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Induced surface fluxes: A new framework for attributing
Arctic sea icevolumemass balance biases to specific model
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Abstract. A new framework is presented for analysing the pnaxe causes of model Arctic sea ice biases,
demonstrated with the CMIP5 model HadGEM2-ES. Is ftamework the Arctic sea ice volume is treateca
consequence of the integrated surface energy lmlaizcthevolumemasbalance. A simple model allows the
local dependence of the surface flux on specifidehoariables to be described, as a function o tamd space.
When these are combined with reference datasésspatssible to estimate the surface flux bias cediby the
model bias in each variable. The method allowsdheof the surface albedo and ice thickness-growth
feedbacks in sea is®lumemas$alance biases to be quantified, along with thesrof model bias in variables
not directly related to the sea ice volumeextetadlhe sea-ice-statkt shows biases in the HadGEM2-ES sea ice
volume simulation to be due to a bias in sprindasi@ melt onset date, partly countered by a biagniter

downwelling longwave radiation. The framework igbgable in principle to any model and has the ptié to
greatly improve understanding of the reasons feeetble spread in modelled sea ice state. A secpfidding
is that observational uncertainty is the largesisezof uncertainty in the induced surface flux loalsulation.

1. Introduction
The Arctic sea ice cover has witnessed rapid chdogeg the past 30 years, with a decline in Septmaxtent
of 1.05 x 16 km? / decade from 1986 to 2015 (HadISST1.2, Raynal 2003). In association with the changes
in extent, Arctic sea ice thinning has been obskfi@n submarine and satellite data (Rothrock ,e2@08,
Lindsay and Schweiger, 2015). Arctic sea ice hag bécome younger on average as older ice haddmsen
(Maslanik et al, 2011), the onset of summer medtiiecome earlier in the year (Markus et al, 20@8)the
onset of winter freezing has become later (Stanoheargt al, 2012).

The changes have focussed interest on model piajeadf Arctic sea ice, the loss of which influestke
climate directly through increased absorption afrshave (SW) radiation during summer and througrater
release of heat from the ocean to the atmosphenegdwinter (Stroeve et al, 2012b). However, sulvé
spread remains in model simulations of presentAtatic sea ice and of the long-term rate of declineer
climate change (Stroeve et al, 2012a). The caudbsscspread are poorly understood, resultingigé
uncertainty in future projections of Arctic sea.ice

Evaluating sea ice extent or volume with respeceterence datasets shows that some models regroduc
present-day sea ice state more accurately thansofig. Wang and Overland, 2012; Massonnet @042;

Shu et al, 2015). However, an accurate simulatfasea ice extent and volume under the present-itagte
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does not necessarily imply an accurate future ptioje of sea ice change, as a correct simulatiorbea
obtained by accident due to cancelling model er®es ice extent in particular is known to be a wersuitable
metric for diagnosing model performance due tdigsh internal variability (Notz, 2015; Swart et a015).
Hence there is a need to better understand therdrivhich lead a model to simulate a given Arata e

state.

This study presents a new framework (the inducefdse flux, or ISF, framework) to improve understany of
sea ice model bias, by identifying proximate disvef model bias in sea is®lume-masbalance. The
framework is motivated in the following way. Chaege sea ice volume are driven by the seavidememass
balance. Sea icelumemassbalance in turn arises from the surface and basabg balance, agven a

roughly constant ice densitthe icemassvolumeés to first order proportional to the energy reqdito melt the

ice out. Basal melting in the interior ice pack bagn shown to result, in the main, from direcasbkating of
the ocean (e.g Maykut and McPhee, 1995), whileldeszrzing derives principally from conduction afeggy
upward through the ice (Perovich and Elder, 200B)s implies that the total downwards surface epdg
(surface flux) contains the principal sources anlssof energy for the sea igelume-masbalance on an
Arctic-wide scale. However, a complex two-way rielaship exists between sea ice thickness and surfac
energy balance, via the surface temperature arfiacsualbedo, giving rise to the thickness-growtdfeack
(Bitz and Roe, 2004) and the surface albedo feddiitz, 2008), both of which exert first-order ¢osl on the
sea ice state. Hence many components of the SEB®tha viewed as independent of the sea ice $tatare
directly affected by it. Therefore, there is a neeedeparate surface flux biases that are causételsea ice
state (representing feedbacks of the seadtene-masbalance) from those that are not (representingrfgsc

on the sea iceolume-masbalance).

In the ISF framework, the total downwards surfacergy flux is expressed as an explicit functiorkey Arctic
climate variables, allowing the dependence of mledeaurface flux on each variable to be describihce,

the model bias in surface flux induced by each alevvariable can be estimated. In this way, biasee

growth and melt over the course of the year aréated, via the surface flux, to biases in speatfiodel
guantities. The method allows the contributionsytdel biases in ice growth and melt caused by¢hdce
albedo feedback, the ice thickness-growth feedbamutt,various external factors, or ‘forcings’, todeparately
quantified. In this way it can be seen how modatbs in the external forcingsve model bias in the sea ice
volume-masdalance, offering a valuable tool for setting smastate biases in context, and for understanding

spread in sea ice simulation within multi-model@nbles.

In more detail, the ISF framework works by expnegshe total downward surface energy flk., at each

point in timet and space, as an explicit functiorg, , of quasi-independent climate variabls. The variables

are quasi-independent in the sense that whiledffegt each other on timescales varying from daysdnths,

they affect the surface flux instantaneously. Hemgéaking partial derivatives, the dependencénefdurface
flux on each variable can be separately expressedca point in time and spackTg xt /'IIVi ]MODEL). Given

MODEL _

REFERENCI "
Xt Vixt E)| the field of

an estimate of the model bias in any variable vieference datasr{vi
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surface flux dependence can be multiplied throegbroduce an estimate of the surface flux biasdadu
(instantaneously) by the model bias in that vagabs a function of space and time.

This method has two key strengths; firstly, that filelds of induced surface flux bias (ISF bias) ba averaged
in time or space to determine the large-scale &ffecparticular model biases, bypassing nonlirtiesrin
surface flux dependence. Secondly, due to the gudspendence of the variables, the effects of eade
surface flux are separated, such that the sumedfSh biases theoretically approaches the totad, model
surface flux bias. In this way, the instantane@ugqroximate, causes of the model surface flux,l@ad hence
sea icevolume-mashalance bias, can be separated and quantified.

The analysis is applied to the four members ohiktorical ensemble of the coupled CMIP5 model HENZ-
ES. This model simulates anomalously low annuaimuim ice extent, as well as ice volume tisdboth too
low in the annual mean and too amplified in thesseal cycle, a similar behaviour to that identifigdShu et
al (2015) in the CMIP5 ensemble mean. A varietyedérence datasets are used to assess model biases,
demonstrate the large observational uncertaintiesept in the Arctic, and their effect on our apilo attribute
sea icevolumemassalance bias with the ISF framework.

The paper is structured as follows. In Sectiorh@,HadGEM2-ES model and the reference datasetsansed
described in turn. In Section 3, the sea ice anfhee radiation simulations of HadGEM2-ES are eatdd; in
demonstrating the sea igelume-masbalance biases of HadGEM2-ES, as well as possiblerd, this
motivates the following analysis. In Section 4, I8E framework is described in more detail, andhgxas
shown. In section 5 the ISF analysis is applieHadGEM2-ES, allowing the role of each model bianidied
in Section 3 in causing sea igelume-masbalance bias to be quantified. In Section 6 thdigapons of the
results are discussed, in particular the mechaniigmehich the identified external drivers determihe
modelled sea ice state, and the likely driversimtkie corresponding model biases. Conclusionpresented
in section 7.

2. Model and reference datasets

2.1 The HadGEM2-ES model
HadGEMZ2-ES is a coupled climate model employingitimithl components to simulate terrestrial and atea
ecosystems, and tropospheric chemistry (Collired,2011). It is part of the HadGEM2 ‘family’, aletion of
models that all use the HadGEM2-AO coupled atmospbeean system. HadGEM2-AO is developed from
HadGEM1 (Johns et al, 2006), a coupled atmosphazaromodel whose sea ice extent simulation was
recognised as being among the closest to obsengatiat of the CMIP3 ensemble models (Wang and @ndrl

2009). While the atmospheric and ocean compondiisdGEM?2-ES contain a large number of improvements

relative to HadGEM1, many of these targeted at awing simulations of tropical weather, the sea ice
component is very similar to that of HadGEM1 (exdep three minor differences, summarised in Maetiral,
2011, table A4).
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A fundamental feature of the sea ice componentaafGEM2-ES is the sub-gridscale sea ice thickness
distribution (Thorndike et al, 1975). In this forkation, ice in each grid cell is separated intefthickness
categories with boundaries at 0, 0.6m, 1.4m, 23l6m and 20m, each with its own area, thermodynsamcl
surface exchange calculations. Another key asgebecsea ice model is the zero-layer thermodynamic
scheme (appendix to Semtner, 1976), in which thdcgesurface temperature responds instantanetusly
changes in forcing, conduction is uniform withire tice and snow column, and neither sea ice notyongr
snow have heat capacity (sensible heat storagadsneterised in the top 10cm of the snow-ice coldoming
surface exchange calculations, to aid stability).

The HadGEM2-ES sea ice model also includes elagmus-plastic sea ice dynamics (Hunke and Dukawic
1997) and incremental remapping (Lipscomb and HuBR@4). Most sea ice processes are calculatégkin
ocean model, but the surface energy balance (S&B)lations are carried out in the atmosphere maedgcth
passes top melting flux and conductive heat flusthioocean model as forcing for the remaining camepts. A
more complete description of the sea ice compocembe found in McLaren et al (2006).

