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suggesting significant improvements to, this study. As the topical editor requested the consideration of
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removed, having been judged unnecessary, specifically: justification for period of analysis in section 2
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section 3 (page 6, line 25); description of downwelling SW biases in section 3 (page 7, line 33).
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Abstract. A new framework is presented for analysing the pnate causes of model Arctic sea ice biases,
demonstrated with the CMIP5 model HadGEM2-ES. Is flamework the Arctic sea ice volume is treateca
consequence of the integrated surface energy keglaizcthe volume balance. A simple model allovesltTal
dependence of the surface flux on specific modealktes to be described, as a function of time spate.
When these are combined with reference datasésydtssible to estimate the surface flux bias ¢ediuby the
model bias in each variable. The method allowsdhe of the surface albedo and ice thickness-growth
feedbacks in sea ice volume balance biases tod®itied, along with the roles of model bias inightes not
directly related to the sea ice volume. It shoveses in the HadGEM2-ES sea ice volume simulatidretdue
to a bias in spring surface melt onset date, padiyntered by a bias in winter downwelling longwaadiation.
The framework is applicable in principle to any rabdnd has the potential to greatly improve unéeding of
the reasons for ensemble spread in modelled sestaite A secondary finding is that observatiomalautainty

is the largest cause of uncertainty in the indumetace flux bias calculation.

1. Introduction
The Arctic sea ice cover has witnessed rapid chdagag the past 30 years, with a decline in Septamextent
of 1.05 x 16 kn? / decade from 1986 to 2015 (HadISST1.2, Raynal 2003). In association with the changes
in extent, Arctic sea ice thinning has been obgkfi@m submarine and satellite data (Rothrock ,e2@08,
Lindsay and Schweiger, 2015). Arctic sea ice has bécome younger on average as older ice haddxsten
(Maslanik et al, 2011), the onset of summer medtltecome earlier in the year (Markus et al, 2008)the

onset of winter freezing has become later (Stanwhargt al, 2012).

The changes have focussed interest on model piajsatf Arctic sea ice, the loss of which influestke
climate directly through increased absorption afrshiave (SW) radiation during summer and througkatgr
release of heat from the ocean to the atmosphenegduinter (Stroeve et al, 2012b). However, sulvssh
spread remains in model simulations of presentAtatic sea ice and of the long-term rate of declinder
climate change (Stroeve et al, 2012a). The caudsbssspread are poorly understood, resultingange

uncertainty in future projections of Arctic sea.ice

Evaluating sea ice extent or volume with respeceference datasets shows that some models regroduc
present-day sea ice state more accurately thansaihg. Wang and Overland, 2012; Massonnet @04R;
Shu et al, 2015). However, an accurate simulatficsea ice extent and volume under the present-ilagte

does not necessarily imply an accurate future ptigje of sea ice change, as a correct simulatiorbea



obtained-by-aecident-due tooccur throwalmcelling model errors. Sea ice extent in padicis known to be a
very unsuitable metric for diagnosing model perfante due to its high internal variability (Notz 150 Swart
et al, 2015). Hence there is a need to better stated the drivers which lead a model to simulagevan Arctic

sea ice state.

This study presents a new framework (the inducefdse flux, or ISF, framework) to improve understany of
sea ice model bias, by identifying proximate drévef model bias in sea ice volume balari¢éroughout this
study we use the term volume balance to describrgds in sea ice volume, rather than the more cartymo
used term mass balanc®he framework is motivated in the following wayhanges-in-sea-icevolume are

driven-by-the sea-icevolume balanSea ice volume balanéeturn-arises-fromis determined the surface
and basal energy balaness-given-aroughly; assumiognstant ice density, the ice volume is to firstes

proportional to the energy required to melt thedeé Basal meltingrof the interior ice packas-been-shawn
toresult-inthe-main,results primarfrom direct solar heating of the ocean (e.g Maydad McPhee, 1995

while); basal freezinglerives-prinecipaltyprimarilyfrom conduction of energy upward through the Rerpvich
and Elder, 2002)his-implies-that the Thtotal downwards surface energy flux (surface flix)scontains the

principal sources and sinks of energy for the seaszolume balance on an Arctic-wide scale.

However,a-complextwe-way-relationship-existsinteractibbetween sea ice thickness and surface energy
balance, via the surface temperature and surféeglajgivinggive rise to the thickness-growth feedback (Bitz

and Roe, 2004) and the surface albedo feedback, 808), both of which exert first-order control the sea

ice state. Henegrany,components of theurface energy balancSEB) cannot be viewed as independent of the
sea ice state, but are directly affected byiterefore,there-is aTo resolve this, meed to separate surface flux
biases thatre-caused-byarise frothe sea ice state (representing feedbacks oktihéce volume balance) from

those thatre-not{representingrepresdaricings on the sea ice volume balance

In theproposedSF framework, the total downwards surface enditgyis expressed as an explicit function of
key Arctic climatevariablesmodel metrigallowing the dependence of modelled surface dimeach
variablemetrido be describeddence-usingreferenceReferedatasets (observational estimatesiordel
reanalysesjorthe-climatevariables,then alldhe model bias in surface flux inducedtbg model bias ieach
chmatevariable-can model metriche estimateda-this-way, Attribution otiases in ice growth and melt over
the course of the yeare-atiributed;via-the surface flux-to-biases then possible fospecific model
guantities. The method allows the contributionstmdel biases in ice growth and melt caused bydhdce
albedo feedback, the ice thickness-growth feedbamuttyarious-external-factors;-forcings’, to be
separatelyindependenitantified. In this way it can be seen how moda$és in the external forcings drive

model bias in the sea ice volume balance, offesingluable tool for setting sea ice state biasesinext, and

for understanding spread in sea ice simulationiwitiulti-model ensembles.

In-more-detailthe ThESF framework works by expressing the total dowmnsurface energy fluk ., at each

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

are quasi-independent in the sense that whiledffegt each other on timescales varying from daysdnths,
they affect the surface flux instantaneouslgnce-by-takingTakinpartial derivatives, the dependence of the
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). Given an estimate of the model bias in any Wdeiaia a reference datas@n; E) this can

be multiplied bythe field of surface flux dependencen-be-multipled-througto produce an estimate of the
surface flux bias induced (instantaneously) byrteglel bias in that variable, as a function of speae time.

This method has two key strengths; firstiygithe fields of induced surface flux bias (ISF biea) be averaged
in time or space to determine the large-scale &ffecparticular model biasglsypassing. This bypasses
nonlinearities irthe dependence strface fluxdependence.on some model metrf®acondlydue-to-the-guasi-
independence-of the-variab|dhe effects of each on the surface flux are sepdr such that the sum of the ISF
biases theoretically approaches the total, trualahsurface flux biaga-this-way, This is logically implied by
the instantaneous;-orproximate,causes ofdependeables affectinghemeodelsurface fluxbias;-and-hence
ea-ice-volume-balance-bias;can-be-separateddantifeed.instantaneously, but only affecting eattrer over

longer timescales.

The analysis is applied to the four members ohiktorical ensemble of the coupled CMIP5 model HAMZ-

ES.ThisAs demonstrated below, tmtodel simulates anomalously low annual minimumeigient,as-well

asandce volume that is both too low in the annual maad too amplified in the seasonal cycle, a similar
behaviour to that identified by Shu et al (2015)ha CMIP5 ensemble mean. A variety of referendcastasare

used-to-assess-model-biasedemonstrate the large observational uncertaintiesemt in the Arcticand-their
effect-enwhich affecour ability to attribute sea ice volume balanceshwith the ISF framework.

The paper is structured as follows. In Sectiom@,HadGEM2-ES model and the reference datasetsansed
described in turn. In Section 3, the sea ice anfhse radiation simulations of HadGEM2-ES are eatdd; in
demonstrating the sea ice volume balance biasda@d&EM?2-ES, as well as possible drivers, this natéis the
following analysis. In Section 4, the ISF framew@ldescribed in more detail, and examples showeettion
5 the ISF analysis is applied to HadGEM2-ES, altmnthe role of each model bias identified in Sec8dn
causing sea ice volume balance bias to be quahtlfieSection 6 the implications of the results diszussed,
in particular the mechanisms by which the idendifexternal drivers determine the modelled seatate sand

the likely drivers behind the corresponding modakes. Conclusions are presented in section 7.

2. Model and reference datasets

2.1 The HadGEM2-ES model
HadGEM2-ES is a coupled climate model employingtamtthl components to simulate terrestrial and agea
ecosystems, and tropospheric chemistry (Collirad,é2011). It is part of the HadGEM?2 ‘family’, altertion of
models that all use the HadGEM2-AO coupled atmospbeean system. HadGEM2-AO is developed from
HadGEML1 (Johns et al, 2006), a coupled atmosphezaromodel whose sea ice exteniulation-was
recoghised-as-being-among-the-closest toverifidlagainstobservationsut-of the- CMIP3-ensemble-meodels
(Wang and Overland, 2009). While the atmospherit@ean components of HadGEM2-ES contain a large

number of improvements relative to HadGEM1, mantheke targeted at improving simulations of tropica



weather, the sea ice component is very similanab ¢f HadGEM1 (except for three minor differences,

summarised in Martin et al, 2011, table A4).

