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ABSTRACT

Lakes and reservoirs are under increasing pressure Girtwamnisation, agricultural
intensification, and directional climate change, including an increasing occurrence of
extreme climatic events. These pressures can reduce water quality by promoting the
ocaurrence of nuisance algal blooms and higher levelsissotved organic carbon
(DOC), two issues thatan cause substantial problems for water treatmeaqgtatic
ecology and recreational usefhus, there is a need to develop a modelling framework
that is flexible, adaptable and provides information that t@nutilised to mitigate
potential risks to lakes and reservoirs. This thesis describes three specific pieces of work
which in combination, further the use dfydrodynamic models for adaptive
managemenfirstly, the suitability of different meteorologicddtasets for forcing one
dimensional hydrodynamic models and accurately simulating water temperatures was
examined The European Centre for MedidRange Weather Forecagioduce freely
available grided meteorological datasetSRA-Interim, ERA5 and EWEMI. Lake
temperature simulations produced using these three datasets were compared to those
based on local meteorological data. Simulations with ERA5 andIBRAM simulated

water temperatures to arslar degree of accuracy #dsose forced withlocal mesured

data This highlighted how gridded meteorological datasets can be used to simulate lake
thermodynamics in areas where there is no locally measured meteorological data.
Secondly, theimprovementin shortterm model performance whemssimilating
obseved water temperatungrofile data into model simulationsas assessed. Single
profiles were inserted into simulations for three lakes that reflected potential monitoring
programmes aflifferenttemporalfrequenciesThese monitoring data were compiled by
subsetting high frequencglata fromthe sites Assimilatig measuredtemperature
profilesof up to one month prior to the forecagteatly reduced forecastror. This will

allow for shortterm forecasting frameworks to be developed for -feeguency
monitoring programmesdn the last results section, the effeof differentfutureclimate
change scenari@n water temperatufer a globalsetof lakes were characterised, using

an ensemble of lake models forced with an ensemble of General Circulatiots Mdue
responses in lake temperature améuinctional claracteristics such dke strength and
length of stratification were shown to be highly variable across 46 lakes of varying
morphometriesComprehensivelythere was an unequivocal warming of lakatev

temperature throughout the water column and an dwrtensf the duration of
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stratification.Such increases in water temperatineighten the risk of anoxia and the
occurrence of algal bloom&hich are water quality issues which can be actively
manage. Overall this study hasoundthat lake forecasting fraeworks (short and long
term) can be setup using open access software and data, for sites witbgogncy
monitoring data, forced with freely available meteorological data and produce high
quality forecasts. Tése findingwill be of increasing importarmcas we seek tsimulate

our freshwater ecosystems in a rapidly changing clincede intheir management



CHAPTER 1. INTRODUCTION

1.1.Background

Lakes and other inland water bodies are critically impott@aisustain food production
(Foleyet al, 2011) provide drinking watefDelplaet al, 2009) and a range of other
ecosystem servicgSchallenberget al, 2013) The structure, functioning and stability

of lake ecosystemsre however,underincreasing pressure froelimate change and
other humasrelated pressures including timtensification of agriculturand increased
urbanisation(Blois et al, 2013; Isaac and Williams, 2013; Buntiegal., 2016; Hundey

et al, 2016) There is a clear need to monitor and project the impacts of climate change,
which are already having large effects on lakes glob@Rgilly et al., 2003) A
significant decrease in the duration of lake cover(Bensoret al, 2012) and changes

in the duration and natel of thermal stratificatioi lakeshave already been reported
(Woolway et al, 2016) These changes have subsequent effects on lake chemistry and
biology, impacting the ecosystem services provided by lakes, includiteg aesthetics,
recreational usdisheries water treatment processes and drinking water qué@igpla

et al, 2009; Whiteheaet al, 2009) All of thesewater qualityissuesoccurthroughout
Europe(Sanseverinet al, 2016)and in Irelandlrvine et al, 2011) and can affect water
quality status as defined by the EU Water Framework Dire¢iiVED) (European
Council, 2000)

The overarchingagl of environmental monitoring is the development of a causal
and mechanistic understanding of proces&tew et al, 1998) Many ecological
processes occur at varying temporal apdtial scales and without monitoring for leng
time periods, the ability to actively manage ecosystems is redMagphuson, 1990)n
the context of lakes, collecting-situ dat allows the state of the lake to be assessed and,
when carried out over long periods of time, it can be used to monitor chartgelaked s
state. However, such monitoring is resource intensive, and only a very small proportion
of global lakes are actly monitored(Toming et al, 2016) Remote sensing can now
be used to fill some of the spatial and temporal gaps in lake monitoring programs by
providing snapsbts of water quality at global and regional spatial scales that were
previously impossibléMantzoukiet al, 2018) In addition, there has been an increase

in the number of lake sites worldwide which arengeinonitored using high frequency
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monitoring equipment on moored buoys within lakd¢ansoret al, 2016) This has led

to improvements in our understanding of the hydrodynamics and aquaticyecDlakes

at very fine temporal scales, and has also contributed to the development of aquatic
ecosystem model@ipseyet al, 2019) Monitoring provides data for calibrating and
validating model behaviour which is fundaménta any modelling development
(Hamilton et al, 2015) Numerical lake models combined with monitoring data have
been show to have the potential to be used for the optimisation of water quality
management through scenario testing brecastingImbergeret al, 2017; Tranmeet

al., 2020)

Modelling of lake ecosystems involvesing numerical models to represent
dynamic inlake processes. The development of such models serves two main purposes.
First, models can be used to test a hypothesis or theory related to an ecosystem process
or functioning. Several iterations of this pess have led to the advancement of our
knowledge within physical limnologyFischeret al, 1979; Imbergeand Patterson,

1989; Wileset al, 2000; Goudsmiét al, 2002; Mironov, 2008; Dutrat al, 2010; Hu

et al, 2016) Secondly, they are used to provide information on the future state of the
lake ecosyster(Penget al, 2019) This can provid shortterm prediction, on the scale

of one day to one year, referred to as forecasts, ortemng future states on decadal to
centennial time scales, referred to as projecti@ignificant advances in computing
power and data collection has greatlyeeated the use of procebased modelling in
ecology(Hallgrenet al, 2016; Farleyetal., 2018) A wide range of numerical models
have been developed that simulate differing aspects of lake systems with varying degrees
of complexity(Stepanenket al, 2010) These include many widely used models of lake
hydrodynamics, which are fundamental to any simulations of ecosystems responses in
lakes. Coupling these lake ldyodynamic models withbiogeochemical models can
provide crucial information to lake managers as they seek to mitigate the effects of

climate on these crucial ecosystefBsuggeman and Bolding, 2014)

Active management is required to deal with the many pressures lake face
whether it is water securitffzabiraset al, 2016) nutrient limitation(Maberly et al,
202() or hydropower(JahandidefTehraniet al, 2014) Decision making in these
circumstance needs to be informed with sound scientific evidence. Tools for analysis and
aiding decision making are constanthging developed for environmental purposes
(Dorneret al, 2007; Mclintostet al, 2011) Environmental models can sometimes carry

large risks if the uncertainty is not quantified andenwnicated effectivelyf{Uusitaloet
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al., 2015) Hydrodynamic models have been applied for management scenarios focused
on reducing the occurrence of cyanobacteria bloghelwig et al, 2018) and
controlling the lake mixing regim@Mi et al, 2019) A reattime adaptive management
system which would utilise available monitoring data with numerical modelling would
provide upto-date preactive management steps which cdoddcarried out as needed to

aid in lake manageme(imbergeret al, 2017)

1.2.Research objective

The primary aim of the research undertaken for this dissertation wasatoine the
applicationof hydrodynamic models to provide accurate information on lake thermal
structure, over both short term (forecasts) and long term (future projections) timescales.

The overallobjectivesof this PhDthesisareto:

1. Investigate thability of griddedclimate reanalysis datasetsaccuratelyforcelake
models when compared to locally measured meteorological data.

2. Assess the potential for assimilating measured kkgérature profiles into model
runs to produce shetérm water temperature foresta using data from three lakes
with differing local climates and morphologies.

3. Design a modelling framework for assessing projected climate change impacts on
lake thermal dgamics and quantify these impacts for three different future emission

scenarios, @oss 46 different lakes using an ensemble of climate and lake models.

Together, the work described in this thesis addresses some of the key issues
associated with implemeang automated lake modelling workflows, including
efficiency, coverage, uncertainty and accuracy. By adapting lake models for forecasting
for existing moitoring systems (objective 2), expanding their use to sites that do not
have measured met data (objeetl) and developing a modelling framework to
understand the threats posed to these systefugusg changes in the climatebjective
3), this work sigificantly contributes to theseof lake models as a tool for managing

lake ecosystems.



1.3.Synergies

Thework described hereaslinked toboththe PROGNOS project (Predictitg lake
responses to change using near real time mp@@ROGNOS, 2020and the WateXr
project(WateXr, 2020) PROGNOS was WaterJPI funded project whicfocused on
developng a modelling framework thatould predict changes in ¢hwater quality of
lakes and reservoiia the shorterm i.e.5-7 days. The modelling framewoskadopted
within PROGNOSncludel coupling a lake physicahodel with a lake biogeochemical
model and using local meteorological forecast data to drivedbded lakemodel.
Chapterst and5 describes some of the work that went into developing that framework.
WateXr is focused on edeveloping tools for wateesource managers which integrate
seasonal weather forecasts and future climate projections with impaletis for lake

and reservoirs. The PROGNOS modelling framework is currently being utilised and
developed further within WateXr. i envisaged that th&ateXrmodelling framework

will be used tanform water resource management and support the dexisiaking
process to safeguard the ecosystem services the lake provides such as drinking water or
recreational usedVithin WateXr, project members alsontobuted to the development

of a new sector of impact models (Lake Sector) within the-Béstoralmpact Model
Intercomparison Project (ISIMIRJSIMIP, 2020) One of the aims of ISIMIP is to
guantify the impacts of an increase of 1&Gin global air temperature, following the
agreement of the Conference of the Parties (COP) in Paris, France in Decefirtber 20
(UNFCCC, 2015; Frieleet al, 2017) Knowledge acquired during both the PROGNOS
and WateXr projects allovdethe timely development of the lake modelling framework
for ISIMIP.

1.4.Thesis outline

This thesis is arranged intexeenchaptes (Figurel.1). This introduction is followed by
a comprehensive review of the literature with a fooasthe areas relevant to lake
physics, monitoring, modellqhand the impacts of climate change on thermal dynamics

in lakes and reservoirghapter 2).The lake study sites used in chapters 4 and 5 are
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described in chapter &hapters4-6 are three draftréicles related to each of the three
objectives outlined alve. Chapterd and5 have an introduction, materials and methods,
results, discussion and conclusions. Chaptesis an introduction, a description of data
sources and simulation protocol for tieIMIP Lake sector, results, discussion and
conclusion. Thee is a synthesis of the overall findings, outlining of future areas for
research and describing the potential application of the described framework in an Irish

context inchapter?.

Chapter 1. Introduction
Lakes, modelling, motivation & aims

Chapter 2. Literature Review
Overview of lake physical process, hydrodynamic modelling,
model applications and impact of climate change on lakes

Chapter 3. Lake study sites
Site and data description of lake sites used in chapters 4 and 5

Chapter 4. Chapter 5. Chapter 6.
Comparison of How monitoring Ensemble
global frequency can modelling of the
meteorological reduce error impact of climate
reanalyses as using data change on lake
forcing data for assimilation for thermal
lake models short-term structure on 46
forecasts lakes

Chapter 7. Synthesis
Summary of findings and future research

Figurel.1l Overview of thesis.



CHAPTER 2. LITERATURE REVIEW

2.1.Lakephysics

2.1.1. Thermal structure of lakes

The thermal structure of lakes controls many aspects of chemical and biological lake
functioning (Wetzel, 2001; Reillyet al, 2003; Cantinet al, 2011) Most aquatic
organisms are ectotherms, relying on the temperature of the local environment to control
their biological activity (Bullock, 1955; Goldman, 1974\Water temperature also
influences water chemistry. At higher temperatures reactions occur more quickly and this
is a major controlling factor for chemical and biologieativity, including in lakes
(Butterwick et al, 2005) Dissolved oxygen is one of the main chemical elements in
water that is affected by temperature asigher temperatures the water holds less
oxygenso while the water could be saturated with oxygen at very high temperatures, it

still may not have enough to support aquatic(idewning and Truesdale, 1955)

Within lakes, the main source of heat is framcoming solar radiation
(HendersorSellers, 1986)Water has a high specific heat capacity and when the light
enters the water, it dissipates in the form of heat er(@tdwlski, 1973; Wetzel, 2001)
Heat can also be transferred by conduction with théMaCombie, 1959and by the
addition of heat from the sedimefftsayet al, 1992) Heat is lost fromhe lake by
thermal radiatior{fSaur and Anderson, 195&onduction(Williams, 1963) evaporation
(Dake, 1972pand through the outflow&Saur and Anderson, 195@jigure2.1) . Wind
is the main force which controls thertical distribution of heat within a lak@eeterst
al., 2002) Wind stress on the surface of the lake generatésilemce which causes
mixing of heat energfrom the upper layers to the lower lay@mberger, 1985; Boehrer
andSchultze, 2008; BranandTorgersen, 2009)/hen the lake is isothermal there is a
similar temperature throughout the lake water column. In this isothermal state, mixing

occurs even with a small amount of wind eng@snith, 1979)
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Figure2.1 Major heat exchange processes operatiranianclosed water bo@gdapted
from SaurandAnderson, 1956).

During the spring, Wen solar radiation begins to increase, there is generally an
increase in thevater temperature at the surface of a Idk&erger, 1985; Kirk, 1988)
This warme water becomes less dense, and a density difference forms between the
surface and bottom which prevents the whole water column from mixing and the lake is
stratified(Boehrer and Schultze, 2008) lake is referred to as thermally stratified when
there is a temperature gradient greater than 1 2qStefanet al, 1996;Wetzel, 2001;
Foleyet al, 2012) The occurrence of stratification in lakes does not happen suddenly,
generallyit occurs over a period of timgtainsbyet al, 2011) There is no universal
definition of stratification with variations such as a temperature difference of 1 °C
between top and botto(tefanet al, 1996;Readet al, 2014; Wbolwayet al, 2014) a
density difference between top and botton® @251 0.07 kg m (Staehret al, 2012;
Woolway et al, 201b) or a consistent stability threshold related to Schmidt stability
(e.g. >30 J M Readet al, 2011) As the summer progresses, temperatures generally
increasen the upper layers of the water column, leading to the creation of three layers
in the water colmn which are refer to as the epilimnion, the metalimnion and the
hypolimnion. The epilimnion is the upper layer which generally has a uniform warm
temperatureand in which the water is circulatifglutchinson and Loffler, 1956)The
metalimnion is the water layeavith a steep thermal gradient. The thermocline occurs
within the metalimnion and it is the plane of the maximum rate of decrease in temperature

with respect to depth, usually >1°C¥tBalon and Coche, 1974The hypolimnion is
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the region below the metalimnion which is distinctly coldeantithe epilimnion and

usually has a relatively uniform water temperaiiysetzel, 2001)

Heat is transferred to lower depths in a lake ilbgoming light radiation,
convection currents, diffusion and turbuleribake and Harleman, 1969)hedepth o
whichlight can penetrate into the water column is controlled by light attenu&tetzel,
2001) Light attenuation is the exponential decreadelight intensity with depth
according to BeeLambert Law(Swinehart, 1962factors which affect light attenuation
include concentration of chlorophdl(Sanchezt al, 2017) dissolved organic matter
(DOM) (Watraset al, 2015) and suspended solid§Jameset al, 2004) In high
concentrations, these can increase the turbidity of the water and redueglthie @hich
light can penetratelhermocline depth has been shown to be positively correlated with

water transparency in Arctic lak@sortinoet al, 2014)

Turbulence within the epilimnion can carry heat energy into the metalimnion and
further into he hypolimnion (Imberger and Patterson, 1983 temperate climates,
throughout the summer season, aslétke gets more heat energy, the epilimnion and
metalimnion deepen down into the hypolimnion as the lake stores more heat energy
(Wetzel, 2001)During the period of stratification, the lake is referred to as stable. This
stability is defined mathematically as the amount of energy required to mix the entire
volume of the lake without the addition or subtraction of heat en&gymidt, 1928;
Hutchinson, 1957; Idso, 1973} is a way ofquantifyingthe resistance of the lake to

mixing forced by the wind due to the potential energy inherent within ther a@tmn.

Towards the end of the summer season the amount of heat energy coming into
the lake is generally reduced and the lake begins to cool. Autumn turnover is the period
when the summer stratification breaks down and the lake rfBa=hrer and Schultze,
2008) This breakdown can occur over a couple of weeks (Lake Mendota, WI, US) or in
a few hours (Lake Wingra, WI, USYenkin, 1942; Coulter, 1963; Reynolds, 1980;
Mageeand Wu, 2017) The main drivers of this breakdown are usually higher wind
speeds coupd with heat losses. Monomictic lakes then return to an isothermal state until
the onset of stratification in the following spring or early sumiBeehrer and Schué,

2008) River inflows and outflows can also influence lake stratification as depending on
the density they will entrain at different dep(i@ortéset al, 2014) Inflows affect the
depth of the thermocline, surface temperature in summer, hypolimnion temperature,

surface temperature in winter and the rate of heating and cooling within the water column
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(Fenocchiet al, 2017) Nutrients within the inflows enter at the intrusion depth of the
inflow and only become mixed when a mixing event occurs within the(M&ti et al,
2011)

Lakes can be classified according to their mixing regime with the three most
common types of lakes being monomictic, dimictic and polymi@tewis, 1983)
Monomictic lakes are lakes which undergo mgionce a year, usuallyp the autumn
period. Di mictic lakes have two mixing periods per year, one following summer
stratification and another following ice cover and inverse stratification in winter.

Polymictic lakes are lakes which stratify and mix nplé times a year.

Stratfication can control the distribution of dissolved and suspended materials
(EtemadShahidi and Imberger, 200&hd allow them to concentrate above and below
the thermoclin€Elci, 2008) Thematerials tend to concenate near the thermocline and
in a layer just above the sediment water interféidarrsch and Rea, 1982Yhe
thermocline plays a role in regulating the vertical distribution of bacterial community
composition, ot this is due to its cdrol of water quality parameters such as dissolved
oxygen, conductivity, and nutrier(fgu et al, 2014; Zhangt al, 2015) The thermocline
can also act as a barrier to dissolved oxygen and increase the probability of anoxia
occurring in the hypolimnio(El¢i, 2008) It alsoplays an importanlein zooplankton
and phytoplankton biomass and compositibeepening of the thermocline as a result
of increased mixing has been shown to increase zooplankton bi(®aatset al, 2014)
and dominance by smaller figvasive speciefGauthieret al, 2014) Phytoplankton
has exhibited greater production in the epilimnion in response to deepening thermocline
(Cantinet al, 2011)

2.1.1.1 Heat Fluxes

Lakes have a@lynamic interaction with the atmosphere with regards enenggs and
momentunfluxes(Samuelssoet al, 2010) They integrate climate signals and respond
quickly to local changes in meteorologddrian et al, 2009; Jenimgset al, 2012) This
interaction at the aiwater interface has been well researched in the context of
oceanographyor gas exchangéHasse and Liss, 1980biogeochemistry interactions
(Haese, 2006&nd heat and mass exchas@éondo, 1975; Liwet al, 1979; Fairalkt al,
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1996)where the sae principles can be applid¢dr lakes. Heat fluxes can affect lake
stratification and ice cover duratigAndersonet al, 1996) Lake surface heat fluxes,
are influenced by the dgace area and the latitudinal positiavhere lager lakes and
those at low latitudes have a highates ofheat losgWoolwayet al, 2018)

2.1.2. Turbulence

Within lakes there are two main types of flow: laminar flow and turbulent fWetzel,

2001) Laminar flow occurs at slow speeds where water moves in straight litteaavi
interaction(Smith, 1979; Saggiandimberger, 2001)Turbulent flow occurs when the
water reaches a critical velocity or when there is ojgasorizontal movement between
layers of water of different densiti@#&/etzel, 2001) Turbulent flow is the main flow that

is found within lakes. Wind is the main driver of turbulence, particukartite surface
boundarylayer (Kocsis et al, 1999; Wuestt al, 2000) Turbulent flow allows for the
exchange of heat energy within a laKewrbulent kinetic energy (TKE) is the mean
kinetic energy per unit mass associated with eddies in turbulen{flope, 2000)The
transfer of heat energy across a thermal gradient can be used to approximate how much
turbulent transport is present. The coefficient of eddy diffusivity) (K a measure of the

rate of exchange of ming across the plume. This also allows the estimation of
turbulence from changes in temperatiiendzo and Haider (2094ound that within

small stratified lakes, a turbulent boungtayer develops. The thickness of this layer is
dependent on 1) the dissipation of TKE, 2) the strengtkratifscation, 3) the length of

the sloping boundary and 4) the angle of inclination of the sloping boundary. When a
lake has gently sloping bouriiss, it reduces the energy from internal waves. In shallow
lakes, the occurrence of submerged macrophysesiatreases the dissipation of TKE

andattenuates winéhduced vertical mixingHerb and Stefan, 2004)

The irregular, diffusive, idsipative flow of water with no velocity direction
causes changes in water column turbulgff@nekes and Lumley, 1972iapycnal
mixing, that is mixing across surfaces of equal density, is a hugely important physical
process with lakes. It plays a role in the vertical distribution of chemical and biological
constituentgGoudsmitet al, 1997) Diapycnal fluxes are mainly determined by mixing

which occurs in the bottom boundary lay&oudsmitet al, 1997)
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Eddy diffusion coefficients of turbulence depend on the degree afistxaon
in lakes(HondzoandStefan, 1993)Vertical eddy diftisivity is the main process which
determines heat transfer at lower depths within Igk#Comick and Scavia, 1981)
Vertical eddy diffusivity within the water column is ten times less than that at the lake
atmasphere boundary lay@EtemadShahidi and Imberger, 200Boundary mixing that
occurs at the thermocline plays an importaoke in propagating internal waves
throughout the lake. This transfers energy between different zones within tfisdedes
2007) High frequency internal wasehave a large contribution to temperature and
current velocity in the littoral zone. They can cause large fluctuations and the period of

these fluctuations is directly related to the buoyancy frequgtarke et al,, 2006)

Turbulent kinetic energy is supplied by wind shear. This can be calculated using
data m the lake surface area and shear veldéityndzoandStefan, 199). The vertical
transfer of thermal energy is primarily driven by turbulent mechanisms, even below the
epilimnion(Jassby and Powell, 197%jorizontal turbulence is generatey shear at the
surface, while towards the bottom of the lake it is generated by inertial subrange
diffusion. Shear is of critical importance because it is highly tzaae with wind forcing
and diffusion coefficients during events where there is hwghd speedgLemmin,

1989)

Lake thermodynamics are driven by exchandeshergy between the lake water
and the atmosphere. When air temperature incremgtce water temperatiséncrease
concurrentl(Rempferet al, 2010) Studies to date indicate that surface waters and lake
stability will increase acrosskes because of warmer air temperatures in response to
increased greenhouse gas emiss(oii36 R etiall 2046; Sahoet al, 2016; Woolway
and Merchant, 2019) akesuifacetemperatures are projected to increase by 89%
of air temperature increases in the coming dec@8elmidet al, 2014) leading to
longer stratification pericgl(Palmeret al, 2008; Adrianet al, 2009; Vincent, 2009;
Sahocet al, 2016) The response of botih temperatures in lakes to higher temperatures
is more complex and variable because of its dependence on mixing and othgr ener
inputs(Kraemeret al, 2015) Under projections of increased smperaturgdeep lakes
arelikely be more resistant to thermal changes, while in northern lakes it is predicted that
there will be a reduction in the lgth of ice cover during wintdButcheret al, 2015)

This effect of climate warming could possibly be reduced and maybe everectbgrs
the associated changes in river discharge regimes as a result of climate(£Zhanget

al., 2014; Fenocchet al, 2017) Raman Vinnget al (2017)found that the river water
13



temperature had to be lower than that of the lakeate a cooling effect toounteract
warming by climate change. They also concluded that the tributaries can have an

influence on the whole lake system in lakes with a residence time of less than 1000 days.

Within lakes there ardifferent typesof mixing: buoyant convectiofCarmack
and Weiss1991) wind-driven eddy diffusivityJassby and Powell, 197&dmolecular
diffusivity (Imboden and Wiest, 1995pnedimensional lake models capture these
processes byarameterizig the mechanical energy balance or with turbulence and
diffusion equationgMcComick and Scavia, 1981)hey parameterisehe boundary
effectsof lake bathymetry anthke surface exchanges with the atmosphere

2.1.3. Mass Transport

There are two main types of mass transport in lakes: diffusive mass transport and
advective mass transpoRiffusive mass transport occug two processes: molecular
diffusion, which is slow, and turbulence diffusion, which is much fagteer et al,

2013) The onset of stratification is a product of this type of mass transport. In large lakes,
water can heat up close tioe shore and lead to the creation of a horizontal density
gradent between shallow waters and deeper waters. Water moves towards the density
gradient from both sides and sinks at the gradient creating convectivéRamlst al,

2004) This region of a density gradient is called a thermal bar and it can trap suspended
sediment near the shorelines of the lake. It disappears as water temperature begins to
increase and the bar moves outtgamto deeper regions of the laf&chetzer et al,

1987; Holland and Kay, 2003)

Advective mass transport is when the transport is unidirectional and the identity
of the substance being transported remains the @ameeet al, 2013) Exchanges occur
between the pelagic and littoral zones and these owdwen there are horizontal
differences in densityMacintyre and Melack, 1995)This includes cuwent and
temperature gradients, Coriolis forcdange lakes, seiche movements and river plumes.
Currents are driven by temperature and wimtdracting with théathymetry of the lake
(Benningta, et al, 2010) The Coriolis force isoticeablen deeplarge lakes such as the
Great LakegTsvetowa, 1998)or long deep lakes in Italjpilotti et al, 2018; Piccolroaz

et d., 2019) Seiche movement in a lake is when a strong wind force pushes the lake
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water mass towards one shore. When the wind force then drops, the water returns in the
form of a waveTrebitz, 2006) Seiches can occur at regular intervals withka, with
periods of 214 hours, andhis createsnternal waves. This is particularly evident when
the lake is stratified, and it can lead to oscillation of the thermocline and drive mixing,
thus deepening the surface mixed lagfmtenucciet al, 2000; Saggio and Imberger,
2001) It influences the spatial heterogeneity and horizontal differences in production of
phytoplanktonHingsameset al, 2014) It usually occurs along the loraxes of the lake

and lake morphometry and bathymetry also play an important role in how this wave
propagates through the bagikueret al, 2013) Valerio et al (2012)used the presence

of an island in Lake Iseo to analyse the effect of lake bathymegtepimparing models

of the internal wave in the lake with and without the island. The island disrupted the
symmetry of the wave and amplified the vertical displacemetitanarea around the

island.

