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Abstract. We examine how the evaluation of modelled sea-1 Introduction

ice coverage against reality is affected by uncertainties in the

retrieval of sea-ice coverage from satellite, by the usage of

sea-ice extent to overcome these uncertainties, and by in[he evaluation of climate-model simulations against reality
ternal variability. We find that for Arctic summer sea ice, IS important both to build confidence in future projections
model biases in sea-ice extent can be qualitatively differenfrom these models and to understand and improve their pos-
from biases in sea-ice area. This is because about half of thélble shortcomings. For a useful evaluation, two quantities
CMIP5 models and satellite retrievals based on the Bootstrapnust be known: first, the real evolution of the variable that is
and the ASI algorithm show a compact ice cover in summert0 be evaluated, and second, the degree to which one can ex-
with large areas of high-concentration sea ice, while the otheP€Ct agreement between simulation and reality in light of the
half of the CMIP5 models and satellite retrievals based oninternal variability of the climate system. In this contribution
the NASA Team algorithm show a loose ice cover. For theWe examine how the evaluation of modelled sea-ice coverage
Arctic winter sea-ice cover, differences in grid geometry caniS affected by the incomplete knowledge of both quantities
cause synthetic biases in sea-ice extent that are larger than t§&d by the standard approach that is taken to overcome this
observational uncertainty. Comparing the uncertainty arisincomplete knowledge.

ing directly from the satellite retrievals with those that arise | he incomplete knowledge of the actual state of the sea-
from internal variability, we find that the latter by far domi- ice cover arises primarily from the difficulty in accurately
nates the uncertainty estimate for trends in sea-ice extent arféetermining sea-ice concentration from space, which is the
area: most of the differences between modelled and observe@ly feasible method to obtain daily global data. Because
trends can simply be explained by internal variability. For Of wide-spread cloud coverage, most often the passive mi-
absolute sea-ice area and sea-ice extent, however, intern@fowave signature of the ocean surface as retrieved from
variability cannot explain the difference between model angsatellites is used to derive the most likely sea-ice concen-
observations for about half the CMIP5 models that we anal-tration in a specific area. This passive microwave signature
yse here. All models that we examined have regional biasedS: however, strongly affected by meltwater at the ice surface
as expressed by the root-mean-square error in concentrationd also by surface temperature, wind speed, humidity and

that are larger than the differences between individual satelother atmospheric properties. Because of these influencing
lite algorithms. factors, different retrieval algorithms result in different esti-

mates of sea-ice concentration in a particular area (see, for
example, Comiso et al. 1997 Kwok, 2002 Meier, 2005
Andersen et al2007).

These long-known discrepancies between sea-ice concen-
tration estimates from different algorithms imply some un-
certainty in our knowledge of the “true” sea-ice coverage. To
still allow for the comparison of model simulations against a
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reliable “true” state of sea-ice coverage, most studies that aim

at evaluating multiple models against reality have resorted to  (2) Observations

using a quantity called sea-ice extent that differs only min- Area =70 km

imally between the various algorithms. This quantity mea- :

sures the total area of the ocean surface in which significant gl | | 20'
amounts of sea ice exist. To calculate sea-ice extent in grid- Extent = 200 km?

ded data, one usually adds the area of all grid cells with an
ice concentration of more than 15 %. Hence, sea-ice extent in
. . (b) Model 1
a certain area would be the same for an algorithm that sees a Area = 60 km?
sea-ice concentration of, for example, 40 % and for an algo-
rithm that sees a sea-ice concentration of 60 %. While sea-ice
extent was initially only used to assess the observed long-
term evolution of the sea-ice cover (eZyally et al, 1983 Extent = 300 km?
Parkinson et a].1987%), it has now become common practice
to use sea-ice extent also as the primary (and often sole) vari- (¢) Model 2
able to assess the quality of modelled sea-ice coverage (e.g.

