011 This is due to this relatively dense temporal sampling, even once
cloud-covered days have been removed. However, in years oflabucloud cover, the
record consists of as few as &Bud freeimages per yeaiSundal et al., 2009 SGLs are
abundant in the Russell Glacieatchment on the GrIS and the impact of rapid lake drainage
on seasonal and shorerm ice sheet dynamics in this region is well docume(fadimer

et al., 2011 Shepherd et al.,, 20D9 Three independent observational studies of SGL
evolution in the Russell Glacier region have been perforf8addal et b, 2009 Selmes et

al.,, 2011 Johansson and Brown, 2Ql3eachusing a different serautomated lake
classification system to report the daily distributadriakes.

In Chapter 2, a new model of SGL initiation and growth (the SLInG model) was described
and in Chapter 3, the performance of this model was evaluated. Although the performance
of SLING was validated at the seasonal timescale, data limitatiemsried the evaluation

of SLING at the inteannual timescale. In this chapter, a new htamparison of
automatically derived observations of SGL evolution is performed, using the datmaél

et al. (2009, Selmes et al. (20)IandJohansson and Brown (2Q13Ultimately, these data

are combined to form a new, robust SGL index for 28087. The 2002007 period
encompasses one high (2007), one low (2005) and one moderate (2006) runoff year
accordng to runoff values simulated at a resolution of 25 km byrélggonal climate model
(RCM) MAR (Modele Atmosphérique Régiondfrettweis, 200y forced by ERAInterim
reanalysis. The remainder of this chaptertigscsured as follows. In Sectigh?2, the three
observational datasets are described, and methods used twomjgare them are outlined.

In Sedion 4.3 the effect of temporal sampling on reported SGL characteristics is
investigated. In Sectiof.4, reported daily SGL distributions in each of these three datasets
are independently evaluated using a new subset of manually delineated lakes, and a sample
of manually derived daily lake distributions. Both samples were derived from MODIS
imagery. In Setion 4.5, a new, robust dataset is assembled for 2005, 2006 and 2007 by
combining the three individual datasets in a hierarchical manner. Fiisgition 4.6
provides a summary of the work described in this chaftbe majority of the work
contained in this chapter has besrceptedfor publication in the Journal of Glaciology
(Leeson et al., 2023
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4.2 Data and Methods

This study focuses on a 16,000 %anea of the west GrlS, ranging from the margin to ~1750

metres above sea level (m a.s.l.) in the region of Russell Gl&wer¢ 41). In this region,

three diffeent sets of observations of SGL evolution are available. These data include
firstly, the daily SGL distributions for 2003 and 262807 ofSundal et al. (20Q9hereafter
6Sundal 096) . Secondl y, -2@l@redorned WiGgthedhetlod of i but i
Johansson and Brown (2013 her eafter 6éJohanssonl36),. Thi
on days visually identified as clodrke,for 20052007 were mosaicked togeth&om time
seriesd of evolution for 2 3 1Seles leteak (200Ah s ubs
(hereaft er Alth@eghl each sfthese datasétsderived from the same set of

MODIS images, each dataset has a different record length and temporal sampling is not
consigent between themTable 41 indicates the temporal sampling of each dataset on each

year for which observations are available. Generally, Selmiead the highestaspling

density (2227 days) and Johanssonl13 has the longest temporally contiguous dataset (2001
2010). Each dataset includes observations for years of high and low runoff availability,
indicated in red and blue imable 41. These data are referred to collectively as the
6automatically derived datasetsdé from here ¢
provided here; the respective publications should beregfeo for more detail.
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Figure 41: Map of Greenlandndicating location of study area (bounded in blu&howi
are elevation contourdaken fromBamber et al. (2001at 500 m intervals from 500 as.|.
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Table 41: Number ofSGL observations in each dataset, in each yeatso shown is the
runoff availability for that year, where high runoff, relative to the 2@010 mean, is
highlighted in red, and low runoff, relative to the 2a8110 meairis highlighted in blue.

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010

Johanssonl3 14 9 11 10 10 13 14 20 19 23
Selmesll - - - 22 27 22 - - -
Sundal09 1 - 28 - 12 12 12 - = =

Sundal et al.(2009 used MODIS imagery to investigate differences in the seasonal

evolution of SGLs across three climatologically distinct regions of the Gri$heir study,

objectsare assigned fil ak eldoa log o fimtoat us based onngt he degree
to the lake or nelake class, in terms of reflectanc&undal et al. (20Quse 268band 1

(red, 0.6200.670 um)MODIS images ér the 2003, 2002007 period to chart the seasonal

evolution of SGLs in three climatologically distinct regions of the GrlS, including the

Russell Glacier region. Lake distribution on cldueke days each year was automatically

derived using an objedriented segmentation and classification method. The classification

of lake or notlake objects was achieved using fuzzy logic member&hiptions, which

assign lake or ndbake statuspased on the degree of membership to the lake elaket

class, rathethan using a fixed threshold of a given parameter, e.g. reflectance.