Rivers andwithdrawals catransport heat, nutrients angspended sediment into
and out oflakes. The transport of these within the lake is mainly controlled by density
differenceg(Fischeret al, 1979) River and straa inflows are key to heating parts of
the lake which are not reached by sunlighttsa areas across the thermocline and also
within the hypolimnion by aiding convective mixir{f§enocchiet al, 2017) The rate
and size of the inflowsare one of the controlling factoras the distribution of water
massesvithin the lake The circulation driven by rivers depends on the rate of the inflow
and also the temperature of the lake relativdéotémperature of the inflogCarmack
et al, 1986) Carmack (1979%howed that, for Kamloops Lake in Canada, the riverine
flow-controlled lake-wide circulation patterns particularly prior to spring overturn.
Depending on the residence time of the lake, the overall contribution of intothe
| akeds t heg depehdenbandig anflow mass but in comparisorthe
contribution of atmospherituxes it is generally quite loPeeterst al, 2002)

2.2.Limnological monitoring

Monitoring of lakes allows for further understanding of the complexities of processes
occurring within the lake. In addition to the rate at which these processes occur, there are
strong physical, chemical and biological interactiooccurring between diffeng

processes. Lakes have been referred to as sentinels of climate change because they are
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known to integrate lonterm climatic signalgAdrian et al, 2009)and can respond
quickly to local meteorological perturbatiofiglaberly, 1996; Macintyreet al, 1999;
Woolwayet al, 2015) Longterm stulies of lake surface temperature have been used as
indicators of the varyingffects of climate change globally during sumnieeterset

al., 2002; Livingstone, 2003; Coagsal, 2 0 0 6 ; etd),@R = BHodetyal, 2016)

The temporal resolution of traditional monitoring would be weekly to monthly time
scales using handheld sensors, but these dccapmiure suigaily changes inake
function. To capture shoiterm changes within lakes, moored buoys wsitites of high
frequency sensors have been deployed in lakes which measure water temperature
throughout the depth profile, meteorological conditiabhsve the lake, and an array of
chemical parameters usingsalectioof sondegDaly et al, 2004; Porteet al, 2009;
Marcéet al, 2016) Lake watetemperature profiles are generally one of the commonly

measured parametdienningst al, 2017)

Monitoring of lakes is often supplemented with numerical modelling. Models are
crucial tools used to test hypotheses and to gain further understanding of how systems
behave Furthermorelongterm monitoring data progled the basifor calibrating such
models(Gal et al, 2009; Arhonditsist al, 2017; Luoet al, 2018; Ayalaet al, 2019;
Moraset al, 2019)

2.3.Lake and reservoir modelling

2.3.1. Hydrodynamic models

Changes in lake thermodynamic structure profoundly influence lake duairad
including biological activity. These physical changes include the timing of autumn
overturn, the onset and offset of winter-amver, the earlier occurrence of stratification

in spring, the development of a stronger gradient in the thermoclinea ayeheral
warming of the entire water colun{Perroudet al, 2009) There are two main types of

lake models: empirical models wherket structure is based on the observational
relationship among experimental data, and mechanistic models which represent physical,
chemical and biological processes within a lake. A mechanmistidel is a model that

uses differential equations and changéh neference to time and represents behaviour
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(Dowd, 2006) Models of lake physical structure help to summarise and integrate current
knowledge of lake dynamics and the various factohschv influence water quality
(Stepaenko et al, 2010) They also help to increase understandihdh@v a lake
responds under specific environmental conditions. Lake models are a tool that allows
water resource managers to evaluate differeitka scenarios at a moderate cost to
more exensive monitoring practice@Hamilton and Schladow, 1997; Omliret al,

2001) There havebeenrecent developments o hybrid model Aairw®khedat er o
simulatesurface temperatufmsed omotha mechanistic model and an empirical model
(Piccolroaz, 2016; Piccolroa al, 2018)

Lake hydrodynamicscan be modelled in two different ways: finite difference
models and bultake modelqStepanenket al, 2010) Finite-difference models use a
down-gradient approxnation for heat transfer equations to parameterize turbulent fluxes
of heat using finite difference methog€henget al, 1976) The k-epsibn (kU )
turbulence model is the most common model used in computational fluid dynamics to
simulate mean flow characteristics for turbulent flow conditidhi®rsteeg and
Malalasekera, 1995)t is a tvo-equation model which gives a general description of
turbulence by means of two transport equations. The two equations allow it to account
for historical effects from awvection and diffusior{Bardinaet al, 1997) K-epsilon

parameterisation ismore sophisticated way of calculating turbulence fluxes.

Bulk lake models argenerallyapplied in atmospherior numerical weather
predictionmodels to calculate thew@r boundary condition of surface temperature and
moisture needed to compute turbul8oxes at the lakeatmospherénterface(Hodges
et al, 200@&; Mironov, 2008; Wangtal., 2015) They are mostly used to model surface
lake tempeature (Stepanenkat al., 2010) There is no single lake model that can be
usedto model lakes across a wide variety of climate scenarios and different physical
types of lakegMooij et al, 2010; Stepanenkat al, 2010) Turbulence models, however,
are usually computationally expensive, and tpeyerallyrequire extensive lakspecific
data which is one dhe reasons they have not yet been used in any clmmatels(Sulin
et al, 2012)
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2.3.2. Modelling in different dimensions

Lake models can differ in their spatial dimension and the choice of dimension to use is
dependent on thepplication of the modeDne dimensional (1D) modelling requires that
variables change predonaintly in one defined direction and within lakes thetival
gradient is where the most change is. When modelling lake physics, and where there is
no focus on horizontal variability, then 1D modelling is the best offtitypseyet al,

2014)

Two-dimensional (2D) models have been used to modeh [wasrents in large
lakes(Boegmanet al, 2001) lake level fluctuabns (Schwabet al, 1981; Paukt al,
2019) and eutrophication dynamicd.i-kun et al, 2017) These work well when
predicting horizontal variability in lakes but thegndto poorly replicatethe vertical
variability with a high enough level of accuracy to slate the thermal structures and

fluxes corretly (Swayneet al, 2005).

Three dimensional (3D) modelling okles is more advantageous thandi2D
modelling because it allows for modelling of internal waves, mixing, spatial gradients
and higher resolutioHodges et al, 200(). The main drawbacks of3 modelling are
that it requires high computational power and memory, higher data requirements and
higher level of expertiséCastellettiet al, 2009; Acostat al, 2015)

Generally 3D models are used mainly for large lakes and are often coupled with
climate models for global and regional climastudies(Swayneet al, 2005) and
incorporated into atmospheriorecast model§Huanget al, 2010) One dimensional
models are more frequently used for characterisation of lake physics within a target lake
(Kirillin, 2003; Karaet al, 2012; Read and Rose, 20BRpseet al, 2016) or on a
regional scaléReadet al, 2014; Le Moigneet al, 2016; Woolwayet al, 2019) They
have also been coupled with biogeochemical models to assess, for exauntndet
cycling within a lakeg(Mukherjeeet al, 2008) phytoplankton abundan¢g&wart et al,
2015)or the impact of macrophytes on water qua(ityit et al, 2010) A study on two
reservoirs in Australia which combined 1D and 3D hydrodynamic models with one
biogeochemial model found that this approach provided much more insight into
simulating biogedeemical fluxes anda more accurate representation of ecological

processeg§Romeroet al, 2004)
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2.3.3. Finite-difference models

Eddy diffusion models arinite-differencemodels where the diffusion of energy within

a lake is mixed by eddy motio Turbulencebased models calculate the amount of
turbulent kinetic energy that is available, parameterise the vertical transport by eddies,
and include functions for the dissipatiof energy(Imbergeret al, 1978; Burchard and
Baumert, 1995)

The structure of 10models varies but the two most common structures are
Lagrangian and Eulaan. Lagrangian models divide the lake into horizontal layers with
uniform properties but tereinthe layers can get larger, smaller, and even merge with
other layers in accordance ttvihow the mixing equations have been parameterised
(Imberger and Patterson, 1981; Hips#yal, 2019) The General Lake Model (GLM)
and the Dynanais Reservoir Simulation Model (DYRESM) are examples of Lagrangian
models.Eulerian models are oriented on a fixed grid structure with fluxes occurring
between the different grids. The General Ocean Turbulence model, Simstrat and the
multi-year lake simulén model (MyLake) are examples of models that use a Eulerian
grid (Goudsmitet al, 2002; Burcharet al, 2006; Saloranta and Andersen, 2007)

2.3.4. Coupling a physical model with a biogeochemical model

Numerous hbgeochemical models have been developed of varying degrees of
complexity with processpecific modulesThe Framework for Aquatic Biogeochemical
Models (FABM)is a very powerful tool as it allows the user to dynamically couple
biogeochemical models to phgal models and to select different modules from different
biogeochemical models. At runtime modules from different models can be combined to
create custonrtailored models to adapt the model to the needs of different lakes
(Bruggeman and Bolding, 2014)hile such coupling is not part of the current study,
the modelling work described here forms Haesis for coupled physicadiogeochemical
modelling using FABM in the wider PROGNOS project.
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2.3.5. Widely usedakemodels

There are many 1D hydrodynamic modelshe literature that have been developed for
different applicatioa and purposes. Here, we Dbigefintroduce and describe the
similarities, differences of each of the models. The most popularly used models are

presented.

The Freshwater Lake model (FLake)x bulk freshwater lake modelMironov,
2008)(Table2.1). It is based on a twlayer parametric representation of the evolving
temperature profile and dhe integral budget of energy for the layers in question. The
two layers are a mixed layer andayer below this which is separated from the mixed
layer by the mathematically calculated mixed layer depth. It calculates the mixed layer
depth based on teramture. The depth of the thermocline is a function of- non
dimensional depth. This model haseheembedded in a number of land surface models
and climate model@Mironov et al, 2010; Stepanenket al, 2014; Le Moigneet al,

2016) It has been used for regionalchglobal studies due to its computational speed and
relative accuracy in simulating surface temperat(Wésolway et al, 201b; Shatwell

et al, 2019; Woolway and Merchant, 201@nd irtegrated in numerical weather
prediction to improve weather forecaqigironov et al, 2010, 2012)and regional
climate models to account for flux exchange between the atmosphere and lakes
(Bogomolovet al, 2016)

The Freshwater Lake model (FLake) was developadibgnov (2008)and uses
the concept of a seffimilarity curve to simulate lakatmosfhere exchanges, mixed layer
depth and surface and bottom temperatures. FLake does not require detailed lake
bathymetry information, beyond lakeean depth. This is known to be a parameter within
FLake where small changes can noticeably alter the simutateeld layer depth
(Samuelssoret al, 2010) This model has been integrated into numerical weather
prediction models to improve weather forecasts by accounting for the influence of
surface fluxes from lakg®ironov et al, 2010) It has also been used in large regional
scale modelling studies due to its computational efficie8hatwell et al, 2019;
Woolway et al, 2019)and for analysis of lake surface energy fluxes and stratification
(Stepanenket al., 2014)

Simstrat is a ondimensional model that is capabté modelling thermal

stratification and mixing of deep laké&oudsmitet al, 2002)(Table2.1). It has the
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potential to be coupled with biogeochemical models such as the Aquatic Eoasyst
Dynamicslibrary (AED) (Hipsey et al, 2013) through the Framework of Aquatic
Biogeochemical Models (FABM{Bruggeman and Bolding2014) ltisa kU mo de |
which accounts for turbulent mixing and has been developed to account for mixing by
calculating internal seiches. This model has the flexibility for inflows to be added in at
different depths or with intrusions based on their dgri&oudsmitet al, 2002) It has

been used in sevédrease studies quantifying the impact of inflofman Vinnét al,

2017) and solar brighteningSchmid and Koster, 201&n lake thermal dynamic,
parametrisingseiches and deep mixir(@audardet al, 2017)and interfaced with an
atmospheric moddlGoyette and Perroud, 2012)

The General Lake Model (GLM) is a odanensional hydrodynamic model
which combines energy and mass#a to simulate water column temperatuegpsey
et al, 2012, 2014, 2019)rable2.1). It uses a Lagrangian layer structure which changes
over time in corespondence to the changes in dendihe thickness of the layers can
increase or decrease over time. When there are density instabilities or when the turbulent
kinetic energy between layeexceeds the potential energy threshold, the layers merge
accountng for the mixing process. This process allows for thinner layers when
calculating mixing in areas where there are strong density gradients and thicker layers
where there are weak density dients(Figure2.2). This is a computathal advantage
and increases the model s flexibility to
structure of finescalemixing processes around the metalimnion, where large density
jumps might occur over abrupt depth intervals. It uses heat éramasfd mixing
algorithms summarised byamilton and Schladow (19919 calculate the transfer of
heat in the water column. It can be coupled witherthe Aquatic Ecodynamics (AED)
library or the FABM framework (Bruggeman and Bolding, 2014) to simulate
biogeochemistry within the lake. Some of the key mixing algorithms for GLM were
inherited and inspired by Hotthe Dynamic Reservoir and Lake Model (DYRESM)
(Imberger and Patterson, 1981; Hamilton and Schladow, 1#88¥}he Dynamic Lake
Model (DLM) (Chung et al, 2008) but have been further developed. It has been
rigorously tested acredakes of differing morphometries within different climatic zones
and has demonstrated a remarkable ability to simulate water profile tempefatuoes
et al, 2018; Buecheet al, 2017; Buechend Vetter, 2014; Fenocchet al, 2018;
Fenocchiet al, 2017)
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Figure2.2 Example of the flexible Lagrangian layer structure within the General Lake
Model for Langtjen, Norway, with example temperature profiles from April, June and
Septerber. Note that the layer thickness decreases around the thermocline when it
develops in summertime.
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The General Ocean Turbulence Model (GOTM) is a-dineensional water
column model thaparameterises key hydrodynamiqaiocesses related to vertical
mixing in water(Burchardet al 1999; Umlaufet al 2005)(Table2.1). It was initially
developed for modellop turbulence in the oceans, but isHaeen recently adapted for
use in hydrodynamic modelling in lakéSnstadet al, 2008; Sachset al, 2014) It
provides the option of using diffent turbulence closure parametelimas to model the
interaction between mixing and stratificatiBurchardet al, 2006) GOTM isusually
used for invetigating physical processes in natural waters but it can also be dynamically
coupled to a biogeochemical model using the Framework for Aquatic Biogeochemical
Models (FABM) (BruggemarandBolding, 2014) GOTM has been used to model the
dissolution of CQin lakes (Enstadet al, 2008) extreme events in a eutrophic marine
system( Ci g | etale2D1ld)iimpact of macrophytes on water quali§achseet al,
2014)and hinaasting and future climate change projectiOigala et al, 2019; Moras
et al, 2019)

The Dynamic Reservoir Model (DYRESM) was designed to predict the vertical
distribution of salinity, temperature and density within lakes and reser\hmiberger
and Patterson, 198(Jable2.1). It is a procesbased model that usetagrangian layer
scheme which then allows layers to mix whentthbulent kinetic energy in the top layer
exceeds the potential energy threshold between that layer and the lower layer. It can be
run on its own to investigate hydrodynamics of the watey loodt can be easily coupled
to an aquatic ecological modelgtomputational Aquatic Ecosystem Dynamics Model
(CAEDYM) (Hipsey and Hamilton, 2008}t has been used to model thieets of
climate change on case study lakKesnentzagt al, 2007; Weinberger and Vetter, 2012;
Hetheringtonet d., 2015; Takkouk and Casamitjana, 2Q16&ffects of using amir-
bubbler in a reservoi(Helfer et al, 2011) and changes in ice cover and thermal
stratification (Magee and Wu, 2017a, 2017b)
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Table2.1 Charateristics of thdive lake modelsthe General Lake Model (GLM}the General Ocean Turbulence Model (GOTM¥g Freshwater Lake

model (FLake), Simstrat and Bgmic Reservoir Model (DYRESM).

Model

GLM

GOTM FLake

Simstrat DYRESM

Met forcing data

Sub daily integration

Type

Hypsograph used

Model version

Downwellingshortwave,
downwelling longwave,
cloud cover, air
temperature, relative
humidity, wind speed,
rainfall, snowfall

Z

Energy balance

Z

3.0.0 beta 12

Downwelling shorwave, Downwelling shorwave, & Wind speed, air temperatur Downwelling shortwave,

air pressure, cloud cover, temperature, humidity, win

air temperature, relative
humidity, wind speed,

precipitation

N N
kO turbul Bulk
N X

5.1.0(lakei branch) -

24

speed, cloud cover, vapourpressure,

downwellinglong-wave downwellinglong-wave

downwelling shortwave,  downwelling longwave

cloud cover, air temperatur
relative humidity wind

speed, rainfall, snowfall

Z
Z

k-Uturbulence Energy balance

Z
Z



Website http://aed.see.uwa.edu.au https://gotm.net/ http://www.flake.igh https://www.eawag.ch/en/d: -

esearch/models/GLM/ berlin.de/ artment/surf/projects/simstr
/
Code Availability https://github.com/Aquatic https://github.com/gotm http://www flake.igh https://github.com/Eawag NA
EcoDynamics/GLM model/code berlin.de/site/dowload  AppliedSystemAnalysis/Sin
trat/
Reference Hipseyet al, 2019 Burchardet al., 2006; Mironov, 2008 Goudsmit, 2002 Imberger and Patterson, 1¢

Burchardet al.,, 1999
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2.4.Model parameterisation

Although these modelfiave been rigorously tested during development with regards
parameterisain of the different model equations for momentum, heat, turbulent kinetic
energy and turbulent dissipatiddowever,due to the reducties in dimensionality (i.e.

1D models), these equations do not universally apply to eachnilaly the DYRESM

modd cl ai med to be Acal i br averewehpafameterséd, t h
and tested on many lakes and reserydinbergeret al, 1978; Hamilton and Schladow,
1997) Following further investigation and wider usage across lakes of different
morphometry, in different climatic zones further parameter adjustment and calibration
was needed to improvensulation accurac{Weinberger and Vetter, 2012; Hetherington

et al, 2015; Magee and Wu, 2017&prameteioptimisationis a methodology usetb
improve the accuracy of the model. However, model parameterisaigeneally
required on a sitby-site basis a®ftento account for biaseand uncertaintyn the
meteorological dataas it ismeasured directly on the lakBueche and Vetter, 2014;
Thiery, Martynov, et al, 2014) Consequentlyuncertainty in measured values, for
example, the light extinction coefficie(ferroudet al, 2009; Bruceet al, 2018)leads

to anundereimation of mixing paramete Subinet al, 2012; Denget al,, 2013; Dong

et al, 2020)

These examples illustrate that across different nsaated different typeof lakes,
there can be wide variatieim the model results. If different lake models are applied to
the same lake with the same meteorological data, the results will be different. This is due
to the different modelseing based odifferent physical cocepts(Perroudet al, 2009)

2.4.1. Sensitivity analysis

Sensitivity analysis is used in modelling to idtBnwhich parametes and forcing data
variables a model is most sensitiv§Ranosiet al, 2016) This procedure is beneficial
because it helps in ¢hunderstanding of how the model works amds in the
interpretation of redts (Pannell, 1997)Prior to the use of any environmental modtel,
has been stated thais highly importanthat a parameter setigity analysis, calibration

and validation are carried o(igrgensen, 1995; Refsgaatdal, 2007) For example,
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Bueche and Vettg2014) carried out a sensitivity analysis on the meteorological input
data on DYRESMFrom this hey were able to identify errors in the modelled water
temperature and hypothesishy the errors occurred based on the sensitivity analysis.
Understanding t sensitivity of model outputs to changes in model parameters can
inform the selection of a range of parameters for use in calibration to improve the model
performance.A sensitivty analysis has been used to asseshethera modelis
generalizable and cde applied to other ecosystems through identification of parameters
which are site specifiMieleitner and Reichert, 20063hatwellet al (2019)found that
changes in lake water temperature were moderately sensitive to changesein

transparency by running simulans with dfferent light extinction coefficients.

Patterns seen within the sensitivity analysis were used to show which types of
lakes exhibited similar behaviours, for example lakes with high transparency had deeper
thermocline depthgBruce et al, 2018) Analysing model sensitivity to changes in
meteorological forcing data allows the idemt#iion of n-lake variations as a result of
meteorological changes and also it gives an insight to the possible source of error within
the model as a result of inaccurate measurements of the meteorological parameters
(Bueche and Vetter, 2014)Vhen calibrating DYRESM, for example, for a high alpine
lake, a sensitivity analysis determined that the two model parameters which were most
sensitive were maximumyar thicknes in the model and the mixing coeffici€ualerio
et al, 2015) The model was tested by comparing different scenarios such as with and
without inflows, andwith increasesrad decreases in wind speed of@5A sensitivity
analysis was carried out for GLM Byuceet al (2018)across many different lakes with
a focus on analysing the different stresses within the different lakes. The surface
boundary layer of the lakes was found to plagominant role in blancing the themal
budget of the lakes in this studrritt, 1987; Wiest and Lorke, 2003; Verburg and
Antenucci, 201Q)

Sensitivity analysis of the model parameters helps to understand the changes that
will result from changes in model parameters during calibrationelfishto inform
parameter selection for calibration and can be used to characterise uncertainty within
model resultslt is used consistently in modelling both physical and biogeochemical lake
models(Arhonditsis ad Brett, 2005; Lucet al, 2018; Bhagowati and Ahamad, 2019)

The process of determining which parameters are most sensitive to change allows the
calibration effort to béocused orthese parameters and for ranges to be determined for

each parameter. Theensitivity of the model to a parameter is usually measured by
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measuringresponses in one of the main variaplees example,water temperature
profiles relative to changes in the paramet¢Fashamet al, 1990; Schladow and
Hamilton, 1997; Bueche and Vetter, 2014; Bratal, 2018)

2.4.2. Uncertainty,calibration and validation

Uncertainty is an area that has been extensively studied in recent years as global emphasis
has shifed to quantificationof future conditionsusing impact modelsicross many
sectorsuch as hydrolog{Bastolaet al, 2011; Brodericlet al, 2016), fisheriegCheung

et al, 2016) forestry (Herr et al, 2016; Danielet al, 2017)and agatic ecosystem
modelling(Jiaet al, 2018; Robsoet al, 2018) There have been studies examining how
uncertainty can becorporated and the information utilised within the decision making
framework(Refsgaaret al, 2007; Ascough lét al, 2008; Durbach and Stewart, 2012)
General areawithin models which have been the focugho$ thesisincludeuncertainty

in model input data, model parameters and model stru@daier et al, 2016)

If a model is to be expected to replicate real world conditions then
parameterisation dhe model is necessarfyome model parameters are includedimit
a model to allow for differences between measured meteorological data and actual
meteorological conditions on the lake. For example, wind speed is sometimes not
measured directly on the lakand the data might come from a nearby meteorological
station In such circumstances a scaling parameter is used within many models to allow
for differences between the windspeed at differing locations. However, unless some data
are available at both s#, these scaling factors cannot be validated. Other parameters
used within the model structure will be constants that are not directly measured but can
be assumed based on previous studies or approximated through automated calibration
such as minimum TKEAyalaet al, 2019) diffusivity (Denget al, 2013)andminimum
buoyancy frequencgSaloranta and Andersen, 200T)aditionally this waschieved by
a process of trial and error which was a slow process that required model expertise and
prone to shjective result§Fabio et al, 2010; Afsharet al, 2011) Many tools and
programs have been developed to faciliatmiomatic calibratiorfor lake models
(Gaudardet al, 2017; Luoet al, 2018) Automated calibration algorithentend to use
one cost function and minimise the errors between modelled and observed. This has been

shown to behave limitations due to the possibility of there being more than one
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Aopti mumo [Bevea B0OQ)TaIs is kaavh as equifinality and tends to occur
in open system$Reducing the number of calibrated parameters or including strong prior

assumptions for the parametars potentialvays to tackle this problegBeven, 2012)

Split sample testing has been an approach to model calibration and validation that
has been adopted in hydrology since the 1980s and has been widely adapted in
environmental modellingKlemeg , 1 BhB phjlosophy is based on the premise that
the model should be tested to show that it can simulate the conditions it was designed to.
This is carried out by splitting ¢havailable observational data into a calibration and
validation periodThis has also been a rigorous philosoppypliedwithin limnological
modelling(Jargesen, 1995; Refsgaaset al, 2007; Bueche and Vetter, 2014; Ladwig
al., 2018; Feldbaueet al, 2020) Thereasoning behind this to prevent model bias
towards the data available for the calibration peride effects of using sparse data and
warm @ coldyearsfor calibration of a lake model were rigorously tested and the model
simulated lake temperature accurately (median RMISE65°C across 68 lakgfRead
et al, 2019)

On theother handOreskeset al. (1994) highlighted the inhererknowledge
(epistemic) error that is present within environmental models retitenglidation of
numerical models impossible. They noted that environmental models are only heuristic,
and that the terms used s uc hterrasswhilé madeli f y 6
confirmation is always a matter of degrééhena model has a better performance in the
validation period compared to the observed datiigatkes it difficult to justify this
behaviour so using the entire dataset for calibration is smee preferredLedesma and
Futter, 2017) The robustness in parameter estimatisas shown tancrease with the
longer the time period used for calibrati(irarsseret al, 2007) The reasang behind
this is that itallows the calibration to be more bated across a wider range of

environmental conditions.
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2.5.Lake Model Applications

Models can inform management programmes by allowing water managers to take
proactive measures to preserveavauality in their water bodLangsdalest al, 2013)

For exampleTanentzapet al (2008)investigated decreasing lake water temperature in
Canada despite a general trend in increasing air temmpesafThey attributed the 28

year decease in water temperature to a%8%eduction in wind speeds a result of tree
felling around and near the lakEhe 1D lake modelDYRESM, was usetb calculate

this. Models have also been used to simulate thetsffe#fcreducing nutrient loads
(Lindim et al, 2015) altered management and land (senhet al, 2017) These
techniques can be very informativelasdim et al, (2015) found that the internal loads

of phosphorusn the Lower Havel were the main drigeof chlorophyHa as when they
modelled reduced external loads of N it had no impacts on the ecositeee
dimensional lake models have been used to to understand how current speed and
direction within a lake affectsutrient concentrations in differeparts of the lake (Zhang

et al, 2013)A cyanobacterial bloom forecast system was developed for western Lake
Erie which issued bulletins to subscribers informing the of the bloom status in the lake
on a weekly basigWynne et al, 2013) Some species of cyanobacteria, such as
Anabaena circinalisare known to be toxic to humans, damagime liver and gastro
intestinal tract(Falconer, 1996)A forecasting framework was developed for Lake
Chaohu in China, which givesaltime forecasts and it is used to forecast exceedance
in water quality variable such as dissolved oxygen, tatedgen and total phosphorus
(Perg et al, 2019) Empirical models have been developed to predict changes in ice cover

for a ramge of lakes in Canad&huteret al, 2013)

2.6.Forecasting

Ecological forecasting is a growing field of science due to improvements in systems
understanding, ecological model development and statistical methodologies, faster
computers and high frequencyatd monitoring(Luo et al, 2011) This allows a
framework to be setup whehastorical data can be used to build a model based on a
hypothesised relationship between observed variables. This model can then be driven by

forecasts of driving &a to predict model states into the future. With obsemsimnear
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real time, this model can then be validated or invalidated on shorter time scales allowing
for the hypothesis and experimental design to be continuously improved to gain a better
systens understandingDietze, 2017) There is a growing requirement for ecological
forecasting as we adapt to a wide range of societal pressures knd¢ iclanate change

(Otto et al, 2017) challenges to public healguch asnfectiousdiseass (Bloom and
Cadarette2019) andreduction in local environment quality for aindhwaterquality
(Balvanera, 2019; Hamt al, 2019; Stoneet al, 2019) Forecasting allows proactive
management of such challenges and can be used to reduce the financial and
environmental costBakkeret al, 2013; Hoet al, 2019) This is particularly true with
regards to responding to rapid and sudden extreme events. In Ireland, for example, there
has been a number of large storms in recestsywhich have esed coastal damage and
large areas of floodin@suisadePintado and Jackson, 2018, 2019; Andeete, 2020)

with an increased probadlity of such events due to anthropogemduced climate
change(Matthewset al, 2018) Building a comprehensive forecasting system requires
not just the ability to predict atmospheric changes but also hae# tenges willféect
freshwater systems, including the hydrology, lake thermodynamics, nutrient fluxes and
biological responses on a catchmsoale Water quality forecast camprove how safe
adrinking water supplys (Penget al, 2019) Fa reservoirs usetbr power generation,
shortterm forecasts allow management to respond by optimising water levels in
anticipation of large flood even{Rasoet al, 2014) Forecasting key lake phenology
events, such as autumn overturn, allows resource managers of reservoirs to actively

control releases to improve water qua({ijandalalet al, 2010)

Statistical models have historically baged for water quality forecasting due to
their relative simplicity(Cohnet al, 1992) Common examples of such models would
includeregression modeland artificial neural network&.iu et al, 2010; Avilaet al,

2018) The poblem with these models is that they require lertensive datasets and
do not accurately represent the actual processes potentially limiting their ability to

capture out of rangeventySaberet al, 2019)

2.7.Data Assimilation

Data assimilation is a method used to bridge the gap between modeltisinsuénd

observatios inanoptimal manne(Reich, 2019)It is an invaluable tool whemodelling
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and particularlyforecasting as it allows model states to be updated with clatealues.