Stroeve et a).2007, 2012 Massonnet et g12012).
Sea-ice extent is always larger than the more direct inte-

Area = 90 km?

grative measure sea-ice area, which is simply the total area Extent = 100 km?
of the sea-ice cover and as such a much more direct measure
of ice coverage. Important physical quantities such as Arctic- 100 km? grid box counted for extent

wide average albedo, open-water fraction and thus ocean—
atmosphere heat exchange depend therefore much more di- I 100 km? grid box not counted for extent
rectly on sea-ice area than on the non-linear measure sea—icel:l Sea ice
extent. This was already acknowledged by early works on
satellite remote sensing (wally et al, 1983. The focus  Fig. 1. A fictitious example to illustrate the possible non-intuitive
on sea-ice extent is, as described, nevertheless understan@iationship between sea-ice area and sea-ice ex&rh the ob-
able since this parameter can be more reliably observed fromervations, the ice pack is distributed such that two grid cells are
ships, airplanes and satellites than sea-ice area. This then alovered by more than 15 % icf) In a fictitious model simulation,
lows both for a better assessment of the long-term (includind®ss sea ce than in the observations is distributed such that three grid
pre-satellite) evolution of the ice cover and reduces the un<ells are covered by more than 15% i¢e) In a fictitious model
certainty of the observational data against which model Sim_5|mulat|on, morg sea |F:e than in the observations is Q|str|buted such
. that only one grid cell is covered by more than 15% ice.
ulations are compared.
This reduction in uncertainty in the observational data
comes, however, at a price, in that sea-ice extent can give
misleading results regarding model quality. Consider the triv-Model MPI-ESM: compared to observations, this model has
ial, fictitious observed sea-ice cover in three grid cells shownabout 6 % too small a September Arctic sea-ice extent, but
in Fig. 1a. Compared to these observations, a model coul®0 % too small a sea-ice ardddiz et al, 2013. In contrast,
simulate a smaller sea-ice area that nevertheless results inthis model’s predecessor ECHAMS5/MPIOM had about 20 %
larger sea-ice extent because of a slight shift in the location otoo large a September Arctic sea-ice extent, but only about
the spatial distribution of the sea-ice cover (Hig). Amodel 7% too large a sea-ice area. This gave rise to the question
could also simulate a larger sea-ice area with a smaller seaf whether too strong a focus on sea-ice extent can give mis-
ice extent (Figlc). Hence, small shifts in the location of the leading results regarding the quality of modelled sea-ice cov-
modelled sea-ice pack, in particular in the marginal ice zoneerage, and which implications this has for quantitative model
with its strong gradients in sea-ice concentration, can resulevaluation.
in misleading results regarding the actual bias in modelled In this contribution, we examine these questions by
sea-ice cover. analysing output from models that have contributed to the
In addition to these grid-independent issues, there is als€Coupled Model Intercomparison Project, phase 5 (CMIP5).
a grid-dependent issue related to the usage of sea-ice exte@ur aim is to give the reader a quantitative assessment, and
vs. sea-ice area. Generally, higher grid resolution causes an explanation, for the different outcomes in model-data
lower sea-ice extent. At very high resolution, sea-ice extenttomparison studies based on sea-ice extent vs. sea-ice area
converges to the same value as sea-ice area, since then almestd their trends. Because positive and negative regional bi-
all grid cells will either be fully ice covered or fully ice free. ases cancel each other out in the calculation of either sea-
We became aware of these issues when we analysed resuite extent or sea-ice area, we additionally analyse these
from the Max Planck Institute for Meteorology Earth System measures’ relationship to the mean absolute bias in sea-ice
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concentration, which avoids such cancellation of errors. Wethe Bootstrap algorithmomisq 1986 and the NASA Team
also touch upon the issue of local biases in sea-ice concentralgorithm Cavalieri et al. 1984 that forms the basis for the
tion, which are relevant for a more detailed analysis of modeINSIDC Sea-Ice IndexHetterer et a).2002, updated 2032
quality. Our aim is to allow the reader an informed assess-Both provide sea-ice concentration data from 1979 onwards,
ment of which parameter to use for a specific purpose andnd will be used throughout this study to exemplify the short-
how to handle the related observational uncertainty. In parcomings of a direct comparison of modelled sea-ice extent
ticular, we put our findings into the context of uncertainty to one particular satellite algorithm. Additionally, we con-
that arises because of the internal variability of the Arctic sider retrievals based on the ASI algorithika(eschke et al.
climate system. 2001 Spreen et al2008, which provides sea-ice concentra-