Johansson and Brown (201Bresentedand evaluatech new, improved, adaptive lake
classification algorithm. This algorithm has been designed in order to report more lakes
which are difficlt to automatically identify in satellite imagery, such as deep lakes, than
previously developed methods. Thegnploy a similar methodo Sundal et al. (2009
however they extend the method of classification to incliinde predefined categories
describing early, mid and late season lakes along with small and deep lakes. These
categories were based on multiple parameters such adeagth, reflectance and shape.

The categories were developed through modelling of statistical distributions of these
parameters using 15 manually delineated MODIS images taken in ZD0F.categories

were designed to address previously identified uagdy in a reflectancenly method of
classificationi.e. small lakes (©.1knf) , | akes covered by an ice 61 id
within cryoconite covered areas. These data include up to 58&lunal lakes derived from

band 2 (near infreed, 0841-0.876 pm)and band 4 (green, 0.54%).565 um) MODIS

images; SGLs are identified in ~10 images in each year.
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Selmes et al. (20)Jnvestigate thalistribution of fast draining lakes on ti&IS between

2005 and 2009.In their study, band MODIS images covering the whole of the ice sheet
areaare usedSelmes et al. (20)1do not use object oriented segmentation. Instead, they
devise an griori assumed lake distributiodetermined from a supervised classification of a
subset of images, in order to track the onset, evolution and demise of individual lakes, which
exhibit a maximum area greater than 0.kB8. Each known lake location is cadsred in

turn; at each location, pixels are assigned lake oflaket status based on a threshold
reflectance value of 65% of a standard reference win@tasived from 15m resolution
ASTER imagery). By tracking individual lakes, rather than considexingde area, this
approach enables greater exploitation of the MODIS image library as cloud cover is not
considered a limitation, provided at least one lake is visible in each iagexample of

lake delineation using each of the methods describedgreen inFigure 42.

o) 3 o ¥
(a Samp1e lake distribution 4 (b) Selmes11 - S
o IN . .
o730 oL o f" oL i
ll- e 1 = R M -
iy A i /A 7
. . 3 b v J
C% ’ ) L - “g ; ‘ —
"”_g @ 67720'N ot e
i
Py - ——
= : ,
(c)Johansson13 L~ 1 | (d) Sundalo9 N~
[ L i - el al
) P
o e <> _ - - s , _ >
Fo & = I & &
. L J’ ; P 1}
+ _.‘; ra e -
1 " P
o (!_‘l' -
2 % - PRS- %

Figure 42: Comparison of manually and automatically derived lake distributions &n
June 2005 (day 165) Background is the original MODIS image. In@jcles surround
SGLs identified manuallyln b) the triangle indicates an ice covered lake, and the-s
circle indicates an icdree lake,both arenot reported in the automatically derived la
distributions. Squares illustrate lakes reported inregte dataset. Diamond indicates
reported lake that has been identified as a false positive.
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The performance of these automated classification algorithms have previously been
evaluated by comparing a sample of automatically delineated lakes fd@DdS image,
against a sample of lakes manually delineated from-tdgblution ASTER or ETM+
imagery. Sundal et al. (2009) perform this evaluation using manually delineated lakes from
15m ASTER scenes from a single day, 1st August 2001, and autonyatichtieated lakes

from a MODIS image taken on the same d&elnes et al. (201)levaluate their method
using 15m ASTER scenes over a three year period across two regions of the ice sheet; one
hundred manuallgelineated lake images are used in totdhansson and Brown (2013
validate their method using seven LandsdatNE) images acquired between two to six days
prior to/after the acquisition of four MODIS images, over two years. The relative scarcity of
cloud free MODIS, ASTER or ETM+ images means few days exist where-dapth

evaluation may be made using contenap@ousiata

Each method is known to exhibit unique sources of uncertainty; Sundal09 found that their
algorithm had difficulty resolving ice covered lakes and that their method may
underestimate lake covered area by as much as 21.1% accoi@nglyal, 2009 They

also estimate that thainethod may underestimate lag@veredarea, due to the presence of
lakes that are smaller than the resolution of the MODIS instrument, to be J@9ansson

