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Abstract. We apply a new parameterisation of the Green-level contributions are larger than the “no feedback” case for

land ice sheet (GrIS) feedback between surface mass balanedl ISMs and GCMs.

(SMB: the sum of surface accumulation and surface ablation) Our method is novel in sea level projections because we

and surface elevation in the MAR regional climate model propagate three types of modelling uncertainty — GCM and

(Edwards et a) 2014 to projections of future climate change ISM structural uncertainties, and elevation feedback param-

using five ice sheet models (ISMs). The MAR (Modéle At- eterisation uncertainty — along the causal chain, from SRES

mosphérique RégionaFettweis 2007 climate projections  scenario to sea level, within a coherent experimental design

are for 2000-2199, forced by the ECHAMS5 and HadCM3 and statistical framework. The relative contributions to un-

global climate models (GCMs) under the SRES A1B emis-certainty depend on the timescale of interest. At 2100, the

sions scenario. GCM uncertainty is largest, but by 2200 both the ISM and
The additional sea level contribution due to the SMB- parameterisation uncertainties are larger. We also perform

elevation feedback averaged over five ISM projections fora perturbed parameter ensemble with one ISM to estimate the

ECHAM5 and three for HadCM3 is 4.3% (best estimate; shape of the projected sea level probability distribution; our

95 % credibility interval 1.8—6.9 %) at 2100, and 9.6 % (bestresults indicate that the probability density is slightly skewed

estimate; 95 % credibility interval 3.6—16.0 %) at 2200. In all towards higher sea level contributions.

results the elevation feedback is significantly positive, am-

plifying the GrIS sea level contribution relative to the MAR

projections in which the ice sheet topography is fixed: the

lower bounds of our 95 % credibility intervals (Cls) for sea

Published by Copernicus Publications on behalf of the European Geosciences Union.



196 T. L. Edwards et al.: Greenland SMB—elevation feedback projections

1 Introduction that relate SMB changes to height changes below and above
the equilibrium line altitude (ELA) and for regions north and

The Greenland ice sheet (GrIS) response to climate changsouth of 77 N. Here we apply the parameterisation in five
has two parts: surface mass balance (SMB), which is thdSMs to adjust MAR projections of SMB under the SRES
sum of surface accumulation and surface ablation (broadlyA1B scenario KNakicenovt et al, 2000 as the ice sheet ge-
speaking, the balance of snowfall versus meltwater runoff);ometry evolves.
and dynamic, the changes in ice flow and discharge from the The climate community have been attempting to quantify
ice sheet. Various approaches to simulating these have beamcertainty in global climate model (GCM) predictions for
taken for making projections of the GrIS contribution to seasome time, focusing on uncertainty in their parameter val-
level. As with all simulation problems, there is a trade-off be- ues with perturbed parameter ensembles (PPESs) but also at-
tween representing more processes, with the aim of increagempting to estimate structural uncertainty, which is uncer-
ing the physical realism of the simulations, and technical andainty about the remaining discrepancy between a model and
computational resources, which limitimplementation and thereality at the model's most successful parameter values (e.g.
number of simulations. Sexton et al.2011% Sexton and Murphy2011). But proba-

The dynamic response is simulated with ice sheet modelsilistic quantification of uncertainties in ice sheet model pre-
(ISMs), which solve the Stokes equations in complete or ap-dictions has hardly yet been attempted. There is also an ur-
proximate form. SMB can be simulated with sophisticated,gent need to propagate uncertainties along the causal chain
physically based energy balance schemes in regional climatffom greenhouse gas forcing scenarios to the impacts of cli-
models (RCMs) such as MAR (Modéle Atmosphérique Ré-mate change. ISM projections are only beginning to tackle
gional:Fettweis 2007) and RACMO2/GR (e.¢tttemaetal.  these challenges. Multi-model comparisons such as MIS-
2009. The two aspects of the GrIS response can thus be comMIP (Pattyn et al.2012 and SeaRISERindschadler et al.
bined by forcing an ISM with SMB simulated by an RCM. 2013 compare ISMs with each other using standardised ex-
But RCMs usually use a fixed surface topography, neglectingoeriments, but the ice2sea projeletip://www.ice2sea.eus
the important effects of ice sheet surface elevation changeamong the first to explore systematically emissions scenarios
on the atmosphereEfwards et aJ.2014 by omitting the  and climate and ice sheet model uncertainties within a coher-
SMB-elevation feedback. An alternative to using SMB from ent framework (e.gRae et al.2012 Fettweis et a.2013.
an RCM is to simulate it within the ISM, so that the evolv-  In Edwards et al(2014), we make uncertainty assessment
ing ice sheet topography can dynamically alter the SMB. Thean integral part of the parameterisation by estimating prob-
most common approach to this is with a positive degree dayability distributions for the four parameters (elevation feed-
(PDD) scheme, which parameterises SMB as a function oback gradients). Here we propagate these uncertainties to fu-
temperature and precipitation (supplied from observationgure projections by sampling values from the four distribu-
for the present day, or a regional or global climate modeltions. We also use five different ISMs to assess the effect of
for future projections) and possibly applies a simple snow-1SM structural uncertainty that arises from different repre-
pack model (e.glanssens and Huybreci2800. PDD mod-  sentations of ice flow and initialisation procedures, and ex-
els incorporate the temperature aspect of the SMB—elevatioplore GCM structural uncertainty by forcing MAR with two
feedback through a lapse rate correction, but not the precipidifferent GCMs. Our coherent experimental design and sta-
tation aspect (except, in some cases, through a scaling factaistical framework, unusual in sea level projections, allow
for temperature), and also represent SMB much more simplys to propagate the three types of model uncertainty along
than RCMs such as MAR and RACMO2/GRdwards eta).  the causal chain from SRES scenario to sea level contribu-
2014. tion; assess the relative importance of these through time;

To make the best use of physically based simulations ofand present probabilistic assessments of the effect of eleva-
the GrlS response to climate change — simulating ice flowtion feedback parameterisation uncertainty on the projected
with an ISM and SMB with an RCM, while also including GrIS sea level contribution under the A1B scenario.
the SMB—elevation feedback — one can couple an ISM to an
RCM. However, this is technically challenging and computa-
tionally expensive, effectively precluding exploration of cli- 2 Method
mate and ice sheet modelling uncertainties.