The satellite products and the model data that we use aréon based on SSM/I data from 1991 onwards and based on
introduced in Sect. 2. In Sect. 3.1, we analyse the compactAMSR-E data from 2002 onwards.
ness of the modelled and satellite-retrieved sea-ice cover, Sea-ice concentration retrieved through the Bootstrap al-
which is important to understand the analysis of the differentgorithm is, especially in summertime, probably closer to the
biases in sea-ice extent, area, and in their trends, discussedal sea-ice concentration than that from the NASA Team
in Sect. 3.2. In Sect. 3.3, we examine the impact of grid res-algorithm, because the latter has been found to be biased
olution, followed by an analysis of cancelling negative and low compared to independent observations (&gnew and
positive biases in Sect. 3.4. Section 3.5 then contains an anaHowell, 2003 Partington et a).2003. The Bootstrap algo-
ysis of the impact of internal variability on the assessment ofrithm, in contrast, results in estimates of sea-ice concentra-
model quality. In Sect. 3.6 we briefly touch upon some issuedion that are very close to the “Climate Data Record of Pas-
related to the non-linearity of sea-ice extent. We discuss theive Microwave Sea Ice Concentration” (CDReier et al,
implications of these findings for model-evaluation purposes2017]) that is a merged product of different algorithms with
in Sect. 4. Our main findings are then summarised in Sect. 5the aim to provide a consistent time series of sea-ice con-

centration. In summer, estimates of sea-ice area of the Boot-
strap algorithm also agree favourably with estimates based
2 Models and data on the ASI algorithm from SSMI satellite data and the higher
resolved AMSR-E satellite data, while estimates of sea-ice
For our analysis, we focus on the period 1979-2005, whicharea based on the NASA Team algorithm are significantly
is the overlapping period of the most-widely used satellitelower (Fig. 2). Since all passive-microwave algorithms will
records of sea-ice coverage and the “historical” simulationssee surface melt ponds as open water, their estimates of sea-
of the CMIP5 protocolTaylor et al, 2012). These historical ice concentration in summer have been found to be lower
simulations are forced by the observed evolution of greenthan independent observatiordomiso and Nishiq2008
house gases, solar radiation, etc. For all 117 historical simuhave therefore suggested to synthetically increase sea-ice ex-
lations from 26 different models that we consider here, timetent by a 25 km-wide margin during the melt season. In line
series of monthly mean sea-ice extent and area are calcwyith existing model—-satellite intercomparison studies we will
lated from their monthly mean sea-ice concentration fields.not take such a measure for our model-satellite intercompar-
The sea-ice extent is calculated as the total area of all gridson in Sect. 3. We will, however, return to the issue of the
cells with at least 15% sea-ice concentration. For sea-icéow-bias in satellite retrievals in Sect. 4. There we will also
area, the area of all grid cells is multiplied by their sea- discuss in more detail the greater uncertainty of the retrieved
ice concentration and then added. For sea-ice area and esea-ice area and the differences between the various algo-
tent, linear trends are calculated as a least-squares fit to théthms shown in Fig2.
time series. Ensemble-mean and multi-model mean time se-
ries of sea-ice extent and sea-ice area are calculated as the
ensemble-mean and the multi-model mean of the individ-3 Results
ual simulations’ time-series of these two parameters, and not
from the ensemble-mean or multi-model mean concentratior8.1  The frequency distribution of sea-ice concentration
fields (compare Sect. 3.6).

The model results are compared against satellite retrieval3he Bootstrap and the NASA Team algorithms result in sim-
of sea-ice concentration. As described in the introduction,lar estimates of mean September Arctic sea-ice extent for
different algorithms result in different estimates of sea-icethe period 1979—-2005, namely 7.3 million krfior the Boot-
concentration because they are based on different transfestrap algorithm and 6.9 million kfrfor the NASA Team al-
functions to derive sea-ice concentration from the measuredorithm. It is usually assumed that this difference is small
passive-microwave signature. These differences are best doenough to allow for the meaningful, quantitative comparison
umented (e.gComiso et al. 1997 Kwok, 2002 for the of modelled sea-ice extent against the estimated extent from
two satellite algorithms for sea-ice concentration that arean individual satellite retrieval. The difference in Septem-
most widely used for model-data intercomparison studiesber mean sea-ice area for the same period is much larger,
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Fig. 3. Histogram of 1979-2005 sea-ice concentration in all ar-
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Fig. 2. September and March sea-ice area and sea-ice extent as re-
trieved from satellite for the period 1979-2010. Different colors

denote different algorithms or satellites. Area and extent were cal- . . ith ab % of all
culated based on sea-ice concentration fields on EASE grids WitHCe cover is very compact in summer, with about 70 % of a