and Brown (201Breport that as many as 18% of reported SGLs are likely to be false
positives. False posites are defined as objects which are initially categorised as lakes, but
which may be rassigned to the ndhke category upon further inspection, e.g. by reference
to an image with higher spatial resolutiodohansson and Brown (2018uggest that the
uncertainty associated with the absence of-seolution lakes in the dataset is around 11%;
in agreement with the similar assessment performedbdmnydal et al. (2009 Because
Selmes et al. (20)bpeate from are-priori lake distributionany lake either not available

for inclusion in this distribution, or smaller than 0.125%knes not feature in the dataset.
The method ofSelmes et al. (20}1has also beeestimated to undesredict theareaof
individual lakesby around 1.77% in comparison with highiesolution ASTER imagery
(Selmes et al., 20})1

Although SGL evolution exhibits sheterm variability(Das et al., 2008oyle et al., 2018

the temporal sampling of satellite datasets is typically sparse by comparisdialjtedl).

To investigate the impact that temporal sampling has on assessments of SGL evolution, the
most populous lake dataset was systematicallysantpled and key metrics were computed
from successiely smaller samples. For this exercise, the Sundal09 dataset acquired in 2003

was used, as this was the most densely sampled with 28 separate observations. For each

86



Chapter 4 A comparison of supraglacial lake observations

sample size ranging from 5 to 27 images, 1000ssubples were randomly selected from

this dataset. The mean, standard deviation and range of values of four key SGL
characteristics among each set of-saimples were then calculated and compared. The SGL
characteristics selected for this analysis were the maximum total daily area coverezsby lak
(the maximum area, in Kiy) the date of first appearance of any lake in the dataset (the onset
day), the maximum elevation that lake covered area reaches (the maximum extent, in m
a.s.l.), and the total number of times any lake is observed during geangeriod (the

number of lake appearances).

SGL retrieval algorithms exhibit differences in performance. To assess this difference, the
size and number of SGLs reported in each automated dataset were compared to estimates
derived from manual classifitans. The manual classifications were developed from
MODIS data acquired in the early, mid and late melt season in each year of overlap between
the three automated datasets (2005, 2006 and 2007). First, maps of SGL distribution were
created by three ppte, each on 9 separate days. Features reported as lakes in two or more
of these manual distributions were identified as S(Eigure 43). This corresponds to 78%

of all features identified.
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Figure 43: Example distribution of SGLs in the study areg@) Manually delineated lak:
distribution according to three independent sources (purple, yellow and orange). S
compiled from two or more of these sources is indicated in white. (b) Automa
delineated lake distribution according to Selmesllug) Sundal09 (green) an
Johannssonl13 (red). Again, white circles denote lakes that have been positively id
manually (as in (a)).

Secondly, the areas of 10 lakes, exhibiting a range of size and dtigpee (44), were

delineated by three individuals using satellite images acquired on two different days in each
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year. To be included in this sample, SGLs were required to be reported thyes| of the
automatically derived datasets, andiwo or more images, and in each of the three years.
Pixels reported to be lakes in two or more of the manual delineations were identified as
SGLs. Because MODIS imagery has a coarse spatial resoli@h m), the relative
performance of this method of manually classifying MODIS imagery was assessed by
comparison with ASTER data. A sample of 45 lakes, from imagery acquired ori' the 1
August 2001 was used; this was the only day for which ASTER data were available, and
which featured in two or more of the automated datasets. No ASTER data were available

for common days between all three datasets.

In order to combine the three autoinally derived datasets, a performance score for each
dataset was computed. This was calculated as a linear sum of the relative performance of
each dataset in terms of describihg areaof individual lakesand lake frequency, when

compared to manuallyetineated data. Relative performané, between datasetg,, was

calculated using the RMSD from the manually derived data (Equatipand Equatiod.2:

RMSD= \/Ea (R-0Q) 41
t=1
_ RMmsD*
N 42
a RMsD*

=1

Where R is the lake size odaily lake number according to the manually derived sample,

and O is the lake size or daily lake number according to the observations of Sundal09,
Selmes1l or Johanssonl3. The three datasets were combined hierarchically based on
relative performance in reporting lake area and distribution to form a single robust SGL
index for the period 2068007. In this dataset, lakes are mappecach date when two or

more observations were availableFirstly, lakes from the dataset with the highest
performance are incorporated. Next, lakes from the dataset with the second highes
performance, and which do not feature in the dataset with the highest performance, are
included. Finally, lakes from the dataset with the lowest overall performance are similarly
incorporated into the combined record. Because automatic methods ofyidgn8GLs in

satellite imagery are known to produce false positives (Johansson and Brown, 2013), the
frequency of false positives in each dataset was also estimated by comparison to a sample of

manually classified SGLs.
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4.3Impact of temporal sampling on reported lake evolution