This study uses the four ensemble members of thEPEMistorical experiment of HadGEM2-ES, forcedhwit
observed solar, volcanic and anthropogenic foréiagn 1860 to 2005. The period 1980-1999 is usedhe
model evaluationchosen to be close to the end of the period ohisterical experiments so as to be. recent
enough to allow the use of a reasonable ranges#ruhtional data. All analysis is carried out witita
restricted to the Arctic Ocean region, definedhesarea enclosed by the Fram Strait, the northeundary of
the Barents Sea, the eastern boundary of the Keaatl$e Bering Strait and the northern edge oCdueadian

Arctic Archipelago, shown in Figure 1.

2.2 Reference datasets

Uncertainty in observed variables tends to be highthe Arctic than in many other parts of the ldoiThere
are severe practical difficulties with collectingsitu data on a large scale over regions of ice@l ocean.
While satellites have in many cases been ableadyme Arctic-wide measurements of some charagtes;ist
most notably sea ice concentration, the relatigk &f in situ observations against which theselmacalibrated
means knowledge of the observational biases isdinReanalysis data over the Arctic is also molgest to
model errors than in other regions, due to ermoi&rnospheric forcing, and the existence of fevirerct
observations available for assimilation (Lindsagle2014). The approach of this study is to usede range of
observational data to evaluate modelled sea ite atal surface radiative fluxes, setting resulthécontext of
in situ validation studies. The same datasetsteme tised as reference datasets for the induceatsutix
framework.

To evaluate modelled sea ice concentration, weheseladISST1.2 dataset (Rayner et al, 2003), difivcen
passive microwave observations. To evaluate matisba ice thickness Arctic-wide, we use the icexnce
model PIOMAS (Zhang and Rothrock, 2003), whichoixéd with the NCEP reanalysis and assimilates ice
concentration data. Laxon et al (2013) and Wara €016) found PIOMAS to estimate anomalously low
winter ice thicknesses compared to satellite olagems in some years. In particular, Wang et al@Gound
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PIOMAS to have a mean bias of -0.31m relative tseotations from the ICESat (Ice, Cloud and land/&ien
Satellite) laser sensor. To set the PIOMAS comparis context, we use two additional datasets tuate the
model over smaller regions; measurements from raltiaretry aboard the ERS satellites from 1993-2000
(Laxon et al, 2003), limited to latitudes below B2and estimates compiled by Rothrock et al (2088)ived
from a multiple regression of submarine transeees the Central Arctic Ocean from 1975-2000, caistd to

be seasonally symmetric.

To evaluate modelled surface radiative fluxes actbe whole Arctic Ocean, three datasets are ey, we
use the CERES-EBAF (Clouds and Earth’s Radiant@n8ystems — Energy Balanced And Filled) dataset
(Loeb et al, 2009), based on direct measuremerttpedf-atmosphere radiances from EOS sensors dboar
NASA satellites, available from 2000 — present.0Bety, we use the ISCCP-FD (International Sateiteud
Climatology Project FD-series) product (Zhang e2@D4). Lastly, we use the ERA-Interim (ERAI)
atmospheric reanalysis dataset, which provideglgddurface flux data from 1979-present using aalgais
system driven by the ECMWF (European Centre for iMedrange Weather Forcecasts) IFS forecast model
and the 4D-Var data assimilation system (Dee eGdl]l).

In-situ validation of these datasets in the Arbtis been limited, but Christensen et al (2016)do0ERES to
perform quite well relative to other products, dlmderestimating downwelling LW fluxes from Novber —
February by 10-20 Wrhrelative to in situ observations at Point BarréMagka). Liu et al (2005) found
ISCCP-FD to simulate SW radiative fluxes fairly aely relative to observations from SHEBA, but to
underestimate downwelling SW fluxes in spring bgro80 Wn?, also overestimating downwelling LW fluxes
in winter by around 40 Wrh. Lindsay et al (2014) identified ERAI as produgi relatively accurate
simulation of surface fluxes compared to in sitsevations at Point Barrow (Alaska) and Ny-Alesund
(Svalbard), although tending to underestimate doelting SW fluxes in the spring by up to 20 Wrand
overestimate downwelling LW fluxes in the winter dnpund 15 Wri. Comparison of winter downwelling LW
fluxes in all datasets to in situ measurements dechpy Lindsay et al (1998) suggests that whilEC®-FD is
likely to be biased high, ERAI and CERES may batie¢ly accurate.

In addition to the datasets above, in section 4nake use of satellite estimates of date of mel¢éboger sea

ice (Anderson et al, 2012), also derived from passiicrowave sensors. In section 5, to evaluaténtipact of
observational uncertainty in ice area, we use tBEXC ‘Sea Ice Concentrations from Nimbus-7 SMMR and
DMSP SSM/I-SSMIS Passive Microwave Data, VersiofClavalieri et al, 1996) and HadISST.2 (Titchned an
Rayner, 2014). Finally, in section 6, the CERES-S¥éthset (Rutan et al, 2015), similar to CERES-EBAF
available at higher temporal resolution, is usedxamine modelled surface radiation evolution dyitay in
more detail.

3. Evaluating HadGEM2-ES

In this section, and throughout the rest of theepaa difference between a model simulation ofréiqdar
quantity, and any reference dataset for thentity, is referred to as a ‘bias’. In a simileay, the difference in
model surface flux judged to arise from the differe in a particular quantitglative to a reference dataset is

$
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referred to as an ‘induced surface flux bias’. Atien is drawn to the fact that, due to observationaccuracy,
true model bias relative to the real world may dbmewhat different from the biases described inwasy.

Modelled September sea ice extent in HadGEM2-E® ft880 to 1999is systematically lower than that
observed (Figure 2a); the four members of the HA®BES historically-forced ensemble simulate a mean
September sea ice extent of 5.78 K K, with ensemble standard deviation of 0.24 XK@ By
comparison, the mean observed September sea e exter this period was 6.88 x®1n? according to the
HadISST1.2 dataset.

Mean ice thickness is consistently lower than #stimated by PIOMAS for the Arctic Ocean regiorg(fFe
2b), with the highest biases of -0.4m occurrin@ttober, close to the minimum of the annual cyate a
near-zero bias in May, close to the maximum.. Miedece thickness is also biased low relative ®HERS
satellite measurements (Figure 2c), with thickr®ases ranging from -0.57m in November to -0.16rApnil.
Finally, modelled ice thickness is biased low figkato the submarine data (Figure 2d), with thicdskiases
ranging from -1.5m in August to -0.8m in Januang May. Hence there is clear evidence af\a thin-model
bias in annual mean ice thickness, but there salience of a model bias in the seasonal cyclelafne
masshalance, as model biases at minimum ice thickreeg$ to be larger (i.e. more negative) than those at

maximum ice thickness, implying excess ice melang ice freezing in the model.

Relative to PIOMAS, aolume-masbalance bias of 38cis implied. This means the model simulaézsess

ice melt in summerand excess ice growth in winter, equivalent tolB®n average over the area of the Arctic

Ocean regionr—and-ce-growth-in-winter-isimpliBgelative to the ERS satellite measurementsaas
balaneevolume baland®as of 42cnis implied As the seasonal cycle of submarine ice thickieessnstrained

to be symmetric, a more useful measure ofithes-balancevolume balarliias here can be gained by
comparing the maxima and minima of the submariegahickness seasonal cycle to that of HadGEM2-&S; i
this case, arass-balanrcevolume balarfnias of 38cm excess melt in summer, and excesglyia winter, is
implied. Hence HadGEM2-ES s likely to overestimtite magnitude of the ice thickness seasonal dycle
around 40cm across the Arctic Ocean on averagearticular, the large negative model bias in igekifess in

late summer is likely to be the principal causéheflow bias in September ice area.

Maps of the ice thickness bias in April and Octoffégure 3b-d) show agreement that the thin icekiness
bias is smaller on the Pacific side of the Ardtiart on the Atlantic side of the Arctic, becomingyemall or
positive in the Beaufort Sea. There is also stgkagreement in the spatial pattern of the amptificabias of
the seasonal cycle, as diagnosed by April-Octateethickness difference (Figure 3). All three ioekness
datasets show the HadGEM2-ES ice thickness seasgrialto be too amplifiecacross much of the Arctic, by
up to 1m in the Siberian shelf seas; in additidinsteow that in the Beaufort Sea, the amplificatisn
nonexistent or even negative. There is clear cpomdence between areas where modelled annual mean i
thickness is biased low (high), and areas wherentbdelled seasonal cycle is over-amplified (undepiified).
This is likely to be associated with the ice thieks-growth feedback, whereby a steeper tempergitadéent
induces stronger conduction and hence ice growtthfo ice. Indeed, negative correlations betwaenraer
sea ice and sea ice growth the following winteraabiquitous feature of CMIP5 models (Massonnet,et
2018).
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The bias in icenass-balancevolume balariseassociated with a bias in ice energy uptakealculating this

bias, and for the rest of the study, we assumeeadensity of 917 kg the constant value used by o {

HadGEM2-ESFor example, the 40cm ice melt bias during sumnmrlevbe associated with an energy uptake
bias of around 1.5 x £0, or 15Wn? over a 4-month melting season; the 40cm ice grdieth during winter
would be associated with an energy uptake biag.6fVn? over an 8-month freezing season. The ice energy
uptake has three drivers: the surface energy baldhe oceanic heat convergence, and ice diverg&eeeice
divergence is generally recognised to be a snvafl fe.g. Serreze et al, 2007). Although Arctic Gcbaat
convergence can be significant in size, across rofitihe Arctic the sea ice is insulated from themsource of
heat energy from beneath, the warm Atlantic watged, by fresh water derived mainly from river réfr{e.g.
Serreze et al, 2006; Stroeve et al, 2012b). Becafuises, in the Arctic Ocean interior direct sokeating of the
ocean is a much larger contributor to sea ice basting than oceanic heat convergence, as obsewed
Maykut and McPhee (1995), McPhee et al (2003) ard\Rch et al (2008), and modelled by Steele ¢2@10)
and Bitz et al (2005). In particular, it has beearfd that in HadGEM2-ES oceanic heat convergenece is
negligible importance to the sea ice heat budgee(ket al, 2018). Hence for the main purposesisfthdy,

we concentrate on the surface energy balance, egidat the other two terms (although the ocean heat

convergence is briefly discussed in Section 6).