A fundamental feature of the sea ice componentaf GEM2-ES is the sub-gridscale sea ice thickness
distribution (Thorndike et al, 1975). In this forhation, ice in each grid cell is separated int@fthickness
categories with boundaries at 0, 0.6m, 1.4m, 2316m and 20m, each with its own area, thermodynsuamd
surface exchange calculations. Another key asgabecsea ice model is the zero-layer thermodynamic
scheme (appendix to Semtner, 1976), in which thdcesurface temperature responds instantanetmusly
changes in forcing, conduction is uniform withir ke and snow column, and neither sea ice nolyongr
snow have heat capacity (sensible heat storagad@sneterised in the top 10cm of the snow-ice coldommng

surface exchange calculations, to aid stability).

The HadGEM2-ES sea ice model also includes elaganus-plastic sea ice dynamics (Hunke and Dukowic
1997) and incremental remapping (Lipscomb and HuRR84). Most sea ice processes are calculatdabin
ocean model, but the surface energy balance (S&Bjlations are carried out in the atmosphere madgth
passes top melting flux and conductive heat fluthtoocean model as forcing for the remaining camepts. A

more complete description of the sea ice compocemte found in McLaren et al (2006).

This study uses the four ensemble members of thBP6Mistoricalexperimentsimulatioof HadGEM2-ES,
forced with observed solar, volcanic and anthropagtorcing from 1860 to 2005. The period 1980-1¢99

used for the model evaluatiorhosen-to-be close to-the end of the period ohisterical-experimen o0-a

a-—Alland afialysis is carried out

with data restricted to the Arctic Ocean regiorhe Arctic Ocean idefined as the area enclosed by the Fram

Strait; the northern boundary of the Barents Sea, theeabbundary of the Kara Sea, the Bering Straitthad
northern edge of the Canadian Arctic Archipelagewn-in_Figure 1).

2.2 Reference datasets

Uncertainty-in-observed-variablestends-to-be-liighservational uncertainin the Arcticis greatethanthan
in many-otherparis-dheworldtemperatetemperatend tropical regionsThere are severe practical difficulties
with collecting in situ data on a large scale awegions of ice-covered ocean. While satellites hiavaany

cases been able to produce Arctic-wide measureméntsne-characteristicsmost notablyf sea ice
concentration, the relative lack of in situ obséiores against which these can be calibrated meaowlkdge of

the observationdliaseserroris limited. Reanalysis data over the Arctic iaisore subject to model errors

than in other regions, due to errors in atmosptfering, and the existence of fewer direct obstons
available for assimilation (Lindsay et al, 2014heTapproach of this study is to use a wide range of
observational data to evaluate modelled sea ite atal surface radiative fluxessttingresulis-in-the-context of

inconstrained where possible, inysitu validation studies. The same datasetstareused as reference datasets

for the induced surface flux framework.



To evaluate modelled sea ice concentration, weheseladISST1.2 dataset (Rayner et al, 2003), deffiaen
passive microwave observations. To evaluate matiska ice thickness Arctic-wide, we use the iceance
model PIOMAS (zZhang and Rothrock, 2003), whichoiscéd with the NCEP reanalysis and assimilates ice
concentration data. Laxon et al (2013) and Wara €2016) found PIOMAS to estimate anomalously low
winter ice thicknesses compared to satellite olag@mws in some years. In particular, Wang et al @Gound
PIOMAS to have a mean bias of -0.31m relative tseptations from the ICESat (Ice, Cloud and land/&tien
Satellite) laser sensor. To set the PIOMAS comparis context, we use two additional datasets tduate 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 1975-20680nstrained-to

bocoosenalbiommmotie,

To evaluate modelled surface radiative fluxes actbhe whole Arctic Ocean, three datasets are Esestly, we
use the CERES-EBAF (Clouds and Earth’s RadiantdgnBystems — Energy Balanced And Filled) dataset
(Loeb et al, 2009), based on direct measuremeritspedf-atmosphere radiances from EOS sensors dboar
NASA satellites, available from 2000 — present.d®elty, we use the ISCCP-FD (International Sateliteud
Climatology Project FD-series) product (Zhang e804). Lastly, we use the ERA-Interim (ERAI)
atmospheric reanalysis dataset, which providesigddsurface flux data from 1979-present using aalgais
system driven by the ECMWF (European Centre for iMmerange Weather Fegcasts) IFS forecast model
and the 4D-Var data assimilation system (Dee 1Gil]l).

In-situ validation of these datasets in the Arbiis been limited, but Christensen et al (2016)dodDERES to
perform quite well relative to other products, dhmderestimating downwelling LW fluxes from Novbar —
February by 10-20 Wrhrelative to in situ observations at Point BarreMagka). Liu et al (2005) found
ISCCP-FD to simulate SW radiative fluxes fairly ately relative to observations from SHEBA, but to
underestimate downwelling SW fluxes in spring bgo80 Wn?, also overestimating downwelling LW fluxes
in winter by around 40 Wrh. Lindsay et al (2014) identified ERAI as producimgelatively accurate
simulation of surface fluxes compared to in sitgeations at Point Barrow (Alaska) and Ny-Alesund
(Svalbard), although tending to underestimate dositing SW fluxes in the spring by up to 20 Wrand
overestimate downwelling LW fluxes in the winter &pund 15 Wm. 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 batregly accurate.

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

ice (Anderson et al, 2012), also derived from pessiicrowave sensors. In section 5, to evaluaténtipact of
observational uncertainty in ice area, we use t88XC ‘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¥dtaset (Rutan et al, 2015), similar to CERES-EBRAF
available at higher temporal resolution, is usedxamine modelled surface radiation evolution dyiay in

more detail.



3. Evaluating HadGEM2-ES

In this section, and throughout the rest of theepap difference between a model simulation ofréqadar
guantity, and any reference dataset for that quyamtireferred to as a ‘bias’. In a similar waye tifference in
model surface flux judged to arise from the differe in a particular quantity relative to a refeeedataset is
referred to as an ‘induced surface flux bias’. Atiten is drawn to the fact that, due to observatidgmaccuracy,

true model bias relative to the real world may tmewhat different from the biases described in\ay.

Modelled September sea ice extent in HadGEM2-E® 1680 to 1999 is systematically lower than that
observed (Figure 2a); the four members of the HAMBGES historically-forced ensemble simulate a mean
September sea ice extent of 5.78 R W®?, with ensemble standard deviation of 0.24 XKie?. By
comparison, the mean observed September sea &t exier this period was 6.88 x®1n? according to the
HadISST1.2 dataset.

MeanArctic mearice thickness isensistenthlower than that estimated by PIOMAS for the Arcticean
region(Figure 2b), with thérighestbiases largest biefs-0.4meccurringin Octoberclose-to-the minimum of
the annual cycle, and a near-zero bias in May, close to the maximodelled ice thickness is also biased
low relative to the ERS satellite measurementsufieéi@c), withthickressiases ranging from -0.57m in
November to -0.16m in April. Finally, modelled it@ckness is biased low relative to the submareta d
(Figure 2d) with-thickness-biasesranging-from-ait5m in Augusteand-0.8m in January and Malience
there-is-clear-evidence-of-a-low-medelbias in \&ectude thannual mean ice thicknedsut-there is biased
low in HadGEMZ2-ES.

Thereis alsoevidence-ca model bias in the seasonal cycle of volume balarcmodel. Modddiases at
minimum ice thickness tend to be larger (i.e. muegative) than those at maximum ice thickn@$e,

implying-excess-ice-melting-and-ice-freezing-inttiedel. model simulates excess ice melt in sumaret,

excess ice growth in winter, equivalent to 38cngmMand 38cm over the Arctic Ocean region on average

relative to PIOMAS, ERS altimetry and submarine apiMooking sonar respectively (Figure 1).

growth-in-winter—is-tmpliedHence HadGEM2-ES s likely to overestimate the mitagle of the ice thickness
seasonal cycle by around 40cm across the Arcti@®oe average. In particular, the large negativdehbias

in ice thickness in late summer is likely to be phimcipal cause of the low bias in September read\Ve note

that both ERS and submarine measurements are sfigsaomd spatially limited; in each comparisabove,

model data is calculated only for regions and timfegear for which data exists in the respectiviset)

at thethin ice thickness

bias is smaller on the Pacific side of the Ardtart on the Atlantic side of the Arclic both April and October,




relative all three dataseﬂsecomlng very small or positive in the BeaufwBSFheF&tSﬂlsesmkmgﬁgreement
qbégure 2b-

d). The seasonal cycle ice thicknesslifference(Figure-3)-All-three-ice-thickness-data-show-the in
HadGEM2-ESce-thickness-seasonal-cyele-to-be t@mplified across much of the Arctigy-up-to-dm-inthe
Siberian-shelf seas-in-addition,-all-show thatimttin the Beaufort Seahe-amplification (Figure 3), relative to

all three datasets; here, the seasonal cycle amiplg nonexistent-or-even-negative—There-iscleardisgphas

the difference between April and October ice thesde There is eorrespondence between areas where

modelled annual mean ice thickness is biased lighfhand areas where the modelled seasonal cycheeir-
amplified (under-amplified). This is likely to besociated with the ice thickness-growth feedbadiereby a
steeper temperature gradient induces stronger ctindwand hence ice growth for thin ice. Indeedjative

correlations between summer sea ice and sea ieglgtbe following winter are a ubiquitous featufeGMIP5

models (Massonnet et al, 2018).