25 km resolution (NASA Team and Bootstrap, based on SMMR andi€-covered grid cells having more than 90 % ice concentra-
SMM/I, 1979-2010), 12km resolution (ASI SSM/I, 1992-2010) tion (Fig.3a). In contrast, according to the NASA Team algo-
and 6 km resolution (ASI AMSR-E, 2002-2010). rithm the ice cover is quite loose, with only about 20 % of all
ice-covered grid cells having such high ice concentration in
summer (Fig3b). This difference comes primarily about by
with 6.3 million kn? for the Bootstrap algorithm compared the different treatment of sea ice that is covered by surface
to only 5.2 million kn? for the NASA Team algorithm. This  meltwater Meier and Notz201Q L. T. Pedersen, personal
much larger difference is the main reason why the sea-iceommunication, 2013): while both algorithms interpret the
area estimate of an individual satellite retrieval is usually notmeltwater-covered sea ice as open water, the Bootstrap al-
used for model-evaluation purposes. Such large relative difgorithm more strongly compensates for this well-known bias
ference arises, however, only in summer: in March, both thecompared to the NASA Team algorithm. The two versions of
estimates of sea-ice area and of sea-ice extent are similar béhe ASI algorithm that were analysed for the present study
tween the two algorithms, as the mean 1979-2005 sea-icehow a similarly compact ice cover as the Bootstrap algo-
extent is 15.9 million krf for Bootstrap and 15.8 millionkf  rithm.
for NASA Team, while sea-ice area is 14.6 millionkror The large difference between the NASA Team and the
Bootstrap and 13.9 million kfnfor NASA Team. Bootstrap algorithms in the estimated frequency of high sea-
Since our focus here is on sea-ice extent vs. sea-ice area,ite concentration causes their large difference in estimated
is important to understand the cause for the different agreesea-ice area. In wintertime, the estimated frequency of high
ment between these two measures for the satellite algorithmsea-ice concentration is much more similar for the two al-
For this purpose, we consider the frequency distribution ofgorithms (Fig.3c, d), which explains the smaller difference
sea-ice concentration that is displayed by the two algorithmsof estimated sea-ice area for that season. Differences in es-
Of particular importance for the estimate of sea-ice area idimated sea-ice extent come about by different estimates of
the amount of ice-covered grid cells that have a very highthe frequency of low sea-ice concentration. Since at this end
ice concentration. According to the Bootstrap algorithm theof the spectrum differences between the two algorithms are
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Fig. 4. Histogram of 1979-2005 September sea-ice concentration in all grid cells with at least 0.1 % sea-ice concentration in CMIP5 model
simulations. The numbers on theaxis denote the upper limit of each bar: e.g. 20 denotes the concentration range 10 to 20 %. Red panels
denote histograms with a compact sea-ice cover, while blue panels denote histograms with a loose sea-ice cover. For models with multiple
simulations, the ensemble mean is shown.

small both in summer and winter, both algorithms result in  What is important, however, is to reiterate the fact that
similar estimates of sea-ice extent. the occurrence of a compact vs. a loose ice cover has dif-
Examining the frequency distribution of summer sea-iceferent implications in the models compared to the satellite
concentration in the CMIP5 model simulations, we find that retrievals: in the models, this terminology does indeed refer
these simulations can be divided into two groups. One grougo the actual simulated state of the ice cover. In the satellite
simulates a compact ice cover in summer (red panels inetrievals, however, this differentiation is above all a reflec-
Fig. 4), while the other group simulates a loose ice covertion of the different treatment of surface meltwater by the dif-
(blue panels in Figd). In winter, all models simulate a com- ferent algorithms. An algorithm that interprets more of that
pact ice cover (not shown). Somewhat arbitrarily, we chosemeltwater as ice free will necessarily result in an “observed”
a normalised frequency of 0.4 for the 90...100 % concen-oose ice cover, though this then has little to say about the
tration band as the dividing line between simulations with real properties of the ice pack.
a compact ice cover and simulations with a loose ice cover.
An alternative definition could be based on the ratio of the3 2 Extent vs. area
amount of sea ice in the highest concentration and that in
the second-highest class. Depending on the demarcation lingy nature of the definition of sea-ice extent, differences be-
for this ratio, this would slightly modify the composition of yeen sea-ice extent and sea-ice area are comparably small
the two classes without qualitatively affecting the results dis-for compact sea ice, because of the large number of grid cells
cussed in the following. with a very high ice concentration. In contrast, the difference
It would be interesting to examine why roughly half of the petween extent and area is usually much larger for a loose ice
CMIP5 models produce a compact ice cover while the othercoyer (see Figsa—c).
half does not, in particular since this might allow further in-  Tjs has direct consequences for the analysis of model bi-
sights into the quality of the satellite retrievals. Some initial 3565 pased on these two measures. We find for simulations
analyses point towards the relative distribution of melting be-yith a compact sea-ice cover that biases relative to the Boot-
tween lateral melt and thinning in individual models to play strap retrieval are similar for sea-ice area and sea-ice ex-
some role, but a conclusive analysis of this question is betent (red dots are close to red line in F&g). In particular,
yond the scope of this paper. all simulations with a compact sea-ice cover that are within
+10 % of the retrieved sea-ice extent are also withitD %
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Fig. 5. Overview of the September sea-ice coverage in the 117 historical CMIP5 simulations analysed for this study. Each individual dot