Surface radiative fluxes are now evaluated. Inféfiewing discussion, and throughout this study th
convention is that positive numbers denote a dowdsvlux. Fluxes of downwelling SW radiation arglér in
HadGEMZ2-ES than in all observational estimatesrdutihe spring (Figure 4a-c), with May biases of£2and
53 Wn? relative to CERES, ERAI, and ISCCP-FD respectivaburing the summer, upwelling SW radiation
is consistently lower in magnitude than in HadGEER; with June biases of 16, 37 and 44 Yunith respect
to ERAI, CERES and ISCCP-FD respectively (a posibias in an upward flux demonstrates that the fiextie
flux is too low in magnitude). There is no congistsignal for a low bias in downwelling SW duririget
summer, suggesting a negative model surface albiedoThe effect is that modelled net downward 8\ is
too large with respect to all observational daseMay and June, and with respect to some indudy
August. Relative to CERES, the May downwelling Sistdisplays no clear spatial pattern over theidérct
Ocean (Figure 4a), but the June upwelling SW laind, hence the net SW bias, tend to be somewhagrigh
magnitude towards the central Arctic (Figure 4b-c).

As the June net SW bias is likely to result frosusface albedo bias viiefly-digress-from-theradiation
evaluationtaliscuss the parameters affecting surface albedoseeeice in HadGEM2-ES: ice fraction, snow
thickness and surface melt onset. Ice fractiorar@ady been evaluated and for snow thicknessfecerece
dataset is available; however, surface melt oreebe evaluated using satellite observations (EigurWe
define the date of melt onset for any grid celthesfirst day on which the surface temperature edsel°C
(varying this threshold by 0.5°C in either directichanges the date in only a small minority of getls). The
average date of melt onset as estimated by thisaddFigure 5a) is then compared to that measuebeb
satellite-derived dataset described in Sectioni@ue 5b), with model bias shown in Figure 5c. leaspatial
variability is evident in the observations. Meltset occurs in early to mid-May around the Arctice@u coasts,
but much later in the Central Arctic, around midghduln contrast, the HadGEM2-ES surface melt ottt is
in mid- to late May across the Arctic Ocean, withthe strong gradients seen in the observationis. Wbuld
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cause a surface albedo, and hence net SW, biagwttong maximum in the Central Arctic, similarthat
discussed above.

We now return to the radiation evaluation to eveduawV fluxes. Fluxes of longwave (LW) radiation dogver
in magnitude in HadGEM2-ES throughout the wintemtiin all observational datasets (Figure 5d-f). For
downwelling LW, the mean model biases from Decerfiyil are -16, -22 and -40 W¥hfor ERAI, CERES
and ISCCP-FD respectively; for upwelling LW, thases are 11, 16 and 18 Wrior CERES, ERAI and
ISCCP respectively. Because the downwelling LW éBagary more than the upwelling LW biases, there is
uncertainty in inferring a model bias in net dowtiing LW; ISCCP suggests a large model bias of W@,
CERES a smalller bias of -11 Wirwhile ERAI suggests a bias of only 1 WWn\s in situ studies have shown
both underestimation (by CERES) and overestimgtigrERAI and ISCCP-FD) of downwelling LW in winter,
there is no clear indication as to where the trodehbias in this quantity may lie. Maps of the dovelling

and net down LW bias relative to CERES in Febri&igure 5d,f) show the bias tends to be somewlwteri
towards the North American side of the Arctic, dmder on the Siberian side.

The surface radiation evaluation provides clue®adle causes of the HadGEM2-ES iigass-balancevolume
balancebias, but also underlines why a more detailedyaisals required to properly quantify these cauEes.
example, in winter the low downwelling LW bias pides a clear mechanism for the bias in ice freezing
However, the reference datasets also suggest biémsan upwelling LW that at first sight would tetal
counteract this.. In fact, these biases are fudlyststent: a low bias in downwelling LW would bepegted to
cause a low surface temperature bias, causingaboidph bias in ice growth and a low bias in upvaglILW.
The qualitative evaluation fails to capture thé ¢alusal relationship; for this, an analysis ofakahow the
downwelling LW bias affects surface flux, includitige upwelling LW response, is necessary.

In the summer, meanwhile, the surface radiatiofuenimn suggests that a bias in net SW radiation is
responsible for the icexass-balancevolume balarwas, and that this in turn is related to a s@wfalbedo bias.
However, at least two possible drivers of this hagen identified: the surface melt onset bias,thad
underlying ice area bias that is itself likely ® taused by the ieeass-balanrcevolume balaruas.
Quantifying the extent to which each driver is imtpat, and at which times of year, is likely topet
resolving this circular causal loop. In the nexdtem, it is described how the effects of each nhbies on the
sea icenass-balancevolume balarman be separated and quantified through theictediie the surface flux, in
the ISF framework.

4. The induced surface flux (ISF) framework: a way toquantify the effect of each model bias on sea
ice mass-balaneevolume balance

We are motivated by the observation that eachefrthdel biases described above affects the seadse
balareevolume balandsy acting through the total downwards surface g@nélux (referred to as the surface
flux). An excess of downwelling radiation leadseditly to a higher surface flux, higher sea ice gpemptake
and a bias towards ice melting. A bias in ice aoedn surface melt onset, is associated with a masurface
albedo, hence a bias in net SW, and in the totéeei flux. Finally, a bias in ice thickness alttrs

+
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thermodynamics of the entire snow-ice column, arti@ near-surface atmosphere layer. Flux contnuit
considerations show that in the freezing seasameh ice is associated with a warmer surface teatpee, and
hence a higher upwelling LW flux and a smaller to@avnwards surface energy flux. Thinner (thickes is

also associated with a stronger (weaker) upwarddwiion flux, and hence stronger (weaker) ice ghow

Each of these relationships can be quantifiedrimciple, at any point in model space and time.c8jmally,
the rate at which the surface flux depends on gaghble alone, with others being held constant, lwa

estimated. To this end, we approximate the suffazeF, at each point in model spacand timet by an

explicit function g, , of quasi-independent variabl&s. The functionsg, , are constructed in such a way as

to capture each of the relationships described @boa manner that best represents both HadGEM 24k,
also the conditions at the poiand timet. In addition, the function captures the indirdte of any model
bias on surface flux via surface temperature aneellimg LW, which will tend to counteract the diteffect to
a degree. Hence the dependence of the surfaceril@ach of the independent variables at pgititnet can be

]MODEL

approximated b)[ﬂgxlI /ﬂvi . Given a model bias in variablg at(x,t) we can then estimate the surface

flux bias induced by that model bias [fig, , /v, |"°** 19, /v, (VMODE" - VREFERENCE).

ixt ixt

The functiong, , and its derivation are described fully in Appendixbut are summarised briefly here. The

surface flux is expressed as a sum of separatatiagiand turbulent components. Ice-covered andré=
portions of a grid cell are treated separatelycéacovered areas, dependence on surface tempeigtur
linearised, and flux continuity at the surface anghiform vertical conductive flux through the e assumed,
allowing surface temperature to be eliminated, tieddependence of surface flux on upwelling LW¢&o b
captured. The surface albedo, upon which the upwge8BW component depends, is expressed in terrce of
fraction, snow fraction and melt onset occurremesed on the albedo parameterisation of HadGEM2-ES.
Latent heat flux over ice is neglected. In this e surface flux is expressed as an explicit fioncof
downwelling shortwave (SW) and longwave (LW) raidiaf ice concentration, category ice thicknesswsno
thickness, sensible and latent heat fluxes oveamtkocean, and melt onset occurrence (a logitafrdaing
whether or not the snow surface is undergoing mgltiinduced surface flux due to ice thickness Has
determined by summing each of the separate ISE®biag category.

The usefulness of this approach is that surfacedherates linearly on the sea ieess-balanrcevolume balance
meaning that each of the ISF biasegx&} can be averaged over large regions of time andesjpagnderstand
large-scale sea ice biases. Clearly, none of thendrmodel biases operate on the sea ice statdiiear sense.
For example, given identical surface melt onsetl (@nce surface albedo) biases at different pairttse

Arctic, each could have very different implicatidis local sea icerass-batancevolume balapdepending on

the downwelling SW modelled at each point. Convgrseentical downwelling SW biases would have

different implications for sea iaeass-balancevolume balardepending on the modelled surface albedo. Model
bias in ice thickness behaves in a particularlylinear fashion, with bias in regions of thinner Feving far

more influence than that in regions of thicker i€he effect of estimating ISF bias at each poipasately, and
then averaging to determine large-scale effects, lig/pass all nonlinearities.
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A second advantage of this approach lies in theigndependence of the variables: while each véiatay
affect the others over timescales varying from daysonths, each affects the surface flux instaadasly (in
HadGEMZ2-ES). Hence a model bias in any variableessmts an effect on the surface flux that is sdpar

from the effect of a model bias in any other. & gurface flux variation is completely describedHtmy function

Oytr therefore, the sum of the ISF biases, over albbées, must approach the true model surfacelflag

(although it will be seen that this claim is impbss to evaluate precisely due to observationaka@anty). In
this way, large-scale model biases in surface #und hence sea ieeass-batancevolume balapcan be broken

down into separate contributions from model biase=ach of the independent variables.