It is used in numerical weather predictigtontuet al, 2012; Hatfieldet al, 2018)and

within global meteorologicakanalysis datasefPeeet al, 2011; Laloyawet al, 2016)

This has greatly enhanced tbafectivenes®f these products by constraining the error
(Slivinski et al,, 2019) There are many different methods to implement thevakgion

of measured data but the most widely used one is the Ensemble Kalman Filter (EnKF)
(Luo et al, 2011; Baueret al, 2015; Zwartet al, 2019) It has been used in ocean
hydrological andmeteorological modelling and is known to work well within a nhon
linear framework in comparison to other methods sfragation (Vrugt and Robinson,
2007) This subject is described in further detail within the introduatiochapte 5.

2.8.Climate change

Lakes integrate lonterm climatic signals due to the interaction they have with the
atmospherandare known to respond to sudden changes and captureionghanges
within a catchment. For this reason they are regarded as $emtingdimate change
(Adrianet al, 2009) Lake summer surface temperatures have iserkglobally but the

rate at which thigs occurring is highly variable and has a weak regional coherency
( O6 Reet dl,12915) Focusing on seasonal patterns and changes aamtially
overlook changes occurring esmaller time scales such as monthly changes as they can
influence key lake phenology events such as stratification in summer acovixein
winter which are strong controllers of lake physical respof\s&ssliow et al, 2017a)
Changes in lake stratificatiomeanot strongly linked to changes in water temperature,
they are more influenced by lake morphometric characteristics such as mean depth
(Kraemeret al, 2015) light attenuatioriMcCulloughet al, 2019)and inflows(Fenachi

et al, 2017) Under various clim@& change projections, lake mixing regimes have been
projected to change (e.g. warm monomictic to meromictic, dimictic to warm
monomictic) by 2082100(Woolway and Merchant, 201%urther impacts of climate

change on lake ecosystems is discussed in further detail in the introductibagtar 5.

Lakes and reservarare under continuous pressure fromauaibation and
agricultural intensification, and from changes in climBteectional climate change can
result in a wide range of pressures on aquatic ecosystems, such as oxygen depletion at

lower levels within lakesis a result of a decrease in the solubility of oxydetey et
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al., 2012; Missaghkt al, 2017; Northet al, 2014) water scarcityHaddelandet al,
2014; AghaKouchaket al, 2015)and drinking water productioriBateset al, 2008;
Delplaet al, 2009)

Cultural eutrophication is a key phenomenohich is directly affecting and
fundamentally changing the ecological status of water bodies all round the world
(Carpenteret al, 1998, 2011)It is defined by the acceleration of eyghication in
aguatic ecosystems as a restilthmse human activities which have increased limiting
nutrients, particularly nitrogen and phosphorus. It is a recognised cause of harmful algal
blooms, fish kills and ecosystem degradat{@chindler, 1974, 2012As a result of
intensification of agriculture in the US, there lmesen a measured increase in carbon
burial raes in lakeqHeathcote and Downing, 2018 olicies that haveeen adopted
within Europe have focused on daeasing the amount of diffuse pollution from
agricultureto waterwayswhich have been shown to have an impact on lakes which are
sensitive to nutrient enrichme(tO 6 D vety aé, 2013) Increasing water temperatures
as a result of climate change has been shown to exacerbate the effects of eutrophication.
It has been shown to negatively affect hypolimnetic dissolved oxygen in teen|adies
(Foley et al, 2012) The percentage of phytoplankton biovok attributed to
cynaobacteria hasxperienceda sharpgain with increases in water temperatures on a
global scaldKostenet al, 2012)

The projected shifts in stratification duratias a result of climate chanpave
been known to influence the timing of autumn blooms in Lake Washin@tdnder and
Schindler, 2004)Availability of thermal habitat is at risk, especially for cold water fish
speciegWarrenet al, 2017) Thisimpact has been known about for decgdiésgnuson
et al, 1990) It is not just tle impat of increasing temperature for celgter sensitive
fish, but also the increase in range for predatory fish, for example ArcticSaheslinus
alpinusare projected to disappear from greater thafo4tf lakes in Sweden as a result
of increasing empersures coupled with expansion of range for pigox Luciusa
natural predator of Arctic chdHein et al, 2012) Changes in migratory behaviour has
also been documented as a respdasshangs in temperatures as a result of climate
change prevalence of some species of liias ben projected to decline as a result of
shifts in air temperature and precipitation pattérisstad and Hein, 2012)

There are areas in the world where lakes are a fundamental underpinning of a

regi onds econo miperialpinetigkas in Euragpeivehere iisestimates
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the four largest lakes provide upto%0 o f | t dlhmmarmoet@ID Z19)or the
lakes in the Yunnarplatear in China which are used for freshwater aquaculture,

irrigation and drinking water for the surrounding afleiaet al, 2007; Liuet al, 2012)

2.9.Summation of litexture

The literature described herein describes the complex and diverse field in how lake
models are designed, formulated and applied throughout limnology. They have been a
crucial tool infurthering understanding of lake physics and lakesystem interactions
There is a descriptiom chapter 3 of the four lake study sites used in chapter 4 and 5.
Chapterd will focus on how a variety of meteorological reanalysis datasets can be used
with a number of lake models to accurately simulatee lthermal dynamics. he
introduction will further review the literature around limnological monitoring and lake
thermal properties. ChaptBwill detail the application of a lake model in a shi@tm
forecasting system where the introduction targetdogamal forecasting ah data
assimilation techniqued=inally, chapter6 will detail the impacts of climate change
across 46 lakes using an ensemble modelling approach. Analysis of the literature here is
focused on describing the impacts of climate chamgake ecosystems ahdajhlighting

previous studies in this area.
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CHAPTER 3. LAKE STUDY SITES

In chapters 4% there are four lake sites that are used in the modelling studies: Lake Erken
in Sweden, Lough Feeagh in Ireland, Lake Kinneret in Israel and LangtjBionivay.

These are albng-term ecological research sites and are described in detail here.

3.1.Erken

Lake Erken is in east central Swedéralfle 3.1; Figure 3.1). Average annual air
temperature is 6.2 °C with a max of 27.6°C andnin of -20°C. Average annual
precipitation for the catchment is 578 mm ykaiThe shoreline of the lakes i
predominantly coniferous woodland giving way to agricultural land behind. Lake Erken
is ice covered each year, usually from January to late.Aarhmer stratification usually
begins in May and lasts until September, but mixing occurs during colder esumm
months.Ice cover is defined as the period when most of the lake is seen to be covered in
ice from the field station.

Water temperature data veemeasured using a thermocouple chain on a buoy
moored in the eastern end of the main basin, at a depthnof $8nsors were positioned
every 0.5 m from the surface to a depth of 15 m. The buoy is removed from the lake each
year at the end of summer befdhe onset of ice and deployed in springtime following
the offset of ice. Temperatures were measured evemytenand then averaged for each
30-minute interval. Wind speed, air temperature and relative humidity were measured at
the Malma weather stationdated on an island in the lake (N 59.84, E 18.63). Mean sea
level pressure was measured at Svanberga méigmal station which is 400 m from
the lake shore (N 59.83, E 18.63). Cloud cover was recorded at Svenska Hogarna station
located 59 km from theake (N 59.45, E 19.51).
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Figure3.1 Site map of Lake Erkersweden and its location in Swed@rset).

3.2.Feeagh

Lough Feeagh is located within the Burrishoole catchment, in the northwest of Ireland
(Table3.1; Figure3.2). The landcover in the catchment is mainly upland peat bog and
the main land uses are uplastieep grazing and coniferous forest plantafioaliton et

al., 2014) The catchment is very close to the Atlantic Ocean and as a result it experiences
a temperate oemic climate with mild wet winters and cool wet summers. The-teng
average annual air temperature is 10 °C with a maximum of 28.8 °C and a miofmum

-8 °C while average annual precipitation is relatively high at 1570 mm' yBaiton et

al.,, 2014) Lough Feeagh drains into Lough Furnace, a coastal lagoon, via bso sh
channels, both approximately 200m in length. Partial ice cover occurs only on rare

occasions. Feeagh is usually stratified from May to October.

Water temperature data were measured using a thermistor chain on an automatic
water quality monitoring stain located at the deepest point in the lake. The water
temperature was measured at depths of 0.9 m,2.5m,5m,8m, 11 m, 14 m, 16 m, 18 m,
20 m, 22m, 27 m, 32 m and 42 m atrinute intervals. An hourly mean was then taken
from this data which was usemk the observed dataset. Meteorological data were
measured onshore at the nearby Newport Automatic Weather Station, and included air

temperature, retave humidity, mean sea level pressure, wind speed and direction,
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precipitation and showave radiationCloud cover was measured at Knock airport (~50

km from the site). These data were aggregated to an hourly time step.
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Figure3.2 Site map of Lough Feeagh, Ireland and its location in Ireland (inset).

3.3.Kinneret

Lake Kinneret (or, alternatively, the Sea of Galilee or Lake b er i a s ) (32A 71
5 9 6 isiNg largest freshwater body in the Middle Eamstis a monomictic subtropical

lake located a210 m altitude, i.e., below sea level. It has a maximupthdef 46 m and

an average depth of 25 m. The surface area of the lake is Po¥ittnma catchment of

2730 knt (Table 3.1; Figure 3.3). The main inflow is from the Jordan River, which
contributes on averag® % of the totalmflow (Galet al, 2003) while the main outflow,
until 2014, was pumped to | sraeldhdifiedNat i o
from April to December and isothermal between January and March. Residence time of
the lake is on the order of 8 years though has varied greatly in recent years due to large

fluctuations in rainfall.
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Meteorological data were measured at a weraskation mountedroa sampling
platform located at the deepest point in the lake. The station was located 7.5 m above the
water level and measured air temperature, relative humidity, wind speed and direction,
and precipitation at tinuteintervals. Wagr temperature asmonitoredwith a chain
of 40 thermistors measuring at-frinute intervals every 1 m throughout the water
column(Sukeniket al, 2014)
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Figure3.3 Site map of Lake Kinneret, Israel and showing its locatidsrael(inset).

3.4.Langtjern

Langtjern is a small dimictic humic lake in central Norwagltfle3.1; Figure3.4). The
catchment is layely forested on podzolic soils with granite bedrock. The mean air
temperature is 4.4 °C with an annual maximaf 28.2 °C and minimum oR5.6 °C.
Mean annual precipitation is 979 mm y&aangtjern experiences ice cover usually from
December to April ad during the summer it usually stratifies from May until September.
There is a webcam that takes a photogragth day and from these photographs, ice
cover is defined as when all the lake in the photograph is covered(Mli¢&, 2020).

The lake temperature profile was meaduusing a thermocouple at 8 different
depths; 0.5m, 1 m, 1.5m,2m, 3 m,4m, 6 mand 8 m. This is at {hestipeint in the
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lake. A weather station located on the lake shore measures air temperature, relative
humidity, wind speed and direction and @pitation at thour intervals. Cloud cover
was not measured at this site, so cloud cover from the nearestrohsgecal station
(Gulsvik-1l located 6.8 km from Langtjern) as reportedCioutureet al (2015)was used.
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S
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Figure3.4 Site map of Langtjern, Norway and showing its location in Norway (inset).
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Table3.1 The location, charactettics and climates of each of thoair lakes, Erken,Feeagh, Kinneret and Langtjern (mono = monomictic, di = dimictic,

oligo = oligotrophic, meso = mesotropheutro = eutrophic

Mean annual Max annual

Max  Mean . . . . . Min Air s
. Area Residence  Mixing Trophic air air Precipitation
Site Lat Long ~ depth depth . . Colour Temperature I
(km?) time (yeary regime status temperature temperature o (mm yrd)
(m)  (m) o o 0
(°C) (°C)
- -
Erken, S9AT18A 23.7 21 9 7 Di Eutro Coloured 7 >30 <-20 560
Sweden N E
Feeagh, 53 09 A .
reland 5 6N W 3.9 45 16 0.45 Mono Oligo Coloured 10 >25 <5 1570
Langern, 6 0AT1O0AZ 4,5 5 2 0.2 Di Oligo  Coloured 4.4 >25 <-25 979
Norway N E
- C
Kinneret 2 ' 3°-% 166 46 25 7-9 Mono  Meso Clear 21 >35 <5 380
N E eutro
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CHAPTER 4. EVALUATION OF GLOBAL METEORO LOGICAL
REANALYSES AS POTENTIAL FORCING DATASETS FOR ONE-
DIMENSIONAL HYDRODYNAMIC MODELLING

4.1.Abstract

Lake thermal dynamics are closely coupled to climatic conditions. Consequently,
hydrodynamic lake modaimulationsin conjunction with timeseries of negirological

input data provide a powerful tool for evaluating climet@uced changes in lake
ecosystems. Globaheteorologicateanalyses dasats are usefbr climate research at
high spatial and temporal resolutidmthis study, we investigated thatability of using

these meteorological datasets for forcing-dimeensional lake hydrodynamic models
and accurately simulating water temperatures in three different ledesestablished

lake modelswere usedto sirmulate lake temperature profiles forreéle weltstudied
European lakes of varying morphometry. Muatinual model simulations forced by
localy measured meteorological data were compared with simulations forced by three
freely available meteorologicaleandysis datasets from the European Ceretrfor
Medium-range Weather Forecasts (ECMWF). Uncalibrated model simulations forced by
the meteorologicateanalysesdatasets replicated water temperature profiles with a
similar degree of accuracy (median bias27 °C) to models forced by local observed
meteorological data (median bia$.25 °C), particularly when using meteorological
datasets with subaily temporal resolutiarThis was also true for tharedictionof the

start and end ahermalstratificationin the lakesWe then calibrated each tife lake
modelmeteorologicallataset combinations and found that calibrating the models, even
with just twoscaling parameterseduced the error between simulated and observed lake
temperature profiles. We concludeat meteorologicalreanalyss can be sed in place

of observed measurementsatcurately replicatéhe overall seasonal dynamicslake

thermal structure
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4 2. Introduction

4.2.1. Lake thermal properties and climate

The thermal properties of lakes are direcigulated by climatic conditions. Chawgin

lake thermal structure can have profound implications for physical properties including
the timing of autumn overturgArvola et al, 2010; Morast al, 2019) the earlier start

of lake stratification in springKing et al, 1997; Peeterst al, 2007) the development

of a stronger thermoclin®osclet al, 2012; Valerieet al, 2015) and a general warming

of the entire water colum{®ahooet al, 2016; Schmid and Kdster, 2016; Woolway,

al., 201'b). These changes in thermal characteristics, and the subsequent effects on lake
biogeochemistry, will also be a function of lageecific characteristics such as lake
morphometry, latitude ahelevaton. Lake characteristics, for example, have been found

to mediate the effects of the historical warming on lake surface temperatures in summer
( O06 Reet dl, 12015) Kraemeret al (2017) showed how the effects of historical
warming on estimates of lake rabblism vere stronger in lakes at low latitudes and low
elevations, effects that can potentially shift food web dynamics, species interactions and
carbon cycling. Changes in lake ice cover can impact dissolved oxygen in spring
(Coutureet al, 2015) diatom species assemblagg&iffiths et al, 2017) habitat
availability (Guzzo and Blanchfield, 201And strengthening of stratificatigNiedrist

et al, 2018) The importance of lake temperature for hige processes means that any
study of the sensitivity of lake ecosystems to a changing climate requires analysis of
changes in lake physical andiimal properties as a fundamental step. Where the effects
of shortterm or longterm climate change are tliecus, simulations of lake thermal

structure using hydrodynamic models will be essential.

4.2.2. Monitoring lake temperatures

Assessment of historical afuture changes in lake temperature profiles require observed
data. Traditional monitoring of lakes invols¢he deployment of field staff to directly
measure lake characteristics including water temperature profiles. Among the main

factors that govern theollection of such datasets are the cost and time required to collect
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data. For this reason, long termatats of lake temperature profiles are relatively scarce.
There are a small number of lakes which have-tengn historic lake temperature data
suchas Lake Zurich for which data are available for 52 yfavengstone, 2003)Recent
advancements imonitoring technology has led to the deployment of sensors that
monitor variables at high frequency but @so relay this information in neagal time

using telemetry. These include sensors to measure lake water temperature profiles.
Scientific communig networks have developed around such data collection, leading to
a large increase in data availabilitydaelling an advancement of knowledge cfake
processefRoseet al, 201). There is no single monitoring strategy that can answer all
research questions but eaully designed and executed programs with a focus on the
required scales can capture insightful informatom lake dynamicéMantzoukiet al,

2018) Satellite monitoring of lakes has exponentially incrddle number of lakes that

can be monitored but comes with many limitations compared to automated mgnitorin
These include the temporal frequency and measurable variables (e.g. only lake surface
temperature and transparengi¥acCallum and Merchant, 2012nd region specific
coverage issues (e.g. reduced data due to cld@&aylelmannet al, 2001) High
frequency monitoring ata, when available, can be used to validate models of lake
thermal structure, whitcan help to expand our knowledge about kelake physical

and biological processéslamiltonet al, 2015)

4.2.3. Lake Modés

Numerical models have been widely used to examine thetésngimpacts of climate
change on lake physical structfeyala et al, 2019; Butcheret al, 2015; Shatwelkt

al., 2019; Woolwayet al, 2019)and lake lhgeochemistryTrolle et al, 2014; Darkcet

al., 2019) These studies span a wide varietyazlas, from localized single site studies
to those describing regional and globedponses to climate change. Lake models have
also been coupled with atmospheric modPlsrroud and Goyette, 2012hd can play

an important role in numericaleather predictio@Mironov, 2008; Mironowet al., 2010)

A range of lake models have been deped that facilitate the simulation of-iake
biogeochemical processgkhnk and Umlauf, 2001; Elliogt al, 2007, 2016; Saloranta
and Andersen, 2007; Johekal., 2008; Huet al, 2016; Paget al, 2017) These have

been used to model oxygen dynamiG®hnk and Umlauf, 200l)changes in
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phytoplankton commuties(Elliott et al., 2007; Paget al, 2018; Paget al, 2017)and
nutrient cycling and fooaveb dynamic¢Bruggeman and Bolding, 2014; ldual,, 2016;
Arhonditsiset al, 2017) Each of these biogeochemical models is, however, underpinned
by the simulation of the lake physical structure. They require modelling of lake thermal
dynamics toesimulate temperature profiles, and which in turn govern the availability of

nutrients, mixing dynamics and settling rates in the water column.

There are a wide range of existing 1D hydrodynamic models with different model
structure and varying degreesaaimplexity. These include the Freshwater Lake model
(FLake), General Lake ModeG(M), the General Ocean Turbulence Model (GOTM)
adapted for lakes and Simst(as described igection 2.3.% In limnological modelling,
ensemble modelling has not beenidely used approach to date. It has been used in two
studies for projecting the climate change response of phytoplaiiielsenet al., 2014;
Trolle et al, 2014) There have ab been studies carried out focused on 4intedel
comparisons, but only for single sitgtepanenket al, 2013; Thieryet al, 2014), as
part of the Lake Model Intercomparison Project (LakeMifpanenket al, 2010)

There are notable advantages when using more than one model which has been
develgped separatelylt allows for different sources of uncertainty be quantified
through comparison of the differences when forced with the same Ajatling a
combination of lake models to a site, however, allows the user to overcome potential
limitations of using one single model, such as the inherent biases aheadelh and has

the potential to improve the generalization of errors.

4.2.4. MeteorologicalReanalysis Datasets

Any multi-site study of lake thermal structure requires a full set of consistemdalata

from all study locations. Such observed data may moiyever, always be available.
Meteorologicalreanalysis data come from a combination of observations, a global
forecast model and data assimilation. These data sources are used to geserate be
estimates of atmosphere states from the surface to theatppespheréParker, 2016)

There are a large number of different reanalysis products available which cover varying
timescales and temporal and spatial resoluffbimslsayet al, 2014) They are generated

on aregional or global scale on a gridded axis and are sometimes referred to as gridded
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datasets. They are used within the atmospheric science diéidther understanding

about atmospheric processes, to validate atmosjheraistry models and to investigat

the effects of climate change on a global s¢algiwaraet al, 2017). There have been

a number of known issues related to the use of reanalysis data with regards preserving
trends and accuragyhorneandVose, 2010)capturing precipitatio(Bosilovichetal.,

2008) and warm biases in the Southern Hemispl{€Eréville et al, 2014) Overall,
however, their development has enabled studies at large spatial scales (e.g. regional or
global) &ross many different fields such as hydrol¢ggdesmandFutter, 2017; Tarek

et al, 2019) forestry (Abatzoglou and Williams, 2016Yyegional climate modelling
(Solmanet al, 2013; WarractBagiet al, 2013)and iceocean model¢Smith et al,

2014) The benefits of gridded reanalysigeteorologicablatasets over locally observed
meteorologcal data are that they are based on observed data, incorporate laws of
atmospheric motion, are physically and dynamically coherent, include a full set of

meteorological variables and are consistent in time arme¢Parker, 2016)

The output of general circulation models (GCMs) are gridded climate data that
have been often used as forcing data for ecosystem models that such as simulating future
projections based on difieg global emission scenari@srieleret al, 2017) Dibike et
al. (2011) for example, used gridded data from the European Centkéefium-Range
Weather Forecasts (ECMWF) Reanalysis (ERB)dataset to simulate the effects of
projected climate change on the formation and brgalkf ice cover on mid to high
latitudinal lakesReadet al (2014)used the North American Land Data Assimilation
System (NLDAS) gridded climate product to simulate water temperature across 2,368
lakes across the world and falia strong coherence among lakes in surface temperatures.
Frasslet al (2018)explored the benefits and limitationé using ERAInterim (ERAI)
as forcing data on Lake Chaohu, Chiasing a threelimensional hydrodynamic model
and found that ERAtata reproduced seasonal patterns and captured lake phenology
patterns of stratification but did not accurately capture-daily variations in
temperature. Historical lake warming trends across Europe were captured using a
calibrated 1D lake hydrodynamic model forced with ER¥IC climate reanalysis data
(Woolway et al, 201D). Global lake surface water temperatures were simulated to a
high degree of awracy for the perid 19062010 using ERA20C (Piccolroazet al,

2020)
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4.2.5. Comparisons ofeanalysesnd local obserations

An important consideration in the use of climate reanalysis datasets is how well they
compare to locally measured meteorological dataome instances, @sf these gridded
datasets may be preferred. For example, locally measured meteorological data can be
subject to many different sources of error such as sampling frequency where the sampling
frequency is lower than known variation fretclimate e.g. dajlwind speed¢Hupetand
Vanclooster, 2001) In addition, not all the meteorological variables necessary to force

a lake model may be measuredste, or for the full time period. For example, the
availability of gapfree longterm local datasets is geirare.However, thee are also
issues with the use of reanalysis datasets. The degree of error in griddate
reanalysis dataseis strongly influenced by the number of stations used in the analysis
(Haylocket al, 2008) There are many uncertainties within reanalysis climate diage

to the combination of errors from observations, models and method@lbgyne and

Vose, 2010)It was also noted that in some regions, there can belmoaic artefacts,

such as warming trends seen above 6@FPNorne, 2008) Griddedclimate reanalysis
datasetdiave also been found pmorly replicate observations of air temperature in areas

of heerogenous terraifDeGaetano and Belcher, 2003)milar patterns have been seen

for variables such as wind speé@@amonet al, 2019)and precipitation(Yang and
Villarini, 2019). Nevertheless, gridded reanalysis data have often been used as forcing in
hydrologica modelling and have been shown to work just as well as looadgsured
data(Hurkmanset al, 2008; LedesmandFutter, 2017; Vet al,, 2012)

4.2.6. Study aim

The aim of this study was to evaluate the suitability oée¢hwidely used gridded
reanalysis datasets as meteorological forcing data for simulating lake temperature
profiles using uncalibrated 1D lake models. The selected lake models weiefeet

three European lakes of varying morphometry and local climaticlitons. We
compared the performance of the models in terms of capturing seasonal patterns
throughout the water column aride phenology of seasonal patterns of stratification
when drven by both the gridded meteorological datagbeyeafter referred tas

0gr i dd e dandlacal ebseevedsidia)over a mykiar period for each site. Initially
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we assess the use of iredded datasets simulate lake temperatures without any nhode
calibration. We then calibrated each model against observed lakertarg data by
scaling wind speed and incoming shedve radiation, in order to demonstrate any
improvements in model accuracy gained by calibration. Our results highlight the

capabiities and limitations of using thegeidded dataset®r future modeihg studies.

4.3.Materialsand Methods

4.3.1. Study sites and data availability

The three lakestudy sites Erken, Feeagh and Langtjemere selected based on their
geographic spread, differemin lake surface area and depth, and the availability of high
frequerty water temperature profile data. These catchments are alldongecological
research sites, which have been well studieeh of the sites are described in chapter 3.

4.3.2. Griddeddatasets

Local observed meteorological data (referred to as Local) vedlexied at each site as
described irchapter 3In addition to these local data, three different gridded reanalysis
datasetqreferred to as gridded dataset®@re used as forcing data ECMWF&s ER
Interim reanalysis (ERADee,et al, 2011) ECMWFs ReAnalysis 5(ERA5,ECMWF,
2020)and EartH20bserv&/ATCH forcing data methodology applied to ER#terim
reanalysis data and ERA-Interim data Merged and Bia®rrected for ISIMIP
(EWEMBI) (Deeet al, 2011;Weedoret al, 2014; Caltoret al, 2016; Lange, 2019)

The ERA Interim dataset was available at a spatial resolution of 0.75° x 0.75° and
a timestep of 4our(Deeet al, 2011) Before simulating lake temperature profiles, the
ERAI dataset was linearly interpolated to hourly values across eadiemariableThe
ERAGS dataset was available at a spatial resolution of &X2828° at aitne step of 1
hour. The EWEMBI dataset covered the time period of 28YK at a spatial resolution
of 0.5°x0.5°. Each of these datasets had a global distributimhwnade them applicable
for any lake in the world. The reason EWEMBI was included irathédysis was because
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this was the data that was used to bias corre@émeral Circulation Model (GCM) data
for the impact assessments carried out in phase gitedhterSectoral Impact Model
Inter-comparison Projedfrieleret al, 2017) For the lake sector, this dataset was used
to calibrate the models prior to simufagi hydrothermal dynamics under the different

climate change scenari¢Bable4.1).

When the meteorological drivers lomgave radiation, relative humidity, vapour
pressure or cloud cover were not present in the meteorological tdatdesy were

estimated using established empirical relationshipblg4.2).
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Table4.1 Description of the meteorological reanalyd&étasets.

Dataset ERA-Interim

ERAS

EWEMBI

The system includes adimensional variational
analysis (4BVar) with a 12hour analysis window

Desciption on 60 levels in the vertical from the surface up to
hPa.
Spatial 0.75°%0.75°
resolution
Tempo_ral 6h
resolution
Availability 19792019
Refaence Deeet al (2011
. https://www.ecmwf.int/en/forecasts/datasets/rean
Website

sisdatasets/ermterim

Hourly estimates of many atmospheric, land and
oceanic climate variables. Resolves dtmasphere
using 137 levels from the surface up to a height o
80km. ERAS includes information about
uncertainties for all variables at reduced spatial a
temporal resolutions.