The only way, therefore, to incorporate physical modelling 2.1 Climate projections
of ice flow, SMB processes, and the SMB-elevation feedback
while also exploring model uncertainties is with a parame-The regional climate model MARFettweis 2007) has been
terisation such as the one we present in a companion papedapted for simulating the climate over Greenland, with full
(Edwards et a).2014, where we characterise the SMB re- coupling to a complex snow/ice energy balance model and
sponse to elevation in MAR using a suite of simulations in relatively high horizontal resolution (25km). Unlike most
which the MAR GrlIS surface height is altered. The param-RCMs, MAR includes the positive feedback between ice sur-
eterisation is a set of four gradients, or “SMB lapse rates”,face albedo and melting-(anco et al.2013. We discuss the
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processes and responses of MAR in more detadldwards  jections on centennial timescales using a new higher-order
etal.(2014. approximation of the force balance (GISM-HEirst et al,

We use five climate simulations performed for the ice2sea2011 2013. The MPAS-Land Ice model is based on the
project. The first is a twenty year simulation of 1989—-2008 MPAS (Model for Prediction Across Scales) climate mod-
in which MAR is forced at the boundaries by the ERA- elling framework ofRingler et al(2008; here we use a reg-
INTERIM reanalysis Dee et al. 2011), which we use as ular 5 km resolution hexagonal mesh. GRISLI (GRenoble Ice
a baseline for initialisation and projections. The next two Shelves and Land Ice model) is a thermomechanically cou-
are twenty year simulations of 1980-1999 in which MAR pled ISM; it is a hybrid model that for grounded ice uses
is forced by two GCMs, ECHAM5Koeckner et al.2003 the SIA for vertical shearing and the SSA as a sliding law
and HadCM3 Gordon et al.2000, under 20th century cli- (Ritz et al, 200 Bueler and Brown2009. The Community
mate forcings, which we use to calculate projection anomadce Sheet Model (CISM) version 2.0 includes improvements
lies. The final two are one hundred year projections (2000-to all components of the Glimmer-CISM SIA moddRtt
2099) forced by the two GCMs under the SRES A1B emis-et al, 2009. The models are summarised in Talilemore
sions scenarioNakicenovt et al, 2000. The A1B scenario  detailed information is given elsewhere (Elmer/I¢llet-
is only defined until 2100, but we wish to make GrlS projec- Chaulet et a].2012 GISM-HO: Goelzer et a.2013 MPAS:
tions for two hundred years (2000-2199). We did not have rePerego et al2012 CISM: Price et al,2011, Lemieux et al.
sources to simulate the second century (the climate respon®011 Evans et al.2012 GRISLI: Quiquet et al.2012).
ing to the A1B scenario fixed at 2100 values), so we extend
the MAR simulations by repeating the final decade (2090-2.3 Initialisation
2099) ten times. This method is likely to underestimate the
longer-term climate response, as discussed later. Determining initial conditions for ISMs involves finding

MAR simulates SMB values only over grid cells cate- a balance between observations of the present-day ice sheet,
gorised as permanent ice, so the low spatial resolution (relreconstructions of past climate changes (to which the ice
ative to ISMs) leads to missing values for parts of the GriSsheet is still responding), and the physical laws and parame-
margin. As part of the data processing, we extrapolate theerised processes incorporated in the ISM, while accounting
SMB field outwards from the ice sheet using a simpler repre-for uncertainties and limitations in all of these. ISM initiali-
sentation of the SMB—elevation relationship thafdwards  sation mostly uses ad hoc tuning methods rather than formal
et al.(2014. For each land grid cell, we use the ice grid cells data assimilation as in numerical weather forecasting. Our
within 100 km to fit a linear model of SMB versus surface initialisation procedures use observations of present-day ice
height, and use this relationship with the land grid cell eleva-sheet geometry (surface elevation, bedrock elevation and ice
tion to assign an SMB value. This was performed before thethickness; e.gBamber et a].2013, ice velocities Joughin

parameterisation dEdwards et al(2014 was developed. et al, 201Q Bamber et a].2000, and geothermal heat fluxes
(Shapiro and Ritzwollgr2004).
2.2 Ice sheet models Methods vary between ISMs but in general there are three

stages. First, we estimate the 3-D ice-temperature field by
We implement the parameterisation in five ISMs with vary- solving the heat equation, in some cases accounting for the
ing structure and complexity: Elmer/lce, which solves theresponse to atmospheric temperature changes over one or
full Stokes equations; GISM, MPAS and CISM, which use more glacial-interglacial cycles. Second, we infer the spa-
a higher order approximation that reduces computational extial pattern of the basal drag coefficient that leads to the best
pense (HO: e.Rattyn 2003; and GRISLI, which uses a hy- agreement with observed ice velocities, given observational
brid of the first order shallow ice and shallow shelf approxi- uncertainties and model limitations. During these first two
mations (SIA and SSABueler and Brown2009 to further  stages, the geometry of the ice sheet is held constant to the
reduce computational expense. We also use a SIA version afbserved valuesBamber et aJ.2013. For the third stage,
GISM, and call the two versions GISM-HO and GISM-SIA. we finally allow the ice sheet geometry to evolve or “relax”
Elmer/lce and MPAS use finite element numerical methodsso that it is internally consistent with the ice temperature and
on unstructured grids, while the others use finite differenceflow fields.
methods on regular grids at 5 km resolution. We derive ice temperatures for EImer/Ice using the com-

Elmer/Ice builds on Elmer, the open-source finite element,putationally cheaper SIA model SICOPOLISreve 1997).