The ISF calculation process is now illustratedtfes processes in turn. The model bias in meltinfese
fraction for the month of June 1980 is positive rav®st of the Arctic, although only weakly so todsithe
coasts (Figure 6a), reflecting melt onset modediadier than observed during this month. The refegedataset
is derived from SSMI microwave observations. The of change of surface flux with respect to meket
occurrence tends to be higher in the Central A(&igure 6b). This reflects a greater tendency¢arcskies in
the Central Arctic, as this field is effectivelywiowelling SW multiplied by the difference in parateésed
albedos. The product of these two fields represtetsnodelled surface flux bias induced by the rhbaes in
melt onset; this is also positive over most of Anetic Ocean, by up to 25 W#in the central Arctic, reflecting
the greater absorption of SW radiation inducedheyearly melt onset (Figure 6¢)

The model bias in downwelling LW radiation in Felry 1980 is predominantly negative (Figure 6d)gher
CERES-EBAF is the reference dataset. The rate pénttence of surface flux on downwelling LW (Fig6e
is everywhere between 0 and 1, tending to be lanvezgions of thicker ice, associated with a gnetgrdency
for downwelling LW biases to be counteracted by allimg LW biases in these regions. The resulting bas

(Figure 6f) is negative almost everywhere, bubigdr in magnitude than the driving downwelling L\id&

5. Induced surface flux biases
5.1 Aggregate ISF biases

We calculate surface flux biases induced by moields in downwelling SW, downwelling LW, ice artmal
ice thickness and surface melt occurrence (thelkas for which reference datasets are available.
resulting fields are averaged over the model peaiudi over the Arctic Ocean region, to produce &mhe
variable a seasonal cycle of total surface flus lmauced by the bias in that variable. The indusgdace flux
(ISF) biases are displayed in Figure 7, togethén wital ISF bias, net radiative flux bias estindalby the direct
radiation evaluation relative to ISCCP-FD, CERES BRAI, and also sea ice energy uptake biases éahjply
the seasonal iceass-balancevolume balartiies relative to PIOMAS. The ISF biases are s in Table
1, using CERES as reference dataset for the ragitims. During winter, ISF biases generally samegative
values, indicating that model biases in this se@asdnce net additional surface energy loss andiioesth.

During summer, ISF biases generally sum to positataes, indicating additional net surface energiy @nd
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ice melt. In both seasons, these results are tensigith the radiation and ieeass-balancevolume balance

evaluation.

Major roles are identified for particular processesertain months. Firstly, in June the surfacét imeset bias,
through its effect on the surface albedo, inducesrtace flux bias of -13.6 W#y equivalent roughly to an
extra 11cm of melt. Secondly, in August a biasmfraction induces a surface flux bias of 9.6 ¥ym
equivalent to an extra 8cm of melt. This is asdediavith the overly fast retreat of sea ice in HREMZ-ES,
and the low extents in late summer, as noted itice8. Thirdly, from October-March the downwellihgV
biases induce substantial surface flux biases ngrfgom -6.5 to -3.8 W depending on choice of reference
dataset, equivalent to additional sea ice growth0s83cm. Finally, from November-March the negatoe
thickness bias induces substantial surface flugdsiaeducing from -8.3 Wfrto -2.0 Wn? as the freezing
season progresses, equivalent to total additiceagiowth of 24cm.

Internal variability in the ISF biases is measubgdaking the standard deviation of the whole-Ar¢8F bias
for each process and month across all 20 yealeimbdel period, and all four ensemble members. used
Variability is highest in the ice area term, reaghit.0 Wn? in July. Variability reaches considerable size in
some other terms in some months, for example 1.1*fémsurface melt onset in June, 1.9 Wfor ice
thickness in November, but is otherwise mainly urfdé/nT? in magnitude. In each case, therefore, the ISF
biases noted above are persistent features of ddelrrsurface melt onset and ice fraction biasdade
additional ice melt in summer, while downwelling L&d ice thickness biases induce additional icevtiran
winter. The total summenass-balancevolume balaruias accounted for by the analysed processestigof
order 20cm, while the total winterass-balancevolume balaruas is of the order 45-55cm depending on
radiation reference dataset.

5.2 Spatial variability

Examining first the June melt onset ISF bias, thatial pattern of the bias is characterised by gimam in the
central Arctic, with values falling away toward®tboast; this is directly related to the spatiatera of the melt
onset bias itself shown in Figure 6. It is very i&amto the spatial pattern of the directly evakdanet SW bias
in this month, providing additional evidence tha telt onset bias is the principal cause of ffiss implies

that the additional ice thinning induced by thiais greatest in the Central Arctic and least@tbasts.

The August ice concentration ISF bias displaysaai defined pattern, with high values acrosssthelf seas
and the Atlantic side of the Arctic falling to lawv negative values in the Beaufort Sea, again sienylar to the
pattern of the ice concentration bias itself. Thelication is that the model bias towards ice timgrin August

is largely based in areas where ice concentrasiafréady biased low.

The November-March ice thickness ISF bias dispéapattern which is almost identical to that of fegust
ice fraction ISF bias, but with the opposite sigith high negative values on the Atlantic sidela Arctic
rising to near-zero values in the Beaufort Sea.ddehis model bias has the reverse effect to thiteoice

concentration bias, reducing existing ice thickri@iases by promoting additional ice growth in thaseas.
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Finally, the winter downwelling LW ISF bias is muotore spatially uniform, but displays slightly hagh
values on the Pacific side of the Arctic than thia#tic side, a different pattern to that displaygtthe
downwelling LW itself in Figure 4d. The contrastdsge to the role the effective ice thickness stattor plays
in determining the induced surface flux bias; thieker ice present on the American side of theidr¢énds to
greatly reduce the flux bias. This represents hiekhess-growth feedback; thicker ice will growdegiickly
than thin ice under the same atmospheric conditibhe downwelling LW bias tends to increase iceagho

Arctic-wide, but less so in regions where ice ieatly thick.

The spatial patterns of total ISF bias shows manjlarities to the total net radiation bias evakdiby CERES
in most months of the year (Figure 8), notablyrad&cy in July and August for positive surface fhiases to
be concentrated on the Atlantic side of the Araitd a tendency throughout the freezing seasonefpative
surface flux biases to be least pronounced in g@uBbrt Sea, where the ice thickness biases aestowWe
note that the spatial pattern of amplificationlwé ice thickness seasonal cycle displayed in Figusevery
similar, with amplification most pronounced in tAdantic sector, and least pronounced in the Bedaufo
Sea.The surface flux biases produced by ice fradtiases in August, and ice thickness biases ireher,
provide reasons for the spatial variation in ang@ifion of the ice thickness seasonal cycle sedtigure 4, as
well as the close resemblance of this patterngartbdel biases in annual mean ice thickness. leehvit
thinner in the annual mean will tend to melt fastesummer, due to the net SW biases associatédgneater
creation of open water (the surface albedo feedbacdkl to freeze faster in winter, due to greaterdaiction of
energy through the ice (the ice thickness-growtulfack).

5.3 Using the ISF biases to separate sea ice foggnand feedbacks

It is helpful to divide the processes examined fe&xmlbacks (surface flux biases induced by biasései sea ice
state itself) and forcings (those induced by vdeslexternal to the sea ice state). In this semercing’ refers
to a variable which is independent of the sea alenie on instantaneous timescales, rather thamyheied in
the traditional sense of a radiative forcing. Gf tlariables examined, downwelling SW and LW radiatas
well as the surface melt onset, have this propartg, hence their corresponding ISF biases canteach
regarded as a ‘forcing’ on the sea ice state. Hewawe thickness and area do not have this prppend their
corresponding ISF biases should be regarded insteadrinsic feedbacks of the sea ice state.

The ice concentration ISF flux bias (specificallyidg the melting season) can be identified with éffect of
the surface albedo feedback on the sea ice statendthe melting season the ice area affects stimated
surface flux only through the surface albedo, dedsurface flux biases induced in this way causecsted

biases in ice melt.

On the other hand, the ice thickness ISF bias {&gedty during the freezing season) can be idéedifwith the
effect of the thickness-growth feedback on theiseatate. This is perhaps less obvious, as thihickness
affects the estimated surface flux via the surfecgperature and upwelling LW radiation, while thizkness-
growth feedback is usually understood to resulnfdifferences in conduction. However, the assurmpbio
flux continuity at the surface in constructing #stimated surface flux means that the cooler saerfac
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temperatures, and shallower temperatures gradientsring for thicker ice categories are manifestet of the
same process. Slower ice growth at higher ice ti@s&es is caused by a smaller negative surfaceafhakthe
surface temperature is the mechanism by whichisikdemonstrated. Hence the effect of the thickigess#h

feedback is described by the ice thickness-indeoasponent of the surface flux bias.

The ISF analysis allows the effect of the surfdbedo and thickness-growth feedbacks on the sestate to
be quantified, and compared to the effect of extednivers. Arctic-wide, the surface albedo feedhac
diagnosed as the ice area-induced component siifigéce flux bias, contributes an average of 5.2 3rthe
surface flux bias over the summer months, equitdtean extra 13cm of ice melt. This is very simtlathe
effect of the surface melt onset-induced componehich contributes an average of 5.3 Wnequivalent also
to an extra 13cm of ice melt. In the freezing seasweanwhile, the thickness-growth feedback, diagdas
the ice thickness-induced component of the suflagebias, contributes an average of -4.4 Wto the surface
flux bias from October-April, equivalent to an ex6cm of ice freezing, while the downwelling LWdirced
component (using CERES as reference dataset) lootesi an average of -4.9 Wirequivalent to an extra

29cm of freezing over this period.

5.4 ISF residuals and observational uncertainty

The ISF biases, summed over all independent vasabhould approach the true total surface flug.bia
However, this is difficult to evaluate as the teugface flux bias is not known. Hence it is necessause

proxy quantities to evaluate the total ISF biasedtly evaluated surface net radiation bias (retatd ISCCP-
FD, ERAI and CERES respectively); and ice energpkspbias, derived from iceass-balancevolume balance
bias relative to PIOMAS.