The bias in ice volume balance is associated wiifag in ice energy uptakir-caleulating-this-biaslgnoring

sensible heat uptakandfer-therest-ofthe-studywe-assume an assumaagstanice density of 917 kgr
the-constant-value-used by (sedin HadGEM2-ESFor-example-the), 40cm ice melt bias during summer
would-beisassociated with an energy uptake bias of aroumiet 13, or 15Wn? over a 4-month melting

seasonthea40cm ice growth bias during winteruld-beisassociated with an energy uptake bias of -7.53vm
over an 8-month freezing season. The ice energgkaptas three driversiesurface energy balancége

oceanic heat convergence, and ice divergeaea.ice For the rest of this study, we concentaténe surface

energy balance, and neglect the other two terrtigw@aih the ocean heat convergence is briefly désmim
Section 6. This is justified by observing that smedivergence igenerally-recoghised-to-be acomparatively
smalltermin magnitud€e.g. Serreze et al, 200°Although), and that whilArctic Ocean heat convergence can
be significantn-size across much of the Arctic the sea ice is insdlftem thewarm Atlantic layeibeneath

aby fresh water derived
mainly from river runoff (e.g. Serreze et al, 208&;0eve et al, 2012bkecause-of this,Hendn the Arctic
Ocean interior direct solar heating of the oceamnsuch larger contributor to sea ice basal mettiag oceanic
heat convergence, as observed by Maykut and Mc@985), McPhee et al (2003) and Perovich et al §200
and modelled by Steele et al (2010) and Bitz é2@05). In particulari-has-beenfound-thatin Had GEM2-ES
oceanic heat convergence is of negllglble |mpoeandhe sea ice heat budgetiad GEM2-ESKeenand

Blockleyet-a) 2018).H

Surface radiative fluxes are now evaluated. Inffdéflewing discussion, and throughout this studg th

convention is that positive numbers denote a dowdsvAux. Fluxes-of downwelling- S\W-radiation-are-higher in

isconsistently-lowerin-maghitude-thanin-Had GEER Upwelling SW radiation shows a low magnitude

model bias throughout the summer (Figure #ith June biases of 16, 37 and 44 Wralative towith
respectively againgd-ERAI, CERES and ISCCP-FD respectively (a positiiaes lin an upward flux
demonstrates that the modelled flux is too low agmitude). There is no consistent signal for albdas in




downwelling SW during the summe(Figure 4a)suggestinghat the-a-hregativenodel surface albede biased
lowbias FThe-effectis-thatmedelled-netNaddwnward SW fluxs-toe-large-with-respectshows a high model bias
relativeto all observational datasetshifay-andJune, andvith-respectrelativéo some in July and August.

Relative to CEREShe-May-downwelling S\ bias-displays-no-clearsphaatternoverthe A Ocean

{Figure-4a)-buthe June upwelling SW bias, and hence the net B¢/ tend to be somewhat higher in

magnitude towards the central Arctic (Figure 4b-c).

As-theThelunenet S\W-bias-is-likely-to-result-fromsarface albedo biase-discuss-the-parameters-affectingis
likely to be associated with a biassuarfacea!bedo-oversea-icemelt onimHadGEM2-ESicefraction—snow

a ne ang Hface-me onse a 3 opirasd\V-beaen-evaluated-and-fo aValVVAia ara aYaalqrate

datasetis-available;-however-surface (Figur&aifacemelt onsetan-be-evaluated-using-satellite-observations
{Figure-6)We define-the-date , associated wighfdihmationof melt-onsetforany-grid-cellas-the firstday on

° Valtvnsahresholap\v-0 ° n-elther cire ala aba<alsrraWla

ponds,occursin-earhy-te-mid-Mayaround mid-June in t8eentral Arctic (although earliearound the Arctic

Ocean coastbut-much-laterin-the-Central-Arctic;-around-rdidie.), as measured by satellite observations.
contrasttheHadGEM2-ESsimulatessurface melt onsetate-isin mid- to late May across the Arctic Ocean

withoutthe-strong-gradients-seen-in-the-cbsematid his would cause kias insurface albedeand-hence-net
SW.-biaswith a strong maximum in theCentral Arctic,similarto-that consistent with the spatial pattefithe

net SW biagliscussed abovéladGEM2-ES parameterises the effect of fpelids by lowering sea ice albedo

as surface temperature reaches the melting paiitiei comparison above, melt onset date in the hiede

defined as the first day on which the surface taatpee exceeds -1°C. Varying this threshold by ©.6f either

direction changes the date in only a small minasitgrid cells.

We-new-return-to-the L\wadiationevatuation-te-evatuate- LWluxes—Fluxes-ofHlongwave(E\Whradiation (both
downwelling and upwellingare lower in magnitude in HadGEM2-ES throughoaetlinter than in all

observational datasets (Figure 5d-f). For downwglliW, the mean model biases from December-Apeil-ar

16, -22 and -40 Wrafor ERAI, CERES and ISCCP-FD respectivelythere is no indication from in situ
studies as to where the true model bias may li; sisu studies of downwelling LW measurement hslvewn
underestimatiom-by CERES and overestimation by ERAI and ISCCP-F.upwelling LW, the biases are

11, 16 and 18 Wrhfor CERES, ERAI and ISCCP respectivehpcause-the-downwelling-L\W-biases-vary-more
thanthe-upwelling-L\W-biasesthereThis@incertainty in inferring a model bias in netvhavelling LW:

ISCCP-suggests, with negative biases suggestdtetsatellite datasets baitarge-model-bias-of-22 W
CERES-a-smallerneutrbiasef-11-\Wm? -whileby ERAl-suggests a. THaiasef-only- 1 Wm?-As-in-situ-studies

downwelling and net down LW/
somewhat higher towards the North American sidin@fArctic, and lower on the Siberian sideigure 5d.f).



The surface radiation evaluation provides clue® dle causes of the HadGEMZ2-ES ice volume balbias
but also underlines why a more detailed analysisdgsiired to properly quantify these causes. Fanmgle, in
winter the low downwelling LW bias provides a cleaechanism for the bias in ice freezing. Howese, t
reference datasets also suggest a low bias in lipy&W that at first sight would tend to counter#tus.. In
fact, these biases are fully consistent: a low atownwelling LW would be expected to cause a smface
temperature bias, causing both a high bias inrioei and a low bias in upwelling LW. The qualitei
evaluation fails to capture the full causal relasibip; for this, an analysis of exactly how the dalling LW

bias affects surface flux, including the upwellitdy response, is necessary.

In the summer, meanwhile, the surface radiatiotuati@mn suggests that a bias in net SW radiation is
responsible for the ice volume balance bias, aatltttis in turn is related to a surface albedo.Bitmsvever, at
least two possible drivers of this have been idiedti the surface melt onset bias, and the undeglige area
bias that is itself likely to be caused by thevotume balance bias. Quantifying the extent to Wigach driver
is important, and at which times of year, is likedyhelp in resolving this circular causal looptte next
section, it is described how the effects of eacldehbias on the sea ice volume balance can beategaand

qguantified through their effect on the surface fluxthe ISF framework.

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

ice volume balance

We are motivated by the observation that eachehibdel biases described above affects the sealicme
balance by acting through the total downwards serémergy flux (referred to as the surface flux).excess of
downwelling radiation leads directly to a higherfage flux, higher sea ice energy uptake and atbiaards ice
melting. A bias in ice area, or in surface meltainis associated with a bias in surface albedacéna bias in
net SW, and in the total surface flux. Finally,iashn ice thickness alters the thermodynamicéefntire
show-ice column, and of the near-surface atmosghges. Flux continuity considerations show thattia
freezing season, thinner ice is associated witlaaner surface temperature, and hence a higher lipgvelV
flux and a smaller total downwards surface enehgy. fThinner (thicker) ice is also associated vetstronger

(weaker) upwards conduction flux, and hence strogeaker) ice growth.