0.28°x0.28°

1h

1979 present*
ECMWF (2020)

https://www.ecmwf.int/en/forecasts/datasets/rean
sisdatasets/era5

Data sources of EWEMBI are ERlAterim
reanalysis data WATCH forcing data
methodobgy applied to ERAnterim reanalysis
data, eartH2Observe forcing data, and
NASA/GEWEX Surface Radiation Budget dat:

0.5°x0.5°

24h

19792016
Lange (2019)
https://dataservices.gfz

potsdam.de/pik/showshort.php?id=escidoc:39
916

*within 5 days of real time
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Table4.2 Summary of meteorofpcal variables available and associated references for calculations for those which were not piRRethrfusxk, 1990
B: Crawford and Duchon, 199€: Lowe, 1976

Air Air Precipitation ~ Wind Wind Incoming Relative Cloud Dewpoint Longwave Vapour
Temperature Pressure Speed Direction Short- Humidity Cover  Temperature Radiation Pressure
wave Downwelling
Radiation
Locat N N N N N N N A B C
Erken
Local N N N N N N N N A B c
Feeagh
Local N N N N N N N N A B C
Langtjern
ERAS N N N N N N A N N N C
ERAI N N N N N N A N N N c
EWEMBI N N N N N N A N N N C
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4.3.3. Model descriptions

For model descriptions, please refer to sectiorb2.3

4.3.4. Model setup

For each lake, the models were set up using a standardised format for meteorological
forcing data which are the boundary conditions for the lake models. Measured lake
bathymetry and light extinction data were included in the model coatigan although

for FLake, the mean depth value is used instead of bathymetry. Each model set up
included the same default parameters to ensure a common configuration between lakes
and betweemgyriddeddatasets. Nodimensional scaling for wind speed andaming
shortwave adiation were set ta value oflL. Default mixing and turbulence parameters
from each associated model publication were used. Each lake simulation was set up with
no inflows or outflows to mimic a situation where such data were unawailébl
addition, Flake also does not calculate a water balance within the model excluding the
influence of inflows and outflows resulted in simulations that were comparable across

all lake models.

Each model was run for the same time period for each lagesiare that there
was a fair comparison between the selected forcing datasets. For Feeagh this time period
was 200901-01 to 201412-30 (including a 364 day spin ugjor Erken this was from
201005-15 to 201512-30 (including a 364 day spin up). For Leg, the time peod
was from 20135-23 to 201612-30 (including a 222 day spin up). The models were
initialized when the lake was isothermal, which was defined as when there was a
temperature difference < 1 °C between surface and bottom temperatueespimup
periodwas discarded when assessing model performance. The reason Langtjern had a
shorter spirup time was to ensure that at least threeyfedrs were included in the
analysis period. Each model was run on an hourly timestep but only therdtunge
values at &:00 on each day were saved. An exception was FLake when using the
EWEMBI forcing dataset, where a daily time step was used because the integration
timestep must equal the timestep of the forcing data.
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4.3.5. Model calibration

For model calibation, we adopted 61 i ght touchdé approach w
few parameters as possible. This was to reduce dimensionality in the parameters and
avoid the issue of equifinality based on recommendations Bewen (2006) Scaling

factors for incoming shosvave radiation (SWR) and wind speed were chosen as the two
parameters to calibrate because they addtting variable to which the lake models

are most sensitivmberger and Hamblin, 1982; Lewis, 2011; Brateal, 2018)ard

because they were common input parameters across all models and measured directly at
each site. Latin hypercube sampling was used to sample 100 parameters for both scaling
factors within a range of 0:5.5 for SWR and 0.5 for wind,except for Langtjm

where 0.11.5 was used because of the strong bias seen in wind speed when comparing
observed to reanalysis datagdteKay et al, 2000) Latin hypercube sampling has been

used in other lake modelling applicatiorGa( et al, 2014)and is efficient when
parameter sets are limited The parameter sets were gen
function from t he (SdefaevEadd Pptzoltk 2008 The Bb e s
paraneter set was chosen by selecting the parameter set with the lowest RMSE. Latin
hypercube sampling assumes a uniform parameter distribution. The entire period of
observed data was used for the calibrationopge as recommended Wyreskeset al
(1994)with regardscalibrationof environmental models. It is in@singly common to
calibrate a model on a training set and validate the calibrated model on its ability to
capture out of sample predictions. It is straightforward to interpret the situation when the
calibraed dataset has a model performance that is egumallower than that observed

in the calibration dataset. However, it is more difficult to explain the situation when the
model performs better during the validation period. We choose to include the entire
available dataset for calibration to estimate eiqghrameters, similarly tvoraset al

(2019) as this represents the widest possibigeaof climatic conditiongxperienced

during the simulation periodlarsseret al (2007)found that more robust parameter sets

for future simulations were found wharsing longer time seriesebause they are

balanced to a wider range of environmental conditions.
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4.3.6. Data analysis

Data analysis was carried out using the R prodRu@ore Team, 2020Residuals were
calculated by subtracting modelled data from observeth dstracted at the
corresponding depths. Surface temperatures were defined as the temperatures measured
closest to the surface (Erken: 0.5 m; Feeagh: 0.9 m; Langtjern 0.5 m) wtidenbo
temperatures were classified as the temperature measured at thteskeng®r in the lake
(Erken: 15 m; Feeagh: 42 m; Langtjern 8 m). Density distributions of the residuals were
compared betweegriddeddatasets for each lake using measurements fhentatal

profile, surface temperature and bottom temperature. The altleefmaximum surface
temperature and the day of year when it occurred was compared to the corresponding
observed values. The timing of the start and end of stratification (Erkeagffrend
Langtjern) and ice cover (Erken and Langtjern) for each yeareactl lake were

calculated for each model and compared to the observed timings.

For metrics of model fithess, we calculated bias, root mean square error (RMSE)
and NaskSutcliffe Efficiency (NSE).

6 leg O @ 4.1)
4.2)
Yoyo 2 o o
S Vo 6 o (4.3)
v P B 0% o
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Wherew was the observed; anol was the simulated water temperatuaesimei; and
wwas the mean observed water temperaturenamds the number of samples. These

metrics were compared for both the uncalibratedcalibrated model setups.
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4.4 Results

Overall, using Local at Erken with any of the four lake models (GOTM, GLM, Flake or
Simstrat) produced the best simulation of the seasonal pattern in temperature profiles and
captured the mixing dynamics throughdw tvder column(Figure4.1). Local produced

the smallest range in model error, with only small overestimates of water temperature at
the lower depths. The ERAI dataset simulated warmer temperatures in the bottom for
simulations wth GLM, GOTM and Simstrat. Irrespective of the meteorological dataset
used, (ERAI, ERA5, EWEMBI or Local), FLake consistently simulated lower bottom
temperatures for Erken. Simulations using EWEMBI data consistently underestimated
water temperatre with erors<-5 °C with FLake. In contrast ERA5 simulated a small

warm bias across all models, particularly towards the surface.
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Figure4.1 Difference between modelled and observed temperatures for Erken for the
four meteorological datasets; ER#terim, ERA5, EWEMBI and Local and for the four
lake models; FLake, GLM, GOTM and Simsti@tey areas indicate periods of missing
datafor either dserved or modelled.
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For Feeagh, the most accurate simulations througheuwhole period and for
the entire water column were those forced with ERAgre4.2). Farcing the model
with Local underestimated temperatures in 20001 but produced smaller errors
throughout 20122014. EWEMBI consistentlynderestimated the water temperatures,
particularly in the lower depths, with errors ranging betweerand-9 °C in he
hypolimnion during the summer of 2010. ERA5 overestimated temperatures in the
epilimnion while underestimating temperatures in theoligmion during summer.
Across all forcing datasets, FLake underestimated bottom temperatures in Feeagh during
the sumrer period, even for the shallower depths over which FLake operates. FLake,
GLM and Simstrat all had a warm bias in the surface for ERAIERAS Figure4.2).
The use oEWEMBI data consistently underestimated hypolimnetic temperatures across

all models.

FLake GLM GOTM Simstrat

V43
S

10
i i m 6
20
>
.30 o 4
§/40.
= 2
o 0
A LA « =
201 m 2
30 E 4
40 5
O,
o1 & i 8

204
301

220
|
N o

401
2010 2011 2012 2013 2014 2010 2011 2012 2013 2014 2010 2011 2012 2013 2014 2010 2011 2012 2013 2014

Date

Figure4.2 Difference between modelled and observed tempersaftard=eeagh for the
four meteorological datasets; ERAI, ERA5, EWEMBI and Local and for the four lake
models; FLake, GLM, GOTM and Simstr&rey areas indicate periods of missing data

for either obserwd or modelled.
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In general, all models and all forgndatasets overestimated the water
temperature of LangjterrFigure4.3). However, the difference acrogaddeddatsets
was quite small although the use of EWEMBI and Local data produced sligividy
error. There was a distindifference between the results for FLake and GLM versus
those for GOTM and Simstrat, with the latter two models being unable to reproduce th
stratification dynamics within Langtjern. This resulted in large overestimations of
temperature during summer tae lower depths (>10 °C). During winter, both models
consistently exhibited a cold bias throughout the water column acroggidded
datagts. The only period where GOTM and Simstrat had small errors was during the
period of onset and offset of stratéition. Simulations using EWEMBI and Local data
had the smallest errors throughout the water column for FLake and GLM, patrticularly at
lower depths during the summer period. ERAI and ERA5 both had a warm bias at the
surface during the summer period fortbé&i_ake and GLM. During the summer period
of 2016, FLake and GLM showed a consistent warm bias across ERAI, ERA5 and
EWEMBI while for Local his was much smalleF{gure4.3).
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Figure4.3 Difference between modelled and observed temperatures for Langtjera for t
four meteorological datasets; ERAterim, ERA5, EWEMBI and Local and for the four
lake models; FLake, GLM, GOTM and Simsti@tey areas indicate periods of missing
data foreither observed or modelled.
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Local meteorological data produced the best samns for Lake Erken, with the
smallest distribution of residuals around 0 for the full water temperature preitjler¢
4.4 A), surface temperaturerigure 4.4 B) and bottom temperaturd-iure 4.4 C).
Simulations using ERAI and ERA5 had slightly wider distributions but were similar in
shape for the full profile, surface and the bottom. The residuditeohodels driven by
EWEMBI data vere skewed to the left, indicating a tendency to underestimate
temperatures for the full profile, surface and the bottom. EWEMBI simulations also
exhibited a slight bimodality which was due to the residuals from GOTMsandtrat

being strongly negativelgiased

ERAI had the smallest distribution of residuals around O for Feeagh for the full
profile (Figure4.4 A), the surfaceRigure4.4 B) and the bottom temperaturdsgure
4.4 C). The Local and ERA5 simulations followed similar distributions tfe full
profile, surface and the bottom temperatures. EWEMBI had a negative bias for the
surface temperature which was reflected in the density distiibfor the full profile and
surface temperatures. There was a slight bimodality in the bottom lesituass each

of the datasets and this pattern was consistent across all lake models.

For the full profile in Langtjern there was a similar distribntfor all the datasets
with a bimodal distribution with a peak a8 °C and one around 0 °C. Bottom
temperatures followed a similar pattern across all dataegare4.4 A). The bimodality
was a result of both the GOTM and Simastnodels persistently underestimatingtdm
temperatures in winter and a large overestimation of bottom temperatures in summer
(Figure4.4 C). At the surface, the Local data had the smallest spread ofalssalaund
0 followedby EWEMBI while ERAS5 was slightly positively skeweBligure4.4 A).
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Figure 4.4 Distribution of residuals for four meteorological datasets; ECMWF ERA
Interim (ERAI), ERA5, EWEMBI and.ocal, for Erken, Feeagland Langtjerrfor the
full profile (A) (Erken: n=84240; Feeagh: n=83076; Langtjern: n=304&Tface (B)
(Erken: n=3120; Feeagh: n=7224; Langtjern: n=4286) bottom (CjErken: n=3120;
Feeagh: n=7224; Langtjern: n=429&he esiduals fronthe four lake models FLake,
GLM, GOTM and Simstratvere groupedvithin this plot.

Root mean square error (RMSE) and mean absolute error (MAE) were both
calculated between observed temperature profiles and simulated temperature profiles,
butthey showed very similgratterns, sohe resultsare focusean RMSE. The RMSE
values indicated that the ERAI dataset produced simulations with a lower RMSE for
FeeaghKigure4.5). Simulatiors using Local data had tharrowesRMSE distribution
for Erken while those using ERAI and ERAS5 had similar ranges of model fit for Erken
and Langtjern. The EWEMBI forcing data was the second best in terms of model fit for
Langtjern after the Local datdut it is important to note thathere was a strong

bimodality across all datasets, driven mainly by the diverging performance of GOTM
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and Simstratwhich both had large error in the bottom, compardddke and GLM. For
Erken, the EWEMBI simulations ha high RMSE which was driven by GOTMa
Simstrat. GOTM and Simstrat had distinctly higher RMSE values for Langtjern when
forced with ERAI and ERAS data. The simulations udii®Al, ERAS and Locatlata

all had mean RMSE values less than 2.5 for EfRel3, 2.19, 1.7Pand Feeagh (1.44,
2.22,2.00) while those folEWEMBI werelarger (4.84; 2.86(Table4.3).

The dendy distributions of RMSE for Feeagh and Erken were similar in pattern
for the model$GLM, GOTM and Simstrat, with Flake being an obvious outlier in terms
of model errorftigure4.5). For Langtjern, the distribution of the RMSE values for FLake
and GLM indicated a much better model fit than those for GOTM and Simstrat. For
Erken, GLM and GOTM simulations had mean RMSE values leas2BiC (2.47°C,
2.43°C) while tho® for Simstrat and FLake were less tha&82.75°C, 2.97°C) (Table
4.3). For Feeagh, GLM, GOTM and Simstrat all had mean RMSE values less than 2 (1.87
°C, 1.68°C, 1.75°C). The value fortie FLake simulations was much larger (3T}
(Table4.3). For Langtjern, mean RMSE values for FLake and GLM were noticeably
lower (2.45°C, 248 °C) than those for GOTM and Simstrat (441 and 4.59°C) but

still relatively hight o be consi dered a 0gd@Brdaceetaq | i br a

2018; Reactt d., 2019 (Table4.3).
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Figure4.5 Density distributions of annual root mean squared error (RMSE) values for
the total water column temperature profile feeeagh (n=20), Erken (n=20) and
Langtjern (n=14) for eacmeteorological dataseERAI, ERA5, EWEMBI and Local

and for each lake mobELake, GLM, GOTM and Simstrat.
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Table4.3 Uncalibrated modditnessstatistics calculated for the entre simulation period and full water column for eackrieée, (n=84240), Fegh
(n=83076) and Langtjern (n=3045With each climate dataset ERAterim (ERAI), ERA5, EWEMBI and Local for each of the four lake models
FLake, GLM, GOTM and Simstrat. Statistics calculated were root mean square error (RMSEJubtdiffie Efficiency NSE) and Bias.

Model Erken Feeagh Langtjern
RMSE (°C) ERAI ERA5 EWEMBI  Local ERAI  ERA5 EWEMBI  Local ERAI  ERA5 EWEMBI  Local
FLake 2.12 3.62 3.48 2.68 2.77 3.36 3.42 3.22 2.34 3.29 2.49 1.74
GLM 2.58 1.96 3.72 1.92 1.16 2.26 2.66 1.80 2.80 2.66 2.11 2.39
GOTM 1.54 1.46 5.55 1.21 0.88 1.74 2.86 1.45 4.46 4.94 3.91 4.42
Simstrat 2.13 1.84 5.69 1.46 1.03 1.79 2.74 1.80 5.23 5.44 4.04 3.70
NSE
FLake 0.77 0.33 0.38 0.63 0.52 0.30 0.27 0.35 0.85 0.70 0.83 0.92
GLM 0.63 0.79 0.23 0.79 0.90 0.61 0.46 0.75 0.68 0.71 0.82 0.77
GOTM 0.87 0.88 -0.72 0.92 0.94 0.77 0.38 0.84 0.20 0.01 0.38 0.21
Simstrat 0.75 0.81 -0.81 0.88 0.92 0.76 0.43 0.75 -0.11  -0.20 0.34 0.44
Bias (°C)
FLake -0.94 -1.25 -2.56 -0.60 -1.56 -1.79 -2.26 -1.94 0.73 1.23 0.65 0.17
GLM 1.14 1.40 -2.42 0.27 -0.20 -1.02 -1.95 -0.71 1.42 1.26 0.29 0.16
GOTM -0.03 -0.35 -5.23 -0.09 -0.55 -1.12 -2.54 -0.94 0.67 1.38 -0.67 0.55
Simstrat 1.18 0.17 -4.32 -0.42 0.61 -0.50 -1.82 -0.56 1.88 2.15 0.73 0.03
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The bias in the model simulations varied with lake and with the forcing dataset
used. Simulations with models using the Local data had the smallest range in bias and
were centred around O for both Erken and Langtjern, whilEdeady, it was negatively
skewed Figure4.6). ERA5 was centred around O for Erken but it had a lasgeyethan
Local data. The bias for EWEMBI was strongly negatively skewed for both Erken and
Feeagh and negatively skewed relativ&RAI and ERAS across all three lakes. ERA5
and ERAI were positively skewed for Langtjern. For Feeagh the distribution for the
ERAI simulations was closest to 0 while the results using ERA5 had quite a small

variance.

FLake had a negatilye skewed bias folErken and Feeagh. In contrast for
Langtjern it had the closest bias to 0 with a low variance. GLM had a positively skewed
bias for Erken and Langtjern and a slight negative skew for Feeagh. Simstrat had a slight
negative bias for both Erkeand Feeagh dren by the EWEMBI datasefigure4.6).

Erken Feeagh Langtjern

0.84
0.6
Met Dataset
ERAI
: ERA5
EEWEMBI
Local
6 -3 0 3 6

Density

Lake Model

[] FLake
L] GLM

L[| GOTM
Ll Simstrat

3 0 3 6
Bias (°C)

Figure4.6 Density distributions of annual bias values Feeagh (n=20), Erken (n=20)
and Langtjern (n=14jor each meteorological datas&RAIl, ERA5, EWEMBI and
Local and for each lake modé&lLake, GLM, GOTM and Simstrat.
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Erken has the largest interannual variability across datasets and models in
predicting maknum surface temperatures and the timing of when this temperature
occurred. Annal biases were mainly model specific rather than associated with a specific
forcing dataset Rigure 4.7). Maximum surface temperatures were most accurately
simulated by the simulations using the ERAI forcing data for Efdesteedaround O,
while the results using ERA5S were positively skewed as it consistently overestimated
maximum surfacéemperatureRigure4.7). Simulations using Local and ERAI captured
the timing well, with smaller errors. EWEMBI csistently underestimated the surface
temperature and the timing, as indicated by most of the ploémg) in the bottom left
guadrant of the graph. The clustering around zero was neggely in simulations using
Local and ERAIforcing datawhile simulatiors based ofcRA5 had a warm bias and
tended to overestimate temperatures.

For Feeagh, Local and ERA&imulations had the smallest distribution aromacb
for both themagnitude omaximum temperature and the timioigwhen this occurshe
simulations usig EWEMBI had a negative bias while ERA5 had a positive bias.
Interannual variation in error was qaiiarge in 2010 and 2012 and for one point in 2014.
The outliers were either with the EWEMBI forcing dataset or GLM or Simstrat. FLake
capturedhetiming and magnitude alhhemaximum surface temperaturest accurately

with a large clustering arourmro(Figure4.7).

There was a large clustering of values around zero for Langtjern foricdled
datasets Kigure 4.7). Overall, simulations using.ocal forcing datahad the largest
numberof valuesclose to zero indicating that it performed best at capturing the timing
and magnitude of maximum surface temperat8maulations usindERAS5 has a slight
warm biaswhile those usindeEWEMBI datahas a slight negative biaBhe modelGLM
consistently overestimated surface temperatures twéticRAI, ERA5 and EWEMBI
forcing data

64



Met Dataset

e ERAI
ERA5
EWEMBI
Local

Erken Feeagh Langtjern

25 1 ' 1
Y. Lake Model
" L . B - . & m FlLake
r : grm—— e GLM

A GOTM
% Simstrat

]
x ! :b

25 “*.

Tsmax €rror (days)

=501 — Year

i
iy - — — . — 2011

6 -3 0 3 6 -6 -3 0 3 6 -6 -3 0 3 6 2012
TSmax €fror (°C) %813
2015
2016

Figure4.7 Scatterplot of residuals inrgdicting surface maximum temperatifiésmax)
and the day of surfag@aximumtemperaturdor each of thahree lakeswith the four
lake models FLake, GLM, GOTM and Simstrdorced with thefour meteorological
datasetsERA-Interim (ERA), ERA5, EWEMBI and_ocal. Points from the same year
are connected by the coloured polygons.

Simulation of the start and end thiermalstratification was quite varied between
griddeddatasets, lake models and Isk&here was large uncertainty arowsichulated
Erken stratiication dates becaudbere were yearsvhen the monitoring buoy was
deployedafterthe lake was already stratified. Feeagh and Langtjern had consistent biases

in predictions which were a resultlake model biased-{gure4.8).

For Erken, simulations using the Local data had the smallestiepozdicting the
start and end of stratificatiomhile those withthe ERAS5 dataseperformed best over the
five-year period with GLM. The simulations usitige EWEMBI forcing datahad small
errors when used to drive the GLM and GOTM models for this lake, but in contrast had
quite large errors witthe FLake and Simstrahodels The simulationsising theERAI
forcing datgpredicted an earlier end of stratification when used with GLM, GOTM and
Simstrat, while the simulations using FLake had a negative.biathey predicted the
end of stratification eadr than observedFLake consistently predicted the end of
stratification later than was observed while GLM, GOTM and Simstrat predicteddhe
too early. Values for FLake, GLM and Simstrat were omitted for 2012 and Simstrat for

2013 because these modsisiulated stratification for the entire period. It is important
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to note that the Erken monitoring buoy is removed from the lake each wirttgrua

back in the lake as soon as the ice melts but sometimes it has been seen that the lake is
already stratifiedvhen the buoy is put back in or sometimes when it is taken out, so there

is potential error associated with the observed dates.

Overall, there was a slight biasowardspredicting the start of stratification too
early for FeeaghHigure 4.8). The simulations using thERAI forcing datahad the
smallest erroin predicting the start and end of stratificati@®mnulatiors usingeRA5
data werdiasedowardspredicting theend of stratification too late. Simstrat was biased
towards predicting the end of stratification too early for Local and ERAI. There was
small interannual variation with a clear bias tbe FLake model which simulaed
stratificationbothstaring too ealy and endhg later than observed-Lake did not capture
thestratificationtiming in Feeagh accurately, as it consistently simulatgt@rtthat was
earlier than observedand an end that was later tharobserved This effect was
irrespective of thdorcing dataset, indicating that it was a model issue rather than a
forcing data issue. Feeagh is a lake which does not stratify very strongly so the timing of
the start and end of stratification is relativedgnsitive to the criteria used for
determinatn of stratification.

For Langtjern, there was a smaller range around the simulations of the start of
stratification while there was a much larger variation in predicting the end, which was
biased according tthe different lake models useBigure4.8). ERA5 and ERAI have
the smallest range in error for both FLake and GLM. GOTM and Simstrat were strongly
biased and predicted the end of stratification too early no midtieh dataset as used.

The simulations using thELake modelhad much more interannual and irtiataset
variation tharthose usingsLM, resulting in GLM having the lowest errors in predicting

stratification timings.
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Figure4.8 Scatterplot of residuals in predicting the dayenstratificationstarts(Ststar)
and ends(Stnd for each of thethree lakeswith the four lake modeisFLake, GLM,
GOTM and Simstrabeing forced with the four meteorological datssERA-Interim
(ERAI), ERA5, EWEMBI and LocalPoints from the same year are connected by the

coloured polygons.

The magnitude of errors between measured and simulated ice phenology varied
greatly between years. Ice did not form on Erken insiheulations using GLM wih
Local data for any of the years or in Langtjern for simulations with GLM in 2Bigbile
4.9).

There was considerable interannual variatiothie accuracy of the prediction of
ice onset and offset at Erken across all models gridtled datasets Kigure 4.9).
EWEMBI had a strong negative bias in simulating dimset of ice too early while ERAI,
ERAS and Local had similar patterns for FLake, GOTM and Simstrat

The interannual variability of model accuraaas also noticed for Langtjern,
although to a lesser degree than Erkeigyre4.9). There were no clear patterns within
the data apart from the fact that GLM consistently predicted the onset of ice to be later
than observed. InA5 and 2016, all model and climate datasetlminations simulated

ice off too early while in 2014 there was a bias in predicting the onset of ice too early.
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Figure 4.9 Scatterplot of residuals in prediagirthe day of ice onsétceon) and offset
(Iceoff) for each of thehree lakeswvith the four lake modeld-Lake, GLM, GOTM and
Simstrat being forced with the four meteorological datas&RA-Interim (ERA),
ERA5, EWEMBI and LocalPoints from the same yeare connected by the coloured
polygons.

Despite the relative success in reproducing water temperature profiles using
uncalibrated models (described above), following model calibrati@has might be
expectegdsimulations using each of the climate fogcdatasets showed anprovement
with a mean decrease in the RMSE value of 1.07 °C across all lakes, meteorological
datasets and lake model combinatiofgre4.10; Table4.4). The improvement was
most ponounced for the simulations using the EWEMBI and ERAS forcing datasets. For
the simulations of Erken, there was a large decrease in RMSE for EWERIR? (C),
but the calibrated simulation still had a relatively high RMSE of 2.24 °C. Local and

ERAI hadsimilar measures of error across most models following calibration.

For Feeagh, values with an RMSE which were greater than 2 °C prior to
calibration had the largéimprovemen{ERAI-FLake:-1.6 °C; ERA5FLake:-1.3°C;
EWEMBI-Simstrat: -1.6 °C) (Figure 4.10; Table 4.4). The Feeagh simulations for
EWEMBI had the greatest reduction in RMSE following calibration with three of the
models having values below 2 .°The calibrated simulations using the ERAI iag
data had a large reduction in RMSE for FLake (2.77 to 1.19 °C) with smaller reductions

for the other models.
68



The simulations with each of the meteorological datasets for Langtjern were
improved by calibrationKigure 4.10; Table 4.4). Despite slight improvements, the
RMSE of all simulations using GOTM were relatively high (greatantB °C) Table
4.4). There were relatively small differences in RMSE between each of the

meteorobgical datasets for Langtjern following calibration.

Erken Feeagh Langtjern

Met Dataset

ERAI
ERA5
EWEMBI
Local

Lake Model

B FlLake
® GLM
A GOTM
* Simstrat

Uncalib Calib Uncalib Calib Uncalib Calib

Figure4.10 Improvements in model fithess (RMSE) for each model and meteorological
dataset after calibration against observed temperature prédiidsrken (n=84240);
Feeagh (n=83076) and Langtjern (n=3045%)RMSE of 2 °Cis used as a reference
point for a @ugaedAdR018;Reéatktal;, 2019) o n
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Table 4.4 Calibrated model performance statistics calculated for the entre simulation period for eadtrkake(n=84240); Feeagh (n=83) and
Langtjern (n=30457) with four meteorologicatiataset: ERA-Interim (ERAI), ERA5, EWEMBI and Local for each of the four lakedels FLake,
GLM, GOTM and Simstrat. Statistics calculated were root mean square error (RMSERWNeldfe Efficiency(NSE) and Bias.