For most months of the year, all estimates of t&&lbias fall within the spread of these four data (Figure
6), the exceptions being June and July when t8faldias is smaller than all surface flux proxieswdver, the
spread is extremely large. For example, in the mohtanuary the estimates of total ISF bias a2e3;18.2
and -6.1 Wit (with ISCCP-FD, CERES and ERAI used as downweltigjation datasets respectively), while
the estimates of net radiation bias are -18.26-ahd 0.6 Wn# from ISCCP-FD, CERES and ERAI
respectively, and ice heat uptake bias is estimated0.1 Wm. Hence it is difficult to evaluate the total ISF
bias within current observational constraints, ahbdest it can be said that the total ISF biasiditatively
consistent, over the year as a whole, with theaserflux bias proxies. A possible cause of the fawatl ISF
bias in June and July is the ‘missing processhaofason ice, which cannot be evaluated here duleetdeick of a
reference dataset. The early surface melt onsétsea ice fraction loss, as modelled by HadGEM2visild
be associated with an early loss of snow on icth am additional surface albedo bias and hencelditi@nal
ISF bias.

On the other hand, the annual mean ice heat upiakeg0.0 WiT?) provides a strong constraint on the annual
mean surface heat flux bias, in the absence afréfisiant oceanic heat convergence contributiom.éx@ample,
the annual mean total ISF biases are -3.6%dmd -4.5 Wit when CERES and ISCCP-FD are used as
reference datasets respectively; these would isgdyice thickening of 7m and 9m over the 1980-1899
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HadGEM2-ES, which does not occur. Hence in the ahmean, the total ISF bias is too low. This anmain
bias is related to the tendency for the ISF analgsaccount for a greater bias towards ice gromthinter (45-
55cm), than that towards ice melt in summer (20d¢m3.likely to derive, at least in part, from thee of

multiple reference datasets whose errors are naiti@ned to correlate in a physically realistiosg but may

also be related to the missing processes in Jushdwdy.

Observational error is one potential cause of arrdine ISF biases. An idea as to the potentialnitade of this
can be seen from the large spread in SW and L\Wbi&s-(across different datasets) during summenu(Eig).
For example, in July the model downwelling LW bigigh respect to ERAI produces an aggregated IS§ dfia
-7.0 Wn?, but that with respect to CERES produces an agegd§F bias of 8.0 Wi Calculation of ice area
ISF biases using NSIDC and HadISST.2 as referefeseribed in section 2.2 and not shown here, shawed
similar magnitude of uncertainty in the ice argant¢:10Wnm? in summer, +2Wmn in winter). We note that the
evidence from in situ validation studies sugges# the winter downwelling LW estimates of ERAI and
CERES are more likely to be accurate than thaB6fGP-FD. Hence the downwelling LW ISF bias is kil
be estimated more accurately when ERAI or CERE3adeeence dataset, and the bias towards ice griswth

likely to lie closer to the lower end of the rar(@8cm).

In Appendix B, inherent theoretical errors in ti§é-lanalysis are discussed and are found to be ssfetilve to
the sensitivity to use of observational dataselte [argest errors are listed here: firstly, dusub-monthly
variation in the component variables, the wintewdwelling LW component may be underestimated in
magnitude by around 0.6 Whon average, and the ice area component in Augagtha overestimated by
around 1.6Wm. Secondly, due to the evaluation of surface flagpahdence at a model state which is itself
biased, the total ISF bias in October is overedthin magnitude by around 3.6 Wnirhirdly, due to
nonlinearities in the surface flux dependence erthickness, the ice thickness component is overattd in
magnitude by 0.7 Wrhon average from October-April, with a maximum @stmation in November of 1.9
Wm2, As these biases are, in the main, considerabfyjlenthan the differences between ISF biases when
different reference datasets are used, it is cdeduhat observational errors are the more impbrtan

contribution to error in the ISF biases.

6. Discussion

6.1 Using the ISF framework to understand the HadGEI2-ES sea ice state

The HadGEM2-ES ISF biases are qualitatively coestswith the direct net radiation evaluation anthwhe
sea ice simulation, both in terms of seasonal patla variation, and allow the effect of the sedalbedo
feedback and thickness-growth feedback on thecesadss-balancevolume balartoebe separated. This
allows the HadGEM2-ES sea ice biases to be undetdip considering, in turn, the separate ISF coreptm
their magnitudes, and the times of year when theyrmaportant. The anomalous summer sea ice miglitisted
by the early melt onset occurrence, and maintaliyettie surface albedo feedback, which acts prefiatgnin
areas of thinner ice. The anomalous winter ice gnag/maintained both by the thickness-growth feeitb
(occurring mainly in areas of thinner ice, of gegdaiportance in early winter) and by the downwglLW
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bias (more spatially uniform, in late winter). $tunclear that any significant role is played by downwelling
SW biss, as at the only time of year when the radiatiatasets agree that this bias is of significantevéMay),
the induced surface flux biasis more than balamgetthat induced by downwelling LW. However this may

have a role in causing the later melt onset biasliscussed below.

The means by which the external forcings — anonsaloW winter cooling, and early late spring melt ens
cause an amplified seasonal cycle in sea ice thgkare clear. It can also be seen how, in thenabs# other
forcings, these combine to create an annual meaitsehickness that is biased low, as seen irndgedt The
melt onset forcing, by inducing additional ice nmatthrough its effect on the ice albedo, enhascbsequent
sea ice melt through the surface albedo feedbdwk ddwnwelling LW bias, on the other hand, by indgc
additional ice freezing through its cooling effeatenuates subsequent sea ice freezing throughitkaess-
growth feedback. Surface flux biases induced byt oredet occurrence are enhanced, while those idduge

downwelling LW are diminished.

Acting together, the ice thickness-growth feedbaicll surface albedo feedback create a strong associa
between lower ice thicknesses and amplified sedsgubes, because ice which tends to be thinndrbath
grow faster during the winter, and melt faster dgrthe summer. Hence the melt onset bias, actomgealvould
induce a seasonal cycle of sea ice thickness lowtbie annual mean, but also more amplified, tha t
observed, because the surface albedo and thicigneash feedbacks act to translate lower ice thiskes into
faster melt and growth. For similar reasons, therdeelling LW bias, acting alone, would induce as®aal
cycle of sea ice thickness higher in the annualnmaad also less amplified, than that observed.biae seen
in HAdGEM2-ES is a result of the melt onset biashing out’ over the downwelling LW, due to its oodng
at a time of year when the intrinsic sea ice feekbaender the ice far more sensitive to surfadation. The
anomalously low ice cover in September arises@maequence of the low annual mean ice thicknessina
particular of the anomalously severe summer icé.rigk finding that the low annual mean ice thidaes
driven by surface albedo biases is consistent thitHfinding by Holland et al (2010) that variannaiean sea
ice volume in the CMIP3 ensemble was mostly exgldiby variation in summer absorbed SW radiation.

The feedbacks of the sea ice state explain theiasem between spatial patterns of annual meathickness
bias and ice thickness seasonal cycle amplificatitmwever, the external forcings (melt onset andrmeelling
LW bias) cannot entirely explain the spatial patsein the mean sea ice state biases, becausesgioaal scale
effects of sea ice convergence, and hence dynab@ceme more important. The annual mean ice thgskne
bias seen in HAdGEM2-ES is associated with a tieskmaximum on the Pacific side of the Arctic,aiance
with observations which show a similar maximum e Atlantic side. It was shown by Tsamados et@18
that such a bias could be reduced by introducinpee realistic sea ice rheology.

6.2 Looking beyond proximate drivers

As noted in the Introduction, the ISF framework cauly identify the proximate causes of sea icedsaslere,

we briefly discuss causes of the two external dsivéentified as causing sea ice model biases. téstimation
of wintertime downwelling LW fluxes in the Arctis known to be a widespread model bias in the CMIP5

ensemble (e.g. Boeke and Taylor, 2016). Pithah(@044) showed that this bias was likely to besuit of
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insufficient liquid water content of clouds formimgsubzero air masses, resulting in a failuraerraiate a
particular mode of Arctic winter climate over sea;ithe ‘mild mode’, characterised by mild surface
temperatures and weak inversions, whose key digigne®bserved to be a net LW flux of close to tnW/
(Stramler et al, 2011; Raddatz et al, 2015 amooifers). HadGEM2-ES was not one of the models asddsy
Pithan et al (2014), but its winter climate simidatdisplays many of the characteristic biasesldisa by the
other models, notably a tendency to model verydtoud liquid water fractions during winter compated
MODIS observations (Figure 9a) and a failure toudate the milder mode of Arctic winter climate as
demonstrated in SHEBA observations, diagnosed bgw6ly fluxes of net LW (Figure 9b). Here we corusu
that a similar mechanism is likely to be at workHadGEM2-ES, and that insufficient cloud liquid esmis the

principal driver of the anomalously low downwellibgV fluxes.

The causes of the early melt onset bias of HadGE®@Zre harder to determine. For most of the spring,
comparison of daily upwelling LW fields of HadGEMES to CERES-SYN observations (not shown) shows the
Arctic surface to be anomalously cold in the modslduring the winter. During May, however, upwejliLW
values rise much more steeply in the model, anfhseimelt onset commences during mid-to-late Mary, f
earlier than in the satellite observations. A gasstause of the overly rapid surface warming duhfay is the
zero-layer thermodynamics approximation used by@Ed2-ES, in which the ice heat capacity is ignored.
Comparing fields of surface temperature in HadGEM®2between the beginning and the end of May shows a
‘missing’ ice sensible heat uptake flux of 10-30 Wover much of the central Arctic, which would inritbe
associated with a reduction of flux into the upjgersurface of 5-15 Wrh Examination of modelled and
observed daily time series of downwelling LW and 8%/ fluxes in late May and early June suggestsaha
surface flux reduction of this magnitude could gedarface melt by up to 2 weeks, a substantial gfattie

modelled melt onset bias seen.

Another cause of the rapid warming may be the asirg relative magnitude of the downwelling SW oesge
to cloud biases, as May progresses (compared watlvawelling LW response). Comparison of 5-dailyame
of HadGEM2-ES radiative fluxes during May to thdsem the CERES-SYN product (not shown) support this
hypothesis; a modelled bias in downwelling SW grawikly during early May, from ~ 0 Wiito ~ 30 Wn#,

while the modelled bias in downwelling LW remainsighly constant.