partial differential equation solving parallel code mainly de- We derive them for CISM, MPAS and GRISLI from a quasi-
veloped by the CSC-IT Center for Science Ltd in Finland. steady-state CISM simulation forced with a constant sur-
The unstructured mesh allows a variable grid resolution toface temperature field simulated by the RACMO/GR re-
focus computational resources at the ice sheet margin; hergional climate model Ettema et al. 2009 as specified in
we use a minimum horizontal grid size of less than 1km.the SeaRISE project protocdittp://websrv.cs.umt.edu/isis/
GISM-SIA is a thermomechanical ISMH(ybrechts and de index.php/Present_Day_Greenland/e obtain ice tempera-
Wolde 1999 that has been modified and extended for pro-tures for the two GISM models from a GISM-SIA simulation
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Table 1.Summary of ice sheet model (top) treatment of Stokes equations and (bottom) derivation of ice temperature (IT) boundary conditions.
HO, SIA and SSA are higher order, shallow ice and shallow shelf approximations; SS is steady state; SAT is surface air temperature data usec
for the spin-up simulation; g—ig is glacial—interglacial. All models use bedrock elevation dat®&orber et al(2013 and geothermal heat

flux from Shapiro and Ritzwolle2004). References: B1Bamber et al(2013; D10: Dukowicz et al.(2010; E09: Ettema et al(2009);

E12:Evans et al(2012); F11, F13:Furst et al.(2011) andFurst et al(2013; G97: Greve(1997); L11: Lemieux et al(2011); P11:Price
etal.(201).

CISM Elmer/ice GISM-HO GISM-SIA  GRISLI MPAS
PHYSICS
Stokes HO Full HO SIA Hybrid HO (D10)
equations (P11, L11, (F11, F13) SIA-SSA

E12)

DERIVATION OF ICE TEMPERATURE

Spin-up Quasi- One g-ig Two g-ig Two g-ig Quasi- Quasi-
simulation SS; fixed cycle with cycles; IT cycles; IT SS; fixed  SS; fixed
geom. SICOPOLIS rescaledto rescaledto geom. geom.
(B13) (G97) obs. thick.  obs. thick.  (B13) (B13)
Spin-up E09, EO09, Two g-ig Two g-ig E09, EQ09,
SAT constant constant cycles, cycles, constant constant
evolving evolving

of several glacial-interglacial cycles, rescaling the ice tem-do not relax the geometry for CISM and MPAS. However,
perature field to the observed ice thickneG®élzer et al.  these simulations are already closer to the present-day state
2013. Geothermal heat flux fields in all spin-up simula- than for the other models because they use a quasi-steady-
tions are fromShapiro and Ritzwolle(2004). Ice tempera-  state spin-up forced with modern-day surface temperatures,
ture spin-up simulations are summarised in Tdble rather than glacial-interglacial cycles, and calibrate the basal
We infer the basal drag coefficient from observed ve-drag with balance velocities (which have complete coverage
locities using the control method (Elmer/Icorlighem and are in equilibrium with the geometry), rather than surface
et al, 2010, an iterative inverse method (GRISLI), or tun- velocities.
ing (CISM, MPAS); the methods and velocity targets are also  We use two methods to correct any remaining drift that
summarised in Tablg. arises from model imbalances. For Elmer/lce and GRISLI,
We obtain the initial ice sheet geometry by forcing the we perform a control simulation and subtract this from the
ISM with a present-day mean SMB field. For most mod- results (Sect2.5). For the others we diagnose and apply a
els this is the 1989-2008 mean (the reference period for thésynthetic SMB” correction, which is the additional SMB
ice2sea project) of the ERA-INTERIM forced MAR simu- required to keep the ice sheet close to the present-day ob-
lation; for GISM we use the 1960-1990 mean SMB calcu-served geometry under present-day SMB forcing. The syn-
lated with the GISM PDD scheme from ERA-40 datdp( thetic SMB correction is applied unaltered in perturbed simu-
pala et al. 2005 and observed surface elevation (similar lations (i.e. the parameterisation adjusts only the MAR SMB
to Hanna et al.2011). We obtain the initial geometry for forcing and not the synthetic SMB correction). This is sim-
Elmer/Ice by allowing the upper surface to evolve for 55yr ilar, in principle, to the flux corrections that were formerly
under the present-day SMB forcing, and use the same initn common use in atmosphere—ocean GCMs. In CISM and
tial geometry for GRISLI, allowing it to evolve for a fur- MPAS there is no relaxation in the initialisation procedure, so
ther 145yr to obtain a coherent initial state for this model. the synthetic SMB accounts for the entire initial mass imbal-
We initialise the GISM models by allowing the geometry ance generated by the initial geometry. The mean synthetic
to evolve for 1000yr while the ice sheet margin is fixed SMB correction for both GISM models is 9 cm¥ with less
to observed values under present-day SMB forcing and icahan 0.3 % of the total ice sheet area having a correction of
thickness changes are limited to 0.2maThese relaxation — greater than 10 nt&, mainly at marine-terminating ice mar-
periods are determined arbitrarily or by available computa-gins Goelzer et al.2013. For MPAS the mean synthetic
tional resource, though most of the flux divergence anomalieSMB correction is—7.3cma, with 1.6 % of the total ice
that arise from observational and modelling uncertainties diesheet area having a correction of greater than 10inand
away after a few years (e.Gillet-Chaulet et al.2012. We
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Table 2. Summary of ice sheet model basal drag calibration and initialisation. PDD is positive degree day.

CIsM Elmer/ice GISM-HO GISM-SIA GRISLI MPAS
BASAL DRAG CALIBRATION
Method Tuning Control n/a n/a Iterative Tuning

inverse
Target Balance Surface n/a n/a Surface Balance
velocities
INITIALISATION
Relaxation n/a 55 years 1000 years 1000 years 200 years n/a
(restrictions)  (restrictions)

Drift Synthetic Control Synthetic Synthetic Control Synthetic
Climate ERA-I ERA-I ERA-40 ERA-40 ERA-I ERA-I
SMB MAR MAR PDD PDD MAR MAR
Dates 1989-2008 1989-2008 1960-1990 1960-1990 1989-2008 1989-2008

for CISM itis 2.4cma?l, with less than 2% of the total ice give

sheet area having a correction of greater than 10'ma N
We exclude Greenland's glaciers and ice caps from thesRCY  5100= So0mn... 2100~ Sages 2008+ S,

projection results using a mask produced for ice2Beas(ner

etal, 2012.

where S is generally SERg 5005 the 1989-2008 mean

The basal drag calibration and initialisation methods areof the ERA-INTERIM forced simulation (except GISM,

summarised in Tabl2. More details can be found in the ref-
erences given in the previous section and the table.