Each of these relationships can be quantifiedriimcjple, at any point in model space and time.cHimally,

the rate at which the surface flux depends on gadhble alone, with others being held constant,

estimated. To this end, we approximate the suflage . at each point in model spax@nd timet by an

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

to capture each of the relationships described@boa manner that best represents both HadGEM i,
also the conditions at the poiand timet. In addition, the function captures the indiretet of any model
bias on surface flux via surface temperature angell;ng LW, which will tend to counteract the ditexffect to

a degree. Hence the dependence of the surfacerfleach of the independent variables at pgitimet can be



]MODEL

approximated b)[ﬂgxyt / v, . Given a model bias in variabé at(x,t) we can then estimate the surface

flux bias induced by that model bias [fg, , /1v, ]"°°™ f9,. /v, (VMODE" - VREFERENCE).

i,xt i,xt

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

surface flux is expressed as a sum of separatatrggand turbulent components. Ice-covered andréme
portions of a grid cell are treated separatelyc@covered areas, dependence on surface tempeimtur
linearised, and flux continuity at the surface anghiform vertical conductive flux through the & assumed,
allowing surface temperature to be eliminated, tieddependence of surface flux on upwelling LWéo b
captured. The surface albedo, upon which the upvge8W component depends, is expressed in terricg of
fraction, snow fraction and melt onset occurretesed on the albedo parameterisation of HadGEM2-ES.
Latent heat flux over ice is neglected. In this ey surface flux is expressed as an explicit flonobf
downwelling shortwave (SW) and longwave (LW) raiiaf ice concentration, category ice thicknessysno
thickness, sensible and latent heat fluxes oveamteocean, and melt onset occurrence (a logitatmaing
whether or not the snow surface is undergoing ngltiinduced surface flux due to ice thickness lsas

determined by summing each of the separate ISE®iag category.

The usefulness of this approach is that surfacedperates linearly on the sea ice volume balameaning that
each of the ISF biases(&it) can be averaged over large regions of time andedjgaienderstand large-scale sea
ice biases. Clearly, none of the driving model ésagperate on the sea ice state in a linear seasexample,
given identical surface melt onset (and hence sarédbedo) biases at different points in the Arach could
have very different implications for local sea i@@ume balance, depending on the downwelling SWatied

at each point. Conversely, identical downwelling 8Mses would have different implications for saa i

volume balance depending on the modelled surfdmsxal Model bias in ice thickness behaves in aqoeatly
nonlinear fashion, with bias in regions of thinier having far more influence than that in regiohthicker

ice. The effect of estimating ISF bias at each ppe@parately, and then averaging to determine iscgée

effects, is to bypass all nonlinearities.

A second advantage of this approach lies in theigndependence of the variables: while each vaiatay
affect the others over timescales varying from day®sonths, each affects the surface flux instaggasly (in
HadGEM2-ES). Hence a model bias in any variableasgmts an effect on the surface flux that is sdpar

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

9, therefore, the sum of the ISF biases, over alatées, must approach the true model surfacelflag

(although it will be seen that this claim is impib$s to evaluate precisely due to observationakbuiainty). In
this way, large-scale model biases in surface tim} hence sea ice volume balance, can be brokem idto

separate contributions from model biases in eatcheoindependent variables.

The ISF calculation process is now illustratedties processes in turn. The model bias in meltimfpse
fraction for the month of June 1980 is positive rowmst of the Arctic, although only weakly so todsithe
coasts (Figure 6a), reflecting melt onset modediadier than observed during this month. The refezedataset

is derived from SSMI microwave observations. The i change of surface flux with respect to meket



occurrence tends to be higher in the Central A(gtigure 6b). This reflects a greater tendencylearcskies in
the Central Arctic, as this field is effectivelywlowelling SW multiplied by the difference in paraewsed
albedos. The product of these two fields repreghetsnodelled surface flux bias induced by the rhbies in
melt onset; this is also positive over most of Alnetic Ocean, by up to 25 W#in the central Arctic, reflecting

the greater absorption of SW radiation inducedheydarly melt onset (Figure 6c)

The model bias in downwelling LW radiation in Felnn 1980 is predominantly negative (Figure 6d)gher
CERES-EBAF is the reference dataset. The rate pémidence of surface flux on downwelling LW (Fig6es
is everywhere between 0 and 1, tending to be lanvergions of thicker ice, associated with a gnetrdency
for downwelling LW biases to be counteracted by elting LW biases in these regions. The resulting bas

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

5. Induced surface flux biases
5.1 Aggregate ISF biases

We calculate surface flux biases induced by motads in downwelling SW, downwelling LW, ice ar&mal
ice thickness and surface melt occurrence (thebks for which reference datasets are availables.
resulting fields are averaged over the model peaimdi over the Arctic Ocean region, to produce &mhe
variable a seasonal cycle of total surface flusliauced by the bias in that variable. The induaathce flux
(ISF) biases are displayed in Figure 7, togethéhn tetal ISF bias, net radiative flux bias estindalby the direct
radiation evaluation relative to ISCCP-FD, CERES BRAI, and also sea ice energy uptake biaseséuhjply
the seasonal ice volume balance bias relative@VAS. The ISF biases are also shown in Table hgusi
CERES as reference dataset for the radiative tdbon$ng winter, ISF biases generally sum to negatialues,
indicating that model biases in this season indwateadditional surface energy loss and ice grofathiing
summer, ISF biases generally sum to positive vaindgating additional net surface energy gain edmelt.

In both seasons, these results are consistenthéthadiation and ice volume balance evaluation.

Major roles are identified for particular processesertain months. Firstly, in June the surfacét meset bias,
through its effect on the surface albedo, inducesrtace flux bias of -13.6 W#fnequivalent roughly to an
extra 11cm of melt. Secondly, in August a biaimfraction induces a surface flux bias of 9.6 ¥ym
equivalent to an extra 8cm of melt. This is asgediavith the overly fast retreat of sea ice in HR{MR-ES,
and the low extents in late summer, as noted iti&e8. Thirdly, from October-March the downwellihyV
biases induce substantial surface flux biases manfgom -6.5 to -3.8 WrAdepending on choice of reference
dataset, equivalent to additional sea ice growtk83cm. Finally, from November-March the negatoe
thickness bias induces substantial surface flugasiaeducing from -8.3 Wfrto -2.0 W as the freezing

season progresses, equivalent to total additieeagiowth of 24cm.

Internal variability in the ISF biases is measungdaking 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, reach#.0 Wn¥ in July. Variability reaches considerable size in
some other terms in some months, for example 1.1>\émsurface melt onset in June, 1.9 Wfor ice
thickness in November, but is otherwise mainly urid#v/ni? in magnitude. In each case, therefore, the ISF
biases noted above are persistent features of tldelprsurface melt onset and ice fraction biasésda
additional ice melt in summer, while downwelling Lavid ice thickness biases induce additional icevtirin
winter. The total summer volume balance bias acemlifor by the analysed processes is of the ordem2

while the total winter volume balance bias is & trder 45-55cm depending on radiation referentzsda

5.2 Spatial variability

Examining first the June melt onset ISF bias, fheial pattern of the bias is characterised by gimam in the
central Arctic, with values falling away towardetboast; this is directly related to the spatidlgra of the melt
onset bias itself shown in Figure 6. It is very is@mto the spatial pattern of the directly evatdhhet SW bias
in this month, providing additional evidence tHad tmelt onset bias is the principal cause of s implies

that the additional ice thinning induced by thiasis greatest in the Central Arctic and leashatbasts.

The August ice concentration ISF bias displaysaai defined pattern, with high values acrosssihelf seas
and the Atlantic side of the Arctic falling to loav negative values in the Beaufort Sea, again sinjlar to the
pattern of the ice concentration bias itself. Tinelication is that the model bias towards ice thigrin August

is largely based in areas where ice concentrasiairéady biased low.

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

concentration bias, reducing existing ice thickr@ases by promoting additional ice growth in thaseas.

Finally, the winter downwelling LW ISF bias is mupotore spatially uniform, but displays slightly hegh
values on the Pacific side of the Arctic than thka#tic side, a different pattern to that displaypscthe
downwelling LW itself in Figure 4d. The contrasiige to the role the effective ice thickness stadéor plays
in determining the induced surface flux bias; thieker ice present on the American side of the idr¢ends to
greatly reduce the flux bias. This represents ttlekhess-growth feedback; thicker ice will growdegiickly
than thin ice under the same atmospheric conditibhe downwelling LW bias tends to increase icengho

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

The spatial patterns of total ISF bias shows mamjarities to the total net radiation bias evakthby CERES
in most months of the year (Figure 8), notablyrad&cy in July and August for positive surface fluases to
be concentrated on the Atlantic side of the Araiwgl a tendency throughout the freezing seasomefgative
surface flux biases to be least pronounced in #geuBrt Sea, where the ice thickness biases aestowWe
note that the spatial pattern of amplificationtwd tce thickness seasonal cycle displayed in Figusevery
similar, with amplification most pronounced in tAdantic sector, and least pronounced in the Be&uSea.