6.3 Missing processes in the ISF analysis

The ISF analysis, as presented, does not comprisgleustive list of processes affecting Arctic &tsurface
fluxes. The missing process of the effect of snmgtfon on surface albedo has already been notediis
likely effect on the total June and July ISF bl note also that the direct effect of thinningaceice albedo
could induce an additional flux bias relative te tieal world, despite the fact that this effeatas represented
in HadGEM2-ES. The effect of snow thickness biasvorter conduction and surface temperature is avoth
such process which cannot be included due to instegbservations. Model biases in the turbulemxiefs may
also be significant. While the process which iglyjkmost important in determining these duringwheter is

captured (ice fraction in the freezing season)peendetailed treatment of turbulent fluxes woukbaéxamine
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the effect on these of the overlying atmospheriddmns. It is also noted that snowfall itselti€omponent of

the surface flux that could, in theory, be evaldatgectly given a sufficiently reliable observata reference.

A complete treatment of model biases affectingsie ice volume budget would also examine causk®®in
oceanic heat convergence. For the reasons discirsSedtion 4, these are likely to be small in Alnetic
Ocean interior in HAdGEM2-ES and observationsheimodel bias could nevertheless conceivably be of
considerable size in the context of the surface lfiases shown in Figure 6. The total Arctic Ocbaat
convergence modelled by HadGEM2-ES for the per@®D11999 is 4.4 Wrf although this figure shows high
sensitivity to the location of the boundary in #iantic sector, suggesting that most of this lieatleased
close to the Atlantic ice edge. This figure is Istlg higher than the 3 Wrhfound by Serreze et al (2007) in
their analysis of the Arctic Ocean heat budget,ibbroadly consistent with observational estimatesceanic
heat transport through the Fram Strait from 19920@0 by Schauer et al, 2004 (likely to be the majo
contributor to Arctic Ocean heat convergence). Baiggests that errors in oceanic heat convergeece a
unlikely to contribute significantly to sea ice uaie biases in HadGEM2-ES. However, for a hypothgtic
model that simulated greater oceanic heat convergienthe Arctic Ocean interior, the surface fluralysis
presented here would fail to adequately describertbdel bias in the sea ice volume budget.

Finally, the assumptions underpinning the ISF frawr& include an instantaneous effect of the indepen
variables on the surface flux. In the real worlagl @n many models, there is a time lag associafddthe effect
of the ice and snow thickness, due to the therratia of the snow and ice. In the time taken fehange of
ice thickness to cause a change in surface flinerotariables such as downwelling radiation conltheory be
affected, raising doubts as to whether ice and ghiakness are truly independent variables. Howeves
likely that any mechanism by which ice thicknessldaffect another variable would act first throupk
surface flux, and hence that the timescale on witiehhickness affects surface flux is shorter ttheat on
which it affects other variables. It is also seethis study that the ISF biases are largest, hyrfahe thinnest
ice category, where the effect of ice thicknessunfiace flux would be near-instantaneous. ISF Bias¢he
thickest ice category, where the time lag coul@bsignificant size, tend to be negligible.

7. Conclusions

A framework has been designed (the ISF framewdwdi) allows the proximate causes of biases in seadss
balaneevolume balante be separated and quantified. Given referentasdes for independent variables, fields
of induced surface flux bias can be calculated ftbenunderlying model bias; these in theory suniéototal
surface flux bias. In practice, the total ISF higstches both the net radiation bias, and thenigss
balareevolume baland®as to first order: processes evaluated causedréOcm additional ice growth during
the ice freezing season, and 20cm additional idéeimwinter; a missing process for which we haee n
reference (snow thickness) is likely to accountableast some additional ice melt in summer. H@xev
observational uncertainty in the evaluated ternesgmts direct evaluation of the total ISF bias, rttie

largest contribution to ISF uncertainty.
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The ISF analysis enables model biases in sea vetlyiand melt rate to be attributed in detail tfedent
causes. In particular, the roles played by theealbedo feedback, by the sea ice thickness-gréeedback,
and by external forcings, can be quantified. Thedyais reveals how the melt onset bias of HadGENs2dhds
to make model ice thickness both low in the annueéin, and too amplified in the seasonal cycle, thigh
downwelling LW bias acting to mitigate both effectie result is consistent with the prediction e\Videaver
et al (2008) that sea ice state is more sensitiweitface forcing during the ice melt season thaind the ice
freeze season. The analysis also suggests thagtinen indirect effect on surface albedo at a tivhen sea ice
is particularly sensitive to surface radiation bmshe zero-layer approximation, which was uetiently
commonplace in coupled models, may be of first-phagortance in the sea ice state bias of HadGEg2-E

The ISF analysis also allows more detailed analysike spatial patterns in sea feess-balancevolume
balancesimulation. In particular, the mechanisms behir@rtear-identical spatial pattern of biases in ahnu
mean ice thickness (likely driven by ice dynammsyl that of biases in the iegass-balancevolume balarare
explicitly demonstrated. Where ice thickness iséihlow in the annual mean, an enhanced seasarealisy
apparent. This is due to the ice thickness ISF (iefseezing season) and the ice area ISF biaséling
season), corresponding to the thickness-growthi@nédlbedo feedbacks. The downwelling LW and meetted
biases, by contrast, are more spatially unifornd, ém not contribute to the annual mean ice thickmesitrol on
the icemass-balarcevolume balance

The finding that observational uncertainty is thestimportant cause of uncertainty in the ISF balsulation
itself suggests that if observational uncertairtyld be reduced, the ISF analysis could becomeyapaverful
tool for Arctic sea ice evaluation. In particullarge observational uncertainties for snow cover summer
surface radiation limit the overall accuracy of thethodology presented here. The addition of frepgeason
snow thickness, and melt season snow fraction, dvapresent useful extensions to the analysis pregeAn
additional caveat is that the ISF framework dodscoasider factors influencing turbulent fluxes tfwihe
exception of the ice area, but this contributiosubject to particularly high uncertainty). It aldoes not
consider the influence of oceanic heat convergencsgea ice state; in HadGEM2-ES the latter is s(ral0%),
but might be more significant in other models.

The ISF analysis as presented here is designedisalgto approximate HadGEM2-ES, but could inrmiple
be generalised to other models, particularly bgradg the surface albedo parameterisation used bets/
using different sea ice thickness categories. Ene-layer thermodynamic assumption used in theal&#ysis
is likely to be appropriate for any model during ibe freezing season, as the largest ISF biasdddearise
from the thinnest ice categories, where the zeyerlapproximation is closest to reality. Howevbgre is a
question as to whether the zero-layer approximat@nceals significant surface flux bias relatingcemsensible
heat uptake in the late spring.

In the case study presented here, the analysisdeomechanisms behind a model bias in sea icdaiom
However, the analysis could also be used to inyatgtia sea ice simulation that was ostensibly roamsistent
with observations, to determine whether or notctreect simulation was the consequence of modskkithat
cause opposite errors in the surface energy budgetgative result would greatly increase confidanahe

future projections of such a model. The analysidadtbe also used to investigate a model ensenthbtribute



spread in modelled sea ice state to spread inrtlierlying processes affecting the SEB, focussitengion on
ways in which spread in modelled sea ice couldebeced. It is noteworthy that Shu et al (2015) tbtire
CMIP5 ensemble mean Arctic sea ice volume to bgebidow in the annual mean, and over-amplifiechén t
seasonal cycle, relative to PIOMAS (albeit overehére Northern Hemisphere), suggesting that gtebiour
exhibited by HadGEM2-ES may be quite common in émsemble.

Finally, it is suggested that the ISF frameworkwadl as being used to compare a model to obsensticould
also be used to understand the reasons for thesbid®ne model with respect to another. Such gacison
would avoid the issues of observational uncertailisgussed above, enabling the contributions oflifierent
model variables to the surface flux biases to laduated more accurately. However, the choice agtoh

model parameters on which to base the ISF frameworkd be subjective.

Appendix A: Description and derivation of the surface flux formula used in the ISF calculation

The ISF framework depends upon the constructioeael point in model space and time, of an explicit

function g, , which approximates the surface flux as a functibquasi-independent variables The
functions g,,, are constructed as follows. We start from thedsesh equation for surface flux:

stc = (1_ aschSW)+ FLw‘ - esfc$T4 +F +F, +F

sfc sens lat snowfall

(A1)

where the surface flux is expressed as the surapafrate radiative and turbulent components. Inetigation,

a g represents surface albede,, - downwelling SW flux, F ,, - downwelling LW flux, &,,. = 098 ice

emissivity (as parameterised in HadGEM2-ES)= 567" 10 ®*Wni?K " the Stefan-Boltzmann constant,

T, surface temperaturds, sensible heat fluxF,, latent heat flux, and-,  heat flux represented by

sens’ snowfal

the transfer of negative enthalpy from the atmospl®the ice associated with snowfall.

Given a model grid cek, over a model month the cell is classified as freezing or melting efeging upon
whether the monthly mean surface temperature esterer lower than -2°C. In the case that theisell

classified as melting, (A1) is simplified in thelfwing way: Ty, =T, whereT, = 0°C, and F,, and

F., are both neglected. In addition, we expand

lat
Qe = Qigeice T (1- a'ice)aocn (A2)

where 8, is ice concentration@,, mean surface albedo over sea ice &g, = 006the albedo of open

ice

water used by HadGEM2-ES. Finally the ice albedaorither expanded

aice = (a melt_ice ~ asea) +1 snow(a melt_snow ~ ameltﬁice)

+ (1_ gmelt)(l_ l snow)(aculd_ice - amell_ice)+ (1_ gmelt)l snow(acold_snow_ amelt_snow)



(A3)

Herea,, = 006, a =0.535, a = 065, a =06landa = 08denote

melt_ice melt_snow cold_ice cold_snow

the parameterised albedos of open water, meltegnielting snow, cold ice and cold snow respectivahd

e denotes melting surface fraction as a fractioit@firea, whilel is an indicator for the presence of

snow

©»

snow that is set to 1 or 0 depending on whetherthipymean snow thickness exceeds 1mm. Equation (A3)
& mimics the parameterisation of ice albedo in Had@HBS, in which the albedo of both snow and ice is

) progressively reduced from the ‘cold’ to the ‘m®dti values as surface temperature rises from -2 @ €.