2.4 Boundary conditions

10 990)- If used, the synthetic SMB field is also applied.

Our initialisation and anomaly-correction methods use the
approximation that SMB trends during the period 1989-2008
are small relative to the A1B projectionRde et al.2012).

2.5 Parameterisation

The boundary conditions are geothermal heat flux, ice
temperature, bedrock elevation, and projections of SMB.We use the SMB—elevation feedback parameterisation to ad-
Geothermal heat fluxes are frohapiro and Ritzwoller just the anomaly-corrected SMB forcing as the GrlS surface
(2004 and held fixed in the simulations. We also keep the iceheight in each ISM evolves. The adjustment is made each
temperature fields (determined during initialisation; S2&.  Yyear, for each grid cell, using one of four parameters (gradi-
and Tablel) held fixed because there is negligible ice tem- ents) selected according to the current “reference” SMB and
perature response to changing atmospheric forcing over twghe region of the grid cell§dwards et a).2014).
centuries. We use bedrock elevations from the ice2sea data For a given ISM grid cell in a given yeat)( a gradientg;)
set Bamber et a].2013 and hold these fixed because there is (kgm~3a™1) is used to adjust the SMB forcing (kgrha )
negligible isostatic adjustment on this timescale (Bgelzer ~ Using the height difference (m) between the previous year
etal, 2013. and the start of the simulation:

The SMB forcings are therefore the only time-varying adi RCM ISM - 1SM
boundary conditions. We force the ISMs with “anomaly- S =S +b/(>y —hg"),
corrected” SMB projectionsSR°M | to remove the mean ,
discrepancy in MAR between the GCM-forced and ERA- where 52 is the adjusted SMBSRM is the anomaly-
INTERIM reanalysis-forced simulationg=éttweis et al.  corrected RCM SMB, and}s'\" is the ISM height. The gra-
2013. For this we calculate SMB anomalies with respect dientb; is selected from one of four values according to the
to the present day by subtracting the 1989-2008 meameference SMB £ < 0 or S > 0) and region (north or
SMB (1989-1999: 20th century climate forcings; 2000- south of 77 N) of the grid cell, wheres'' is the means2d
2008: A1B scenario) from the A1B projections. We add theseof the previous decade or, for the first decade, all available
anomalies to the present-day SMB used for initialisation, toyears.

www.the-cryosphere.net/8/195/2014/ The Cryosphere, 8, 1298 2014



200 T. L. Edwards et al.: Greenland SMB—elevation feedback projections

In Edwards et al(2014), we estimate probability distri- Table 3. The 2.5% quantile, best estimate, and 97.5% quantile
butions for each of the four parameters (gradients). Our besgstimates of the SMB—elevation gradients in kgta~2, below
estimate values of the parameters are the modes of these fo(fMB < 0) and above (SMB> 0) the ELA, for regions north and
distributions, and our credibility intervals (Cls) encompass South of 77 N.
the central 95% of each. We propagate the parameter un-
certainties to sea level projections by performing simulations

Region 25% Bestestimate 97.5%

using different values sampled from the distributions: (a) the SMB<0  North -0.22 0.54 1.34
four modes, i.e. best estimates; (b) the four 2.5% quantiles, South 1.03 1.89 2.61
i.e. lower bounds of the Cls; and (c) the four 97.5% quan- SMB>0  North -0.03 0.09 0.22
tiles, i.e. upper bounds. The parameter estimates are given in South  —0.07 0.06 0.56

Table3. They differ slightly to those ifedwards et al(2014)
due to changes made to the parameter estimation code for an
update to that study: a small error was corrected, unnecessag/ Results
rounding was removed, and the code was restructured (thus
changing the random seed for bootstrapping). One differenc&he additional cumulative sea level contribution due to the
is 0.03 (SMB> 0, 97.5% bound), and the other differences SMB—elevation feedback, under the A1B scenario and aver-
are 0.02 or less. aged over five ISM projections for ECHAMS5 and three for
With one model, GISM-SIA, we also sample the four dis- HadCM3, is 4.3% (best estimate; 95 % credibility interval
tributions more thoroughly by using 99 percentiles: i.e. the1.8-6.9 %) at 2100, and 9.6 % (best estimate; 95 % credibil-
four 1% quantiles in one simulation; the four 2 % quantiles ity interval 3.6—-16.0 %) at 2200 (Fig$.and?2; Tables4 and
in the next, and so on up to the four 99 % quantiles. 5). We exclude GISM-SIA from summary statistics because
We therefore generate five simulations for each ISM: it is so similar in structure, and identical in set-up, to GISM-
) L HO that it would effectively give double weighting to GISM.
a gigi?trol.syfnorced with S™ (Elmer/ice, GRISLI) or In all ISM predictions the elevation feedback is positive:
+5 . (other mode_ls),_ to 9heck for or subfract the lower bounds of the 95 % Cls (the 2.5 % quantile simu-
model drift from the projections; lations) are always larger than the “no feedback” case. This
— No feedback: forced wittlsRM with no adjustment, ~amplifying effect is expected, because mean GrIS SMB be-
to estimate the response of the GrIS without elevationcomes negative at around 203Ra et al. 2012 and the
feedback: gradient estimates for negative SMB are generally positive
_ (Edwards et a).2014 thus adjusting the SMB in the same
— Best estimate: forced witt§®?, using the “best esti-  direction: more negative, giving greater sea level contribu-
mate” values of the four parameters (Table 3); tion. However, this was not guaranteed, because there are

— 2.5% and 97.5% quantiles: as for best estimate, butbOth positive and negative values in the mean SMB forcing,
using the parameter values that correspond to thdn the SMB changes from 2000-2199, and in the gradient