Subsampling of the satellite imagery shows that sparsely sampled datasets can fail to
capturekey aspects of SGL evolutioRifure4.5).
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Figure 45: Impact of temporal samplingf theSundal et al. (2009ataseton reportedSGL
evolution Lake covered aress reported daily usingample sizeof 5, 10, 15, 20, 25 day
and the full data record of 28 days. Shaded regjindicatethe spread of values associate
with each sample sizeising 1000 random samplesShaded squares indicate the lat
possible onset daysing that sample sizé2oint data is connected by linear interpolation
If the sample size is limited to 10 days (the smallest sample size fedturtite
automatically derived observational datasets), the estimated onset date can be delayed by up
to 41 days, the estimated maximum ddélge covered areean be underestimated by up to
287%, the maximum altitudinal extent can be underestimated byels as 180 m a.s.l.,
and the total number of lakes can be underestimated by as much é8i¢08é 46). These
statistics are not surprising, becauséhis region of the GrIS approximately half of all lakes
have a lifespan of less than ten d@jehansson et al., 2013These extreme deviations from
true values arise as a result of clustering within a sample. On avaragmple size of 10
days underestintas themaximum area, et date, maximuraxtent andhe number of lake
appearances by 16%, 4 days, 3 m a.s.l. and 23%, respecihaddie 4.3). In order to
produce a reliable record of seasonal SGL evolution from daily observatensch that
maximum lake covered area, onset day, maximum extent and number of lake appearances
are all reported on averageto within 5% of the value reported using 2&yd of
observations20 or more images are requir@digure 46). In addition, in order to minimise
the possibility that extreme (misleading) values are reported for one or more of these

metrics,these images ought to be umifdy distributed throughout the year.
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However,given thescarcity ofcloud free MODIS images, particularly prito 2008, it may
be appropriate to use a mel (such as SLInGdescribed irChapter 2 in conjunction with
temporally sparse observations to inigete problems requiring a higlegree of accuracy.

Table 42: Mean and standard d@&tion, associated with sample size, of reported maximum
lake covered area, onset day, maximum extent and number of lake appearances in the
Sundal et al. (200ataset.

Maximum/lake .
d d d Maximum extent  Number of lake
Sample covered area  Onset day (days) (mas.l) ADDEArances
size
X S X S X S X S
5 109 16 160 9 1675 24 302 48
10 121 11 155 4 1685 7 390 41
15 123 6 153 3 1687 1 431 34
20 127 4 152 2 1688 0 447 12
25 128 2 151 1 1688 0 485 15
28 129 - 151 - 1688 - 509 -

4.4Inter -comparison of supraglacial lake evolutioras reported in threedatasets

Each of the threeautomatic SGL classification methods leads to slightly different
distributions (e.gFigure 42), potentially because each method was developed in order to
address a different motivationFor example, no single method reports all of the lakes
identified manually, tracking ice covereakks is a problem for all three methods, and each
dataset includes false positives. The total number of lakes reported in each year using
combinations of the individual datasets were calculaféglu(e 4.7). For example, when
combined, the JohanssondBd Selmesll datasets report up to 70% more lakes than the
Selmes1l dataset (the datasetawidst reporting frequency).othbining all three datasets

leads to the maximum number of lakes being reported.

When compared to the manuatlglineated SGL datasethe Selmesll, Sundal09 and
Johanssonl13 datasets feature 27 (5%), 61 (9%), and 322 (33%) false positives, respectively
(Table4.3). This equates to 1.66 Knt4%), 1.71 km (4%) and 26.5 kin(26%), oflake

covered aredor the three datasetsespectively. For comparison, Johansson and Brown
(2013) estimate that their data contain up téoX8lse positives.Possible explanations for

the ~twofold increased rate ddise positivesreported here include the relatively coarse
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temporal separatioof the evaluation data used by Johansson and Brown (2013), and the

relatively coarse spatial resolution of the evaluation data used here.

| W 2005
400 - 12006
m - 20073
Q ]
— 3
T 300 :
ua 1
E 200
£
=3
c
T
8 100
k<]
0

Al Jo13 Jo13 Su09 Jo13 Su09 Sell
Su09 Se11 Se1l1
Datasets

Figure 4.7: Number of lakes reported in each year, using combinations of datakdis.
Selland Su09refer toJohannsonl13, Selmesll and Sundal09 respectively

Whenfalse positivesare excluded, the Selmesl11, Johanssonl13 and Sundal09 datasets report
52%, 59%, and 71% of the manually identified lakes, respectively. The Selmesll dataset
reports the lowest proportion of lakes. A possible explanation for this -ueperting is the

fadt that the Selmes11 procedure excludes lakes that are small and that do not feature in a
pre-defined target distribution. The RMSD between the number of positively identified
lakes reported on each day in the automaticaltyd manuallyderived datasetsanged from

40 lakes (Sundal09) to 64 lakes (SelmegTaple 44).