Model Erken Feeagh Langtjern
RMSE (°C) ERAI ERAS EWEMBI Local ERAI ERA5S EWEMBI Local ERAI ERA5S EWEMBI Local
FLake 1.24 1.60 2.50 1.21 1.19 2.05 2.03 1.84 1.76 1.65 1.52 1.39
GLM 2.16 1.70 2.30 1.37 0.96 1.15 1.55 1.69 1.61 1.50 1.73 2.12
GOTM 1.40 141 3.22 1.26 0.75 0.90 1.60 0.86 3.65 3.66 3.79 3.74
Simstrat 1.28 1.31 1.95 1.24 0.74 0.82 1.16 1.73 1.21 1.16 1.25 2.64
NSE
FLake 0.92 0.87 0.68 0.93 0.91 0.74 0.74 0.79 0.91 0.92 0.94 0.95
GLM 0.74 0.84 0.71 0.90 0.93 0.90 0.82 0.78 0.90 0.91 0.88 0.82
GOTM 0.89 0.89 0.42 0.91 0.96 0.94 0.81 0.94 0.46 0.46 0.42 0.43
Simstat 0.91 0.90 0.79 0.91 0.96 0.95 0.90 0.77 0.94 0.95 0.94 0.72
Bias (°C)
FLake -0.04 -0.33 -0.62 0.10 -0.31 -0.58 -0.58 -0.69 -0.16 -0.57 -0.12 0.25
GLM 0.28 0.03 -0.38 -0.51 -0.06 -0.17 -1.15 -0.15 0.24 0.32 -0.43 -0.05
GOTM -0.29 0.01 -2.54 0.09 -0.45 -0.41 -1.31 -0.27 -1.18 -0.94 -1.17 -0.95
Simstrat 0.18 -0.28 -0.36 -0.25 0.04 0.01 -0.60 -0.03 -0.35 -0.14 -0.26 -1.51
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The calibrated scaling factors showed a high degree of variation across the three
lake sites. There wdargevariability between lake models and meteorological datasets
for Erken. For Feeagh, increases in the scaling of wind speed improved model
simulations for each meteorological data3eie4.4). Overall, Langtjern showed more
improvement with reductions in shaxiave radiation. This showed that even with just

three lakes there was a wide range of sensitagtpss all parametefBigure4.11).
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Figure 4.11 Range of calibrated scaling factofsr wind and incoming shortwave
radiation (swr)applied b each ofthe four meteorological datasets; ERAI, ERA5,
EWEMBI and Local and for each of the four lake mod€lsake, GLM, GOTM and

Simstratfor each of thettree lakesErken, Feeagh and Langtjern

ERA5 was the gridded dataset that best replicated tleal lobserved
meteorological data, with much smaller biases across each of the main meteorological
variables. It also captured maximum values accuraftétyi(e4.12). Despite this, ERA5
did not simulate lake hydrodynamics as welkasulations using thERAI datasetsn
some cases. For exampdenulations usingeRAI had large positive biases in windspeed
for Feeagh and Erken, and thmesultedin a better simulatio of water temperature in
Feeagh.Kigure4.1). This may be because Feeagh is a windy site, and the local data were
recorded at the southern shore of the lake. It ssipte that the spatial scalevaich
ERAI data were calculated better replicates conditions across the whole lake surface than
this local observed data. Hydrological models forced by reanalysis data have also
previously been found to be more accurata ttmse forced by local meteoogly data
in several studie_edesmaandFutter, 2017; Psaudet al, 2020; Tareket al, 2019)

This was attributed to the fact that reanalysis data were internally coherent, while local

71



data can potentially be heterogeneous at spatial scales which do not reflect the processes

across a whole catchment.
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Figure4.12 Monthly bias of daily mean for air temperature (A), wind speed (B) and incoming solar radiation (C) for Erken, Feeaghtpand faan
ERAS5, ERAI and EWEMBI compareo the measured local data.
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4.5.Discussion

Local and globakcale simulations of lake thermal dynamics and coupled
biogeochemistry are now being more commonly used to inform -sront and
longerterm lake conditions. Such simulai® can greatly benefit from the use of
griddedreanalysis datasety increasing the nunds oflakes modelled tanderstand
theresponse to meteorological changesa regional leve{Woolway et al, 2020)

This study evaluated, for the first time, the use & gniddedreanalysis datasets
ERAS5, ERAI and EWEMBI as potentiateteorologicaforcing datasets for 1D lake
hydrodynamic models by comparing them to simulations using Local data. These
forcing datasets were comprehensively tested across three lakesdivetse
characteristics using a set of lake models with varying structures. The lake models
were initially run without any calibration to ensure a relatively fair comparison
between lakes and to demonstrate the benefits and limitations of using uncalibrated
models. We found that the lake models forced with the gridded meteorological data
had a similar level of overalnodel accuracy as the simulations using locally
measured data, but that this accura@aginfluenced by lake morphometry and lake
model applied. With regards to capturing Hlake events, such as the timing and
magnitude of maximum surface temperature atatt and end of stratification,
simulations using both the ERAI and ERAS5 forcing data had similar degrees of
accuracy asimulations usinghe Local data.However, our study found thétere
wereno Obestd combination of derhonsnatedéthe dat as
general levels of variability that can be expected to arise for many combinations of
models andgridded datasets. We also sked that a simple and computationally
efficient calibration procedure significantly improved model accuracy whearved

temperature profile data were available.
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4.5.1. Differences in hydrothermal simulations usgngded datasetand Local data

Gridded datsets have previously been used to simulate lake temperatures on a global
scale to understand the global lake oese to directional climate chan@eRAI -
WoolwayandMerchant, 2019; ERA 20€Piccolroazet al, 2020) Other single lake
studies have also usdis agproach for example ERAI data were used to force a
threedimensional model for Lake Chaohu in Chiflaasslet al, 2018) Gridded
datasets are widely usedhgdrology (Persaucet al, 2020; Tarelet al, 2019)and

could potentially be developed into an integrated catchment maglslistem that
incorporates las and stream networks on a regional scale inmtada areagRead

et al, 2014) However, to date there has been little foonghe performance of a
workflow incorporating these datasets to successfully simulate temperature profiles
in lakes of different morphometry. Such a workflow could either utilise an
uncalibrated model setup, which can be required for studies on larged spates
where observed dasae absent, or to use measure temperature profile data to calibrate

the model which could then be used in lakes with ongoing monitoring programs.

Simulations using the ERAI dataset produced either much more accurate
(Feeagh)or slightly more accurate (Eek and Langtjern) simulations of lake
temperature than ERAS5 despite not reproducing local meteorological conditions as
accurately as ERAS5. This was surprising because the ER#lsetwvas similar in
structure to ERA5 but wad wer temporal and spatiaésolution(Albergel et al,

2018) For the Feeagh case study, when the ERAS wata compared to Local
meteorology, it was found to have a muchdowias thanhe ERAI datasefor mean

wind speed. Howeversimulations usingeRA5 considerably underestimated the
maximum wind speedr{gure4.12). It is possible that for Feeagh, maximum wind
speed are a crucial driver of ifake processes. In this regard, it may be that ERAI,
with its larger spatial resolution, captures more accurately the influence of the Atlantic
Ocean which exerts a strong influence on the Burrishoole catcljAretdrse et al,

2020; Jenningst al, 2012)
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The EWEMBI datasetcaptured the mean local air temperature, wind speed
and solar radiation well but did not capture the maximum values. Thikkelysasa
result of its daily timesteg-{gure4.12). Consequently, itid not accurately simulate
the sudden occurrence of events such as the start and end of stratification and onset
and offset of ice coverF{gure 4.8, Figure 4.9). Across both types of events,
simulations umg this forcing data tended to predict the offset of ice and stratification
later than was obsergteand later than the simulations with other datasets. This issue
could be addressed by applying a temporal downscaling technique similar to that
presented irShatwellet al (2019)where they used downscaled daily data tc a 6
hourly temporal resolution. Similarly, the shortcomingsising EWEMBI datasets
could be overcome by using a simple calibration procedure which scalessghe
influential input variablesHigure4.10). For exampleAyala et al (2019)found that
there were small differensen model simulations using syntfeetiourly data and
daily meteorological data when running GOTM for Erken, once the model had been

calibrated.

4.5.2. Differences between lake models

For the shallow lake Langtjern, there was a clear distinction betweenetw thse

two turbulence models (GOTM and Simstrat) dnoth Flake which is designed to
capture lake profile temperature evolution and GLM, an energy balance model. In the
uncalibated GOTM and Simstrat simulations, hypolimnetic temperatures were
overestinated because the models failed to simulate the development of thermal
stratification throughout the yeaFi@ure 4.4). One of the reasons for this may be
because there was a clear positive bias for the uncalibrated wind datar athyed

for Langtjern for all data set&igure4.12), resulting in an overestimate of turbulent
kinetic energy within the model&.similarresult has beereportedrom other studies
where turbulence models ovestimate mixing within shallow lakegStepanenket

al., 2010; Subiret al, 2012) Potentially, he models used in th@irrentstudy have
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not been paraeterized to capture the dissipation of turbulent kinetic energy in small
lakes. Despite the errors associated with stratification dynamics, GOTM and Simstrat
both captured the magnitude of maximumface temperature and timing to a high
degree of accurgc For Feeagh and Erken, in contrast to Langtjern, there was
generally common agreement in RMSE across all lake models except for Flake, which
consistently underestimated hypolimnetic temperatiegife4.4 B; Figure4.4 C).

The selection of a lake model can greatly influence the accuracy of simulations
for lakes with differing morphometry, as demonstrated by the high variation in
performance which weaw across our three study sites. In particular, the accuracy of
FLake in @pturing key lake phenological events such as the start/end of stratification
and ice onset/offset varied between sites. It should be noted however that FLake was
designed to simate the lakesurface heat fluxes, hence the large errors in the
simulationsfor the hypolimnion(Subinet al, 2012) This modelrelated bias would
affect the outputs where that model is used for multiple siésolway et al (2019)
for example used one lake model (FLake), with a fixed lagtenuation coefficient,
and with only surface temperature data to validate the model for 650 sites. Our results
suggest that the results from such a modelling experiment wautigiica high degree
of uncertainty for a number of lake metrics, particyldsbttom temperature, the
simulation of which is a recognised difficulty when using 1D hydrodynamic models
(Bueche and Vetter, 2014n theWoolwayet al (2019)studythe model was forced
with data from ERAI where wind speeds were compared to observations from nearby
weather stations and homogenisétiery et al (2014) showed how sensitive the
FLake model was to small changes in the wind speed, especially to a regime switch
from permanent stratification to fully mixed conditionse Moigneet al (2016)
examined the use of FLake on a global scale and found that it had warm biases that
were greater than 1 °C which they attributed to the fact that ERAI represented a
atmospheric state that was dryer and warmer than local above lake conditions. They
also faund large errors when simulating the duration of ice cav&8@q days). Our
results confirm the results of these studies and showed that even when using FLake

with local observed meteorological data, there was a relatively large degree of error,
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particulaty towards the bottom lake depth, which influenced the accuracy in
capturing stratification dynamic&igure4.8; Feeagh).

The present stly has shown that uncalibrateabdels forced with gridded
reanalysisdata can capture surface temperatures with a high degree of accuracy.
However, uncalibrated models were less successful at simulating water temperatures
at depth and capturing aspectstioé resulting phenology of stification and ice
cover. If gridded datasets are being used to simulate full water temperature profiles,
our study showed that calibrating a model with observed temperature profile data
improved accuracy. For Simstrat, tihésl to a reduction in RMSE isimulating the
full temperature profile because it simulated the hypolimnetic temperature more
accurately. This decrease in RMSE was a result of large reductions in SWR (0.64) and
wind speed (0.13) which could be deemed exéremjustments. However, such a
adjustment would not be unusual for shallow lakes considering the positive bias
present in the wind speed of the reanalysis dagai(e4.12). Turbulent kinetic engly
within the water column can hesed to estimate vertical eddy diffusivity in the water
column and is the premise for many 1D lake moftéésdersonSellers, 1985; Wiiest
etal., 2000) Eddy diffusivity is similar to molecular diffusivity but occurs on larger
scales due to fluid motigihermanet al, 1995) Denget al (2013)reduced diffusivity
by 98 % to reproduce diurnal surface temperatures when modelling Lake Taihu in
China, which is 2 m in depth, using the Communitpd.&odel version4 Lake, Ice,

Srow and Sediment simulator (CLM4SS), which is a turbuleneleased model. The
reason why GOTM does not simulate stratification well for shallow lakes in an
uncalibrated setup could be because it was originally developeddan the ocean,
where lateraboundary effects would be negligible while they would play a significant
role in small shallow lakg¥ eates and Imberger, 2008)ence, the simple calibrah

using just wind speed and incoming solar radiation was not enough to reduce RMSE
for GOTM in this shallow lakeRigure4.10).

After calibrating each lake model, wbserved a divergent response between
the calibrated scaling factors for wind and SWR. This is a result of the differing model
structures and indicates how the sensitivity of each model to wind\&ft\&ries
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with lake site. These results highlight the endnt model complexities that would
make it difficult to extract exactly what the key drivers of change in lake thermal
metrics are when comparing outputs across models and sites. A similar pralslem h
also been reported in hydrology, where structurakdiffices between hydrological
models was the crucial source of uncertainty rather than the forcind @atatana
Seguiet al, 2019)

4.5.3. Recommendations for applications

Even with the most accurate climate forcing data anespieific calibration, there
were still consistent biases inrae of the model simulations (for example GOTM
simulatiors for Langtjern). Downscaling and bias correct techniques are already used
to correct inherent biases that are present in climate reanalysis déTdsstst al,

2011) This approach is widely used in meteorology but has not yet been applied to
lake models. We sdhis as a possible alternative to model calibration. Airvariate

bias correction could potentially remove some of the biases seen in our models
(Cannonet al, 2015) It is important to note that although these techniques can be
used to reduced bias but they also bring anaiberce of uncertainty into the models
(Woottenet al, 2017)

The ability of four different lake models to successfully capture the timing of
ice was eaminedin the current studySimilar toYao et al (2014) there was large
variability and uncertainty across all lake models indicating that there is still a need
for furtherimprovements in modelling ice dynamics. It has been shown that this has
been consained by the large uncertainties that exist in obsemsitof lake icé_e
Moigneet al, 2016)

Future work should focus on developing methodologies that take advantage of
using an ermmble of lake models. Different lake models captured surface

temperatures more accurately than others but different lake models captured
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stratification timings better Higure 4.8). Duan et al (2007) highlighted how
hydrological forecasts using a Bayesian model averaging approach generated more
skilful andreliable predictionsBroderick et al (2016)also recommended using a
multi-model ensemble with a suitable averaging method in the context of climate
assessment such as Bayesian madedaging and Grangeamanthan averaging. The
key benefits of these approaches are that they work inrdalplistic space which
allows uncertainty in the predictions to be quantified. Within lake modelliralle

et al (2014) showed that when simulating phytoplankton biomass the simple
arithmetic mean of tlee ecosystem models performed better than any one single
model and that the uncertainty related to thdéed#ht model structures could be
compared. Ensemble modelling allows further partitioning of the drivers of
uncertainty within the model predictionsuch as the forcing data, model

parameterization, model process or initial conditions.

Modelling of water émperature profiles can be used to inform on past and
future conditions in lakes and can therefore inform lake management and policy.
However, the faring data required for such simulations are not always available from
nearby meteorological stations. Owsults show that where local data are absent,
griddedreanalysis datasessich as the ERAI or ERA5 can be used with confidence
to simulate changes lake temperature hydrodynamics, sometimes even performing
better than using meteorological data measoredr near the lakd&eRA5 currently
has a temporal range of 19p8esent but in the future, this will be extended back to
1950(ECMWEF, 2020) This will allow for further hindast studies to infer historical
events and trends with a high degree of confid¢Heglleyet al, 2014; Morast al,
2019; Piccolroaet al, 2020; Woolwayet al, 201D).

4.6.Conclusions

Global reanalysis datasete a viable alternative to meteorological data measured on
site for sites for forcing 1D hydrodynamic models. There are signifianitations to
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using daily meteorological forcing data for key lake indices ergtifstation and ice

cover durationbut that these can be overcome through calibration with observed lake

data. A simple and efficient calibration of driving varialtas significantly improve

model performance. The use of just one lake model could faitgrbias results
owing to a model déds structur al I namdbi | ity
produe@ spurious trends. Using an ensemble of lake models is diesioaving to

different model characteristics leading to some models performing betteothers.

This study showed that there is no single meteorological dataset or lake model that

will work universally across sites.
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CHAPTER 5. IMPACT OF MONITORING FREQUENCY ON
ERROR REDUCTION WHEN USING DATA ASSIMILATION
FOR SHORT-TERM HYDRODYNAMIC FORECASTS

5.1.Abdract

Accurate shorterm forecasts of processes in lakes and reservoirs can be used to
inform water managementlecisions in the near future. Recent developments in
ecological forecasting facilitate the assimilation of monitoring data into model
simulatians, this producing forecasts that are informed by the most recent observed
conditions. Data collection can be expensive, however, and it is currently unclear how
frequently observational data, such as lake water temperature profiles, need to be
collected or assmilation into models to reduce forecast error to acceptable levels.
Here we used anedimensional hydrodynamic model to generate multiplelay

water temperature profile forecasts for three different lakes. Using a model, that had
first been calibated gainst historical data, we ran a series of simulation experiments
where we inserted a single measured profiledaitmlize the model on various dates
prior to the start of the forecast. We obtained thimitealization temperature profile
data(at 0 hours, 24 hours, 168 hours, 336 hours, and 672 howfem@eas) by sub

setting high frequency data framsitu sensors. We assessed how the forecast error
was affected by 1. the length of time between theitmlization step and the start of

the forecast, and 2. the thermal status of the lake at the time of the fowedsund

as might be expectethat the error was largest when no observational data were
assimilated. Howeveeven when the observed assimilated data was measured at the
longest ime interval before the start of the forecast (one month), the forecast error
was reduced relative to model runs without any data assimild&mnsimulations

with data assimilated, the magnitude of the model error diminished aee-the
initialization time became shorter, which was particularly pronounced when the lake

was stratified.The results of this study suggest that the design of high and low
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frequency monitoring programmearde tailored to the characteristics of individual
lakes, to optimie the grformance ohearterm water temperature forecasts
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5.2.Introduction

Anthropogenic pressures, including directional climate change, nutrient enrichment,
and land use change are affecting water quality on a global(éckilan et al, 2009;
Coatset al, 2006; Rempfeet al, 2010) The impacts of these pressures on lakes and
reservoirs are especially important because of their use as drinkieg swaices,

value to recreational and tourism industries and other ecosystem séDatgs et

al., 2009; Smitret al, 2015). Intensive monitoring of these systems can be warranted
when there are potential health risks as a result of deterioration in quality, for example,
from harmful algal bloom@Paerlet al, 2011) To move towards more proactive water
management, information on the potential Aeiture state of a water body is
required. Such information can only be provided by stesrh forecasts (days to
weeks) of the possible changes in lake physics, chemistry and biology. These lake
system forecasts rely on the use of modelling workflows wtociplemeteorological
forecasts with hydrodynamic and water quality models in order to accurately predict
future conditionsvithin a number oflays(Penget al, 2019)

It is becoming increasingly evident that such shemn forecasts have the
patential to play a key role in advancing environmental decismaking and
improving decision support syster(iSietze et al, 2018) Studies have shown that
lake and reservoir models can accurately predict events such as fluctuations in water
level (Young et al, 2015) carbon dynamicgZwart et al, 2019) phytoplankton
communitiegPageet al, 2018)and algal bloom§Stumpfet al, 2016; Wilkinsonet
al., 2018; Wynneet al, 2013) Different statistical and dataased models have been
used to forecast water quality in lakes include Bayesian m(@e&nouret al, 2014)
artificial neural networkgNajah et al, 2013)and regression mode(®dazeer and
Nichol, 2016) The drawback of using such models, however, isttiegttend to rely
on static training datasets and are less likely to predict conditions outside of the range
of the speific training data, which can be a problem for forecasting the effects of
extreme events such as heat waves or st@aiseret al, 2019) In contrast, process
based models are frequently used for ecological forecagting et al, 2011;
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Cuddingtonet d., 2013)and, in principle ,should provide more accurate forecasts
when forced with data outside of the range used for calibratiolgngsas the
processes are adequately simulated by the model. In limnology, these {naseds
models link lake physi¢swhich drive hydrodynamics, to ndimear biological
processes that govern nutrient availability and ecological functighiaanson and
Boulion, 2002; Gaet al, 2009; Toffolonet al, 2014; Snortheinet al, 2017; Bucak

et al, 2018) Process based models are more capable of dealing with shifts and
changes within the system which are controlledumgamentatelationshipsthat can

be quantified by equations within the madahd are well suited for use within
forecasting workflows. Btadriven approaches combined with mechanistic models
have been shown to perform better tlegther approach used on its own based on a
study offor 68 lakegReadet al, 2019) Process driven physical models are usually

dynamically coupled to biogeochemical models for modellinigke responses.

The implementation of shetérm forecasts will only be adopted routinely
when it is demortsated that workflows can accurately predigure conditions with
an acceptable envelope of errBrocesshased models require the input of initial
conditions to start a model run, and the use of appropriate values for these initial

conditions is crucileto minimize potential forecast err{fPalmeret al, 2005) Often,

def aul t initial conditions or fdbest gue:

parameter set that had the highamt foirt ne

some time period prior to the periofiforecast which will lead to reasonable values

of key model state variabl es, i n what
defined similarly tdKourzenevg2014)andRenet al (2016) For accuate shorterm
forecastsespecially thosaith humanhealth and wellbeing implications, using such

an approach may not be adequate. Assimilating observational datmittaleze the

model prior to the forecast, as opposed to using a free model noaappmay reduce
forecast error in lake wiar quality predictions to a satisfactory ley&ivart et al.,

2019) How best to assimilate observational data has been a topic of much discussion
as ecological forecastinftasbecome more widely usd€tduo et al, 2011;Liu et al,

2012; Dietze et al, 2018) Sequential techniques for data assimilation include the
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processing of observatiahdata as they become available, via a-$tep procedure.

First a forecast is run simulating the future distribution and then secondly, the
distribution of the forecast is updated based on the new obseryatbeit et al,

2012; Khakiet al, 2017) Stroud et al (2009) used two methods to assimilate
observed data into a sedimenartsport model for Lake Mhigan: direct insertion and

a kriging approach. They found that by using direct insertion they decreased forecast
error compared to using a modelled approach which was not updated with new

observational data.

High frequency momoring (HFM) of key aquat variables using electronic
sensors has been an area of rapid acceleration over the past 20 years and offers a viable
source of observed data for inclusion in modelling workfl¢Msrcéet al, 2016)
Monitoring platforms with telemetry capabilities have been deployed for many lakes
around the world and provide observational data in-restime (Hamilton et al,

2015) There has been a large increase in the availability of HFM(Batgeret al,
2012)and parallel developments in netlked science has advanced the use of these
data in limnology (Hansonet al., 2016) High frequency data has improved
understanding of undéce dynamics(Bruesewitz et al, 2015) interseasonal
metabolism dynamidd.aaset al, 2012) monitoring algal bloom@obelet al, 2012)

and general provision of ecosystem servi@darcé et al, 2016)This has led to
increased instrumentation of reservoirs and lakes of particularly high value (e.g.
drinking water, recreation, fishing). HFM comes at a cost, however, as syatem
expensive to acquire, deplognd maintainHorsburghet al, 2019) Nevertheless,
HFM water quality data offer several advantages over traditional limnological data
collection. They can be collected remotely, irrespecf weather conditions, and at

a temporal resolution that can capture rapidly changing water conditions (ke. sub
daily). It is also possible to automate the assimilation of these data into modelling
workflows, as they can be streamed online and autoatlt quality controlled
(Porteret al, 2005)

Any forecast workflowwhich uses a mechanistitodelfor lake water quality
is built on top of, and informed by, reliable simidat of lake thermal structur€his
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study was the first, as far as we knowo investigate whether assimilating
observational temperature profile data into a physical lake mogdirect insertion
reduced forecast error. If error was reduced, we also sought to identify the optimal
length of the time at which the direct insertion should occur before any forecast, as
this would inform the frequency at which observational data would need to be
colleced. These questions were explored using data from threestweiéd lakes

from which highfrequency water temperature data were available: Lough Feeagh
(Ireland), Kinneret (Israel) and Langtjern (Norway). The study evaluated model
performance throughoute year of forecasting at a set of differentnigalization

times prior to the forecasif between 0 and 14 days. It also assessed forecast

performance throughout the lake depth profile.
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5.3.Materials & Methods

5.3.1. Study sites

Thethree lakestudy sites Feeagh, Langtjern and Kinnergiere selected primarily
because of the availability of higrequency water temperature profile data, but also
based on their geographic spread and differences in lake surface area, depth and
thermal structure. All sites haymeen the subject of lorigrm ecological research,
meaning that the physical and ecologfoactioning of the lakes are well understood.

Site descriptions are given in chapteg8atified conditions were defined as a density
difference between surfa@ad bottom water greater than 0.1 ki and a surface

temperature greater than @.

5.3.2. Geneal Ocean Turbulence Model

The modelchosen forthis study was GOTMeause of its ability to accurately
replicate | ake hydrodynamtstsaratnad ftahcei Idietv
the model.See section2.35 for the model descriptiol h e na-svt &t 0 f aci |
which was recently developed for GOTM was utilised in this study to examine the
effects of assimilating different temporal frequencies of obsendt lake
temperature profile data on-tiy water temperature forecadtsrecent versios of
Simstrat and GLM, there hasabe¢eénfaciindaogr
models highlighting that this is a modelling tool which is usefulniedelling lake

hydrodynamics.
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5.3.3. Modelling procedure

GOTM was calibrated using a differeaitievolution algorithm with 5000 iterations

with the negative log likelihood as the cost function. The best parameter set was taken
to be the one with the least error between modelled and observed data, determined by
the maximum log likelihood score. Thisrameter set was then used to run the free
model run, which has no observational data assimilated (NDA), for the study period
with a oneyear spinup period. GOTM was first initialized during a time when each

lake wasisothermal (t0) and then igitialized by insertion of a single measured
temperature profile (also called a fihot
period (t1) Figure5.1).Bol di ng & Bruggeman ApS s+ ecent
s t aundtid@nality into GOTM. Conceptually, this feature allows a model run to be
initialized from a restart file where given model state variables have begneabks
values. The restart file is produced by GOTM and provides the model state variable
values at th last time step of a given model run. The goal of the hot start functionality

is to enable continuation of a model run which includes information onrtioegs
variables from a past period of simulation, without the need to run the entire historical
period. Because of this functionality, one can also choose to manipulate one or several
of the state variables in the restart file. In the present study, placed the
temperature profiles in the restart file with observed profileise. using direct
inserfon as a means of data assimilation. Where the observed temperature depths did
not exactly match the modelled depths, we linearly interpolated and extexptihe

data. This functionality allows the userfioot-stard the lake model whenever new
forcing data in the form of a weather forecast data becomes available. This allows a
workflow to be developed where forecasts are continuously updated, i.e. the model
state variables (water temperature profile), when measuakees/ of these are

available.

The iming of model initialisation varied for each site (Feeagh: 20061,
Langtjern: 20130515, Kinneret 201@®1-01). For Langtjern, this was at the
beginning of May following the offset of icA minimum period of onegar was used
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to spirup the model par to the renitialization, the time when the observed
temperature profile was assimilatggnocchet al, 2019) A spinup periodhelps to
reduce the error that could be associated with the initial and boundary conditions and
allows the model to reach statisticabididprium (Hodges, 204). The model was run

with an hourly integration time step. Model output was averaged to a daily timestep
and compared to daily averaged observed data.

Forcing and boundary conditions

Free model run — No Data Assimilation (NDA)

Model Spin-up Model run w/ assimilated data

t0 t1 t2

Figure5.1 Corceptual scheme of the hstart funcionality showing thecontinuous

forcing and boundary conditions from tO to t1. The free model run with no data
assimilation (NDA) is forced continuously with the initial conditions at Qe

forecast with assimilatedath has a model spup from tO andihishes at t1. Attl a
Ahotstarto file is produced for GOTM whi
for the model. An observed temperature profile is inserted into this file, updating the
model states for wateginperature and thehemodel is reiitialised with the updated

restart file.
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For each lake, a set of -ty forecasts was produced that commenced
approximately every three days throughout the study period. A similar number of
forecasts wagroduced for each site (Feeagd21Kinneret: 135 angtjern: 13).
Observed temperature profile data were then assimilated into the model by direct
insertion before rénitializing the model to simulate a by forecast. The
observational data represedtreal time conditions at O hours (T000), 1 dayh@4rs:

T024), 1 week (168 hour$168), 2 weeks (336 hours: T336) and 4 weeks (672 hours:
T672) prior to the start of the targeted forecast pefaglife5.2). These assimilation

times were chosen to reflect diféat monitoring resolutions commonly used in lake
monitoring programme, ranging from traditional low frequency operational
monitoring (monthy: T672) to more frequent surveillance monitoring (weeki68)

and up to near real time automatic monitoring tinkaneousT000). At the data
assimilation time, a single measured temperature profile was assimilated using direct
insertion into the restafile that was generated following the spip period Figure

5.2). Thesimulation was then run until the end of the target forecast period of 14 days

The data for the Xday forecast period were then extracted for analysis.
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Figure 5.2 Schematic describing different simwddt forecasts that were usékhe
dates chosen are for example purposes to dstrate howFigure5.1 corresponds to
an actual forecast. The date 2011201 is tO, t1 is the corresponding date for each
forecast and 20184-14 represnts t2.