0 sets Edwards et a).2014).

bounds of the 95% Cl (Table 3). The larger feedback adjustment at 2200 arises from the

We perform these for the two MAR simulations forced by negative SMB forcing at the end of the first century which
ECHAMS (all ISMs) and HadCM3 (Elmer/Ice, GISM-HO, is sustained (by repetition of the decade 2090-2099 from the
GISM-SIA and GRISLI) under the A1B scenario over 2000— MAR simulation: Sect2.1) during the second century.
2200. As described above we also use GISM-SIA to perform  The Elmer/lce and GRISLI total sea level contributions
a simulation with each of the 99 percentile estimates of theare virtually identical, but this is a coincidence: the changes
four parameters, forming a 99 member PPE; we do this onlyin ice discharge and SMB are different, and the differences
for the ECHAMS projection. just compensate each other so that the sea level contributions

The drift in the control simulations is very small (0.03%, are the same. The two models do have similar initialisation
or less, of the cumulative projected sea level contribution atprocedures, but the differing dynamic and SMB responses
2200) for all models except Elmer/Ice, which has a drift of 2— lead us to believe this is not the reason for the similar results.
2.5% (4 mm). For this model, drift is not constrained dur- CISM seems to be an outlier in the ISM ensemble, particu-
ing the initialisation procedure and the free-surface elevatiorarly at 2200 (Fig2; Table5), in both the no feedback result
has been allowed to diverge from observations for a relax{low) and the magnitude of the feedback (small), though the
ation period of only 55 yr. The applied SMB is not corrected latter may be a result of the former. The GISM-SIA results
by a synthetic SMB, and the remaining drift shows the drift are very similar to those of GISM-HO. This can be explained
of the model when directly applying the 1989-2008 meanby the identical model set-up and their similarity in response
SMB given by MAR forced under ERA-INTERIM. This drift  to perturbations; the only difference between the two models
is corrected by subtracting the control simulation from theis in the dynamic response, which is a much smaller contri-
projections. bution than the SMB responsEi(rst et al.2013.
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Table 4. Projected sea level contribution (mm) at 2100 for the Table 5. As for Table4, but at 2200.
ECHAMS (top) and HadCM3 (bottom) A1B projections: no feed-

back, 2.5 % quantile, best, and 97.5 % quantile estimates. Model No 2.5% Best 97.5%
feedback estimate
0, 0,
Model No 25% .Best 97.5% ECHAMS
feedback estimate

CISM 150.8 151.3 158.1 173.1
ECHAMS Elmer/Ice* 1649 171.3 181.0 189.5
CISM 53.7 53.8 54.7 56.9 GISM-HO* 160.3 166.9 176.7 186.6
Elmer/ice* 57.0 58.2 59.8 60.9 GISM-SIA 160.4 166.9 176.8 186.6
GISM-HO* 55.7 56.8 58.3 59.8 GRISLI* 165.7 171.6 181.2 190.8
GISM-SIA 56.6 57.6 59.2 60.6 MPAS 1705 177.7 188.7 199.6
GRISLI* 57.1 58.1 59.6 61.0 -
MPAS 574 584 60.0 61.4 Mean (*) 163.6 169.9 179.6 189.0
Mean (*) 56.6 57.7 502 605 HadCMm3

Elmer/Ice* 1775 184.7 195.8 205.7
HadCM3 GISM-HO* 1719 179.6 191.1 202.3
Elmer/ice* 64.8 66.1 67.9 69.2 GISM-SIA 171.7 179.3 190.7 201.9
GISM-HO* 62.9 64.3 66.0 67.7 GRISLI* 177.2 184.1 195.0 206.0
GISM-SIA 63.5 64.9 66.7 68.3 .
GRISLI * 64.7 66.0 67.7 69.3 Mean (*) 175.5 182.8 194.0 204.6
Mean (*) 64.1 65.4 67.2 68.7

ECHAMS5

80
|

HadCMm3

We can compare ECHAMS5 and HadCM3 using the three
ISMs that used both projections (Elmer/Ice, GISM-HO and
GRISLI, from here on called the “starred” models). The
HadCM3-forced projection gives consistently higher sea
level contributions than the ECHAMb5-forced, because the
HadCM3-forced MAR simulation projects greater meltwa-
ter runoff Rae et al.2012. Without elevation feedback, the
mean GrIS sea level contributions at 2100 are 57 mm for
ECHAMS5 and 64 mm for HadCM3; with feedback, these " l * ” x
increase by 3mm (5%). At 2200, the mean contributions
without feedback are 164 mm for ECHAM5 and 176 mm
for HadCM3; the feedback contributes an additional 16 mm
(10%) and 19 mm (11 %), respectively.

Not only does the contribution due to the feedback in-Fig. 1. Projected cumulative GriS sea level contributions for the
crease with time, but so does the uncertainty. Our experiECHAMS5 and HadCM3 A 1B projections at 2100. Crosses mark
mental design allows us to inspect the changes and relativeimulations with no elevation feedback. Bars mark the estimated
importance of the different modelling uncertainties. At 2100 95 % credibility intervals and (central tick) best estimates of the el-
(Fig. 1; Table4), the GCM differences are, respectively, 2.6 evation feedback parameterisation.
and 1.7 times those of the elevation feedback parameterisa-
tion and ISM uncertainties: the mean difference between the
two GCMs (averaged over the no feedback and three feedin other words, the parameterisation and ISM uncertainties
back estimates) for the three starred models is 7.8 mm; théncrease by a factor of seven and six, respectively, between
mean spread of all five ISMs for ECHAMS5 is 4.5mm; and 2100 and 2200, while the difference between the two GCMs
the mean 95% CI (over all ISMs and GCMs) is 3.0 mm. barely doubles. The relative contributions to our uncertainty
But by 2200 (Fig.2; Table5), the relative importance has thus depend on the timescale of interest.
changed. The ISM spread and elevation feedback param- This can be seen clearly in Fig, which shows the frac-
eterisation uncertainty overtake the difference between théional uncertainties as a function of time with a 15yr run-
two GCMs: the mean difference between the two GCMs isning mean applied. Although we have a small number of ice
13.7 mm; the mean spread of ISMs for ECHAMS is 25.8 mm; sheet and climate models, it is useful to examine the relative
and the mean 95 % CI (over all ISMs and GCMs) is 20.8 mm.importance of different uncertainties in our study to inform

70
|

Sea level contribution (mm)
65
1

50
|

CISM  Elmerice GISM-HO  GISM-SIA GRISLI MPAS
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— Parametric (95% CL) Fig. 4. GISM-SIA projections for sea level contribution in 2100
— GCM (range) (red) and 2200 (blue): no elevation feedback (dashed vertical line)
ISM (range) and with feedback (histograms and density estimates).