corresponds to a single simulation. The vertical lines show the values of the observational record and the mean of all simulations. The yellow

shading indicates estimated internal variability. All data refer to the period 1979-200&ean September sea-ice ar@y,mean September
sea-ice exten{c) difference between mean September sea-ice extent and mean September seafibdiaesa.trend in September sea-ice
area,(e) linear trend in September sea-ice extgftdifference between trend in September sea-ice extent and trend in September sea-ice
area. Models with a compact ice cover are labelled in red.

of the retrieved sea-ice area. For the simulations with a looseonsider that the former have a small difference between sea-
ice cover, we find that those models that underestimate sedee extent and sea-ice area, while the latter have a larger dif-
ice extent relative to the Bootstrap retrieval have a strongeference. Figure illustrates how this explains the different
percentage bias in sea-ice area than they have in sea-ice elsehaviour of the two model families: if any of the loose-ice
tent, while those simulations that overestimate sea-ice extergimulations with their comparably large difference between
have a smaller percentage bias in sea-ice area than in exteséa-ice extent and sea-ice area results in too small a mean
(Fig.6a). A number of simulations with a loose ice cover that sea-ice extent, this simulations’ bias in sea-ice area will be
fall within 10 % of the retrieved sea-ice extent are clearly comparably large. If, however, the simulation resulted in too
outside thet10 % range of the retrieved sea-ice area, andlarge a sea-ice extent, its bias in sea-ice area would be com-
vice versa. Hence, a focus on sea-ice extent can give misparably smaller — simply because the difference between ex-
leading results regarding model quality compared to a focudent and area is larger in the simulations than in the obser-
on sea-ice area (see also Fg, b, where a number of simu- vations. For simulations with a compact ice cover, biases in
lations with loose ice match the Bootstrap sea-ice extent welextent and area relative to the Bootstrap algorithm are very
but are below Bootstrap sea-ice area). similar, because these simulations’ difference between sea-
Relative to the satellite-retrieved estimates based on théce extent and sea-ice area is similar to that of the Boot-
NASA Team algorithm, we find that biases for sea-ice ex-strap observations. Compared to observations based on the
tent are similar to biases for sea-ice area for simulations wittNASA Team algorithm, the simulations with a compact ice
a loose ice cover (blue dots close to green line in Ba). cover have generally a lower difference between extent and
Simulations with a compact ice cover that overestimate thearea, which explains their contrasting behaviour relative to
mean sea-ice extent compared to the NASA Team algorithnthe NASA Team algorithm.
in contrast have a stronger percentage bias in sea-ice area,In winter, all simulations result in a compact sea-ice cover.
and vice versa. Therefore, in winter they have a difference between sea-ice
For March, all simulations and both satellite retrievals extent and sea-ice area similar to the Bootstrap observations,
have a compact ice cover. Hence, percentage biases in seahich explains the consistent wintertime biases of all model
ice area are for all simulations almost identical to the biasesimulations.
in sea-ice extent (Figb). Examining trends in sea-ice area and sea-ice extent, we
To understand this behaviour of simulations with a com-find that the Bootstrap retrieval gives almost the same num-
pact ice cover vs. those with a loose ice cover, we need tder for both these measures, namely an average loss of
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Fig. 7. Schematic to explain the findings in Fi§. because of the
smaller difference between sea-ice extent and sea-ice area in obser-
vations with a compact ice cover than in simulations with a loose ice
cover, models with a loose ice cover and slightly too large a simu-
lated sea-ice extent result in a comparably small bias in simulated
sea-ice area. The difference between simulated extent and simulated
area is the same for both simulations.