The surface flux biases produced by ice fracti@sés in August, and ice thickness biases in Novembe



provide reasons for the spatial variation in aniion of the ice thickness seasonal cycle seéigare 4, as
well as the close resemblance of this patterngaribdel biases in annual mean ice thickness. léehvigh
thinner in the annual mean will tend to melt fastesummer, due to the net SW biases associatédgneater
creation of open water (the surface albedo feedbackl to freeze faster in winter, due to greaterdaction of

energy through the ice (the ice thickness-growgufack).

5.3 Using the ISF biases to separate sea ice foigenand feedbacks

It is helpful to divide the processes examined fetdbacks (surface flux biases induced by biaséei sea ice
state itself) and forcings (those induced by vdeslexternal to the sea ice state). In this sen¥ercing’ refers
to a variable which is independent of the sea atarme on instantaneous timescales, rather tham hesiad in
the traditional sense of a radiative forcing. Gf thariables examined, downwelling SW and LW radiatas
well as the surface melt onset, have this proparig,hence their corresponding ISF biases canleach
regarded as a ‘forcing’ on the sea ice state. Hewawe thickness and area do not have this prppant their

corresponding ISF biases should be regarded insteadrinsic feedbacks of the sea ice state.

The ice concentration ISF flux bias (specificallyridg the melting season) can be identified with efffect of
the surface albedo feedback on the sea ice stattagthe melting season the ice area affectsstimated
surface flux only through the surface albedo, dadsturface flux biases induced in this way causedcated

biases in ice melt.

On the other hand, the ice thickness ISF bias {fpety during the freezing season) can be idésdifwith the
effect of the thickness-growth feedback on theiseatate. This is perhaps less obvious, as thinickness
affects the estimated surface flux via the surtecgperature and upwelling LW radiation, while thigkness-
growth feedback is usually understood to resulinfifferences in conduction. However, the assunpbib
flux continuity at the surface in constructing #stimated surface flux means that the cooler sarfac
temperatures, and shallower temperatures gradientsring for thicker ice categories are maniféstet of the
same process. Slower ice growth at higher ice tig@skes is caused by a smaller negative surfaceafhaikthe
surface temperature is the mechanism by whichisldemonstrated. Hence the effect of the thickigeegsh

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

The ISF analysis allows the effect of the surfdbedo and thickness-growth feedbacks on the sestate to
be quantifiedand compared to the effect of external driverstidswide, the surface albedo feedback,
diagnosed as the ice area-induced component siitigce flux bias, contributes an average of 5.2 3ttrthe
surface flux bias over the summer months, equivatean extra 13cm of ice melt. This is very simitathe
effect of the surface melt onset-induced componehich contributes an average of 5.3 Wrequivalent also
to an extra 13cm of ice melt. In the freezing seasweanwhile, the thickness-growth feedback, diagdas
the ice thickness-induced component of the suflazebias, contributes an average of -4.4 Wi the surface
flux bias from October-April, equivalent to an ex@6cm of ice freezing, while the downwelling LWdirced
component (using CERES as reference dataset) lsoteisi an average of -4.9 Wiequivalent to an extra

29cm of freezing over this period.



5.4 ISF residuals and observational uncertainty

The ISF biases, summed over all independent vasashould approach the true total surface flug.bia
However, this is difficult to evaluate as the taugface flux bias is not known. Hence it is necesgause
proxy quantities to evaluate the total ISF biaseatly evaluated surface net radiation bias (retattb ISCCP-
FD, ERAI and CERES respectively); and ice energgkmbias, derived from ice volume balance bieetired
to PIOMAS.

For most months of the year, all estimates of #&&lbias fall within the spread of these four data (Figure
6), the exceptions being June and July when t8taldias 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 Wr? (with ISCCP-FD, CERES and ERAI used as downweltadjation 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 estimaged0.1 Wri. Hence it is difficult to evaluate the total ISF
bias within current observational constraints, ahdest it can be said that the total ISF biasiaditatively
consistent, over the year as a whole, with theaserflux bias proxies. A possible cause of the ol ISF
bias in June and July is the ‘missing processhofison ice, which cannot be evaluated here duleetdaick of a
reference dataset. The early surface melt onsétse@a 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 upfake0.0 Wrtf) provides a strong constraint on the annual
mean surface heat flux bias, in the absence afrdfigiant oceanic heat convergence contributiom.és@ample,
the annual mean total ISF biases are -3.63#nd -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
HadGEM2-ES, which does not occur. Hence in the ahmean, the total ISF bias is too low. This anmuaén
bias is related to the tendency for the ISF anslgsaccount for a greater bias towards ice gromthinter (45-
55cm), than that towards ice melt in summer (20¢nig. likely to derive, at least in part, from thee of
multiple reference datasets whose errors are ntiined to correlate in a physically realistinsg but may

also be related to the missing processes in Juhdudmp.

Observational error is one potential cause of drrtine ISF biases. An idea as to the potentialnitade of this
can be seen from the large spread in SW and L\Wbi&$-(across different datasets) during summe(eig).
For example, in July the model downwelling LW bigith respect to ERAI produces an aggregated IS§ difia
-7.0 Wm?, but that with respect to CERES produces an agéed&F bias of 8.0 Wi Calculation of ice area
ISF biases using NSIDC and HadISST.2 as refereleseribed in section 2.2 and not shown here, shawed
similar magnitude of uncertainty in the ice argant¢x10Wn? in summer, +2Wni in winter). We note that the
evidence from in situ validation studies suggdsas the winter downwelling LW estimates of ERAI and
CERES are more likely to be accurate than thaB&fGP-FD. Hence the downwelling LW ISF bias is kil



be estimated more accurately when ERAI or CERES$edegence dataset, and the bias towards ice griswth

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

In Appendix B, inherent theoretical errors in ti&-lanalysis are discussed and are found to be sziwtive to
the sensitivity to use of observational dataseti® [&rgest errors are listed here: firstly, dusub-monthly
variation in the component variables, the wintewdaelling LW component may be underestimated in
magnitude by around 0.6 Whon average, and the ice area component in Augagth® overestimated by
around 1.6Wmni. Secondly, due to the evaluation of surface flagehdence at a model state which is itself
biased, the total ISF bias in October is overedgohin magnitude by around 3.6 WnThirdly, due to
nonlinearities in the surface flux dependence erthickness, the ice thickness component is ovarat#d in
magnitude by 0.7 Wrhon average from October-April, with a maximum @stimation in November of 1.9
Wm2. As these biases are, in the main, considerabfjlenthan 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 coestsiith the direct net radiation evaluation anthvie
sea ice simulation, both in terms of seasonal patla variation, and allow the effect of the sadalbedo
feedback and thickness-growth feedback on thecgeaolume balance to be separated. This allows the
HadGEM2-ES sea ice biases to be understood bydsmsg, in turn, the separate ISF components, their
magnitudes, and the times of year when they areiitapt. The anomalous summer sea ice melt is fediay
the early melt onset occurrence, and maintainetthédpurface albedo feedback, which acts prefetbniie
areas of thinner ice. The anomalous winter ice iidsymaintained both by the thickness-growth femith
(occurring mainly in areas of thinner ice, of gegdiportance in early winter) and by the downwejILW
bias (more spatially uniform, in late winter). dtunclear that any significant role is played by downwelling
SW bis, as at the only time of year when the radiatiatasets agree that this bias is of significantevéiay),
the induced surface flux bigs more than balanced by that induced by downwgliw/. However this may

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

The means by which the external forcings — anonsaldd winter cooling, and early late spring melt eins
cause an amplified seasonal cycle in sea ice thgkare clear. It can also be seen how, in thenabsd other
forcings, these combine to create an annual meaitsdhickness that is biased low, as seen in@edt The
melt onset forcing, by inducing additional ice nratthrough its effect on the ice albedo, enhasctsequent
sea ice melt through the surface albedo feedbdwkdbwnwelling LW bias, on the other hand, by indgc
additional ice freezing through its cooling effeztienuates subsequent sea ice freezing throughithkmess-
growth feedback. Surface flux biases induced byt oredet occurrence are enhanced, while those idduge

downwelling LW are diminished.



Acting together, the ice thickness-growth feedbaiot surface albedo feedback create a strong aseacia
between lower ice thicknesses and amplified sedsynkes, because ice which tends to be thinndrbwith
grow faster during the winteand melt faster during the summer. Hence the omslét bias, acting alone, would
induce a seasonal cycle of sea ice thickness lowthe annual mean, but also more amplified, tha t
observed, because the surface albedo and thickgnessh feedbacks act to translate lower ice thiskes into
faster melt and growth. For similar reasons, therdeelling LW bias, acting alone, would induce asswsl
cycle of sea ice thickness higher in the annualmnaad also less amplified, than that observed.bi&e seen
in HadGEM2-ES is a result of the melt onset bixdaning out’ over the downwelling LW, due tasibccurring
at a time of year when the intrinsic sea ice feeldbaender the ice far more sensitive to surfadatian. The
anomalously low ice cover in September arises@maequence of the low annual mean ice thicknessina
particular of the anomalously severe summer ica.mbk finding that the low annual mean ice thidss
driven by surface albedo biases is consistent thiglfinding by Holland et al (2010) that varianoeniean sea

ice volume in the CMIP3 ensemble was mostly exglaiby variation in summer absorbed SW radiation.