0.8
|

again (the range increases faster than the signal). The time
dependence of the GCM structural uncertainty explored (the
difference between ECHAM5 and HadCM3 results divided
by their mean, averaged over the best estimates for the three
starred ISMs) appears at first glance to be similar, but the
underlying reason is different: it rapidly falls to a mini-
mum when the two GCMs projections happen to coincide
/\ for a short period (see ald®ae et al.2012). After a short
/_LL-—/”'>_< increase due to the GCMs diverging again, the fractional un-
= certainty slowly falls because the signal increases faster than
[ ‘ ‘ ‘ L the range. The fractional uncertainty due to the parameterisa-
2000 20%0 2100 2150 2200 tion (95 % CI divided by the best estimate, averaged over all
Year ISMs and GCMs) is initially very small, but increases fairly

Fig. 3. Fractional uncertainties in projected cumulative GrIS seallnearly with time: the width of the CI scales with the sig- .
level contributions for elevation feedback parameterisation (95 %nal: In the Iattgr part of the second century the parameteri-
credibility interval divided by best estimate, averaged over ISMs Sation uncertainty overtakes that of the GCMs. These results
and GCMs; GCMs (difference between ECHAMS and HadCM3 di- are discussed further in the next section.
vided by their mean, averaged over ISM best estimates; and ISMs The 99 member GISM-SIA PPE gives the entire sea level
(range of ISM best estimates divided by their mean, for ECHAMS5 probability distribution (Fig.4) because it jointly samples
projections). A 15yr running mean is applied. the full probability distributions of each of the four gradient
parameters rather than just the bounds of the 95% Cls. We
can inspect any other interval, such as the 90% CI (177.3—
future work: for example, determining which uncertainties 194.7 mm) or 50 % CI (182.3—190.6 mm). We can also test
are largest in our experimental design, and how others mayhether the projected distribution of sea level contributions
therefore choose to prioritise their computational resourcesis symmetric about the best estimate of 186.1mm. The
At the start of the projections, the ISM structural uncertainty 95 % ClI is symmetric£10.4 mm), and the 90 % CI nearly
explored (the range of five ISM best estimates divided byso (—8.8 mm, 4-8.6 mm), but the 50 % interval«3.8 mm,
their mean, for the ECHAMS projections) is a large frac- +3.5mm) indicates the probability density leans slightly to-
tion because the signal is small, but the fraction decreasewards the higher sea level contributions.
(the signal increases faster than the range) during the first
half of the twentieth century. After this the fraction increases

0.6

Fractional uncertainty
0.4

0.2
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4 Discussion

. 4.1 Elevation feedback

185
I

Itis important to quantify the SMB—elevation feedback, rela-
tive to projections without it (such @ae et al.2012), to im-
prove our assessments of GrlS sensitivity to climate change.
Using RCMs to simulate SMB represents the processes more
fully than with ISMs; using ISMs to evaluate the feedback it-
self gives a more complete picture than with RCMs alone (by

180
I

Sea level contribution at 2200 (mm)
175
1

7 modifying their topography), because they simulate the en-

i tire GrIS response rather than only the SMB aspect. Param-

8 1 - North, SMB <0 eterising the SMB—-elevation feedback gives the best of both
e oo worlds, allowing ISMs to be forced with SMB from RCMs

- + South, SMB >= 0 and include the feedback, while being computationally cheap

< : ‘ ‘ ‘ : enough to explore model uncertainties. The response of SMB

-1 0 1 2 3 to changes in ice surface elevation is complex and nonlinear,

Gradient (g m® &) and even with a probabilistic uncertainty assessment, a lin-

ear parameterisation cannot fully represent the SMB changes
Fig. 5. GISM-SIA projections for sea level contribution in 2200 as that would be modelled by a fully coupled RCM-ISM. How-
a function of elevation feedback gradient values. ever, the advantages of our particular parameterisation over
other studies are described in the companion pdpdwards

. , etal, 2014.
The unimodal and (broadly) symmetric shape of the PPE  \yis present the first application of an SMB—elevation pa-

sea level distribution is probably a result of the unimodal andy; meterisation to RCM projections of future sea level rise.
(in most cases) symmetric shapes of the four posterior probre feedback always increases sea level rise, even for the
ability distributions of the gradient value&dwards et al.  |o\er bounds of our 95 % Cls (despite the negative gradient
2014, combined with the linear model of adjustment. Fig- 5)yes: Tables). But the additional contribution is relatively
ure 5 shows the dependence of the sea level contributionymq) with best estimates 4.3 % at 2100 and 9.6 % at 2200.
on the gradient sets. However, this cannot show which of \y\ie can compare these results with estimates from the
the four gradients is most important because they are varieghcn alone. When MAR is forced by the GCM MIROCS
jointly. But it illustrates some characteristics of the param- ,nqer the Representative Concentration Pathway RCP8.5
eterisation structure and uncertainties: first, the relationshi|cuv|OSS et al. 2010, changing the ice sheet height by an
between sea level contribution and SMB lapse rates is fairly; jount equivalent to cumulative projected SMB changes