September area [million km2]
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September extent [million km2]

all the ice loss in the Bootstrap retrievals happens within

the ice-concentration range 90 to 100 %, with no compen-

sating increase in lower ice-concentration ranges (second to
last panel in Fig8). An ice loss at these high concentrations
will have roughly the same impact on sea-ice area and on sea-
ice extent. For most models, in contrast, the ice loss is spread
over a wider range of sea-ice concentrations. In addition, the
grid cells with high ice concentration often only lose some
of their ice, which then causes an increase in the number of
grid cells with intermediate ice concentration. This compen-
sation then causes a smaller loss of sea-ice extent than of
sea-ice area. Some models, however, also show a faster loss
in sea-ice extent than in sea-ice area. This behaviour can be
understood if a significant amount of grid cells with interme-
diate sea-ice concentration become ice free in a simulation.

‘ ‘ ‘ The entire area of these grid cells is then lost in terms of sea-

1213 14 15 16 17 18 19 ice extent, while only the fraction of these grid cells that was

March extent [million km?] ice-covered is lost from sea-ice area.
- The different biases in trends of area and extent in mod-

® Bootstrap retrievals . . .

e NASA Team retrievals els vs. the satellite retrievals obviously have consequences
Simulations with compact ice for the assessment of model quality (F8z). A number of
Simulations with loose ice simulations result in trends that lie within20 % of the Boot-

strap retrieved trends in sea-ice extent, while they lie outside

Fig. 6. (2) September an¢b) March sea-ice area vs. sea-ice extent the 20 % range for the simulated trends in sea-ice area. In

in models and satellite retrievals. The red line connects all valueparticular, models that have too fast a loss in sea-ice extent

pairs that have the same percentage bias in sea-ice extent and gompared to Bootstrap retrievals sometimes have too slow a

sea-ice area relative to the Bootstrap retrievals. The gray shadinbss in sea-ice area compared to the Bootstrap retrievals. The

indicates _ai—lO % range arqund the value_s obtai_ned from the Boot-sgme holds for the trends in winter sea-ice coverage 9big.

;trap r(_etrle_vals. Note that in March all simulations have CompaCtHence, again, an assessment of model quality based on an

ice, which is why there are no blue dots(h). analysis of trends in sea-ice extent can give misleading re-

sults.

March area [million km2]

0.56 million kn? per decade in sea-ice extent and a loss 0f3.3  Grid resolution

0.58 million kn? per decade in sea-ice area during the period

1979-2005. The models, in contrast, show inconsistent beWhile the different histograms of sea-ice concentration ex-
haviour, with both smaller and larger trends in sea-ice areglain most of the findings discussed so far, differences in
than in extent (Fig5d, f). The consistent trends in the satel- model grids might also be relevant for different biases in
lite retrieval can be understood by analysing the individualsea-ice extent and in sea-ice area. As discussed in the in-
trends for different ice-concentration ranges (B)g.Almost troduction, one would generally expect a smaller difference
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Fig. 8. Trends in September sea-ice area per ice-concentration category. The numbers arishdenote the upper limit of each bar: e.g.
20 denotes the concentration range 10 to 20.

between sea-ice extent and sea-ice area for higher grid re8.4 Cancelling biases
olution. The comparably high resolution of the satellite data

set might therefore have contributed to the comparably small

difference between sea-ice area and sea-ice extent for the® far. we have examined possible misinterpretations that
Bootstrap algorithm (Figsc). can arise when using sea-ice extent instead of sea-ice area

To examine this possibility, we bilinearly interpolated for model-evaluation purposes. However, both measures al-

the gridded Bootstrap-derived sea-ice concentration field forow for cancelling b!aseg gnd hence render a regional assess-
each month of the year 2007 from the original 25 km EASE ment of model quality difficult: a model that has a large pos-

grid to each individual model grid and then calculated arealtiVé Pias in sea-ice concentration in one region and a large

and extent on the model grids. We find that sea-ice area usJ1€92tive bias in another region might simulate a better over-
ally agrees well between the original grid and the individ- gll sea-ice area than a model that has weak negative biases

ual model grids, with a multi-model mean difference of less IN both regions. Therefore, an analysis of the mean absolute
than 50 000 krR all year round (blue line in FigL0). Indi- bias in sea-ice concentration gives a better indication of re-
vidual models typically show a mean difference of less thangional model performance compared to either sea-ice extent