Table4.3: Inter-comparison of lake appearances and éafmsitives between automatically
derived observations of SGLs on three days each year forZWA False positives are
determined with reference to manually derived daily lake distributions. These data refer to
days 165, 200 and 235 in 2005, days, 2@ and 225 in 2006 and days 165, 186 and 216

in 2007.

Johansson13 Sundal09 Selmesl1l
Year 2005 2006 2007 2005 2006 2007 2005 2006 2007

All lake appearances 197 475 262 228 322 246 173 228 165

False positives 60 182 75 5 28 28 3 11 13
Falsenegatives 203 103 119 117 102 88 170 179 154
All lake aregkm?) 207 442 266 885 149 99.1 136 172 126

False positive arekm? | 43.2 135 60.4 093 7.44 6.57 240 6.27 6.71
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Lake size, as reported in Johansson13, Sundal09 and Selimsesdrhparedvith a sample

of manually delineated lakes and a mean bias in replaftedareds found of +55%;27%
and-4%, respectively. This is in good agreement Vgimes et al. (20},lwho estimate

that their method under predidtalividual lake aredy 1.77%. The variability in all cases is
high; neither Selmesll norufdal09 report lake size consistently within 1 standard
When
compared wh ASTER data, the size of manually delineated lakes were found to have an
RMSD of 0.24 kA By comparison,the area of lakes reported by Sundal09 and
Johansson13 asfound to have an RMSD of 0.39 krand 1.47 krh  No observations of
SGLs, contemporaneswiith the ASTER data, were available using the Selmes11 method,
this

deviation of values reported in the manually delineated sarfiftpure 48).

and so an assessment of algorithmbés

possible explanation for the Johanssonl13 datasetestienatingthe area of lakeis the fact

that thér procedure employs optical data acquired in the wavelength range6546m
(band 4), which is known to be overly sensitive to shallow water (Sneed and Hamilton,
2007).
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Figure 48: Comparison between automatically derive@a and manually delineated are
of 60 separate lake imageshaded regions relate to a linear fit-+1 0 . Hat c

indicates a ondo-one fit, +/+t he 1 G uncertainty in the

To assess the relative performance ofhedataset, an overall performance score was
calculated based on the linear sum of the relative performance of each dataset in terms of

describing lake area and lake frequency, when compared to manually delineated data. Based
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upon this analysis, the refe#i perbrmance of the Selmesl1l, Sur@ifaland Johannsonl3
datasets was found to be 0.75, 0.72 and 0.53, respectively, where a higher score indicates a
better performancélable 44).

Table 44: Inter-comparison of automatically derived SGLs with a manudklineated
sample of SGL areaRMSD values are transformed into a relative performance score, P,
with respect to each pangeter A total performance score is calculated for each dataset by
the linear sum of weights for reported lake area and daily number of lakes.

Johansson13 Sundal09 Selmesl1l
RMSD P RMSD P RMSD P
Area (knf) | 0.95 0.24 0.78 0.29 0.48 0.47
Daily numbe| 0,53 0.29 40.23 0.44 64.03 0.27
of lakes
SCORE 0.53 0.72 0.75

4.5A combined dataset of supraglacial lakevolution

Combining the three automaticallierived SGL datasets leads to an increase in the number

of lakes reported. On average, 67% mafes are reported on each day than are reported

by the least populous (Selmes11) dataset alBigeie 49). As a consequence, estimates of
spatially integrated SGlcharacteristics, for example daily lake covered area, using the
combined (optimised) dataset, may be considered more robust than those made using a
single dataset. The combined dataset also increases the temporal sampling of the most
infrequently sampledatasets (Sundal09 and Johansson13). For example, in 2005, 2006, and
2007, the combined dataset includes 15, 19 and 17 days, as compared to 12, 12, and 12 days
in the least sampled dataset. This offers a potential reduction in uncertainty due to sample
size (Figure 46), for example, onset day is delayed half as much on average avgaenple

size of 19 is used compared to a sample size of 12, i.e. 2 days andrdspiegsively. Also,

the mean underestitm of maximum altitudinal extent is reduced from 3 m a.s.| (which
encompasses an area of 30.4%)kiwhen a sample size of 12 is used, to 0.5 m a.s.l. (4.95
km?), with a sample size of 19. Likewise, maximiake covered areia underestimated by

16% and %6 on average, and number of lake appearances is underestimated by 23% and

15% on average, when sample sizes of 12 and 19 are used, respectively.