The forecasts produced by the models were classifiedrding to the thermal
status of the lake at that time (isothermal or stratified) to assess model performance
under differing conditions. During the stratified conditions, results were also
separated into results for the epilimnion and hypolimnibine nmetalimnion was not
included because for Feeagh this was not well defifikd.presence and depths of
the epilimnion, metalimnion and hypolimnion were calculated using the
6r LakeAnal yirzReon ihe npeanadéila apserved dékeadet al, 2011)

The forecasts were generated using an ensemble parameter approach which
has been used in lake modelling studies befGiad et al, 2014) We generated 100
paramete sets from a multivariate distribution of the uppel” Jereentile of best
performing parameters from the 5000 calibration iteratibiggi(e5.3). The forecasts
based on the five different data assimilation times were compa@chulations for
that site with NDA Figure5.3).
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TOO0O T024 T168

T336 T672 NDA

Temperature (°C)
(o]
o

8.01

7.54-

7.0

16/03 19/03 22/03 25/03 28/03  16/03 19/03 22/03 25/03 28/03  16/03 19/03 22/03 25/03 28/03
Date

Figure5.3 An example forecast of surface water temperature for Feeagh o+02007

13 for 14 days showing the model ensemble @i6tulations; red) and the observed
water tempeature (black dotsjor each forecast where data was assimilated at the
time of the forecast (T0O00), one day previous (T024), one week previous (T168), two
weeks previous (T336), one month previous (T672) aedree model run with no

data assimilation (NA).

5.3.4. Data Analysis

Themodel forecast performance was assessed using the nbéscsnean absolute
error (MAE). Root mean square error (RMSE), and Nagteliffe efficiency (NSE)

were used with bias and MAG evaluate model performance following cadition.
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wherew was the observed water temperatusaeyas thesimulated water temperature
at timei, wwas the mean observed water terapgre and n was the number of

samples.

Data analysis was carried out usingRRCore Team, 2020or each forecast,
the MAE was calculated for each forecast ensemble comparetserved water
temperature profile data and then mean ofehsemble was calculated. The MAE
was averaged in time and depth for each forecast date to generate a time series of
MAE for each forecast throughout the period. MAE over the forecast perioel we
calculated by averaging all the forecasts for each lakesgttriatified andisothermal)
for each day of the forecast starting at day 1 and ending at day 14 for each lake. MAE
was calculated for the lake profile for each lake status. Density diginsuivere
plotted showing the distribution of MAE for each faaistduring each lake status and
the mean RMSE for the free run. Improvements in forecasts were calculated as a

percentage reduction in MAE relative to the model NDA run.
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5.4 .Results

Feeagh wastratified throughout six months of the study year fromNéaech (2007

03-26) until early September (20@PB-10) (Figure 5.4 A). Maximum surface
temperature of 20.6 °C occurred in May while the maximum bottonpaeatures

(15.3 °C) occurred during autumn overturn (2@®712) in September. The minimum
surface temperature of 6.0 °C occurred at the end of December 2007. Stratification
within Feeagh was relatively weak compared to the other twq witiésthe largst
temperature difference between top and bottom temperatures during the stratified
period being 11 °C on 20a¥4-06 (mean temperature difference: 3.6 3D 1.6 °C

n =180). As a result of its weak stratification, a small metalimnion deesldpring

stratification between 15.0 m and 15.6 m.

Langtjern was the only lake in this study to have ice cover, which occurred
from 201411-23 until 201505-09 and from 2018.1-12 until 201605-09 (Figure5.4
B). It was isothermidor approximatelyatwo-monthperiod following the breakdown
of summer stratification in both years, from 2a1®08 until 201412-11 (64 days)
and 201510-02 until 201512-08 (67 days). Itomparison, a relatively short -ty
isothermal period occurreillowing ice-off in 2015 (201504-26 to 201505-13).
The maximum surface temperature of 23.3 °C occurred on-@BD5 while the
minimum surface temperature of 0 °C coincided with the periace cover. During
the summer stratification period, bottoemtperatures were very stable (mean 6.1 °C;
SD:0.6 °C n=1798 with a maximum bottom temperature of 8.6 °C occurring on 2015
10-03 following autumn turnover. There was a relatively large teatpey
differential between top and bottom during summer stecatibn (mean: 7.6 °C, SD:
3.5 °CG n=179 which resulted in a metalimnion between 2.1 m and 4.0 m.

The subtropical lake, Kinneret, had a slightly different temperature structure
when comparetb the other two sites. It had long periods of stratificatidh & stable
thermal structure from 2014-08 until 201101-12. Throughout the study period
bottom temperatures were much higher than either of the other lakes and remained
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relatively stable(mean: 16.6 °C; SD: 0.1 (=267, while surface temperatures
underwent large diel fluctuations (up to 6 °C). The maximum surface temperature was
32.1 °C on 201907 and the minimum surface temperature was 22.8 °C on 2011
02-06. The lake was isothermfalr very short periods in January and February 2011
but there wee no long continuous isothermal periods (maximum continuous period
of 9 days, 201-D1-30 to 201102-08) (Figure5.4 C). The metalimnion occurred at

depths between 14.1 m and 21.2 m and was stable until turnovereatc
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Figure5.4 Observed water temperature at different depths for the three study lakes
A) Feeagh B) Langtjern and C) Kinneret. Green background indicates periods when
the lakewasisothermal, red fowhen the lakevasstratified and blue for when the
lake was inversel stratified (only Langtjern). White spaces indicate time periods

where observation dat@eremissing.

97



Following model calibration, the model simulated the entire study time period
with the best calibrated parameters for each site. Model performancécstatisre
calculated for the overall time period and both the stratified and isothermal time
periods. For the overall time period, GOTM simulated the seasonal dynamics for each
lake with areasonable degree of accuracy. The simulations for Feeagh had the
smallest MAE (0.53 °C) and highest NSE (0.96), followed by those for Langtjern
(MAE: 0.76, NSE: 0.94) and then those for Kinneret (MAE: 1.38, NSE: OTath)l¢
5.1). Simulations for Feeagh and Langtjern had a negative bias during the isothermal
period €0.05 °C and-0.28) while those for Kinneret had a warm bias (+0.40 °C).
During the stratified period the output for Langtjern had a larger negatise@i47
°C) while that for Feeagh and Kinneret had a warm bias (+0.39 °C and +0.40 °C)

respectively).

98



Table5.1 Model performance over the entire study period for each lake comparing
modelled temperaturés olserved temperatures at corresponding depths.

Feeagh Langtjern Kinneret

Bias (°C)
Overall 0.18 -0.38 0.47
Isothermal -0.05 -0.28 0.89
Stratified 0.39 -0.47 0.40
MAE (°C)
Overall 0.53 0.76 1.38
Isothermal 0.31 0.54 0.89
Stratified 0.74 0.96 1.46
RMSE (°C)
Overall 0.68 1.02 1.79
Isothermal 0.37 0.72 1.00
Stratified 0.88 1.23 1.89
NSE
Overall 0.96 0.94 0.87
Isothermal 0.98 0.79 -2.97
Stratified  0.90 0.89 0.86
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The range in MAE values for the forecasts when norehsienal data were
assimilated (NDA) was much larger for Kinneret (mean: 0.9051%,1.05 °C) than
for Feeagh (mean: 0.35 °6D: 0.34 °C) or Langtjern (mean: 0.64 °GD: 0.59 °C)
(Figureb.5). For all three lkes, there was a similar pattern in error values throughout
the annual lake cycle, with the largest MAE values occurring during summersnonth
when the lake was stratified, and lowest values occurring when it was isothermal. The
mean difference in simulatédmperatures between the NDA runs and the runs with
the longest interval betweentirgtialization and the start of the forecast (four week
T672) was largest for Kinneret (1.2 °C), followed by Langtjern (1.0 °C) and then
Feeagh (0.5 °C)Higure5.5). The error estimates for the multiplegsiential 14day
forecasts for Feeagh were variable over the study time, with six noticeable peaks in
error which were related to mixing events (arrows: 1, &fgufe5.5 A) and warming
events (2, 3). The error for Langtjern was variable over the annual cycle, with eight
distinct peaks in error. As with Feeagh, these eight peaks again coincided with discrete
events relateth this casdo warming evert (arrows: 1, 2, 6)Higure5.5 B), changes
in the lake thermal structure: offset of summer stratification (7), cooling events (4, 8)
and mixing events (3, 5). For Kinneret, there were two smallespearor: one was
a result of the missing data (1) and the other was related taregravent (2) [figure
5.5C; 1, 2). The width and height of these peaks in error increased as the time period
between the assihation of the measuredgfile and the start of the forecast became
longer for all sites. However, the NDA simulations had the tallest and widest peaks in
error for all three sited~{gure5.5).

For each of the theestudy lakes, there was very little difference in MAE
valuesbetween the TOOO and T024 simulations throughout the entire study period.
During isothermal periods, there were smaller differences between the errce for th
NDA simulations and those for eachtbe forecast datasets where observational data
were assimilated (TOO0T672) for both Kinneret and Feeagh. The NDA had slightly
lower MAE valuesthan theruns in which data werassimilated duringhe month of
Decenber 2007 for Feeagh. For Langtjerrsite where the periods during which the

lake was isothermal were much shorter, there were large peaks in error associated with
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two sudden events: a warming event in October 2014 and rapid cooling event in
October 201%2, 8) Figure5.5 B).
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Figure 5.5 Impact of thelength of time betweerdata assimilatiorand start of the
forecasbn the mean absolute error (MAE) for forecast water temperature for the three
lakes A) Feeagh, B) Langtjern and C) Kinneret during stratified and isothermal
conditions. Each dot represents the mean absolute efrthe 14day ensemble

forecast on that day for the entire water column. The numbered arrows highlight peaks
where notable evesibccurred.

In general, the MAEvaluesincreased ovethe time period othe 14 day
forecasts for all three lakésr runswith assimilatd data, while the NDA simulations
had a relatively consistent range of error throughout thiday4orecast period={gure
5.6). During the #atified periodthe TO0O and T024 simulations had noticeably lower
MAE values across all 3 lakes in both the epilimnion and hypolimnion, but these

increased with forecast lengthfter day eght of the forecadtor Langtjern during the
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stratified period and for the epilimnion, the MAEestimatefor all datasets for
Langtjern converged around a value d 0C. The simulations for Kinneret had a
larger error fotemperature in thepilimnion duing periods oftratification compared

to thosein the hypolimmon (mean MAE epilimnion: 1.2 °C; mean MAE hypolimnion
0.2 °C). The MAE for NDA was consistently much higher in the Kinneret
hypdimnion (mean:1.5 °C) while the MAE of the assimilated dataseemained

below0.5°C even after 14 days.
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Figure5.6 MAE averaged across the-tly forecasts of water temperature in three
lakes Langtjern, Kinneret and Feeagh. The colours of the liapeesent théength
of time between data assimilation and starhefforecastForecasts during isothermal
(left panel) and epilimnion and hypolimnion water during stratified periods (middle
and right panels) are presented separately. Each line represents the MAthef al
forecasts generated during each thermal pgi@gaghsothermal: n=86; Feeagh
Stratified: n=53; Kinnerelsothermal: n=28; Kinnerebtratified: n=104; Langtjern
Isothermal: n=62; LangtjerBtratified: n=66).
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The forecasts for Kinneret and Feeagtl higher error values for temperatures
in the epilimnon and lowererrorvalues for the hypolimniorFHgure5.7). However,
the NDA simulations had much larger erréos simulations otemperaturesn the
metalimnian for Kinneret (depths between 14 m and 21 m) and Langtjern (depths
between 1m and 4m). The range in MAR&lues for the forecast epilimnetic
temperatures across the different assimilation runs for Feead (@), Kinneret (0
T 15m) and Langtjen (07 1.8 m) were 0.4 0.8 °C, 0.6 2.1 °C and 0.8 1.0 °C
respectively. For forecasts of metalietic temperatures in Feeagh (L35.6 m), the
range in MAEvalueswas lower compared to the epilimnion (G.20.45 °C). For
Kinneret (14i 21 m) this rage was 1 1.3 °C while for Langtjern (2.1 4.8 m) it
was 0.45 0.9 °C. Forecast MAE for the hypolimnion for Feeagh had a range of 0.2
1 0.5 °C and for Kinneret (22 30m) the range was 0.250.5 °C but this reduced to
0.0571 0.2 °C for the bottomepths (30" 41 m) (Figure5.7). For the hypolimnion in
Langtjern (4.8 9 m) the MAE range was 0.250.8 °C.
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Figure5.7 Mean has of water temperature profiles in thrakds Feeagh, Langtjern
and Kinneret for forecasts averaged actbssisothermal (Feeagh: n=73; Langtjern:
n=64; Kinneret: n=31) and stratifiederiocs (Feeagh: n=69; Langtjern: n=64;
Kinneret: n=104) The colours of the line®present théength of timebetween data
assimilation and start of the forecasiorecasts during stratified and isothermal
conditions are presented separately in each panel. Each line represéras tieall
the 14day forecasts generated during that thermal period. Dashed ritatiines

indicate the mean top and bottaithe metalimnion during the stratification period.
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Overall, the NDA run had a larger MAEluesthroughout the water column
compared to all the assimilation datasets dtirthe three sites, during both the
isothermal and stratified periods (Feeagh: 0.53 °C, Langtjern: 0.75 °C and Kinneret:
1.17 °C) An exception werspecific depths during the stratified period at Kinneret
and at FeeaghTéble 5.2). During the stratified period each foest where
observational data were assimilated had a bias in the epilimnion, but this was a
positive bias for Feeagh and Kinneret and a negative bias for Langtjern. For Kinneret
during the stratified periodhe NDA run had a large warm bias in the epilimanj a
large negative bias in the metalimnion and slight warm bias in the hypolimnion.
During the isothermal period it had a consistent warm bias throughout the water
column (+1 °C). There were slight negative bsasear the surface for both Feeagh

and Lamgtjern (mean:0.17 °C,-0.4 °C respectively).

Density plots of the distributions of the MAE for the temperature profile for
all 14-day forecasts showed that the rang#he errors was largest during the stratifie
period for all three lakesF{gure 5.8). For both Kinneret and Feeagh, during the
isothermal period (Jain Mar 2011; and Jafi Apr 2007 and Octi Dec 2007
respectively, there was a distinct difference between all the forecasts that had
observational data assimilated quaned to the NDA run while there was little to no
difference between the assimilated datasets. The mean values of the distributions
during this perioddr Feeagh ranged between 0.13 and 0.22 °C (mean MAE: T0O0O:
0.14 °C; T024: 0.13 °C; T168: 0.16 °C; T33®B18 °C; T672: 0.22 °C) for the
assimilated datasets while for the NDA run it was 0.31 °C. Similarly, for Kinneret
there was a range in the mean valw#s0.270.48 °C for the datasets where
observational data were assimilated, while the mean was 0.9r°G0#&. For
simulations during the isothermal period for Kinneret, the NDA simulation had a
distinctly different error distribution (mean: 0.90 °8D: 0.44 °C) than those with
observational data assimilation, with both a larger mean error and wider naeaye (
0.22 0.46 °C;SD: 0.24- 0.37°C).In contrast, the distribution of the errors for

Langtjern had a similar distribution for all runs, includingtfee NDA run.
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During the stratified period, there was a distinct separation between each of
the forecating dataset8.e. the differing reinitialization time$dr all three lakes, with
the mean error and range in the errors increasing as theiritergal for re
initialization prior to the forecast became londgeig(re 5.8). However, the NDA run
had the largest range in error values. For all three lakes, themes wery small
differences in the distributions of MAE between TO0O and T024 forecasts. There was
a larger difference in errors between T024 and T168. For Langtjernwthsr& large
increase in the distribution of MAE as the time of assimilation incceast the
largest difference between T024 and T16&8ile for Kinneret, the distribution of

MAE valuesonly showed large increases theT336 and T672uns
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Figure 5.8 Density plots of the distribution of the mean absolute error for atlal4
forecasts for the three lakes: Feeagh (Isothermal: n=114; Stratified: n=71); Langtjern
(Isothermal: n=62; Stratified: n=66)na Kinneret (Isothermal: n=28; Stratified:
n=104) wit panels for the different thermal perio@®lours represent tHength of

time between data assimilation and start of the forecast

Overall, assimilating observational data into the model nearly alvedysed
the forecast error when compared to the N§iulations Table5.2). The forecasts
for Kinneret had the greatest improvement score across both the isothermal and
stratified periods, with the percentage improvemeihe MAE values ranging from
41 % (Stratified: T672) to 7P6 (Stratified; TO00) Table5.2). The simulations for
Feeagh had similar levels of improvement duringsthatified period (23 59 %) and
the isothermal period (3156 %). ForLangtjern, only the TOOO and T024 forecasts
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for the isothermal period had a better percentage increase in performance compared
to the NDA runs (20 and 3% respectively). In contrast, the T168 forecasts showed

no improvement () while the T336 and T672uns both had a decrease in
performance-@ % for both).
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Table 5.2 Data assimilation performance for the fdient temporal frequencies

showing the percentage improvement in forecast compared to the moaeéthaut

data assimilation.

T000 T024  T168 T336 T672 NDA
Feeagh
MAE (°C)
Overall 0.23 0.24 0.30 0.36 0.41 0.51
Isothermal 0.14 0.13 0.16 0.18 0.22 0.32
Stratified 0.31 0.33 0.44 0.52 0.58 0.75
Improvement (%)
Overall 55 53 41 29 20 -
Isothermal 56 59 50 44 31 -
Stratified 59 56 41 31 23 -
Langtjern
MAE (°C)
Overall 0.50 0.54 0.64 0.68 0.74 0.69
Isothermal 0.43 0.47 0.54 0.56 0.56 0.54
Stratified 0.57 0.61 0.73 0.79 0.89 1.06
Improvement (%)
Overall 28 22 7 1 -7 -
Isothermal 20 13 0 -4 -4 -
Stratified 46 42 31 25 16 -
Kinneret
MAE (°C)
Overall 0.38 0.42 0.59 0.75 0.97 1.60
Isothermal 0.27 0.29 0.36 0.39 0.48 0.90
Stratified 0.39 0.43 0.62 0.79 1.01 1.70
Improvement (%)
Overall 76 74 63 53 39 -
Isothermal 70 68 60 57 a7 -
Stratified 77 75 64 54 41 -
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5.5.Discussion

Water quality and water security are two of the key areas of concern within the
Sustainable Development Godlsnited Nations General Assembly, 201&arly
warning forecasts in lakes and reservahat are used for drinking water and
recreational needs have the potential to play a key role in supporting water
management and public health authoritleske ecosystems are underpinned by an
evolving physical and thermal structure. When modellinge lacosystems it is
imperative therefore to simulate lake physics with a high degree of accuracy as
physical characteristics of the thermal regime control glazess rates of many
biogeochemical variables of lake bid#rolle et al, 2012; Bruggeman and Bolding,
2014; Huet al, 2016) The occurrence of algal blooms, for example, is largely
governed by thénternal dynamics of a lak@aerl and Huisman, 200Baerlet al,

2011) Temperature and the seasonal pattern of thermal stratification are some of the
most important variables affecting lake ecosystébwshamet al, 2003; Magnuson

et al, 1979)because temperature affects many biegemical processes, for example
cyanobacterial bloomgChen et al, 2014) Being able to forecast lake water
temperature to a high degree of accuracy @rtbasterm future (14 days) would be

of enormous benefit to water resource managers.

Our study is the first, as far as we know, to exemnthe effects of assimilating
observational data by direct insertion on the performance of a lake hydrodynamic
model. We did this for three lakes that have differing seasonal patterns of
stratification. We found that even the assimilation of data celfeehe month before
the forecast (T672) reduced the forecast error when compared to a free run (NDA) of
the lake modelThe greatest improvement in forecasting ability occurred during
periods when all three study lakes were stratified43%b, Table5.2), a time that is
critical for many biogeochemical processes such as horizontal oxygen mixing
(Coutureet al, 2015) calcite crystallizatiorfKatz and Nishri, 2013r distribution
of zooplankton(PinelAlloul et al, 2004) In fact, assimilating observational data at
any timestep up to one month prior to the forecasts reduced forecast error compared
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to making the forecast without data assimilation. The improvement when data were
assimilated is pdly due to a reduction in er related to accumulation of a cold bias

in the lower depths, which can carry forward through the simulation if no data
assimilation is carried oyfhiery et al, 2014). By inserting observed temperature
profile data, the model state variables were corrected and brought back in line with
observed data farach run thus reducing MAE the first number of days (e.Bigure

5.3). Data assimilation of observed lake surface temperature from satellite
measurements has previously been found to improvehracterisation of changing

lake surface statgRontu et al, 2012) and lake water surface temperature
(Kourzeneva, 2014)This agrees with our finding that even assimilation of
observational data measured four weeks before the forecast reswdtémver error

and more accurat®recast. As might be expected, however, the lowest error of all
was obtained by assimilating data collected in the O fod24 period before the start

of the forecasts. This was particularly apparent when a speecifikerevent occurred,

such as a wating or mixing event in the tday forecast period. During these periods,
the error peaked but then showed rapid return teepeat levels, particularly for

shorter assimilation lead in times.

The error in the epilimnion véamuch higher in the largest EkKinneret than
in the other two lakes. This was likely owing to large fluctuations in daily surface
temperature and the presence of lesgale internal waveg¢lLaval et al, 2003;
GomezGiraldoet al, 2006; Ji and Jin, 2006)he presence of large internal waves
can be a source of error whenngsia tdimensional lake model as a result of the
model structurgHodgeset al, 200®). This influences the accuracy of thedoast
in trying to capture the depth of the epilimnion, which is ¢tjeseen inFigure5.7
where the largest errors for the NDA simulations were atstivéace and at the
metalimnion. Since Kinneret is in the strbpics, surface water temperature
fluctuations during the summer pati@an be as large as°6, a range which our
model simulations did not always captuFegire5.4). This suggests that the error
during stratified periods was mainly related to model structural error, where the model

cannot replicee some of the-8imensional internal processes in the lake, for example,
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the occurrence of multiple internal seiche mo¢&stenucciet al, 2000) When
observational data were assimilated, the biases in the forecast was reduced.

Model erras were less substantial, for the shallow and thermally stable lake
in our study, Langtjern. Although, during the isotherpwiod, and in the epilimnion
during the stratified period, we only found improvements in forecasts for the TO00
and T024 runs anfdr the first 810 days before it had the same MAE as THigure
5.6). This could be a result of the lake being more stable and shallower therefore
making theinitial conditions of the lake model morgensitive to atmospheric
disturbancesWhere after 8 days, the sensitivity to the initi@hditions has dissipated.
This is important in the context of shaerm episodic eventshich can have a large
impact on inlake conditiongJenningset al, 2012; Kuhaet al, 2016) Therefore,
higher frequency data would be needed to accuratelgasirduring and immediately
after the event occurreth contrast, for Feeagla lake with weakhermal stability
differences in errors resulting from varying data assimilation times remained, even
after 14 days, The mean depth of Feeagh is much largerLtingtjern and mean
depth is a key factor with regards lake stabilifyaemeret al, 2015)

There was also a clear distinction in the magnitude of error between those
times when the lakes were stratified compared to wherlakes were isothermal,
highlighting the challenges of modelling water temperature during these different lake
conditions (Kourzeneva, 2014)Assimilation of meased data reduced error by
accurately simulating the depth of the epilimnion and metalimnion during the
stratified period, theanes of the lake that govern biotic processes for zooplankton
and phytoplankton(Pilati and Wurtsbaugh, 2003;wiss et al, 2012) It would
therefore be particularly beneficial for forecasts when a lake is stratified, or for deep
largelakes which have large internal dynamics such as internal wieoethe deep
and strongly stratified Kinneret, the main redantiin error was for the surface
temperatures and around the depth of the metalimnion, suggesting that the
assimilation of measad data was particularly useful in correcting errors related to
prediction of the thermocline depiBaracchiniet al, 2019) There were slight biases
for simulaed temperatures in the hypolimnion during the stratified period. This is an
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important depth zone when modelling water quaéispecially for simulating periods
of hypoxia or anoxia, as temperature is a strong regul8tefanet al, 1996) Our
results showed that reiratizing the model using measured profile data can reduce

biases in temperature forecasts for the hypolimnion.

The overall aim of any forecast system for lake management should be that it
is easy to use, computationally efficient and of low financial @stlibaly, 2010)
Environmental models are often not employed in the context of decision support or
policy management, haver, due to the large uncertainty associated with such
predictions(Omlin et al, 2001; Reichert and Vanrolleghem, 200if)lake model
forecasts are to be used to aid management decisions, then error between the model
simulations and observed conditions mustdzkiced as much as possible. Our study
has demonstrated a simple method of reducing forecast error for lakeyryamics.
We also found that using the hkatart functionality in GOTM to assimilate
observational had a low computational demand (D.I86s across all lakeF,able
5.3) and therefore a shorter time needed to forecast water temperature profiles. This
would have implications, for example, when running model ensemble forecasts,
which is known to have a large computatibburden(Rasoet al, 2014) Our
workflow for observational data assimilation allows forecasts to be consistently
updated as soon as nemeather forecast data became available. Thesthat
functionality is a noteworthy software development that can be used to reduce model
computational time and has been included in the newest versions of other lake models
Simstra EAWAG, 2020; Goudsmigt al, 2002)and the General Lake Model (GLM)
(Hipseyet al, 2017; UWA, 2020)
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Table5.3 Run time (in seconds) for GOTM for the spip periodand foreach of the

forecast periods and the free model run (NDA).

Lake Spin-up TO00 T024 T168 T336  T672 NDA

Feeagh 2.54 1.28 1.26 1.2 1.33 1.36 5.76
Langtjern 1.4 0.78 0.78 0.84 0.86 0.93 2.1
Kinneret 2.82 1.04 1.03 1.06 1.11 1.13 3.7

Our results suggest that having knowledge about the thermal regime of a lake
can inform the sampling frequency that would likely be required to setup a lake profile
forecasting framework. Neaieal time data acquisition brings challenges for water
managersas data collection is costly, resource intensive and weather dependent.
Automatic HFM offers several advantages. It can be collected remotely, irrespective
of weather conditions, and at a teonal resolution that is appropriate to rapidly
changing wateranditions (i.e. sufglaily). It can be streamed online and automatically
quality controlledMarcéet al, 2016) HFM is critical forcapturing shorterm trends,
extreme events and swlaily in-lake variability (Aguilera et al, 2016) We
recommend that for lakes in stiopical climates with large surface temperature
fluctuations and strong internal dynamics such as Kinneret that the sampling
frequency to inform lake forecasts would need to Beast daily to reduce the MAE
to less than 0.5 °C overall. A similar frequency would be needed for a small, very
shallow dimictic lake like Langtjern given its susceptibility to undergo rapid changes
in physical state in response to sudden changes irsaltigiic conditions. Since this
study was carried out, GOTM now has an ice model which would allow for
predictions in ice formation and ice off. Forecasting of this phenology change could
be of great importance for spring phytoplankton bloo(Katz et al, 2015;
Weyhenmeyeet al, 1999) For a mediunsized lake in terms of surface area and
depth, such as Feeagh, that undergoes relatively small changes in surface temperature,
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in contrast, monthly sampling may be enough to improve forecasts and keefpfhe M

at a similar level.