linear, save for a clear change in slope for the south SMB  4m 2000-2079 gives a much greater feedback contribution
lapse rate. Thl_s is due to the Imegr ac;ijustment model, but i$han our result: 5-15 % over just one centUfgitweis et al.
perhaps surprisingly robust considering the SMB lapse 5013 At first glance this might appear to be due to the use of
rates range from negative to positive values, and considering high-end scenario (relative to the medium scenario A1B),
there is a positive feedpack in adjusting SMB. !n fact the 'at'giving larger SMB changes and therefore a larger feedback.
ter effect can be seen in the SMBO slopes, which become ™ 5y ever, the greater feedback contribution in the RCM

slightly steeper at larger SMB lapse rates. Second, the magy ¢ jikely arises from the absence of ice dynamics. Perhaps
nitude of the slopes illustrate the characteristics of the SMBg,nter-intuitively, sea level rise from the total GrlS response

lapse rate probability distribution&@wards et a.2014:  (gvB and dynamics) is smaller than from the SMB response

shallower slopes for the two SMBO lapse rates are aresult 5jone. Recentice2sea studies (&ilet-Chaulet et a]. 2012

of their broader probability distributions, i.e. larger absolute geizer et al.2013 have highlighted the complexity of the

uncertainties, relative to the SMBO lapse rates. Similarly, jnteractions between SMB and dynamic responses. Dynamic

the south SMB- 0 slope change is due to the asymmetric 555 |oss and SMB-related mass loss are not additive: mass

probability distribution. loss by one process decreases loss by the other, so we cannot
neatly divide sea level contributions into, for example, 60 %
SMB and 40 % dynamic. SMB removes ice (e.g. through
melting) before it can reach the ice sheet margin to be dis-
charged. Conversely, dynamics remove ice before it can melt
and also partly compensate surface height decreases (from
increased melting) by redistributing mass gained at the top
of the ice sheet, thickening the ablation zone and therefore
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reducing melting. Further discussion can be founGithet- 4.2 Modelling uncertainties
Chaulet et al(2012 and Goelzer et al(2013, though this
is not a recent findingHuybrechts and de WoldgL999, It is a research priority to improve quantification of ice sheet

for example, find a 24 % lower sea level contribution by model uncertainties, so as to make meaningful and complete
2100 from Greenland when dynamics are included. In ourstatements about the difference between our projections and
study the time integrated SMB changes for the ECHAMS5- the real world. Research in this area is sparse, but the ice
forced MAR simulation contribute 62.7 mm to sea level by sheet modelling community can make rapid improvements

2100 and 211.4 mm by 220G 0elzer et a].2013, while the by applying established uncertainty quantification techniques

total responses from the ice sheet models are substantiallffom climate and other environmental modelling research ar-

smaller: 53.7-57.4mm at 2100 and 150.8-170.5 mm at 220@as, as we have done here.

(Tables4 andb). Our method is novel because we propagate three types of
Therefore, it is not surprising that SMB-only projections, model uncertainty — GCM structural uncertainty, ISM struc-
without coupling to an ice sheet model, show larger SMB—tural uncertainty, and elevation feedback parameterisation
elevation feedback contributions. The results frBettweis  uncertainty — along the causal chain from SRES scenario to
et al. (2013 are likely overestimates. Only a coupled RCM- sea level within a coherent experimental design and statis-
ISM would allow full evaluation of this response, but our tical framework. In particular, parameter uncertainty is esti-

results suggest that the feedback effect is small enough thahated with a probabilistic method, which gives well-defined
using such models for one- or two-century simulations maycredibility intervals (Cls) rather than simple sensitivity anal-
not be justified given the additional computational expenseysis; all ISMs use the same parameterisation and parameter
technical difficulty, and severe restrictions on exploring mod-sampling, and are forced with the same GCMs and RCM,
elling uncertainties. enabling comparisons across ISMs; and MAR is forced with
We can also compare these results with estimates from atwo GCM forcings under the same SRES scenario, enabling
ISM alone. Some have previously suggested that the simeomparisons between ECHAM5 and HadCM3. A similar ap-
pler PDD descriptions of ice sheet response are too senproach is taken bghannon et al2013 for a new parame-
sitive to climate changevan de Wal 1996 van de Berg  terisation of GrIS basal lubrication. This experimental de-
2011), but recent studies find they are less sensitive tharsign gives us the opportunity to assess the relative importance
MAR and RACMO/GR Goelzer et al.2013 Helsen et al.  of various modelling uncertainties and how these vary with
2017%, Vernon et al.2013 Hanna et al.201]). Goelzer etal. time. We discuss parametric uncertainties, structural uncer-
(2013 compare projections from our parameterisation ver-tainties, time dependence, and future directions.
sus the GISM PDD scheme, using the same ice sheet extent The feedback parameter uncertainties translate to a uni-
and RCM, andHelsen et al(2011) compare their param- modal and fairly symmetric probability distribution for sea
eterisation of the RACMO2/GR SMB-elevation feedback level contribution (Fig4), because of the linear SMB adjust-
with PDD results. In both cases the PDD schemes predictnent and the sampling from unimodal and (in most cases)
a smaller sea level contribution in a warmer climate thansymmetric probability distributions for the gradientsd¢
the RCMs: for exampleGoelzer et al(2013 find the PDD  wards et al.2014). If the gradient distributions derived from
model gives a 31 % lower sea level contribution than MAR. MAR were strongly asymmetric or multimodal, or the SMB
There are many differences between physically based energgdjustment nonlinear, the sea level distribution might be
balance RCM schemes and empirical PDD schemes, includa different shape. Here is the real value of Bayesian param-
ing the presence of albedo feedback in the RCMs, higheeter estimation Edwards et a).2014 and sampling these
spatial resolution in the PDD schemes, and different treat-uncertainties with perturbed parameter ensembles, because
ment of refreezingGoelzer et al.2013. Our parameterisa- such things are generally not known in advance. The slight
tion of the SMB—-elevation feedback is more complex thanasymmetry in the sea level probability distribution described
a PDD scheme, in that it estimates probability distributionsin the previous section might become more pronounced for
rather than a fixed lapse rate, includes nonlinear precipitatimescales longer than two centuries.
tion aspects, and incorporates variation of the feedback with If substantially greater computational and time resources
climate, topography and region (through the use of four prob-were available, a natural next step might be a more thor-
ability distributions). ough exploration of parametric uncertainties, by simultane-
This parameterisation could be used to correct low resolu-ously perturbing additional parameters of the ISMs and, if
tion MAR simulations onto a high resolution digital elevation possible, parameters of the climate models. Climate model
map; the difference in elevation between the two topogra-PPEs are used extensively (eMurphy et al, 2009; RCM
phies is analogous to the geometry evolution in ISM simu-PPEs are relatively rare due to their computational expense
lations. This correction might improve the realism of MAR (e.g. Sexton and Murphy2011). Two ISM PPEs are pre-
SMB simulations, which would be useful not only for forcing sented byStone et al(2010 andApplegate et a2011), who
ISMs but also comparing with observations. vary multiple parameters simultaneously in order to explore
their interactions. For example, surface lowering driven by
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parameterised dynamic processes (such as basal lubricatiotheir computational expense. An ensemble of RCMs would
Shannon et 12013 could interact differently with the ele- also require a new parameterisation of the SMB—elevation
vation feedback depending on the values of the relevant pafeedback for each. For further exploration of MAR and GCM
rameters. Performing multiple parameter perturbations mightincertainties, we refer tBettweis et al(2013 who evalu-
affect the shape of the distribution of projected sea level con-ate the effects of changing the MAR tundra/ice mask and ice
tributions. sheet topography, and using a range of GCMs for forcing,