The feedbacks of the sea ice state explain theasiem between spatial patterns of annual meathic&ness
bias and ice thickness seasonal cycle amplificatitmwever, the external forcings (melt onset andrdeelling
LW bias) cannot entirely explain the spatial paitsein the mean sea ice state biases, becausesgioaal scale
effects of sea ice convergence, and hence dynab@csme more important. The annual mean ice thiskne
bias seen in HadGEM2-ES is associated with a teiskmaximum on the Pacific side of the Arctic,aiance
with observations which show a similar maximum loa 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 THSF framework as noted isSection 1,can only identify the proximate
causes of sea ice biases. Here, we briefly distausses of the two external drivetsntified-as-causing-sea-ice

moedel-biasesUnderestimation of wintertime downwelling LW fluxé the Arctic is known to be a widespread

model bias in the CMIP5 ensemble (e.g. Boeke anytbf,a2016) Pithan-et-al (2014} showed-that this-bias was

alvyto bhe a re a) a H an a a RYY epntent o a

ds-forming-in-subzero-air-massesylti|mg-in-a

., probably associated with cloud liquid

water deficit caused by errors in cloud microphysichemes (Pithan et al, 201HadGEM2-ES was not one of

the models assessed by Pithan et al (2014), bwiriter climate simulation displays many of the refzderistic
CMIP5 biasesd

v, namellow cloud liquid water

fractions during winter compared to MODIS obsermasi (Figure 9a)in addition, observations suggest a

bimodal nature of Arctic winter temperaturassociated with strong and weak inversions, &mamler et al,
2011; Raddatz et al, 2015and a failure to simulate the milder magelrcticwinter-climate-as-demenstrated
in-SHEBA-cbservations,(Figure 9idiagnosed by 6-hourly fluxes of net LWigure 9b, is a feature of the
HadGEM2-ES simulation similar to the models asstgsePithan et al (20)4Here we conclude that a similar

mechanism is likely to be at work in HadGEM2-ESd #imat insufficient cloud liquid water is the pripal

driver of the anomalously low downwelling LW fluxes



The causes of the early melt onset bias of HadGEMZre 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 modselduring the winter. During May, however, upwegliLW
values rise much more steeply in the model, anfhseimelt onset commences during mid-to-late Mauy, f
earlier than in the satellite observations. A passcause of the overly rapid surface warming duhtay is the
zero-layer thermodynamics approximation used byGtd?2-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 Waver much of the central Arctic, which would inribe
associated with a reduction of flux into the upisersurface 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 gfettte

modelled melt onset bias seen.

Another cause of the rapid warming may be the a&irg relative magnitude of the downwelling SW tese
to cloud biases, as May progresses (compared tatvawelling LW response). Comparison of 5-dailyame
of HadGEM2-ES radiative fluxes during May to thdisen the CERES-SYN product (not shown) support this
hypothesis; a modelled bias in downwelling SW growikly during early May, from ~ 0 W¥hito ~ 30 Wnr,

while the modelled bias in downwelling LW remainsighly constant.

6.3 Missing processes in the ISF analysis

The ISF analysis, as presented, does not comprisghaustive list of processes affecting Arctic &csurface
fluxes. The missing process of the effect of sngtion on surface albedo has already been notedis
likely effect on the total June and July ISF bM& note also that the direct effect of thinningadceice albedo
could induce an additional flux bias relative te tieal world, despite the fact that this effectas represented
in HAadGEM2-ES. The effect of snow thickness biasvarter conduction and surface temperature is aroth
such process which cannot be included due to instegbservations. Model biases in the turbulexe$ may
also be significant. While the process which igljkmost important in determining these during\leter is
captured (ice fraction in the freezing season)paendetailed treatment of turbulent fluxes woukbatxamine
the effect on these of the overlying atmospherid@ions. It is also noted that snowfall itselai€omponent of

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

A complete treatment of model biases affectingsiee ice volume budget would also examine cause®®in
oceanic heat convergence. For the reasons discusSedtion 4, these are likely to be small in Alnetic

Ocean interior in HAdGEM2-ES and observationsthmiimodel bias could nevertheless conceivably be of
considerable size in the context of the surface lfliases shown in Figure 6. The total Arctic Ochaat
convergence modelled by HadGEM2-ES for the pera8D11999 is 4.4 W although this figure shows high
sensitivity to the location of the boundary in #antic sector, suggesting that most of this hiea¢leased
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 budbet is broadly consistent with observational eati#s of oceanic



heat transport through the Fram Strait from 1992000 by Schauer et al, 2004 (likely to be the majo

contributor to Arctic Ocean heat convergence). Bhiggests that errors in oceanic heat convergerce a
unlikely to contribute significantly to sea ice uale biases in HadGEM2-ES. However, for a hypothgtic
model that simulated greater oceanic heat conveggirnthe Arctic Ocean interior, the surface flurakysis

presented here would fail to adequately describartbdel bias in the sea ice volume budget.

Finally, the assumptions underpinning the ISF frawork include an instantaneous effect of the indejpan
variables on the surface flux. In the real worldd & many models, there is a time lag associaitddthe effect
of the ice and snow thickness, due to the thernatia of the snow and ice. In the time taken fohange of
ice thickness to cause a change in surface flirerotariables such as downwelling radiation conltheory be
affected, raising doubts as to whether ice and shakness are truly independent variables. Howeatés
likely that any mechanism by which ice thicknessldaffect another variable would act first throuph
surface flux, and hence that the timescale on wicielthickness affects surface flux is shorter ttrea on
which it affects other variables. It is also seeihis study that the ISF biases are largest, hyirfahe thinnest
ice category, where the effect of ice thicknessunfiace flux would be near-instantaneous. ISF Biaséhe

thickest ice category, where the time lag couldbgignificant size, tend to be negligible.

7. Conclusions

A framework has been designed (the ISF framewdndi) allows the proximate causes of biases in sea ic
volume balance to be separated and quantified.rGeference datasets for independent variablddsfaf
induced surface flux bias can be calculated froenuhderlying model bias; these in theory sum tadkbed
surface flux bias. In practice, the total ISF bizstches both the net radiation bias, and the ibkewve balance
bias to first order: processes evaluated causendrédcm additional ice growth during the ice fregzseason,
and 20cm additional ice melt in winter; a missimggess for which we have no reference (snow this&his
likely to account for at least some additionalnigelt in summer. However, observational uncertaimnthe

evaluated terms prevents direct evaluation of ke tSF bias, and is the largest contributionS6 Lincertainty.

The ISF analysis enables model biases in sea izetlyiand melt rate to be attributed in detail tifedent
causes. In particular, the roles played by theszalbedo feedback, by the sea ice thickness-¢réeeidback,
and by external forcings, can be quantified. Thedyesis reveals how the melt onset bias of HadGEN2dhds
to make model ice thickness both low in the anmugédin, and too amplified in the seasonal cycle, thigh
downwelling LW bias acting to mitigate both effecthe result is consistent with the prediction @é\Videaver
et al (2008) that sea ice state is more sensiiweitface forcing during the ice melt season thaind the ice
freeze season. The analysis also suggests thagthem indirect effect on surface albedo at a tifhen sea ice
is particularly sensitive to surface radiation bmghe zero-layer approximation, which was uetiently

commonplace in coupled models, may be of first-pnhportance in the sea ice state bias of HadGEI82-E

The ISF analysis also allows more detailed analyfsibe spatial patterns in sea ice volume balamoelation.
In particular, the mechanisms behind the near-idelngpatial pattern of biases in annual meanhazkbess

(likely driven by ice dynamics) and that of biageshe ice volume balance are explicitly demonsttaiWhere



ice thickness is biased low in the annual meamrdranced seasonal cycle is apparent. This is diie ice
thickness ISF bias (in freezing season) and thariea ISF bias (in melting season), correspondirige
thickness-growth and ice albedo feedbacks. The d@Nimg LW and melt onset biases, by contrast,raoee

spatially uniform, and do not contribute to the @aarmean ice thickness control on the ice volumarzz.