5.6.Conclusion

We have shown that assimilating observational data using direct insertion into a
hydrodynamic model can reduce forecast error by up to 1 °@o(@@provement)
compared to running the model with estimated valuemmitalization and a ongear

spinup period with no updates to the state variables. Although the largest decreases
in forecast error came with assimilation of nezal time observational data (i.e. today

or yesterday), we also showed that assimilatiorolufervational data from low
frequency monitoring nhonthly: T672) still greatly reduces error compared to no
assimilation (346 improvement). This simple methodology could be easily adapted
and used to generate forecasts on many lakes, even those witredoency
monitoring data. Our study used a mildtke comparison from different climates, lake
type, size and depth and the results therefore should be applicable to other sites. An
even greater advantage would most likely be obtained from assimilation of
observational data into a biogeochemical model, which would allow improved water

guality forecasts to be generated.
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CHAPTER 6. ENSEMBLE MODELLING OF FUTURE
CLIMATE IMPACTS ON LAKE THERMAL DYNAMICS

Note on the collaborative nature of the work described here:

The work described in thighapteris part of a large collaborative project, the Lake
Sector of ISIMIP(ISIMIP, 2020) Scientists who worked on this part of the project
include Tadhg Moore (TM), Robert Ladwig(RL), Elvira de Eyto(EdeE) Oaxana
Erina (OE), Gideon Gal(GiG), Gosia Golub(GoG) Sean Kelly(SK), Madeline
Magee(MM), Rafael MarcgRM), Donald C. PiersoDP), Noam ShachafNS),
Wim Thiery (WT), R. lestyn WoolwayRIW) and Eleanor JennisgEJ).

RM, DP and WT are the ISIMIP Lake Sector managetss & the ISMIP
Lake Sector Coordinator who collated all the observed lake @iktawas model
leader for the GOTM model and-t@ader for GLM with RL within the ISIMIP Lake
Sector- Local. This involved developing a modelling protocol, which included
calibration and snulation proceduresIM, DP, GG, NS ran the GOTM calibration
procedure on the 60 study lakédl , RL, OE, GG, NS, MM ran the GLM calibration
procedure on the 60 study lakddM, GiG, NS and DP ran the climate change
simulations for GOTMTM and RL ran lte climate change simulatiofier GLM.
TM analysed the dafresented in thishapterand wrote the draft with feedback from
SK, EdeE, RIW, EJ.
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6.1.Abstract

Global lakes and reservoimsre a critical natural resource and are vulnerable to the
effects of clmate changeThese effectwill vary depending on lake location and
morphometry. Projected impacts can also vary, however, depending ganthel
circulationmodel (GCM) and lake model uselb best quantify and understand the
wide and variale responseof lakes to climate change, an ensemble modelling
approach is best practice. The Ir8actoral Impact Model Intercomparison Project
(ISIMIP) is a crosssectoral network of climate impact modellers using a common
approach and set of future peotions to gin a consensus on global impacts. Here,
we describe the protocol used for two lake impact modbks General Ocean
Turbulence Model (GOTM) and the General Lake Model (GLEHd simulate
projected thermodynamic changes thldkes. We found tt we achiegd a good fit
(RMSE: < 2 °C and NSE: > 0.5) of modelled to observed water temperaturées for 7
% of the lakes in the study %0) for both models. Future simulations of climate
change impacts under three different emissions scenaregresentative
concetration pathways (RCP), whicehowed unequivocal warming in surface
temperatures by 2068099 (RCP 2.6: +1.3 °C; RCP 6.0: +2.4 °C; RCP 8.5: +3)7 °C
andincreass in stratification duration (RCP 2.6: +11.3 days; RCP 6.0: +21.2 days;
RCP 8.5: +32.1 days). langes in summer thermocline depth were sensitive to the
choice of lake model used, with large variabibity 20692099 for RCP 6.@vhen all
GCMs, sites and years in that time period were incly@oM: +0.4 m + 2.5 m;
GOTM: +0.2 m £ 20 m). The projectec¢hanges in thermal dynamics highlight that
lakes and reservoirs are highly vulnerable to warming and will experience changes in
stratification patterns, arahincreased strength of stratificatiand therefore changes

in habitat ava#bility for lake bioaiunder each of the different climate scenarios. We
demonstratedn this studythe steps necessary for approaching ensemble climate
change modellingcrossnultiple lakes and highlighted the key changes that are likely
to occur in lake under RCP 6.0This knowledge will help to manage these fragile

ecosystems as we move into a future of clinaal@ptation
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6.2.Introduction

6.2.1. Importance of lakes in the global context.

Lakes are an important environmental resource globally. They providerdyj water

food andhave cultural significance. In an ecological sense, lakes provide habitats for
a range of species that differs with latitude. Lakes influence the local climate through
air-water fluxes(Bogomolovet al, 2016; Heiskanemt al, 2015; Mironovet al,

2010) They alschave a latent respea to changes in treimate andtherefore can

integrate longerm climatic signal¢Adrian et al., 2009)

There have been significant trends in water quality degradation for lakes on a
globd scale as a result of direct and indirect anthropogenic actiyiasller et al,
2016; Shadkaret al, 2016) At the same time, there has been quantifiable but highly
variable increases in lake surface temperatures globally, amihatsetrics of lake
stratification (Kraemeret al, 2015 ; et@pRE) Ihctegses in lake water
temperature and resultant changes in §ization can have large impacts on these
ecosystems. Changes to the thermal prafilethe lake can shift how fish and
zooplankton interactor examplegdaphnidsnhabit surface waters féongerduring
periods ofextended stratificatigmmaking them lesaccessible tdeep watepredators
such as coregonidsiellandet al, 2007) There has also been an increaseporting
of extreme climatic events which can affect lakes, such as high precipitation events
which can reduce gross primary productivide Eytoet al, 2016)or extended
droughts whih cause strong hypolimnetic oxygen deplefitmkowskiet al., 2006)
The trophic status of lakecan also affect the response of lake zooplankton
communities to climate change, where high nutrient load can maKekiéenore
sensitiveg(Alric et al, 2013) Water temperature and incident irradiance are two of the
main variables which explain global productivity in lakes, while the extent and
duration of ice cover plays an important role in some regibewis, 2011) Lake

water temperature iecognisedasa master environmental variable as it influences
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many different processes within lak@dagnusonet al, 1979) Understanding the
potential changes in lake temperature under different climate change scenarios will
aid in devéoping robustadaptationstrategies for lakes and reservoirs across lake
physical, chemical and biological domaideppeseet al, 2009 OgutuOhwayoet

al., 2016; Paukertt al, 2016; Trolleet al, 2019)

6.2.2. Ensemble modelling @inthropogenic perturbationsn lakes

Lake water temperaturelesrgely controlledby a combination of climatic drivers that
contribue to the lake surface energy bud@#imatic variables including cloud cover,

wind speed, atmospheric humidity and air temperatneethe main drivers of this
energy budgetEdingeret al, 1968) Changes in any of these drivers can influence
lake temperature through multiple feedbacks in the surface energy balance. To
accurately project lake temperature responses to future climate change,-peseess
numerical models that can compute complexwaiter thermodynamic fluxes are
needed. A number of such procéssed models have been developed in recent
decades, including those developed from parameterization schemes based on
similarity theory(Mironov, 2008) mixedlayer concep(Goyetteet al, 2000) eddy
diffusion (Hostetler and Bartlein, 1990¢nergy balancéHipseyet al, 2019) and
turbulence closuréGoudsmitet al, 2002) However, most studiet datethathave
simulatel future climate change impacts on lake temperature have utilised only a
single mechanistic modét.g. Shatwelkt al, 2019; WoolwayandMerchant, 2019)

Whilst such studies have merit, the advantage of applying more than one
independently developed model (i.e., an ensemble approach), is that some of the
inherent uncertainties in the individual models can be reduced by conveying the mea
and standard deviatn of the simulations, thus enabling increased robustness of future
projections. Such coordinated modelling experiments of independently developed
multi-model projections have become the de facto standard in climate science

including, for example, the Coug@d Model Intercomparison ProjefiEyring et al,
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2016) However, ensemble modelling of lak@ysicalresponses to future climate
change has not yet been undertaken.

Uncetainty is a crucial lsaracteristic that must be taken into account in any
modelling study, including studies on lake thermal dynamics, due to the number of
unknowns that are an inherent parnoddel structur¢SmithandStern, 2011)This
includes uncertaiy related to thegeneral circulation models (GCM) used,
uncertainty in human behaviour that will drive change in greenhouse gas emissions
used for those glab simulations, and wertainty inherent to the lake model used, as
well as variation in lake response that will be linked to local lake characterigies.
selection of a given GCM for an impact study can affect resbitsined particularly
if the cho®en lakemodel is sensive to a parameter that is simulated with a large
degree of uncertainty by that GCkér examplegrecipitation(McSweeney and Jones,
2016) There is alsoincertainty relatetb estimations ofuturefossil fuel production
It has been estimatdbatthe Intergovernmental Panel on Climate Change (IPCC)
high emissions scenario is highly unlikelye to an overestimation of global fossil
fuel resource¢CapellanPérezet al, 2016; Mohret al, 2015) Accounting forsuch
different sources afncertainty with some linked to miel structure and others linked
to human behaviouris particularly important for any study of future climate
projectiors. Ensuring that this uncertainty is communicated effectively is essential if
climate research is iaform global policy(Stainforthet al, 2007) Future projections
using GCMs are also inherently uncertain due to the fact they are trying to predict a
never seen system, and historical skill for the mddek not translate into future gkil
(Collinset al, 2006; Murphyet al, 2004) possibly because of the netatiorarity of
the feedback processes it the model¢Reifen and Toumi, 2009T here are many
ways of characterising and accounting for uncertainty. For models of lake thermal
structure there are four main sources of uagety: 1) initial condition uncertaty;

2) boundary conditions uncertainty; 3) process uncertainty and 4) parameter
uncertainty Kiktev et al. (2007)found thata multi-GCM ensemble means produace
moreaccurate simulations than use of a sirfgf&V, in the context of air temperature

and precipitationoutputs fromGCMs. Ensemble modelling is regarded as best
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practice particularly when trying to gauge the variable impattsimate change
(Collinset al, 2006) This is because it allows for the biases between differing Isiode
to be balanced out and accoufds uncertainties associated with the GCM forcing

data and process error witHor examplethe lake model used

6.2.3. ISIMIP Approach

There have been many modelling studies undertaken to assess the impajts td
climate change on lake thermal struetwt a local and regional spatial scédey.
Schmidet al, 2014; Sahoet al, 2016; Schmid and Koster, 2016; Magee and Wu,
2017b; Woolwayet al, 2017, Raman Vinnét al, 2018; Woolway and Merchant,
2019) It has been highlighted that when summarising potential immdatmate
changein one sectqrsuch as the lake sector, taaran be a misharacterization of

the response to climate change due to a lack of accounting for complex inter
dependencies that exist between sedtdesrisonet al, 2016) The ISIMIP project is
unique because it adopts a cohesive global approach acrosdifiergnt sectors,

for example agriculture, fortss fisheries, terrestrial biodiversity and hydrology
(Frieleret al, 2017; ISIMIP,2020) It provides a common simulation protocol which
allows for the separation of historical warming from -préustrial conditions,
guantifies the impact of global air temperature warming by 1.5 °C or@aace with

the Conference of Parties 21 (COP2&breement in Pari@lJNFCCC, 201% and
allows for furthercomparisos across different potential future emission scenarios
(Frieler et al, 2017) Representative Concentration Pathways (§CfRave been
developed taepresent potential future greenhouse gas emig86tG) scenarios
representing differing levels of global action to mitigate the effects of anthropogenic
induced climate change. General circulation models provide consistent atmospheric
and oceanic forcingata representing each of the different RCPs on a global scale.
Sector impact modelling use these datasets, along with projectedesociomic

conditions, toprojectthe potential impacts. The use of common forcing data also
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allows impacts to be quantfl across sectors and therefore through esessoral
analysis. All the ISIMIP output data are publicly available.

Prior to the initiation of the ISIMIP Lake sector, there was a group which set
up a lake model intercomparison project (LakeM#epanenkeat al, 2010) The
purpose of LakelIP was to evaluate the individual performance of various lake
models at different site@erroudet al, 2009; Thieryet al, 2014), couple a lake
model with an atmospheric mod@oyette and Perroud, 2012; Perroud and Goyette,
2012)and accurately simulate energy fluxes and thermal stratificg@t@panenket
al., 2014) This project built up a network of researchers who work with many
different lake modeléStepanenket al, 2010) Thefocusof the LakeMIPgroup was
on shoriterm lake thermal dynamics/hile the current ISIMIP Lake secttuilt on
this to starfocusng on investigating longerm multidecadal and centennial changes

in lake variables.

Within the currentISIMIP lake sectarsix models were sed to simulate the
effects of climate change on lake water temperaturfegich includedSimstrat,
Freshwater Lake Model (FLake), Advanced Lake Biogeochemical Model (ALBM),
Multi-year Lake model (MyLake), and the two models used in this study: the General
Lake Model (GLM) and the General Ocean Turbulence Model (GOTMégse
simulations were arried outin line with the protocol of ISIMIP2l§Frieler et al,

2017) ISIMIP2b is the latest round @iobal climatesimulations and was designed

to complement the IPCC scheduled report which focused on reflecting the impacts of

the 1.5 °Qarget(Frieleret al, 2017) There were two distinsimulationsappraches

used within the Lake Sector which have been termed 1) global and 2) localobak gl

approach used a global lakes database based ohxa055gridded map of the world

(Figure6.1 A). A percentage value per grid was calculated using data-i81000

freshwater lakes for lake area, mean depth and maximuatin aehich was then

mapped onto a global grid with a resolution of 30 arc(Kecrzeneveet al, 2010)

The models weraun uncalibrated usingoundary conditions (forcing datipm four

GCMs. The aim of this approach was to capture the geographical response and

variability of a Otypical b or generic
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different carbon emissiorcenarios. Simulated lake variables included lake surface
temperture, lake stratificabn and ice cover regime shift§&iven the generic

approach and assumptions of the global lake sector methodology, a complimentary

local lake sector group was formed witle purpose of examininigdividual lake

responsg to climate ©iange which used specific detail from each individual site
(Figure6.1 B). The local lake sectpwhich the work presented in thhapterwas

part of, used higifrequency, longermin situdat a fr om some -of 't he
studied lakeswhich allowed full calibration and validation of model performance for

each individual site prior to simulating climatieange projections.
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Figure 6.1 Distribution of lakes that are included inetlglobal (A) and local (B)
ISIMIP lake study. The data for the global lakes comes from the Global Lake Data
Base(Kourzenevaet al, 2010)
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6.2.4. Previous global lake studies

Global studes of the historical response of lakes to gaeain climate havéundkey
trends and identified potential explanatory variab@$. R g et ALI(2015)showed

that the response dhke summer surface temperaturesctmtemporary (1985 to
2009)climate change i235globally distributed lakes was highly variahlsingin-

situ and satellite measured dafédhe main drivers for these trendgre increases in

air temperature and downwiag solar radiation and decreases in cloud coxer.
separate study @6 lakes across the world demonstrated that histgd€a10 to 2010)
changes in lake stratification varied depending on lake average regompeand
morphometry(Kraemeret al, 2015) In a regional study of 16@onitoredlakes in

the northeastern and midwestern United Statesn 1981 to 2010local drivers
combined with regional scales strongly influenced lake sensitivity to climate change
(McCulloughet al, 2019) Relationships between water clarity daéle warming

were found to be highly nelnear in aclimate change modelling stud¢$hatwellet

al., 2019) Previous global lake modelling studies have applied uncalibiated
simple lake modelsto characterise regional scale responses to climate change
(Woolway and Merchant, 2019; Woolwayal, 2019) Somecasestudies have used
modelcalibration to reduce the uncertainty in the model output and accounts for biases
present in the climate forgydata(Ayalaet al, 2019; Sahoet al, 2016; Shatwelkt

al., 2019)

6.2.5. Aim of this study

This chapterdescribesheprotocolusedto undertake impact modelling forthel oc al 0
lake sector of ISIMIP using two ordtmensional (iD) lake models: The General
Lake Model (GLM) and the General Ocean Turbulence Model (GOTM), which has
been adapted for lakes. Simulations of projected climhatage impacts on lake
thermal dynamics were forced usidgta fromfour GCMs. An introduction and
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summaryfor the GCMs, theRCPs andoth lake models are described along with
model configuration and calibration workflows that were develagegpart of trs
projectand applied across the 60 sites. A general overview of the results from these
simulations is presented in the cexitof the different RCP scenarios, with a key focus

on the impacts on lake thermodynamic properties under RCP 6.0 for the p&®d 20
to 2099. The discussion of this local lake study is framed in the contéx¢ global

lake sectorsimulations, with thekey benefits of each study approach being
highlighted. Recommendations for future approaches and developments are outlined
in antidpation of the next round of simulations, ISIMIP3, which has recently been
launched.
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6.3. Simulation protocol and data sources

Here we describe the components of the modelling workflow as per the ISIMIP
protocol(ISIMIP, 2019)ard captured in the schematiégure6.2.

General circulation models
L | |

GHG emission scenarios RCP26 RCP60 RCP8S5

(RCP)
£ Bias corrected
GFDLESM2V MIROCS GFDLESM2M MIROCS
—>
[~ - ] Xz EZXzEn
Bias correction

EWEMBI

Observed meteorological
data

. Boundary
l Boundary condition condition

for calibration
RCP2.6 RCP6O RCP8S

v
@M Future projections
' ISIMIP

Intercomporison #ro et
Calibrated

Local vertical 1D lake
models

Figure 6.2 Schematic of the ISIMIP workflow, detailing how the GCMs are bias
corrected with EWEMBI, the lake models are calibrated with EWEMRI then are
both used to simulate future lake thermal states under different greenhouse gas (GHG)

emission scenarios whichre the RCPs.

127



6.3.1. General Circulation Models

General circulation models are numerical models that have been developed to
simulate &matic processes, and are usedwveather and climate prediction and to
investigate atmospheric dynamiddechoso and Arakawa, 2019)hey simulate the
processes within the atmosphere, ocean, troposphere, land surface and cryosphere and
the many complex interactions between ti{ptanabeet al, 1965; Coppin and Bony,
2017)and haveevenbeen applied to other planetary bodies such as (Warering et

al., 2019) They provide geographically and physicaligsed consistent projections

on a global scale as they operate in a taiigensional grid that covers the globe.
They can have varying degrees of horizb(ieb 1 3.75’) and vertical resolution in

the atmosphere (240 layers) and in the ocean (&0 layers). Parametesation of the

GCMs allows for the integration over large spatial areas. The temporal resolution of
GCMs is usually daily to monthlyto minimise computational run time and the
guantity and magnitude of output dai@ capture the influendbat humans have on

the future global atmosphere and environment, the GCMs operate on large time scales,
stretching back to the piadustrial period 1661860, which means these ofGCMs

can disentangle thkistorical influence of anthropogenic activityparticularly the

industrial revolutioron the climate system

Due to their relatively coarse spatial resolution, GCMs contain systematic
biases across mamariables when compared with observations, as a result of the
neglection of sulgrid scale orograph(Cattiauxet al, 2013; Simannet al, 2013,
Kumaret al, 2014; Mueller and Seneviratne, 2018ystematic biases referdistinct
differences in distributions of the variablesuch as precipitatiorgompared to
observed distributions. GCM output can be corrected for theeses by applying
empirical or statistical bias correction techniques and the most widely usehisie)
mapping(Cannon, 2016, 2018; Cannehal, 2015; Ederet al, 2012) This method
maps quaties from a source distribution, the GCM output, to a target distribution
which is thehistorical observation@Vilcke et al, 2013) Bias correction allows for a
more direct comparison between observed aogpted states, accounts for threshold
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related behaviour, for example, between air temperature aedippation,
incorporates more detailed observational data and impinedation ofvariance.
On the other hand, it significantly alters the consist@ftiye data and can potentially
change the trendP(aniet al, 2010)

Four general circulation models (GCM) were selettedhe ISIMIP protocb
(Figure6.2; Table6.1), based on whether they could provide the required atmospheric
variables(i.e. boundary condiins) needed tdorce each lake model and thttey
covered the following time period$) 200 preindustrial control years (1661860);

2) the entire historical period (18@D05); 3) RCP 2.6, RCP 6.0 and RCP 8.5 from
2006 to 2099. The four GCMs used w&eophysical Fluid Dynamics Laboratory
(GFDL) Earth System Model with Modular Ocean Mbdsersion 4 (MOM4)
component (ESM2M) (GFDIESM2M), Met Office Hadley Centre Earth System
Model (HadGEMZ2ES), Institut Pierré&Simon Laplace Climate Model 5A Low
Resoldion (IPSL-CM5A-LR) and Model for Interdisciplinary Research on Climate
(MIROCS) (Table6.1). The atmospheric variables provided are listetahle6.2.

129



Table6.1 Summary ofGeneral Circulation Models used for the InBectoral Inter-Model Intercomparison Project (ISIMIP).

Name Abbreviation Atmosphere  Ocean Atmospheric Ocean levels Components Reference
Spatial Spatial levels
resolution resolution
Geophysical Fluid Dynamicd.aboratory GFDL-ESM2M  2° x 2.5° 1°x 1° 24 50 Ocean, atmosphere, land, se@  Dunneet al,
Earth System Model (GFDL) with Modulg 2012,2013
Ocean Model version 4 (MOM4) compone
(ESM2M)
Met Office Hadley Centre Earth Syste HADGEM2-ES 1.875°x1.25° 1°x1° 38 40 Landsurface scheme, large sce Collinset al,
Model hydrology module, river model 2011; Jonest
tropospheric chemistry, aerosol al., 2011
terrestrial carbon cycle, ocee
carbon cycle
Institut PierreSimon Laplace Climate Mode IPSL-CM5A- 1.9° x 3.75° Varies 39 31 ORCHIDEE landsurface model, Dufresneet al,
5A - Low Resolution LR NEMOV3.2 oceanic module, sei 2013; Hourdinet
ice model LIM2 and ocean al., 2013
biogeochemistry mode PISCES
Model for Interdisciplinary Research ¢ MIROC5 1.4°x1.4° 1.4°x1.4° 40 49 Atmosphere and ocean model  Watanabeet al,

Climate

2010
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Table6.2 Climate variables provided by eaGeneral Circulation Model (GCM)

Variable Short name  Unit
NearSurface Relative Hurdity hurs %
NearSurface Specific Humidity huss kg kg?
Precipitation (rainfall + snowfall) pr kg m?s?
Snowfall Flux prsn kg m?s?
Sealevel Air Pressure ps Pa
Surface Air Pressure psl Pa
Surface Downwelling Longwave Radiation rids W m?
Surfae Downwelling Shortwave Radiation rsds W m?
NearSurface Wind Speed sfcwind m st
NearSurface Air Temperature tas K
Daily Maximum NeatSurface Air Temperatur ~ tasmax K
Daily Minimum NearSurface Air Temperature  tasmin K

6.3.2. Representativ€oncentratio Pathways

Potential future scenarios are based on anticipated and projected changes in the
climate system based on fluctuations in greenhouse gases (GHGs), aerosols and
incorporating land use and land cover char{@assoret al, 2007) Thesescenarios

are representative pathways of changes global radiative forcing and are referred

to as representative concentration pathways @RE®adiative forcing is the overall
change in the net radiative flux at tio@ of the atmospher@hese are the inputs used

to force the GCMs to project futuotimate.The scenarios are not exact methods to
captureprecisechanges, but represent different potential futures all of which are
equally feasible under different sceioai(Mosset al, 2008) Not only do they capture

shifts in radiative forcing, but they also project the trajectory at which such shifts can
potentially occu(Mosset al, 2010)
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RCPsare the result of collaboration between climate modellensission
inventory experts, terrestrial ecosystem experts and integrated assassueltrs
(Moss et al, 2010) (Figure 6.3). They include variables such as technological
advancements, land use changes, population growth, air pollutantsesosamic
changes and greenhougas emission&/an Vuureret al, 2011) Four scenarios were
selectedo capture the potential range of responses dependent on humaatiomitig
measures with @esentative pathways that capture a potential way in which those
response may occur in relation to £€guivalent emission@®losset al, 2010) These
accounted for radiative forcing increases of 2.6 W (RCP 2.6), 4.5 W nt (RCP
4.5),6.0 W it (RCP6.0) and 8.5 W mi(RCP8.5)(Table6.3). For the ISIMIP project
only three of the RCPs were selected: RX RCP6.0 and RCR.5 with the focus
being RCP 2.6, the scenario where global temperaise is limited to 1.5 °C.
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Figure6.3 Development oRCPs. Scenarios are generated and used by three broad types of models and analytic frameworks in climate

change research: integrated assessment models, climate models and other approaches used to hefacisseskapation and
vulnerability. (Adapted frm Mosset al,, 2010).
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Table6.3 The fourRegional Concentration Pathwa®CPs) (adapted fromdosset al, 2010)

Name Radiative forcing Concentration (p.p.m) Pathway Reference
RCP2.6 Peakat~3W mbefae Peak at ~490 Cfequivalent Peakand decline (van Vuureret al, 2006)
2100 and then decline: before 2100 and then decline
RCP4.5 ~45W n?¥ ~650 CQ equivalent Stabilization (Smith and Wigley, 2006
o without overshoot
(at stabilization after 2100)
RCP6.0 ~6W ni? ~850 CQ equivalent Stabilization (Fujinoet al, 2016)
o without overshoot
(at stabilization afte2100)
RCP8.5 >8.5W m?in 2100 >1370 CQ equivalent in 2100 Rising (Riahiet al, 2007)
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6.3.3. EWEMBI

The outputdata from each of the GCMswere interpolated with a firgirder
conservative remappinglseme(Jones, 1999n a regulaf.5° x 0.5°9rid. To correct
for biases within each GCMa standardised reanalysis dataset basedlabal
observations (EWEMBI) was used(Frieler et al, 2017) (Figure 6.2). The
EartH20ObserveWATCH forcing data methodology was applied to ER#erim
reanalysis datgWFDEI) and ERAInterim data Merged and Bia®rrected for
ISIMIP (EWEMBI) datasets, which tempdisaranged from 1972016 0n a daily
timestep and were at a spatial resolution of 0.5° x 0.5° (Lagigal, 2019). This
dataset wasreated by merging data frometlRA Interim reanalysis datéERAI,
Dee et al, 2011) WATCH forcing data (Weedonet al, 2014) eartH2Observe
forcing data(E20BS; Caltoret al, 2016)and NASA/GEWEX Surface Radiation
Budget data (SRB)Stackhouse Jet al., 2011)

Although somebias could be introduced by selectionacfubset of GCMs, it
has been shown that use of a subset is representative of the full range of GCM outputs,
particularly for air temperature althougthe overall uncertaty would be

underestimate{McSweeney and Jones, 2016)

6.3.4. Lakemodels

In this part of the ISIMIP Lake sector project, the two 1D physical lake models used
to simulate water taperature: GLM and GOTM are described. A grah overview

and references of each model is presentsédtion 2.3.5We used the General Lake
Model (v3.0.0 betal?2) for this study, the mosttoqulate version of the model at the
outset of the ISIMIP projeécFor this studythe General Ocean Turbulee Model
(GOTM) (v5.17 lake branch) was used for the simulations. This was the mdst up
date version of the model at the outset of the ISIMIP project, although cuZof(y)

there isaversion 5.4 which hea new integrated ice model.
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6.3.5. Collation of lake data

A data request was distributed by email throughout the collaborative networks of
ISIMIP participants. Announcements were also made at several international
conferences and workshops, aimed at dataigeos with access tm situ lake data.

For a candidate lake site to be included in the project, one of two separate criteria had
to be met: 1) at least two years of higaquency water temperature profiles (sub
daily) or 2) at least five years of lefkequency water temperature presl For both
conditions, the data had to be within the time period 4®701 and 201612-31 as

this was the period covered by the meteorological dataset used to calibrate the model
(section6.3.7). Hypsograptdatawere provied from each sitéddditional metadata

were also requested, includitatitude, longitude, elevation, maximum depth, lake
surface area, watershed area, influence of hydrology, trophic state, light extinction
coefficient and/or Secchi deptim total, we vere able to collect data fron® akes

around the worldFigure6.1).