+ If the grid cell is classified as freezing, we likee ignore F - We assumdzsv\r and FLW_ to be constant

snowfal

- across a grid cell, and parameter&g_as above. The remaining terms eice.S‘T4 Feensand F

sfcr ' sens Iat) we expect

to vary over the six different surface types présem grid cell: open water, and the five differée thickness

categories. Hence we express each as a sum ovaurfhee types:

4 _ 4 4
- eiceSTsfc - (1 - Qe )eiceSTsfc- water ice- cateiceTsfc- cat (A4)
cat=1

5

Fsens = (1 - Qe )Fsens water T Qe cat Fsens cat (A5)

cat=1
5

Flat = (1_ aice)FIat- water + aice cat Flat- cat (A6)

cat=1

We make the following further approximations: fiysthat F, = Ofor all ice categories; secondly, that

lat- cat

& Feenscat = Feensice fOF all categories (i.e. that the sensible heat flnes not vary across categories); thirdly,

) that T,

sfc- water

=1.8°C. Lastly, for each ice category we approximaté, .,, = A+ B(Tsfc_ cat = Tste REF) ,

cat

+ where A=T2

_ 3
oo rer and B =46..STg qee, T,

- i rer D€INg the monthly mean surface average temperature

- of the grid cellx.

Flux continuity implies that over each category sheface flux is equal td-, the downwards

condtop- cat *
conductive flux from the ice surface, unless swefaelting is taking place; as the freezing caseisg
discussed, melting is assumed to be zero. We adge tine zero-layer approximation used in HadGEM2-ES
that the sea ice has no sensible heat capacitthabhdonduction is therefore uniform in the vertifcat each

category. This implies that

$ Fcondtop cat = (Tsfc- cat ~ Tbot ) I%ce— cat (A7)



h h

— o i - ice- cat snow
whereT,, =- 1.8°Cis ice base temperature afl,, ., = ————- —= , K, andk

k, k

ice

<now DEING ice

snow

and snow conductivity respectively, alil, ., and h local ice and snow thickness (the latter of whigch

snow

=F allows T,

assumed to be uniform across ice categories). &dr eategory, setting- sfc cat

sfc- cat condtop cat

to be eliminated. This results in the following atian for F:

stc » g:vt = aice(Fatmos ice + BTocn) iciiE REF (1_ BRE:‘ ) ' + (1- a‘iCe)Fatmos ocean (AS)

cat

where

Famosice = Fuw- - eiceSTs?c- rer + Feensice T (1' aice)Fsv\F (A9)
and

Fatmos ocean — FLW— - eocnSToAcn + Fsens water T Flat-water + (1' aocn)st' (A10)

Hence we approximate the surface flux as a funafdoe area, category ice thickness, snow thicknes
downwelling SW, downwelling LW, melting surface dten, sensible heat fluxes over ice and open wated
latent heat flux over open water. In the ISF ana)yse analyse the resulting dependence of suffacen ice
area, ice thickness, melting surface fraction, @manwelling SW and LW, all of which in HadGEM2-E 8ext
the surface flux instantaneously, and can therdfersaid to be quasi-independent.

Ice thickness does not appear in the surface uxdila directly; instead, the surface flux is exgse as a

function of the individual category thicknesss, ... To estimate the ISF bias due to ice thickness,fience
necessary to sum over categories the ISF biasemdiias in eacth,, ... The estimation of model biases in

h

Lo car» therefore, requires some discussion.

Given an estimated model bias in mean thickrfii;;ses it can be argued that the least arbitrary approato

estimate the model bias in each thickness categdrg h_ also (i.e. the thickness distribution is uniformly

ice
shifted to higher, or lower values). However, tlesds to unphysical results at the low end of ib&idution; in
the case of a negative bias, it implicitly assuthescreation of sea ice of negative thicknesshéncase of a

positive bias, it assumes that no sea ice of tiiskes betweeghmand F]ilcem exists.

Hence we use a slightly modified approach (Fige#d, supplementary mater)alThe model bias in the lowest

thickness category is estimated to ﬁge/Z equivalent to translating the top end of the gaitg by h.__but

ice

allowing the lower end to remain an0The model biases in the other four categoriesteme estimated to be



—————— i.e. the translation is increased to ensurettf@mean ice thickness bias remains correct.
a‘ice

Following this, we iterate through the categoridentifying grid cells where the bias is such thategative

Hi(’:e aice - a1/2

category sea ice thickness in the reference dasseplied; in these cells, the bias is reducechghat the
reference thickness in that category becormesa@dd the bias in the remaining categories is aszd

proportionally to ensure the mean sea ice thickb@ssremains correct.

Appendix B: Analysis of potential errors in ISF bias calculation

The two principal sources of error in the ISF liakulation method are examined in turn. Firsttypein
correctly characterising the dependence of suiffageon a climate variable is estimated; secondtypr in
approximating the surface flux bias induced by #ighe product of the surface flux dependence tivith
model bias in that variable is estimated.

B1 Error in calculating surface flux dependence

To understand error in calculating dependence idase flux on model variables, fields of the appnoted

surface fluxg, , are compared to those of the real modelled suffareF;.. The g, , are found to capture

well the large-scale seasonal and spatial variatigurface flux, but are prone to systematic ermhich vary
seasonally, indicated in Figure B1; firstly, a tendy to underestimate modelled negative surfaceiffiu
magnitude from October-April by 13% on averagepselty, during May, an underestimation varying frém

20 Wnr?; thirdly, a tendency to overestimate modelled fpasisurface flux from June-August by up to 10 Wm
2

Examining first the winter underestimation (demoatsd in Figure B1 a-c), it is found that for eacbdel
month the relationship between estimated and astuédce flux is linear, with underestimation fasteanging

from 6 + 1% in December to 17 + 2% in April. Thigggests that the cause lies in systematic underasstin of

-1 , . , -
the scale factor g% ocr (1- BRE:I) . A possible cause is covariance in time betwgli .. and RS

cat
within each month, particularly in the first icetegory; during the freezing season, occurrencegsf fractions
of ice in category 1, the thinnest category, wdwgdexpected to be associated with formation of isewand

cat

correspondingly lower mean thicknesses of ice i ¢ategory, lower values dR;

and higher values of

(1- BRccz‘)'l. A calculation using daily values @i .. ranging from 0.1 — 0.5, and daily valuesfff™

ranging from 0.2 — 0.5m, predicts that this effegould in this case lead to an underestimation % i® the

magnitude of the surface flux, sufficient to explall of the underestimation in October, Decemivet a
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January, and most in November, February and Mditais. effect would produce a corresponding
underestimation of the rate of dependence of serflaz on downwelling LW radiation and ice thickses
throughout the freezing season. It is calculated ttihe downwelling LW component of the ISF bias is

underestimated by 0.6 Whfor the freezing season on average due to thésteff

Secondly, we examine the reasons for the underastimof surface flux in May (Figure B1d-f), a patt
unique to this month which is seen to be smalhadentral Arctic but to approach 20 Wt the Arctic Ocean
coasts. A likely cause of this inaccuracy is thessification of grid cells as ‘freezing’ or ‘melgihfor entire
months. During May, as has been seen, most moidetelts in fact cross from one category to theeoth
however, virtually all Arctic Ocean grid cells aglassified as freezing for the month as a whole difference
field between estimated ‘freezing surface flux’ amelting surface flux’ is similar in magnitude amdspatial
pattern to the underestimation field, being neaio-ze the central Arctic but rising to 25 Whelose to the
Arctic Ocean coasts. It is concluded that the dehael mean surface flux is much higher than ésditmated
near the coast due to these grid cells experiemoigljng conditions from relatively early in the mth.
Although this error is not directly relevant to tlesults of this paper, as no unequivocal ISF Biasse
identified for May, it would have the potentiallead to overestimation of the dependence of sufffagen ice
thickness, and underestimation of dependence anttadl variables, as the upwelling LW flux is urets

counteract changes in surface forcing once thesertias hit the melting point.

Thirdly, we examine the tendency to overestimatése flux during the summer (Figure B1g-i), areeffthat
displays a spatially uniform bias rather than aiafig uniform ratio, ranging from 5-15 Wiin July and
August; the bias is smaller, and in the centratineegative, during June. A possible contributiactor to this
bias is within-month covariance between ice areadownwelling SW; during July and August, both
downwelling SW and surface albedo fall sharplyeffact that would tend cause the monthly mean sarflaix
to be overestimated. To estimate this effect, mgntbnds in these variables were estimated by cdimg half
the difference between modelled fields for thediaihg and previous month. For July, an overestiomain
surface flux of magnitude 5-15 Whwas indeed predicted in the Siberian seas, asasélie southern Beaufort
and Chukchi Seas; however, in the central Arctiowerestimation was predicted, due to near-zeralfrén ice
area in the summer months. It is possible that stowariance between ice area and downwelling SW is
nevertheless present in these regions, due to eaeti@vaporation and cloud cover in regions of reduce

fraction.

However, this effect would have no direct impactioe ISF biases because these are computed frorhiyon
means of the model bias in one variable by the inm@an in the other; hence, it is covariance betvizas
and mean that would induce inaccuracy in this dagesimilarly approximating the trend in monthly are
model bias as half the difference between moddal ibighe adjacent months, the error in downwel&W and
ice area contributions were evaluated. Error indbnwelling SW term was found to be significantlgan the
summer, with an error of -2.7 Wfin June; error in the ice area term was foundetsignificant later in the
summer, with errors of -1.7 Whand -1.6 Wrf in July and August respectively. However, the Astgerror is

small relative to the total ISF bias identified.