Inter-annual variability is considerable in both the combined and individual SGL datasets
over the thregears under consideratioRigure 410, Figure 49). For example, in 200v7a

relatively high runoff year lake onseat high elevationsccurs earlier than in either 2005 or
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2006 Figure 410). Johansson et al. (20&alculate that a threshold value ofltimg has to

be exceeded for lakes to form, and it is likely that this threshold is exceeded sooner in high
runoff years, as is evidenced hewlso, in 2007 the rate dake covered aremcrease was

faster, and the widespread disappearance of lakesredcsooner than in the low and
moderate runoff years of 2005 and 2006, respectivElgufe 49). This behaviour is
consistent with a noted correlati between the intensity of melting and the onset of lake
drainageg(Liang et al., 2012 Each of the automatically derived datasets, and the combined
dataset, report the inland progression of SGLs throughout as the melt season progresses,

with similar timing EFigure 410).
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Figure 49: Inter-annual variability of SGL evolution using the new, combined SGL dat
Rows aretime series ofmean lake area, total lake covered area and nunafdakes for
2005, 2006 and 2007Diamonds indicate Sundalp89quares indicate Selmesltiangles
indicate Johansson13 and filled circles indicéte combineddataset.Shading delineates
linear (mean area) or @ussian(total area and number of lakeff) to thecombineddataset,
including the 1 .0Alsushave (black ling) tsthe daity runoff )
integrated over the study region, as simulated using the MAR model (Fettweis, 2007).

This new, combined dataset was used to investigate differences in patterns of SGL evolution
between 2005, 2006 and 2007. The lowest peak in maxil@kencovered areaccurs in
2007 Figure 49). This finding is surprising, becauSeindal et al. (20Q%bserve a general

correlationbetween maximum lakeovered area and total annual runoff. In the combined
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dataset, lake covered area remains small following drainage, despite continued abundance of
runoff production. A possible explanation for this behaviour lies in the process of
hydrofracture beneath SGLs, which is believed to establish conduits linking the ice sheet
surface and bage.g. Krawczynski et al., 2009 These conduits can then raim open for

the remainder of the melt seaqerg.Das et al., 2008oyle et al., 2013 thereby inhibiting

further l&ke formation and growth. Such behaviour is less apparent in 2005 and 2006;
however, in 2007 a higher proportion of lakes are known to have disappeared through rapid
drainage(Selmes et al., 20)3 Finally, the rate ofake covered aregrowth in all three

years follows the rate of change of runoff productiBigyre 49). For example, in 2007,
runoff production accelerates quickly and there is a corresponding rapid growth of humber
of lakes and totdbke covered areaThis suggests that total annual runoff amount is not the

only control on SGlevolution.
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Figure 410 Variation ofregional SGLonset day with distance from margm2005, 2006
and 2007. Symbolsindicate datasetSundal09 is indicated by diamonds, Selmesll
squares and Johanssonl13 witiangles. The combined dataset is given by a solid |
Here, error bardndicate uncertainty due temporal sampling.

4.6 Summary

Uncertainty within observational datasets of SGL evolution, derived using automated
methods has been investigatedThe results presented hereveal a strong dependence
between the frequency of the satellite imagery and the maximum lake covered area, the lake
onset date, the maximum lake extent and the number of lake appearances reported in the
automated dataset&or exanple, using a sample size of 10 days, lake onset is delayed by 4
days on average, and the maximum lake covered area is underestimated by 16% on average,
compared to values reported using a 28 day sample. It is recommend that a minimum of 20
images per ygaof observations is required, preferably uniformly distributed in time, in

order to minimise uncertainties associated with poor temporal sampling. However, given
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the scarcity of entirely cloud free MODIS images, particularly prior to 2008, it may be more
appropriate to use a modal conjunction with temporally sparse observations to investigate
problems requiring a high degree of accura€e model described in this thesis, would be

a useful tool for this purpose.

The performance of three indepentdeSGL datasets derived using different automated
methods, each based on MODIS satellite imagery, was assessed in terms of their ability to
describe the area and number of lakes when compared to manually delineated data. The
observations oSelmes et al. (20)vere found to repotthe area of lakesnost accurately
(RMSD = 0.48 krf), whereas the observations®tindal et al. (20Q9were found to report

the number of lakes on each dayost accuratly (RMSD = 40 lakes). Each of the three
automaticallyderived datasets are also shown to incliadiee positivesranging from 5% to

33% for Selmesll and Johanssonl3, respectively. Using an objective assessment, the
observations ofelmes et al. (20)%are judged to perform best overall, and the observations

of Johansson anBrown (2013 are judged to perform least well overall. However, the
spread of performance estimates is narrow (0.33), and k three datasets are in
agreement when describing temporal patterns of SGL evolution at the seasonal and inter

annual timesales.