200000 kn3 all year round, where the difference compared ©" S€a-IC€ area. _ _

to the original EASE grid comes primarily about through We c_alculated for the perlo_d 1979 until 2005. the
roundoff errors, which is also exemplified by the fact that area-weighted, monthly mean bias _and the area—yvelghted,
both positive and negative differences occur. Sea-ice exterffionthly mean absolute bias in sea-ice concentration in the

as calculated from the interpolated sea-ice concentration ofrMIPS simulations relative to the Bootstrap retrievals. Do-
the lower-resolved model grids, however, is always largerNd SO, we obviously find very good correlation between the

than the one on the original 25 km EASE grid. In particular in mean percentage bias_ in _the inte_grative measures extent or
winter, the multi-model mean difference reaches more tharf'€@ and the mean bias in sea-ice concentration (compare
800000 kr?, decreasing to less than 200 000%anound the Fig.11a, bvs. _c): for th_e mean bias in concentration, regional
summer minimum (red line in Fig.0). For the calculation of ~ €/TOrs cancel in a similar way as they do for extent and area.
sea-ice extent, grid resolution and grid geometry can hencé’herefore, a linear regression c_)f the.blases in area vs. biases
strongly affect the comparison between model simulations” Meéa&n concentration results in a high valuersf=0.93.

and satellite retrievals for the large ice cover that is still typi- B€¢@use of the non-linearity of sea-ice extent, the linear re-
cal for wintertime gression of sea-ice extent on sea-ice concentration gives a

slightly lower value ofR? = 0.85. The fact thaiR? is not 1
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Fig. 10.Mean difference of sea-ice area and sea-ice extent between
the original 25 km EASE-Grid and all CMIP5 model grids through-
out the year 2007. For each month, the Bootstrap-derived sea-ice
concentration was interpolated onto all individual model grids, from
which then sea-ice extent and sea-ice area were calculated. The dif-
ferences of all grids relative to the original EASE-Grid were aver-
aged for this figure.

extent or area still have comparably large mean absolute con-
centration biases.

For model-evaluation purposes this suggests that addi-
tional insights can be gained by considering not only sea-ice
area, but also the root mean square bias of the sea-ice concen-
tration fields. This allows for some estimate of the quality of
modelled regional sea-ice distributions, while the integrated
measure sea-ice area allows for an estimate of the quality of

Trend March area [million kn12/decade]

-t -08 -06 -04 -02 2 0 02 the overall sea-ice volume that is formed through the conver-
Trend March extent [million kn'/decade] gence and divergence of heat fluxes across the entire Arctic.
® Bootstrap retrievals Both measures would be particularly insightful if the magni-
® NASA Team retrievals tude and timing of their seasonal distribution were assessed.

Simulations with compact ice
Simulations with loose ice

3.5 Internal variability
Fig. 9. (a)September antb) March trends in sea-ice area vs. trends . .
in sea-ice extent for the period 1979-2005. The red line connects al the previous sections, we have shown that the more re-
value pairs that have the same percentage bias in sea-ice extent ali@bly measurable sea-ice extent can give misleading results
in sea-ice area relative to the Bootstrap retrievals. The gray shadregarding model quality compared to the geophysically more
ing indicates at-20 % range around the trends obtained from the meaningful sea-ice area. We will now examine how impor-
Bootstrap retrievals. tant these differences are in the light of internal variability.
Such internal variability, which captures the chaotic nature of
the climate system, often permits a broad range of possible
for the linear regression of area vs. mean concentration is priresponses in a specific variable to a specified evolution of the
marily related to interpolation issues during the calculationexternal forcing. For example, in a previous study examining
of mean biases. the Earth-System Model MPI-ESM, we found in one of its
For the absolute biases in sea-ice concentration that preMIP5 historical simulations an increase in the sea-ice cover
vent the cancellation of regional biases, however, correlatiorin the Arctic during the period 1979-2005, while another his-
with the absolute percentage bias in the integrative measurasrical simulation showed a decrease almost as large as ob-
sea-ice extent and sea-ice area is low, givRig~ 0.5 for served Notz et al, 2013. Both simulations were driven by
both measures: some models with almost no bias in sea-icthe same external forcing in greenhouse-gas concentration,
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concentration(d) Mean absolute bias in sea-ice concentration. The vertical green lines denote the respective bias of the NASA Team retrieval
relative to the Bootstrap retrieval.