B2 Error in characterising induced surface flux biss

The surface flux dependencies, for each varialbéeewaluated at a model state which is itself lia$his

introduces an error in characterising the induesthse flux bias. For example, a component of tiréase

flux, net SW, is equal td~,, - (1- asfc), and induced surface flux biases due to modegbiasF, - and

awould be calculated aF,- (l- a;?fd)andFS"\]f?astrespectively. However, the sum of the two induced

surface flux biases will not be exactly equal te tiue surface flux biass - (1- a;}";’d)- Fow (1- a;’;s),

but will differ from it by F,@ -

This apparent problem can be resolved partly byivig the ISF method as a way not simply of estintati
model biases due to a particular variable, buhafacterising them, i.e. by accepting that the tyatinat we
are trying to estimate is itself somewhat subjectimstead of requiring the ISF method to be cories
required that it gives useful, physically realisésults. In the case given above, a sufficientltam is that

Fow @4 is small relative toF,- (1- ag;é’d) and F{y’a,, i.e. that the model bias in both downwelling

SW and in surface albedo is small relative to the&oiute magnitudes of these variables.

More generally, the difference between the surfapebias F;fc and the sum of the induced surface flux biases

v, 119, /V; can be approximated by Vi'V'j ﬂzgm/ﬂvi v; . a term that can be calculated relatively
:ij j

easily as many of the derivatives go to zero. Agedaover the Arctic Ocean this term was small velovnT?

in magnitude) in most months of the year, but ghificant size in October (3.6 W#), due to co-location of

substantial negative biases in downwelling LW aatdgory 1 ice thickness in this month, indicatingtithe

true surface flux bias in this month may be suligiipsmaller (in absolute terms) than the -11.50v

obtained from summing the ISF biases.

Finally, the induced surface flux calculation ingitly assumes a linear dependence of surface flugach
climate variable. However, this is not the casetlierice thickness, where higher-order derivatid@#ot go to

zero, and in some regions of thinner ice actuallge. It is possible to quantify the error intuodd by the

-1
assumption of linearity by comparing the partiaitive (A+ BT, )acat (1- B Caf) ? a, tothe

cat
-1

quantity (A+ BT, )acat(l' B ‘Ca?)-l(l' BRL REF)-1 8. . whereRG " = h|OBS/k| +hs/Ks

at
cat

h,OBS being climatological ice thickness in the referedataset, in this case PIOMAS, and all other terms
defined as in Section 4. It can be shown that mplyltig this quantity by the model bias producesehact bias

h/MOPEL - hIOBS). Hence the bias in the ice

in estimated surface flux that is being approxirddte g, , /ﬂhI (

thickness component induced by the nonlinearitylmaoalculated directly. It is found that the noebrity



+ — o ©»

R &

+ -

causes the ice thickness component to be overastinramagnitude by 0.7 W#on average from October-
April, with a maximum overestimation of 1.9 Whn November.

Code availability

The code used to create the fields of induced seflax bias is written in Python and is providedaa
supplement (directory ‘ISF’). The code used to wdagures 1-9, as well as Figure B1, is also phedi
(directory ‘Figures’). In addition, the routinesedasto estimate errors in the ISF analysis are geal{directory
‘Analysis’). Finally, the code used to create Tabls provided (directory ‘Tables’). A set of auaily routines
used by most of the above are also provided (dirgctibrary’). Most routines make use of the opsurce
Iris library, and several make use of the open®@artopy library.

Data availability

Monthly mean ice thickness, ice fraction, snowkhiess and surface radiation, as well as daily sarfa
temperature and surface radiation, for the hisabsgnulations of HadGEM2-ES, is available from €MIP5
archive ahttps://cmip.linl.gov/cmip5/data_portal.html

NSIDC ice concentration and melt onset data cashowenloaded albttp://nsidc.org/data/NSIDC-00%ind
http://nsidc.org/data/NSIDC-0108spectively.

PIOMAS ice thickness data can be downloadddtat//psc.apl.uw.edu/research/projects/arcticisearolume-

anomaly/data/

ERAI surface radiation data can be downloadddtat//apps.ecmwf.int/datasets/data/interim-full-

daily/levtype=sfc/

ISCCP-FD surface radiation data is availablbetgds://isccp.giss.nasa.gov/projects/browse_fc.html

CERES surface radiation data is availabletgts://climatedataguide.ucar.edu/climate-dataszetmf-clouds-

and-earths-radiant-energy-systems-ceres-energpdedaand-filled
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Month  Downwelling Downwelling Ice Ice Meltonset Total Radiative ISF CERES-ERAI

SW LW thickness area occurrence induced flux bias residual net radiation

surface difference

flux bias
Jan 0.0 -6.5 4.3 2.7 0.0 -8.1 -1.6 3.3 -12.2
Feb 0.0 -4.8 -28 23 0.0 -5.3 -10.4 4.6 -12.5
Mar 0.1 -3.8 20 20 0.0 -3.7 -10.5 5.9 -12.0
Apr 0.4 -4.4 14 14 0.2 -4.2 -12.2 7.6 -9.7
May 21 -4.8 -0.6 0.0 0.1 -3.2 -3.7 0.5 -3.5
Jun -8.3 7.4 00 1.7 11.4 12.2 27.8 -15.4 -4.2
Jul -13.6 8.0 0.0 37 3.3 1.4 5.1 -3.9 -16.9
Aug 0.5 -3.3 -0.1 9.6 1.9 8.5 8.6 -0.0 -12.9
Sep 3.3 -7.1 -0.7 -0.7 0.0 -5.2 -0.2 -4.8 2.4
Oct 0.9 -5.7 42 -1.8 0.0 -10.8 -14.4 3.4 -4.6
Nov 0.0 -5.4 -8.3 -0.3 0.0 -14.0 -21.6 8.1 -11.7
Dec 0.0 -6.4 6.4 24 0.0 -10.4 -14.9 4.1 -12.2

Table 1. Surface flux biases induced by model bias 5 different variables in HadGEM2-ES (Wn1?), with
CERES used as reference dataset for the radiative@mponents. Total ISF bias and total net radiativelfix

bias relative to CERES are shown for comparison, asell as their residual; the difference between net

©»

radiative flux bias as evaluated by CERES and ERAIs also shown. A positive number denotes a

&  downwards flux, and vice versa.



Figure 1. The Arctic Ocean region used in the anasjs, defined as the area enclosed by the Fram StraBering Strait
and the northern boundary of the Barents Sea.
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Figure 2. (a) HadGEM2-ES 1980-1999 mean Arctic Ocedce extent, compared to HadISST1.2 1980-1999, Wit
September ice fraction bias map; (b-d) HadGEM2-ESde thickness compared to (b) PIOMAS 1980-1999, (Envisat
1993-1999 and (d) submarine datasets from 1980-198%er respective regions and periods of coverageittvApril

and October ice thickness bias maps. For each seaabcycle plot, the model is in black and referencdatasets in red.
In (c), data is not plotted from May-September dugo the region of coverage being very small.
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Figure 3. HadGEM2-ES model bias in ice thickness @mge from October-April compared to (a) PIOMAS 19801999;
(b) Envisat 1993-2000; (c) submarine regression alyais 1980-1999. In each plot, the model period ubenatches the
period of the reference dataset. Differences are kan as model-reference so that areas of green (pue) correspond

to areas where the HadGEM2-ES model simulates tooush (not enough) sea ice growth through the winter.
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Figure 4. (a) Downwelling SW, (b) upwelling SW, (chet down SW, (d) downwelling LW, (e) upwelling LW (f) net
down LW, for HadGEM2-ES 1980-1999 over the Arctic @ean region, compared to CERES 2000-2013, ISCCP-D
1983-1999 and ERAI 1980-1999. Upper panels show ahge values; lower panels show model bias relativte each
respective dataset. For all fluxes, a positive nungb denotes a downward flux and vice versa. Maps @iux bias
relative to CERES are shown for downwelling SW in My, upwelling and net down SW in June, and downwetiig

and net down LW in February.
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Figure 5. Average date of year of surface melt onsel980-1999, (a) as modelled by HadGEM2-ES, (b) as
measured by SSMI observations. (c) shows model bias
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Figure 6. Demonstrating the calculation of fields of surfacélux bias due to model bias in melting surface
fraction (a-c) and downwelling LW (d-f). The left-hand column shows model bias in each variable; the
middle column the local rate of dependence of suré flux on each variable as calculated above; théght
column the induced surface flux bias, calculated a$e product of these two fields. The first historcal
simulation of HadGEM2-ES is used for the illustraton.
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Figure 7. Surface flux bias induced by model biasén ice fraction, melt onset occurrence, ice thickess,
downwelling SW and downwelling LW respectively, forthe Arctic Ocean region in HadGEM2-ES, 1980-
1999. Total ISF bias is indicated in black bars. Foeach month, induced surface flux biases are estated
using in turn CERES, ISCCP-FD and ERAI as radiationreference datasets, from left-right. Sea ice latén
heat flux uptake bias relative to PIOMAS is indicaed in black. Net radiative flux biases relative to
CERES, ISCCP-FD and ERAI are indicated in brown. Sptial patterns of induced surface flux bias for
four processes in key months, with CERES as referee dataset, are displayed beneath and above.
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Figure 8. Comparing fields of total ISF bias (left)to net radiation bias (right) relative to CERES fa each month of
the year, for the four historical members of HadGEM-ES, 1980-1999.
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Figure 9. Frequency distributions of (a) October-Apil cloud liquid water percentage in HadGEM2-ES conpared to
MODIS observations, for the Arctic Ocean region; () December-February surface net downwelling LW in
HadGEM2-ES in the SHEBA region, compared to the vales observed at SHEBA.






Figure B1. lllustrating approximated (left) and actual (centre) model net surface flux, as well as the
approximation error (right), in (a-c) February; (d- f) May; (g-i) July, for the period 1980-1999 in thefirst
historical run of HadGEM2-ES.