Eachdataset exhibits different strengths and weakneaselt is advantageous to combine
them into a single optimised produdt order to provide more data points which may be
used for model evaluationThis combined dataset reports more lakash day, which are
identified manuallythan a single dataset and offers a significant reduction in uncertainty
due to improved sample sizeln 2007, a particularly high runoff year, lakes begin to
disappear through drainage much sooner than in the yaagre less runoff is produced.
Following drainage, lake covered area remains low, despite the continued production of
runoff. This may be attributed to the creation of conduits linking the ice sheet surface and
base, presumably through hydrofractureS@Ls. In these three years of data, there is no
apparent correlation between total annual runoff and maximum lake covered area. However,
the rate oflake covered aregrowth is found to be correlated with the rate of runoff
production. Therefore, thesesults suggest that total annual runoff is not the only control

on SGL evolution. However, these findings are based on just three years of satellite data,
and a more extensive and densely sampled record would lead to improved confidence in

assessments afterrannual variations in SGL evolution.
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Chapter 5

I nter-annual and longerterm variability in supraglacial lake

evolution from observations and modelling

5.1Introduction

The spatial and temporal evolution efpsaglacial lakegSGLS) isknown to exhibit inter
annual variabiliy (e.g. Sneed and Hamilton, 20078elmes et al., 20)1 Observational
studies sggest that this inteannual variability is driven by meltwater supgé:g.Sundal et

al., 2009 Liang et al., 2012 The date of lake formation (onset) hmeen found to vary by

up to 1 month inteannually(Sundal et al., 20Q09and this has been shown to be driven by
total melt as lake initiation lgins once a threshold of melting has been exceglithdnsson

et al., 2013 In Chapter 4, a direct link was proposed between lake filling rate and rate of
change of runoff production, based on three years of observa#onslationship between

the intensity of melting and lake drainage has also been observed, and it has been found that
lakes drain earlier and more frequently in years of higher mdltiagg et al., 2012 The

area of the ice sheet covered by SGLs varies fromtgeggar (e.g. Sundal et al., 20Q9
Sneed and Harbon, 2007a Selmes et al., 20)1 This variability has been shown to be
positively correlated with modelled runoff amoyundal et al., 2009 A corresponding
relationship between the intensity of melting and the maximum elevation at which lakes may
be found has also been documenfieidng et al., 2012 This has been borne out by the
inland migration of SGLs over the past 40 years as the climate of the Arctic region has
warmed (Howat et al., 20183 These relationships suggest that the spatial and temporal
distribution of SGLs is responsive to lortgrm changes in climate. It has been suggested
that SGLs can affect seasonal and shdesn ice sheet velocity changes when they drain
(e.g. Shepherd et al., 200®almer et al., 2011Bartholomew et al., 20)2and thatpeak
seasonal speatp occurs shortly after maximum lake covered area has been reached
(Shepherd et al., 20p9resumably as this marks the onset of widespread draihageich,

their response to a changing climate may have implications for ice sheet dynamics.
However, a assessment of intannual variability and long term changes in the spatial and

temporal evolution of SGLs is lacking.
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In Chaptes 2 and 3, a model &GL initiation and growtH{the SLING model) wadescribed

and evaluated against one year (2003) of temiyodanseobservations derived using an
automated classificatioof satellite data According to the MAR (Modle Atmoghérique
Régional) regional climate modglRCM) (Fettweis, 200, 2003is characteriseds having
abundant meing, leading to runoff26% greater thanthe decadal 2001:2010 mean.
Preliminaryinvestigations were also made tasthe efficacy ofthe model in reproducing
SGL evolution for the period 2068007. However, t wasconcluded inChapter3 that more
observational data was required in order to perform a robust evaluation of model
performancein different years. In Chapter 4, three independent datasets ofy daiGL
distribution, derived from Moderate Resolution Imaging Spectroradiomet®tODIS)
imagery using a variety afutomated classificatiomethods were compared, evaluated and
combhed into a newconsolidated datasetovering the period 2002007 (hereatfter,

0 L e e s o This Bediod encompasses years when runoff was higher (2007), lower,(2005)
and close to (2006)the decadal mean (118%, 81%, and¥®Ilrespectively) Using
Leesonl13it was concluded in Chapter 4 that, within the three years under consideration,
there was no correlation between total annual runoff magimum SGL covered area.
However, a relationship between the rate of increase in runoff and the growth rate of SGL
area was identified. In addition, during a ye&high melting (2007), SGLs we observed

to drain quicker and thereafter remain empty, despite continued production of runoff.