Structural uncertainties are much more challenging toon simulations of current climate and projections of future
quantify. Using multi-model ensembles is a necessary firstlimate change.
step. But there is no well-defined space from which to sample We therefore do not claim to make a full assessment of
(as there is for parameters). Models have common compomodelling uncertainty in sea level projections. Such an as-
nents and errors that are likely to reduce the ensemble ranggessment would require perturbing other parameters of the
relative to our uncertainty about the climate and GrlS. It isice sheet models, perturbing parameters of the climate mod-
extremely difficult to express this probabilistically — to quan- els, and quantifying ice sheet model and climate model
tify the degree to which the spread of a model ensemble enstructural uncertainties through, for example, large multi-
compasses our true uncertainty about the system — and themodel ensembles of ISMs, RCMs and GCMs. This is be-
is no consensus about how to do so. Given these difficultiesyond present capabilities, though we believe it should be our
and our small ensemble sizes, we do not claim to quantifyaim. These additional uncertainties have potentially large ef-
ISM and GCM structural uncertainties, only to sample from fects on predictions of future mass loss, which would result
them. It is better to sample from this space, to explore it par-in wider credibility intervals than those presented here. We
tially, than to ignore it. Coherent experimental design suchreiterate that our uncertainty assessment pertains mainly to
as this — systematic sampling of models, parameterisationJncertainties from the elevation feedback parameterisation,
and parameter values — is essential to better understanding @fith additional exploration of the effects of ice sheet and
structural uncertainties. global climate model uncertainties.

The structural uncertainty we explore mostis in the ISMs.  Our quantification of the relative magnitude of modelling
This arises from structural differences in ice sheet modelling,uncertainties through time (Fi@) is specific to our partic-
including representation of the Stokes equations, numericallar choices and opportunities: the RCM, GCMs and ISMs;
methods, grid resolution, initialisation procedures, and driftthe emissions scenario; our method of extending the scenario
correction. Given these differences, it might seem surprisingrom 2100 to 2199; and (trivially) our chosen CI width. If
that the results from different ice sheet models are so similarwe used a scenario in which the SMB projections were more
Goelzer et al(2013 compare GrIS sea level projections with negative than for A1B, such as RCP8.5, or less negative, such
different plausible modelling choices for a single ice sheetas E1 Rae et al.2012), the elevation feedback would be cor-
model (GISM-HO) and the same RCM (MAR) and GCM respondingly larger or smaller and so would the uncertainty.
(ECHAMD) as here, and obtain a wider range of projections.Similarly, if we were to use 200yr GCM and RCM simula-
But our results confirm the importance of SMB versus dy- tions, that is, drive MAR with GCM simulations that were
namic mass loss. The large spread in resultSéelzer etal.  forced in the second century with the A1B scenario at 2100,
(2013 arises from differing SMB projections: an RCM, a rather than repeating the decade 2090-2099 from the MAR
PDD model forced with an RCM, and a PDD model forced simulations ten times, the SMB forcing would likely con-
with a GCM. In our study all models (by definition) use the tinue to decrease rather than remain fixed. This would lead
same projected SMB changes, and also use the same maskttma more rapid increase in the sea level projections with el-
define ice sheet extent (Se2t3). The dynamical response evation feedback. The ISM fractional uncertainty might then
of the GrIS is smaller than the SMB response, so differ-notincrease in the second century, or not by as much 8ig.
ences in model physics, numerical methods, grid and evethis would depend on the relative responses of the ISMs. The
initialisation cannot substantially alter the sea level contribu-GCM range might increase more quickly than the mean, giv-
tion: SMB is the dominant driver of sea level rise. This con- ing a time-dependent fractional uncertainty that is more sim-
firms results by others such &illet-Chaulet et al(2012 ilar in shape to the ISM fractional uncertainty (Fg8).
andGoelzer et al(2013. Such choices and limitations are unavoidable given the

We use only two GCMs and do not explore RCM struc- substantial computational expense of a three stage model
tural uncertainty at all. We do incorporate uncertainty in the chain in which two stages are climate models. Nevertheless,
structure of our parameterisation of MAR, by including a dis- this work begins the process of determining where to focus
crepancy variance term when estimating the gradieébtls ( computational resources and model development for differ-
wards et al.2014), but this refers to our parameterisation of ent decision-making timescales.
the MAR elevation feedback, not the MAR simulation of the
feedback in the real world; the latter is the RCM structural
uncertainty. We could sample RCM structural uncertainty us-
ing multiple RCMs, but this is extremely challenging due to
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coupled RCM-ISM models may not be justified for the addi-
tional computational expense and technical difficulty of cou-
pling, at least for medium to low emissions scenarios.
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