The finding that observational uncertainty is thestrimportant cause of uncertainty in the ISF bilsulation
itself suggests that if observational uncertairyld be reduced, the ISF analysis could becomeyapaverful
tool for Arctic sea ice evaluation. In particulrge observational uncertainties for snow cover simmmer
surface radiation limit the overall accuracy of thethodology presented here. The addition of fraggeason
snow thickness, and melt season snow fraction, dwagresent useful extensions to the analysis ptegeAn
additional caveat is that the ISF framework dodascoasider factors influencing turbulent fluxes ttwihe
exception of the ice area, but this contributioaubject to particularly high uncertainty). It aldoes not
consider the influence of oceanic heat convergencgea 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 bgrady the surface albedo parameterisation used beby
using different sea ice thickness categories. Ene-layer thermodynamic assumption used in thealgHysis
is likely to be appropriate for any model during ibe freezing season, as the largest ISF biasdgdearise
from the thinnest ice categories, where the zeyerlapproximation is closest to reality. Howevlere is a
guestion as to whether the zero-layer approximat@mceals significant surface flux bias relatingct sensible

heat uptake in the late spring.

In the case study presented here, the analysisde@mechanisms behind a model bias in sea icdatiom
However, the analysis could also be used to ingatgia sea ice simulation that was ostensibly monsistent
with observations, to determine whether or notdhieect simulation was the consequence of modsEkithat
cause opposite errors in the surface energy budgetgative result would greatly increase confidendhe
future projections of such a model. The analysidctbe also used to investigate a model ensenbbfribute
spread in modelled sea ice state to spread inrttierlying processes affecting the SEB, focussitentibn on
ways in which spread in modelled sea ice coulded@ced. It is noteworthy that Shu et al (2015) tbthre
CMIP5 ensemble mean Arctic sea ice volume to bgebidow in the annual mean, and over-amplifiedhen t
seasonal cycle, relative to PIOMAS (albeit overeghére Northern Hemisphere), suggesting that giebiour
exhibited by HadGEM2-ES may be quite common in émnisemble.

Finally, it is suggested that the ISF frameworkwad as being used to compare a model to obsenstcould
also be used to understand the reasons for theshid®ne model with respect to another. Such geoison
would avoid the issues of observational uncertaitidgussed above, enabling the contributions oflifierent
model variables to the surface flux biases to lzumted more accurately. However, the choice aghtoh

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

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



The ISF framework depends upon the constructioeaeh 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 thedaath equation for surface flux:

stc = (1_ aschSW)+ I:LW* - esfcs-r4 + F + F + F

sfc sens lat snowfall

(A1)

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

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

emissivity (as parameterised in HadGEM2-ES)= 567 10 ®Wm 2K "* the Stefan-Boltzmann constant,

Ty surface temperaturds sensible heat fluxF,, latent heat flux, and~ heat flux represented by

sens snowfall

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

Given a model grid cel, over a model montt) the cell is classified as freezing or melting elggiing upon

whether the monthly mean surface temperature estgrer lower than -2°C. In the case that theisell

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

F

o are both neglected. In addition, we expand

Ao = Qie@ice T+ (1_ Aice )aocn (A2)

ce

where @, is ice concentration ., mean surface albedo over sea ice ang, = 006the albedo of open

ice

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

Aie = (a melt_ice ~ asea) +1 snow(a melt_snow ~ amelt_ice)
+ (1_ gmelt)(l_ l snow)(a cold_ice ~ a melt_ice) + (1_ gmelt)I snow(a cold_snow ~ a melt_ snow)

(A3)

Herea., = 006, a =0535, a = 065, a =06landa = 0.8denote

melt_ice melt_ snow cold_ice cold_snow

the parameterised albedos of open water, meltegnelting snow, cold ice and cold snow respeactivaehd

... denotes melting surface fraction as a fractioic@farea, whilel is an indicator for the presence of

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

progressively reduced from the ‘cold’ to the ‘madfi values as surface temperature rises from -&2°C¢€.

If the grid cell is classified as freezing, we kikise ignoreF .., . We assumé-¢, - and F , - to be constant

across a grid cell, and parameter&g,as above. The remaining terms eiceSTs4 Fensand F

fc’ ' sens Iat) we eXpeCt

to vary over the six different surface types prégea grid cell: open water, and the five differé®e thickness

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



=30 (A4)

ice- cat ~ice  sfc- cat

- eiceSTszflc =- (1_ a“ice)e' ‘ST4

ice ! sfc- water ~ &
cat=1

Fsens = (1 - aice)Fsens water + aice- cat Fsens cat (A5)

cat=1

5

I:Iat = (1_ aice )Flat- water + aice- cat I:Iat- cat (AG)

cat=1

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

lat- cat

F =F for all categories (i.e. that the sensible heat loes not vary across categories); thirdly,

sens cat sens ice

that T =1.8°C. Lastly, for each ice category we approximatg, ., = A+ B(Tsfc_ cat = Tsio REF) :

sfc- water
—T4 - 3 :
where A=Tg rer and B=4€ ST rer. Too rer PEING 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 swefamlting is taking place; as the freezing caseisg
discussed, melting is assumed to be zero. We ad&e the zero-layer approximation used in HadGEM2-ES
that the sea ice has no sensible heat capacitthahdonduction is therefore uniform in the veitticat each

category. This implies that

Fcondtop cat = (Tsfc— cat - Tbot)Rice— cat (A7)

h h
whereT,,, = - 1.8°Cis ice base temperature afl,, o, = — oot - =0 k. andk

k; k

Ice snow

<now DEINg ice

and snow conductivity respectively, aly, ... and hg,.,, local ice and snow thickness (the latter of which

assumed to be uniform across ice categories). &ar eategory, settinfr = Feondtop car allows T,

sfc- cat sfc- cat

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

+BT, ) gi((::z’EREF(l- B Cat)_1+(1_ a )F

atmos ice ocn ce ice
cat

stc » gr’t =4 (F

Ice

(A8)

atmos ocean

where

_ 4
Fatmos ice — FLWf - eiceSTsfc— REF + Fsens ice + (1_ aice)FSV\F (A9)
and

F =F, - €enSToen + F

atmos ocean — ocn ocn sens water

+ Flat-water + (1_ aocn)FsW’ (A10)



Hence we approximate the surface flux as a funceifaoe area, category ice thickness, snow thicknes

downwelling SW, downwelling LW, melting surface ¢ten, sensible heat fluxes over ice and open watat
latent heat flux over open water. In the ISF ariaJyse analyse the resulting dependence of suffax®n ice
area, ice thickness, melting surface fraction, donwelling 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 @uxdla directly; instead, the surface flux is exgse as a
function of the individual category thicknesss, ..,. To estimate the ISF bias due to ice thickness,hence

necessary to sum over categories the ISF biase® duias in each The estimation of model biases in

h

ice- cat "

ce- cat» therefore, requires some discussion.

Given an estimated model bias in mean thickrﬁ;&s it can be argued that the least arbitrary apprésito

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

shifted to higher, or lower values). However, fleads to unphysical results at the low end of ik&itdution; in

the case of a negative bias, it implicitly assuthescreation of sea ice of negative thicknesshéndase of a

positive bias, it assumes that no sea ice of thiskes betwedhmand hiéem exists.

Hence we use a slightly modified approach (Figuresspplementary material). The model bias in tiveekt
thickness category is estimated toﬁge/Z, equivalent to translating the top end of the gatg by ﬁ‘cebut
allowing the lower end to remain an0The model biases in the other four categoriestane estimated to be
o oo /2
Qe = &

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

, i.e. the translation is increased to ensurettimmean ice thickness bias remains correct.

category sea ice thickness in the reference datasaplied; in these cells, the bias is reducezhghat the
reference thickness in that category beconmgsa@dd the bias in the remaining categories is amzd

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 lakulation method are examined in turn. Firsttyoein
correctly characterising the dependence of suflageon a climate variable is estimated; secondtyor in
approximating the surface flux bias induced by #sghe product of the surface flux dependence thih

model bias in that variable is estimated.