In this chapterjnter-annualand longeiterm variability in SGL evolution is investigated
usingLeeson13 and the SLB1model. As the SLING model does not simulate lake-efd

life processes, such as refreezing and drainage, this study focuses -draimage
parameters (such as onset day) and draiimatppendent parameters (such as maximum
elevation). In Sectiorb.2 inter-annual variability in runoff is discussed. In Secti@n
modes of inteanrual variability in SGL evolution are investigated. This includes an
evaluation of the performance of SOnat the interannual timescaleagainst the new,
robust, combined dataset Leesonl3. lec8on 5.5 linear relationships between SGL
charateristics and runofére investigated for the 20@D10 period using SLING. In Section

5.6, the impacts of recent climate change on SGL evolution are investigated using SLInG for

the period 197.2010. Finally, in SectioB.7a summary ofthis hapt er 6s wor k i s prov

5.2Inter -annual and longer-term variability in climate andrunoff data

Runoff is calculated as the sum of meltwater and wet precipitation, minus any water that is

retained in the snowpack or refrozen. The principle atmospheric controls on runoff
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production are temperature and precipitation, which means that patterns of runof
availability are highly responsive to climate forcing.

Runoff in any given year can be characterised by three gross parameters, 1) the total annual
amount produced, 2) the length of the melt season and 3) how quickly runoff production
accelerates fromero to the peak annual rate (Rupgf Runoff production for the 2001

2010 period, as simulated by MAR given inFigure 51 (Fettweis, 200Y. The years 2003,

2007 and 2010 set successive records for extreme clintae.example, the summer of
2003 was found to be the warmest since 1@&nna et al., 2008b The year2007 was
characterisedy unusually warm conditions and low accumulation leading to an extreme
surface melt even{Mote, 2007 Tedesco, 2007 simulations suggest that 2007 had the
second highest runoff amount in the previous 50 years, after(Hz@®a et al., 2008b In
addition to total amount of et produced, 2007 saw a new record in melt extent. MAR
simulates an equilibrium line in 2007 which is considerably higher than the-2D288
mean with melt simulated up to about 2500 m a.s.l. in the Russell GlacieBedasco et

al., 2009. Similarly, in 201Qtotal runoff amount and total melt extent reached revord
levels,over those observed in 200¥hich was attributed to the exceptidgataty onset of

the melt season, leading 50 days more melt tinethe 19792009 averaggTedesco et al.,
20119. Although runoff produced in 2007 reached a record high, the melt season was
relatively shortat only 118 days.The years with the loregt melt season were 2003, 2002,
2006 and 2010 with 167, 15151and 163 daygespectively.

The climate during the 1972010 period was characterised by little/no temperature change
during 19711990 followed by large temperature increases during-28890 and 2002011
(e.g.Hannaet al., 2012Box et al., 2009van den Broeke et al., 2009These changes are
particularly obvious on the west coast of Greenlandoiuthwest Greenland, mean summer
air temperature for 2002011 was 2.2 warmer than the971-2000 mear(Hanna et al.,
2012. The GrlS surface has warmed up to $2.4ince 1979 and this has been attributed to
anthropogenically iduced atmospheric warmin@ettweis, 200Y. This surface warming
has had a corresponding impact on surface mass balance and runoff production; modelling
studies suggest that runoff has increased from ~170 Gt in 1990 to ~260 Gt ifvV20ién

et al.,, 2013 This increase in runoff production has led to the inland expaoibe region

of the ice sheet where melt occurs. In 2012, %806 the GriSexperienced melting; the

largest melt extent on recofghiem et al., 2012
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Figure 51: Runoff availability during 2002010 as simulated by the MAR RCM in the Russell Glacier regitmedsris

(Fettweis, 200). Total daily runoff is given in black. Blue lines indicate the length of the melt season (length) and 1
daily runoff amoun{y position). Red lines indicate an approximation of the derivative of the daily runoff curve, fror

per day to the first maxima.

In the longeiterm climatic context, studies using over 100 years of meteorological
observations have shown that the Atlantic Multidecadal Oscillation (AMO), a key driver of
multi-decadal variability in sea surface temperature in the North Atlantic, basitally

had a strong influence on the mwdgcadal summer climate of southern Greenland
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