6.3.6. Modelconfiguration

6.3.6.1.General Lake Model

To resolve the vertical density profile, the minimum layer thickness in GLM was set
to be 0.5 m and the maximum layhrdkness to be 1.5 m. GLM uses a light extinction
coefficient to capture the depth of light penetration into the water column and we used
the setting where 45 % of incident solar radiation is photosynthetically active
radigion (PAR) and follows Beekambert law(Swinehart, 1962)

% G Q % A@DPO ah (6.1)
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where z is the depth of any layer from the surfaggz[z] is the incident RRat depth

z, wherefpar is the PAR fraction of incident solar radiation akd is the light
extinction coefficient in m. The default surface heat exchange parameters were used
as defined fron{Fischeret al, 1979)and mixing parameters similarty (Bruce et

al., 2018)

Basin length and basin width were calculated by assuming arcallifztke

shape with a length which is twice the width:

(6.2)

wE CzZowE (6.3)

whereAo is the surface are@snid is the basin width anbsnen is the basirdength.
When daily forcing data are supplied to GLM, it is disaggregated internally tc a sub
daily time-step according to the calculationHamilton and Schladow (199Ayhich
distributes thedaily solar flux over a diurnal cycle based on ld&ude,day of the
year and time of day. Shemave albedo was estimated using equations from
Hamilton and Schladow (1997)

Sedimentary @at flux parameterisations in GLM were also switched off to
ensure that model setups were coherent across sites between lake models. No inflows
and outflows were configured because we did not have inflow or outflow data for all
the sites. Wherrunning longterm simulations this can lead to issues such as
decreasing water level over tiri@inslowet al, 201h). To deal with thisWinslow
et al (2017) increasedprecipitationby 170 mm during the summer months and
excess water was allowed to overflow over the lakéase thus reducing the impact
on mixing within the modelln this study,we assumed a fixed water level by
switching off the mass loss associated with evaporatowever, the thermal energy
fluxes associated with evaporation were still calculated. rEgemt lakes from over
filling we ensured there was overflow if the lake volume increased beyond basin

carrying capacity.
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6.3.6.2.General Ocean Turbulence Model

The number of depth levels used to discretise the water column for lakes shallower

than 50 m in deptwas:

PV

€ a Quﬁ (6.4)

whereé¢ & ‘@ithe number of layers in the model aind is the maxinum depth.
Surface zooming is a feature in GOTM that allows inclusion of an adjustedrgt

an increase in the number of layers at different depths of the water column. For lakes
deeper than 50 m, the number of layers was set to 100 and surface zo@sing w
switched on. The layer depth in the model is determined by:

A a 0 . A e oas
OCAIl B 1Q 3:_0(‘_'962 OAICE

OATE OATQE

Q O (6.5)
where his discretization depth from the bottom for layedi is the bottom zooming
factor, dy is the surface amming factor andnlev is the number of layers for
discretsation, sed-igure 6.4 for an example of discretized depths in three lakes of
varying depthsFor lakes with a deptgreater tharb0 m andless tharl00 m, the
surface zoonmg factor (d) was set to 1.5 and the bottom zooming factQnyds set

to 0 and laks with a deptlgreater tharlO0Om the surface zooming factog)@vas set

to 3 and the bottom zooming factor)(das set to 0.
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Figure 6.4 Examples of discretization depths of layers within GOTM for three

example study lakes A) Bourget, FR (145100 layers), B) Green Lake, US (73
100 layers) and C) Langtjern, NO1f8 24 layers).

GOTM has a wide variety of turbulenceodels that can betilised within its
structure. For our study we used a seeordkr turbulence closure model. These
models result from the approximate or full solution of transport equations for turbulent

fluxes, which are strongly influenced by the Nen&tokes equatis(Sander, 1998)

Whilst the meteorological driving data provided were on a daily timestep, the
internal timestep for modehiegration was sdb 3600 s. GOTM resolves internal
processes more accurately when run at adsuly time step(Ayala et al, 2019)
When model input data is atl@ver temporal resolutignGOTM performs internal

interpolation of the input data to match the integration timestep.

The method for caldating net longwave radiation was the method developed
by Clark et al (1974) Within GOTM, we used th€airall et al (1996) method for

calculating the heat fluxes between the lake surface and atmosphere. GOTM requires
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cloud covelas a driving variale so this was calculated using the method flk@entin

and McCutcheon (1999hich uses air temperature, relative humidity, sinave
radiation, latitude, longitude and elevation. Light was separated into visible and non
visible components with the visible component actiognfor 45 % andthe non
visible was 53%. Thee-folding depth(light attenuationfor each lake was included

in the calibration parametedsicoming shorwave radiation was disaggregated from
mean daily values using a calculation that uses time, latdand longitude from
Simpson and Paulsdt979)

6.3.7. Calibration procedure

The aim of the calibration proce$or each lake model simulation was to correct the
model for potential biases in the meteorological forcing data and internal model
processes. For example, the use of daily meteorological data as forcingetateoto
accurately represent the influence wind speed, whichcan sometimes have
pronouncedliurnal patterns. Light attenuation is a state variable that can have large
temporal variation(Yacobi, 2006; Gerea&t al, 2017; Lisi and Hein, 201%nd
uncertainy around the value due to Secchi depth axiprations As a result of these
uncertainties it waalso included in calibratio-or each lake, GLM and GOTM were
calibrated by forcing the models with meteorological data extracted from the
appropriate EWEMBIgrid square Kigure 6.2). Model simulations were then
compared to observed data, and a calibration procedure applied. This calibration

procedure differed with lake model and is described below.
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6.3.7.1.GLM Calibration

For GLM calibratims, we ensured there was a tyear spirup period. The model

was initialized using a o6typicaldé profilc
For GLM the parameters selected for calibration were a wind scaling factor
(wind_facbr) and light attemation (Kw). GLM uses incoming lorgave radiation

as a forcing variable so we also included a scaling factor for this (lw_factor). We used

similar ranges to ensure parameters stayed within realistic rargas§.4).

Table6.4 Parameters used in the GLM calibration with their default values and ranges.

Long name Short name Set value Range

Min Max

Long wave lw_factor 1 0.5 15
radiationscaling

factor

Wind speed wind_factor 1 0.5 2.0

scalingfactor

L|ght KW KWobs 01* KWobs 19* KWobs

attenuation

A Covariance Matrix Adaptive Evolutionary Strategy (CNES) algorithm(Hansen
andOstermeier, 2001; Hansenal, 2003)was usedo calibrate the model. The aim

of CMA-ES isto fit the multivariate nomal distributions of the mutations to the
contour of the objective function. The cost function used for GLM was the root mean

square errorRMSE).
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(6.6)

wheren was the number of samplad,was the observed and was the simulated

water temperatures at timeRoot mean square ernees chosen because it is widely

used to assess the goodness of fit for lake models. This differed from GOTM due to

the ACPYy tool being hard coded to use jostlikelihood. Due to computational and

time constraints we limited the calibration to 500 itierss which for most lakes

all owed for convergence. The Ob&RKMSED par al
There was a significant variability in sensitivity to the different parameters across the

| akes. Each | akeds cal idvinpathe acompletvmadfue wa
calibration to ensure that it was in a reasonable range and that the model performance

was reasonable.

6.3.7.2.GOTM Calibration

A minimum twoyearspin-up period was used to ensure there was no influence on the
simulation related to thaitial water temperature conditions. The parameters used for
calibrating GOTM were scaling factors for wind speed (wind_factor), total
downwelling shorwave radiation (swr_factor) and surface heat fluxes (shf_factor)
(Table6.5). Theparameters which affect light attenuatierfolding depth for visible

(g2) and norvisible light (g1) andthe minimum turbulent kinetic energy (k_min)
were also includedThese were the nra parameterddentified in a preliminary

investigationas beingan important part of GOTM calibratigAyalaet al, 2019)
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Table 6.5 Parameters used in the GOTM calibration with their default values and

ranges.

Long name Short name  Set Range
value
Min Max

Surface heaflux shf factor 1 0.5 15
factor
Short wave swr_factor 1 0.5 (1200/ SWrmax)
radiation factor
Wind factor wind_factor 1 0.5 2.0
Minimum k_min 3.6¢€° 1.4¢’ 1e®
turbulent kinetic
energy
e-folding depth gl 0.54 0.01 2
for nonvisible
fraction
e-folding depth g2 7.18 (0.1* g2b9) (1.9* g2obs)
for visible
fraction

The program used to calibrate GOTM was ACPy (Auto calibration utility for
GOTM written in Python, nowenamedparsac), developed byBolding and
Bruggeman Apsand the codes available on GitHulBolding and Bruggeman, 2020)
ACPy uses a differential elution (DE) algorithm which calculates a log likelihood
function based on comparintpe modelled water temperature to the observed

temperatur€Storn and Price, 1997)
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In this study, for each calibration run, the model was run for 84 generations
which allowed for ~5000 iterations. The cost function usethi@icalibration routine
was the calculation of log likelihoodd ¢ & O oD each parameter set,

comparing modelled to observed:

o O (6.7)

At aWROAQ ™Il C [ e ™

where,  was the standard deviation of observed valwesas the observed and
was the simulated water temperatures at tirardn was the number of samples. The
Obest d& parameters sel eghestldglikehood. t he ones

Issues wererecountered for individual scaling factor calibration whenever the
bestfit parameter would approach the upper or lower limit of thesptevalue range.
We recognised that this demonstrated that the parameters coultgligtenprove
by increasing themnit range, but the limits were selected to ensure that the parameters
stayed within a realistic range to prevent the potential for the model to achieve the
best fit for the wrong reasons. The best parameter set was skdnfar all the

historical and futce simulations.

6.3.8. Simulating projections

For initialising the model, we selected a period where the lake was isothermal and
initialised each simulation with this profile and on this day of year. To counteract the
influence of the initial conditions we usedhreeyear spinup periodHodges, 2014)

This period was created by repeating the first three years in the driving data and then
removed this from the simulated outpktr initial conditions we used an observed
temperature profile from aen the lake was isothermal and initialised each simulation

with a threeyear spirup period.

For simulations using GOTM, daily averaged daias extracted, while for
GLM daily point valies at 8:00 every dayere extracted. This was because of
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differencesin the model outputs: GOTM has the functionality to save mean daily
output while GLM only has the capacity to save point values. Outputting hourly
values for GLM would have exponentiailycreased model runtime and handling of
model output files particutyy for the very deep sites. The differences between daily
averaging hourly model output and extracting data at 8:00 were compared for IE_Fee
over a D-year period with a mean differeno€0.01 °C (SD: 0.06 °C)Higure6.5),

This showed that this method did not influence the results to a large degree.

25+

201

=13
(6]
1

Output at 08:00 (°C)
)

0 5 10 15 20 25
Daily Averaged Hourly Output (°C)

Figure 6.5 Daily averagd hourly GLM output versus output at 08:00 every fay
the time period 20062014
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6.3.9. Dataanalysis

For eachlake the variables analysedere surface and bottom temperature,
volumetrically averaged whole lake temperature, the dumatstart and end of
stratification, density differences between surface and bottom, and summer
thermocline depthThroughout thischapter each of thevariables were analysed as
anomaliegelative tothe historical period 0fLl970 to 200%nnual andnonthly mean

values foreach GCM.

Lake stratification was defined as when there was a density difference of
greater tha®.1 kg n® betwea the surface and the bottqiSIMIP, 2019) The start
of dratification was defined as the first ddystratification for the longest continuous
period of stratification each year, whikthe endwas the end of that ped.
Thermocline depth was cal cullLakeAnalyzeds si ng
developed for R bjreadet al (2011)(R Core Team, 2020)

Model output was extracted and saved into a standardised format which has
been definedythe overall ISIMIP project. NetCDF files was used as the output file

type to preserve file sizallow theinclusion ofmetadata and facilitagasieranalysis.

The overall trendgor the three RCPs are described below. For comparisons
across lakes, weo€us solely on RCP &.@®Bimilarly, when describing monthly
anomaliesit is for the period 2062099 for RCP 6.0.
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6.4.Results

6.4.1. Lake observations

Data from 46 lakes met the requirements for this simulation experiment which were
that the RMSE had to be ledgah 2 °C and the NSE was greater than 0.5 for both
models.Lakes were classified into regions according to the IPCC classification used
in Seneviratnet al (2012)from Giorgi and Francisc2000) Regions and lakes are
shown inFigure6.6 and characteristics for each lakepresented iTable6.6. The

study sites were dominated by lakes in the Northern Europe region (NEU) (11),
Central Europe region (CEU) (10) and Central North Ameriegion (CNA)
(10).There were five lakes in the Sbern Hemispere one in the North Australia
region (NAU) and four in the South Australia region (SAU). The lakes represented a
wide range of morphometry. Most of the lakes were betwe&ndD0Om deep and iL

50 kn? in area. There were five very deep lakdspth greter than100 m) and six

very large lakessurface area greater thaf0 knt). Out of these lakes threeere

both very deep and very largeaple6.6).
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Figure 6.6 Global dstribution of calibrated lakes that are included in the local study with associated shorthand labels. Regions are outlined as
described irbeneviratnet al (2012) CEU = Central Europe, CNA = Central North America, ENA = East North AmeriE®) MMediterranean,
NAU = North Australia, SAU = South Australia and New Zealand, WNA = Western North Am8ged&able6.6 for site reference names.
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Table6.6 Description of the location, characteristics and climates of each of the 6QLakes.which did not meet the criteria for being included

in this study are deted by being ifbold with an asterisk (*) next to the name. The criteria were that the RMSE had to be less than 2 °C and the
NSE was greater than 0.5 for both modBisgions are outlined as describe®eneviratnet al. (2012) CEU = Central Europe, CNA = Central

North America, ENA = East North AmericBAF = East AfricaMED = Mediterranean, NAU = North Australia, 8A South Australiarsd New
Zealand, WNA = Western North America

_ Longit Elevatio Max Mean GLM GOTM GOT
Short _ Latitude Area GLM
ISIMIP Name Region ude n depth depth RMSE RMSE M
Name (°N) i (km?) . . NSE
(W) (m) (m) (m) (°C) 0 NSE
Allequash Lake US_Alg CNA 4604  -89.62 494.00 0.58 8.00 5.53 1.43 1.75 096 091
Annecy FR_Ann CEU 45.87 6.17 447.00 26.51 65.00 42.53 0.66 0.64 0.98 0.98
Annie US_Ann ENA 2721 -81.35 33.70 0.34 68.00 8.05 1.30 1.33 091 091
Argyle AU_Arg NAU -16.31 128.68 100.00 10138 51.00 1137 1.15 0.99 0.79 0.84
Biel CH_Bie CEU 47.08 7.16 429.00 39.30 74.00 29.57 1.45 1.30 090 0.92
Big Muskellunge
Lak US_Bmu CNA 46.02 -89.61 500.00 3.87 21.30 8.18 1.57 1.48 094 0.93
ake
Black Oak
Laket US Bla CNA 46.16 -89.32 52151 225 25.91 12.85 3.94 1.08 059 0.97
ake
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Bourget
Burley Griffin
Crystal Bog*
Crystal Lake
Delavan
Dickie Lake

EagleLake*

Ekoln basin of

Malaren
Erken

EsthwaiteWater

Falling Creek

Reservoir*

Feeagh
Fish Lake

Geneva

FR_Bou
AU_Bur
US CrB
US_Cry
US_Del
CA_Dic

CA_Eag

SE_Eko

SE_Erk

UK_Est

US_Fal

IE_Fee
US_Fsh

FR_Gen

CEU

SAU

CNA

CNA

CNA

ENA

ENA

NEU

NEU

NEU

ENA

NEU

CNA

CEU

45.76

-35.30

46.00

46.01

42.61

45.15

44.68

59.75

59.84

5437

37.31

53.90

43.29

46.45

5.86

149.07

-89.61

-89.61

-88.60

-79.09

-76.70

17.62

18.63

-2.99

-79.84

-9.50

-89.65

6.59

231.00
556.00
503.00
502.00
282.55
341.00

419.00

0.70

10.00

65.00

507.00

15.00
26100

372.00
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42.60 145.00
6.05 17.00
0.01 20.40
0.37 2.50

6.96 16.46
0.94 12.00
6.86 35.00
20.18 50.00
23.67 21.00
0.96 16.00
0.12 9.30

3.93 44.00
0.87 18.90

580.10 309.70

81.99

4.22

1.48

1151

7.72

5.00

13.69

16.92

9.03

7.02

2.68

16.05

5.98

156.15

0.72

1.49

3.47

1.71

1.43

1.14

1.69

1.33

1.25

0.94

4.81

0.75

1.42

0.78

0.76

1.11

2.93

1.78

1.47

1.35

2.16

1.57

1.18

1.09

2.36

0.80

1.72

0.62

0.95

0.90

0.72

0.92

0.96

0.96

0.93

0.94

0.94

0.95

0.41

0.95

0.95

0.91

0.95

0.95

0.76

0.90

0.94

0.94

0.88

0.86

0.91

0.93

0.79

0.95

0.92

0.94



Great Pond
Green Lake
Harp Lake
Kilpisjarvi*
Kinneret
Kivu*
Kuivajarvi
Langtjern
Laramie Lake
Lower Zurich
Mendota
Monona
Mozhaysk
Mt Bold

Mueggelsee

US_GrP
US_Grn
CA_Hrp
FI_Kil
IL_Kin
RW_Kiv
FI_Kui
NO_Lan
US Lar
CH_LLZ
US_ Men
US_Mon
RU_Moz
AU_MtB

DE_Mug

ENA

CNA

ENA

NEU

MED

EAF

NEU

NEU

WNA

CEU

CNA

CNA

CEU

SAU

CEU

44.53

43.81

45.38

69.03

32.49

-1.73

60.47

60.37

40.62

47.28

43.10

43.06

55.59

-35.12

52.43

-69.89

-89.00

-79.13

20.77

35.35

29.24

23.51

9.73

-105.8

8.58

-89.41

-89.3%

35.82

138.71

13.65

81.00
243.00
327.00
473.00
-210.00
1463.00
130.00
510.00
2843.80
406.00
259.00
258.00
183.00
242.90

32.30
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32.55

30.12

0.71

30.83

167.00

24883

0.64

0.06

0.14

66.60

39.40

13.67

23.67

3.22

7.66

21.00

72.00

37.50

57.00

45.00

485.00

13.20

12.00

6.40

136.00

25.30

22.50

23.00

45.40

7.70

6.04

33.83

13.33

19.67

24.17

221.51

4.87

3.02

2.19

50.14

12.44

8.24

9.03

13.74

4.77

0.96

1.20

0.94

2.98

1.62

0.35

1.40

1.38

1.05

1.09

1.39

1.42

1.39

1.68

0.75

1.19

1.03

0.69

5.17

1.65

0.26

1.36

1.59

0.51

0.73

1.39

1.43

1.06

1.59

0.63

0.97

0.96

0.96

-0.05

0.87

0.45

0.95

0.86

0.91

0.95

0.95

0.95

0.87

0.81

0.99

0.95

0.97

0.98

-2.40

0.87

0.61

0.92

0.83

0.98

0.98

0.94

0.93

0.92

0.83

0.99



Neuchatel

Nohipalo
Mustjarv

Nohipalo
Valgejarv

Okauchee Lake

Paajarvi

Rappbode

Reservoir

Rimov

Rotorua
Sammamish
Sau Reservoir*
Sparkling Lake
Stechlin
Sunapee*

Tahoe

CH_Neu

EE_NoM

EE_NoV

US_Oka

FI_Paa

DE_Rap

CZ_Rim
NZ_Rot

US_Sam
ES Sw

US Spa
GE_Ste
US_Sun

US_Tah

CEU

NEU

NEU

CNA

NEU

CEU

CEU

SAU

WNA

MED

CNA

CEU

ENA

WNA

46.54

57.93

57.94

43.13

61.07

51.74

48.85

-38.08

47.59

41.97

46.01

53.17

43.23

39.09

6.52

27.34

27.35

-88.43

25.13

10.89

14.49

176.28

-122.1

2.40

-89.70

13.03

-72.50

-120.0

429.00

61.00

62.00

269.00

102.00

415.00

471.48

280.00

9.00

425.00

495.00

59.80

333.00

217.90

0.21

0.07

4.63

13.44

4.34

2.11

79.31

20.00

6.00

0.58

4.23

16.93

152.00

8.90

12.50

28.65

85.00

89.00

44.00

52.90

32.00

65.00

20.00

69.50

34.00

1897.00 465.97 501.00
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63.29

4.06

4.75

13.69

14.90

25.14

16.02

10.36

17.43

27.49

11.08

23.52

12.24

339.40

1.32

1.56
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1.35

1.23

0.61

1.70

0.75

0.74

2.99

1.25

0.91

2.50

0.49

1.07

1.23

177

1.67

0.92

0.54

1.59

0.72

0.82

2.46

1.27

0.84

1.26

0.48

0.92

0.93

0.95

0.96

0.91

0.97

0.89

0.97

0.99

0.69

0.97

0.97

0.87

0.94

0.95

0.95

0.92

0.94

0.95

0.98

0.89

0.97

0.96

0.79

0.96

0.98

0.94

0.94



Tarawera
Toolik Lake*
Trout Bog*

Trout Lake*

Two Sisters

Lake*

Vendyurskoe

Vortsjarv

Washington*

Windermere

Wingra

NZ_Tar
US_Too
US TrB

US Tro

US_Two

RU_Ven

EE_Vor

US Was

UK_Win

US_Win

SAU

ALA

CNA

CNA

CNA

NEU

NEU

WNA

NEU

CNA

-38.21

68.63

46.04

46.03

45.77

62.10

58.31

47.64

54.31

43.05

176.43

-149.6

-89.69

-89.67

-89.53

33.10

26.01

122.27
-2.95

-89.43

300.00

720.00

499.00

492.00

481.00

131.00

33.00

5.00

39.00

259.00

40.97

1.49

0.01

160.79

2.83

10.40

270.60

87.62

6.72

1.40

87.50

26.00

7.90

35.70

19.20

13.40

6.10

65.20

64.00

6.70

55.93

7.36

6.10

15.09

9.82

5.36

2.79

33.03

16.78

2.09

0.65

3.76

1.60

2.07

3.12

1.30

1.33

4.39

0.86

1.39

0.59

1.31

2.40

1.66

1.36

1.19

0.98

0.82

0.65

1.53

0.92

-0.14

0.93

0.86

0.67

0.96

0.97

-0.17

0.95

0.96

0.94

0.83

0.85

0.91

0.94

0.94

0.97

0.96

0.97

0.94
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Based on observdtstoricaldata, all lakes in NEU experienced annual variations
in water tempeature of O 24 °C and all had ice cover during winter except for the three
lakes which are strongly influenced by the Atlantic Ocean (UK_Est, IE_Fee, and
UK_Est). There were three lakiessubtropical areas IL_Kin in MED, US_Ann in ENA
and AU_Arg whichall had annual water temperature variations of B2 °C. Lakes in
CNA had a slightly larger range in temperature 26 °C) compared with lakes in CEU
and NEU (01 22 °C). The sites ilNAU had a small range with higher observed
temperatures (2R 30 °O), while sites in SAU was at a slightly lower range-gB)°C)
(Figure 6.7). Most lakes in NEU and GE had very low surface temperatutaring
winter (less than 4 °C), except for the lakes in western NEU (IE_Fee, UK_Win and
UK_Est) and the deep alpine lakes (depth greater than 50 m) in CEU (FR_Ann, CH_Bie,
FR_Bou, FR_Gen, CH_LLZ) which had slightly m@er surface temperatures from
December through to March (6 to 10 °C).
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Figure6.7 Mean observed surface (surftemp) and bottom temperature (bottemp) for 4
calibrated lakesSites are mlered according toegionswith labels on the right side
separated by a bold lin&Vhite blocks indicat&o recordedlatafrom that periodSee

Table6.6 for site reference names.

Two of the lakes in sulropical areas (IL_Kin and US_Anrjad the largest
observed density difference3(5 kg m®) between surface and bottom temperatures and
the longest period of strong densityffdrences (>200 days}igure6.8). Some of the
shallower and polymictic lakes, EE_Vor, DE_Mug, US_Win, had srab kg m®) to
no density differences between surface and battomicating that theydid not
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continuously stratif during the year. A known monomictic lake, IE_Fee, alsbahaery
low-density difference between top and bottom indicating that it stchtibey wealky
in comparison to other sites

SE_Eko
SE_Erk
UK_Est -3
IE_Fee Ap (kgm™)
NO_Lan
EE_NoM
EE_NoV 35
FI_Paa
RU_Ven
EE_Vor
UK_Win
FR_Ann
CH_Bie
FR_Bou
FR_Gen
CH_LLZ
DE_Mug
CH_Neu
DE_Rap
CZ_Rim
DE_Ste

IL_Kin
US_Ann
CA_Dic
US_GrP
CA_Hrp
US_Alg
US_Bmu
US_CrB
US_Del
US_Grn
US_Men
US_Mon
US_Oka
US_Spa
US_Win
US_Lar
US_Sam
US_Tah
AU_Arg
AU_Bur
AU_MtB
NZ_Rot
NZ_Tar

NEU

CEU 15

0.5

MED

ENA

CNA -1.56

WNA

u#-,-#h

NAU -3.5

SAU

Jan Mar May Jul Sep Nov

Month
Figure 6.8 Monthly mean observed density difference between surface and bottom for
46 calibrated lakesSites are mlered according to regiongth labels on the right side,
separated by a bold lingvhite blocks indicateo recordediatafrom that periodSee
Table6.6 for site reference names.
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6.4.2. Calibration results

Following calibration, 7 % of the lakes @60) had a RMSE below the threshold of 2

°C and a Naslsutcliffe efficiency greater than 0.5 for both GOTM and GLRg(re

6.9; Table6.6). Possible reasons for some lakes not meeting the calibration threshold
criteriawerebecause they had large lake level fluctuations (e.g. US_FCR, ES_Sau and
US_TrB), highly irregular morphometry (e.g. CA_Eag), were meromictic (e.g.
RW_Kiv). For some lakes (e.g. US_Tdbgreasons for poor calibration were unclear.

A B
5 1.0 e
—_— ..‘. L ]
8 4 09 .03:
w ’,
E 31 . - 081 .. Status
. " ’ Z 7. - Calib
= 2 < b o * Uncalib
£ - @
15} 1 Jer 06
A
0+ 05
0 1 2 3 4 5 05 06 07 08 09 1.0
GLM - RMSE (°C) GLM - NSE

Figure6.9 Root mean square error (RMSE) results from calibration of the General Ocean
Turbulerce Model (GOTM) and the General Lake Model (GLM) (A). N&lhcliffe
Efficiency (NSE) results from calibration of the General Oc&arbulence Model
(GOTM) and the General Lake Model (GLM) (B). Lakes with a RMSE greater than 2
and NSHess thar0.5 are cabured grey and referred to as uncalibrated (Unceibg

Table6.6 for values corresponding to each site.

Two common parametersvhich were calibrated irboth models were wind
scaling factor anthe light extinction coefficient (KW. The log transform of Kw had a
relatively strong correlation betwedoth models (0.62) while the wind scaling factor

had a weak correlation (0.3Figure6.10).
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Figure6.10 Calibrated values for windcalingfactor (A) and light attenuation (Kw) (B),
the two common parameters which were calibré¢edhe twolake models GLM and
GOTM. Kw values have been log transformed. Dashed line is th&é&eT.able6.6 for

actual values.

6.4.3. GCM projections

Annual mean air temperaturnomaliesacross all sites displayed an unequivocal
increase for RCP 610r the period 2006 2099relative to the historical anomaly which
was calculated from 1972005 Figure6.11). There were strong regional coherencies
for regions where sites are relatively close together such as Northern Europe (NEU)
(EE_Vor, EE_NoM, EE_NoV, FI_Kui, SE_Erk, FI_Paa, SE_Ed)ich were projected
towarmby +3 to +5 °C (SD: 1 3 °C, n=1460 by 20692099. The western sites in NEU
(UK_Est, IE_Fee and UK_Win) had a smaller projected increase by the same time period
of +1to +3 °C (SD: 1 °C). Central Europe (CEU) (DE_Rap, DE_Ste, DE_Mug, CH_BIE,
FR_Ann, CH_LLZ, CH_Neu, FR_Bou, F&en) had a posite increase of +3 to +4 °C
(SD: 1 °C), while Eastern North America (ENA) and Central North America (CNA)
followed a similar pattern but had a larger increase of +4 to +6 °C (BR:°C).Lakes
in theNAU had a slightly warmer increasé+3 to +5 °C (SD1 °C) compared tthose
in SAU, which had an increase of +2 to + 4 °C (SD: 1 °C). The variation between GCMs
was below 1 °C throughout the entire period for all lakes except for a few years.
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