B1 Error in calculating surface flux dependence

To understand error in calculating dependence s flux on model variables, fields of the appnoated

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

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

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

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

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

-1
the scale factor  goa ner (1- BRE?) . A possible cause is covariance in time betwgf oz and RS

cat
within each month, particularly in the first icetegory; during the freezing season, occurrencegdf fiactions

of ice in category 1, the thinnest category, wdiddexpected to be associated with formation of iceywand

cat

correspondingly lower mean thicknesses of ice i ¢thtegory, lower values dR

and higher values of

(1- BR )_l. A calculation using daily values @fee ¢ ranging from 0.1 — 0.5, and daily valueshyf*

ce
ranging from 0.2 — 0.5m, predicts that this effgould in this case lead to an underestimation #f i the
magnitude of the surface flux, sufficient to explail of the underestimation in October, Decemivet a
January, and most in November, February and Mdrais. effect would produce a corresponding
underestimation of the rate of dependence of saflac on downwelling LW radiation and ice thickses
throughout the freezing season. It is calculatatl ttie downwelling LW component of the ISF bias is

underestimated by 0.6 Whifor the freezing season on average due to thiseff

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 smalhidentral Arctic but to approach 20 Wt the Arctic Ocean
coasts. A likely cause of this inaccuracy is tressification of grid cells as ‘freezing’ or ‘melgjhfor entire
months. During May, as has been seen, most moitieteits in fact cross from one category to theeath
however, virtually all Arctic Ocean grid cells alassified 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 neao-ze the central Arctic but rising to 25 Whelose to the
Arctic Ocean coasts. It is concluded that the dehaalel mean surface flux is much higher than #stimated
near the coast due to these grid cells experiemiglgng conditions from relatively early in the nib.
Although this error is not directly relevant to ttesults of this paper, as no unequivocal ISF kiaszre

identified for May, it would have the potentiallead to overestimation of the dependence of suiffageon ice



thickness, and underestimation of dependence attadlr variables, as the upwelling LW flux is ureatd

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

Thirdly, we examine the tendency to overestimatéase flux during the summer (Figure B1g-i), areeffthat
displays a spatially uniform bias rather than aiapig uniform ratio, ranging from 5-15 Wthin July and
August; the bias is smaller, and in the centraltidnecegative, during June. A possible contribufiactor to this
bias is within-month covariance between ice arehdownwelling SW; during July and August, both
downwelling SW and surface albedo fall sharplye#fact that would tend cause the monthly mean sarflux
to be overestimated. To estimate this effect, mgrtends in these variables were estimated by caimg half
the difference between modelled fields for thedaihg and previous month. For July, an overestiomaitn
surface flux of magnitude 5-15 Whwas indeed predicted in the Siberian seas, asasalie southern Beaufort
and Chukchi Seas; however, in the central Arctionerestimation was predicted, due to near-zeraén 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 eati@vaporation and cloud cover in regions of reduce

fraction.

However, this effect would have no direct impactlom ISF biases because these are computed frommiynon
means of the model bias in one variable by the moéan in the other; hence, it is covariance betvigas
and mean that would induce inaccuracy in this dAgesimilarly approximating the trend in monthly are
model bias as half the difference between modelibizhe adjacent months, the error in downweltivwg and
ice area contributions were evaluated. Error indtvnwelling SW term was found to be significantg#n the
summer, with an error of -2.7 Whin June; error in the ice area term was foundetsipnificant later in the
summer, with errors of -1.7 Wfmand -1.6 Wn# in July and August respectively. However, the Astgarror is
small relative to the total ISF bias identified.

B2 Error in characterising induced surface flux biss

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

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

flux, net SW, is equal td-, - (1- a ) and induced surface flux biases due to modebbiasF, - and

sfc

a 4. would be calculated aF,- (1- ag d)andFS”\‘Acﬁjé?Sfcrespectively. However, the sum of the two induced

surface flux biases will not be exactly equal te thue surface flux biad,:S”\}\(,ld (1- ag?fd) - F;\/t\); (1- a;’fﬁs),

but will differ from it by Py, @ g

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, butafacterising them, i.e. by accepting that the tityatihat we
are trying to estimate is itself somewhat subjectimstead of requiring the ISF method to be carieis

required that it gives useful, physically realis@sults. In the case given above, a sufficientlitam is that



oy s is small relative toF g, (1- a;‘fd) and F™a ., i.e. that the model bias in both downwelling

SW and in surface albedo is small relative to theolute magnitudes of these variables.

More generally, the difference between the surfapebias Fs'fC and the sum of the induced surface flux biases

v 19, /V; can be approximated by Vi'V'J- ﬂzgxyt / fiviflv; , a term that can be calculated relatively
[ ! ;jj
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 ghiicant size in October (3.6 W) due to co-location of
substantial negative biases in downwelling LW aatkgory 1 ice thickness in this month, indicatihgttthe
true surface flux bias in this month may be sulitiy smaller (in absolute terms) than the -11.57%

obtained from summing the ISF biases.

Finally, the induced surface flux calculation ingily assumes a linear dependence of surface fiugach
climate variable. However, this is not the casetlferice thickness, where higher-order derivatd@sot go to

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

. - 2 i
assumption of linearity by comparing the partiaticztive (A+ BT, Ja,,, (1- BI{C:t) a,, tothe

cat
-1

quantity (A+ BT, Ja,, (1- BREJ (- BREFF)  a, |, whereRe " = ho®s /k +hg ks

at cat
cat

hlOBS being climatological ice thickness in the refedataset, in this case PIOMAS, and all other terms

defined as in Section 4. It can be shown that miyitig this quantity by the model bias producesdkact bias
in estimated surface flux that is being approxirddtg g, /1h, (h,MODEL - hloss)_ Hence the bias in the ice

thickness component induced by the nonlinearitylmnalculated directly. It is found that the noahrity
causes the ice thickness component to be overastimamagnitude by 0.7 W#on average from October-

April, with a maximum overestimation of 1.9 W November.

Code availability

The code used to create the fields of induced sarflax bias is written in Python and is providedaa
supplement (directory ‘ISF’). The code used to @dagures 1-9, as well as Figure B1, is also mledi
(directory ‘Figures’). In addition, the routinesegsto estimate errors in the ISF analysis are peal/{directory
‘Analysis’). Finally, the code used to create Tablis provided (directory ‘Tables’). A set of auaily routines
used by most of the above are also provided (dirgctibrary’). Most routines make use of the opyurce

Iris library, and several make use of the openc@@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 hisdbsganulations of HadGEM2-ES, is available from @IP5

archive atttps://cmip.linl.gov/cmip5/data_portal.html

NSIDC ice concentration and melt onset data casovenloaded alittp://nsidc.org/data/NSIDC-005ind
http://nsidc.org/data/NSIDC-010%&spectively.

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

anomaly/data/

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

daily/levtype=sfc/

ISCCP-FD surface radiation data is availablbthis://isccp.giss.nasa.gov/projects/browse fc.html

CERES surface radiation data is availablbthis://climatedataguide.ucar.edu/climate-datasebaf-clouds-

and-earths-radiant-energy-systems-ceres-energpdsdaand-filled
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Jan
Feb
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Apr
May
Jun
Jul
Aug
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Nov

Dec

Downwelling Downwelling

SW

0.0

0.0

0.1

0.4

2.1

-13.6

0.5

3.3

0.9

0.0

0.0

LW

Ice

thickness area occurrence induced

Ice  Meltonset Total

2.7

2.3

2.0

14

0.0

1.7

3.7

9.6

2.4

Radiative ISF
flux bias  residual

surface

flux bias
0.0 -8.1
0.0 -5.3
0.0 -3.7
0.2 -4.2
0.1 -3.2
11.4 12.2
3.3 1.4
1.9 8.5
0.0 -5.2
0.0 -10.8
0.0 -14.0
0.0 -10.4

-10.4

-10.5

-12.2

27.8

5.1

8.6

-0.2

-14.4

-21.6

-14.9

CERES-ERAI
net radiation

difference

3.3

4.6

59

7.6

0.5

8.1

4.1

-12.2

-12.5

-12.0

-9.7

-11.7

-12.2

Table 1. Surface flux biases induced by model bias 5 different variables in HadGEM2-ES (Wn7?), with

CERES used as reference dataset for the radiativ@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 analys 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 Ocedoe extent, compared to HadlSST1.2 1980-1999, with
September ice fraction bias map; (b-d) HadGEM2-ES icéhickness compared to (b) PIOMAS 1980-1999, (c) Eisat
1993-1999 and (d) submarine datasets from 1980-198%er respective regions and periods of coverageittw April

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 dueo the region of coverage being very small.
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Figure 3. HadGEM2-ES model bias in ice thickness chae from October-April compared to (a) PIOMAS 1980-899;
(b) Envisat 1993-2000; (c) submarine regression anyalis 1980-1999. In each plot, the model period usethtches the
period of the reference dataset. Differences aretan as model-reference so that areas of green (pue) correspond

to areas where the HadGEM2-ES model simulates too mhgnot 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 Ocearegion, compared to CERES 2000-2013, ISCCP-D
1983-1999 and ERAI 1980-1999. Upper panels show ahge values; lower panels show model bias relatie each
respective dataset. For all fluxes, a positive nunds denotes a downward flux and vice versa. Maps @itix bias
relative to CERES are shown for downwelling SW in Mayupwelling and net down SW in June, and downwellig
and net down LW in February.
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Figure 5. Average date of year of surface melt ongel980-1999, (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 suréz flux on each variable as calculated above; théght
column the induced surface flux bias, calculated ahe product of these two fields. The first histoital
simulation of HadGEM2-ES is used for the illustratbn.
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Figure 7. Surface flux bias induced by model biasas 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 referera 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 foreach month of
the year, for the four historical members of HadGEM2ES, 1980-1999.
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Figure 9. Frequency distributions of (a) October-Apil cloud liquid water percentage in HadGEM2-ES compred to
MODIS observations, for the Arctic Ocean region; (h December-February surface net downwelling LW in HdGEM2-
ES in the SHEBA region, compared to the values obsexd at SHEBA.
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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.