solar activity, aerosol load etc. The only difference betweenbasis, many models that we examine here do only provide a
the simulations were the initial weather conditions on thesingle ensemble member. We therefore generalise the spread
simulated 1 January 1850, which was the starting date fofrom models that do provide multiple ensemble members to
the simulations. This exemplifies the well-known fact that all simulations that we consider here.
because of the chaotic nature of the climate system, the trend Using this approach to examine mean September sea-
in the response of the climate system to a given trend in théce area for the period 1979-2005 (yellow shading in
external forcing can vary drastically on short timescales.  Fig. 5a), we find an up to 1 million kf ensemble spread
Because of this large internal variability of the Arctic cli- for those models that match the Bootstrap-observed value
mate system it is often impossible to judge whether a dif-of 6.3 millionkn? in at least one of their ensemble mem-
ference in sea-ice coverage between a model simulation anlers. This spread is comparable to the difference between the
observations is simply random or caused by a model defiBootstrap- and the NASA-Team-derived sea-ice area. Hence,
ciency (cf.Winton, 2011). While there are observational es- for the period considered here the reasonable range of mean
timates of decadal-scale internal variability of the Arctic sea- September sea-ice area as derived from model simulations is
ice cover (cfNotz and Marotzke2012), a reasonable range similar to the uncertainty range of the satellite observations.
of sea-ice trends for previous decades can obviously not roSimulations that fall outside of this range are most likely in-
bustly be inferred from observations, since only one singlecompatible with the observed external forcing. Based on this
trend has been realised by the real world. It is, howeverreasoning, 14 of the 26 models that we analysed have too
possible to estimate from ensemble model simulations howsmall a sea-ice area for that period in all their ensemble mem-
much of a modelled trend is caused by the external forcingbers, while 5 have too large a sea-ice area in all their ensem-
and how much of it is caused by internal variability, and to ble members. The mean of all simulations, 5.6 millior?km
then translate these results to the real world (€ay et al, lies within the reasonable range.
2012 Day et al, 2012. For mean September sea-ice extent (B, the spread of
Here, we use a simple, straight-forward method to estimatendividual ensemble members of those models whose simu-
areasonable range of observed sea-ice area and sea-ice extiaitons encompass the Bootstrap estimate of 7.3 millioh km
and of their trends from our CMIP5 simulation ensemble: weis 1.5 millionkn?. Hence the model spread is about four
assume that this reasonable range is given by the maximurtimes as large as the difference between the Bootstrap
spread of ensemble simulations of all those models that enestimate and the 6.9 million kmestimate for the NASA
compass the observed evolution within their ensemble memTeam algorithm. Of the 26 models that we analysed, 12
bers. While this would ideally be done on a model-by-modelhave too small a sea-ice extent for that period in all their
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ensemble members, while 4 have too large a sea-ice extemalculated as the mean of the sea-ice extents of the individual
in all their ensemble members. The mean of all simulationssimulations, and not as the sea-ice extent of the mean concen-
7.1 million kn?, lies again within the reasonable range. tration of the simulations. Consider, for example, two simula-
The large number of model simulations that fall outside tions, one with 0% ice concentration in a certain region and
the reasonable range for both sea-ice extent and sea-ice ard# other with 35% ice concentration in that same region.
indicates that the mean value of these two measures is in prinffFhe mean ice concentration of these simulations is larger
ciple helpful for model-evaluation purposes, notwithstand-than 15 %, and the sea-ice extent of the mean of the two simu-
ing the differences that can arise for individual models for lations will be identical to the sea-ice extent of the simulation
the two measures as discussed above. In contrast, the intewith the higher sea-ice concentration. The same issue arises
nal variability of the trends is so large that trends of indi- when directly comparing sea-ice extent from daily observa-
vidual simulations can hardly be used for model-evaluationtions with monthly mean fields of model output: the monthly-
purposes (Figsd, e): for the period 1979-2005, many mod- mean sea-ice extent as derived from a monthly-mean sea-ice
els which generated one simulation with a sea-ice trend simeoncentration field will usually be larger than the monthly
ilar to the observed one simulate for identical forcing and mean of daily estimates of sea-ice extent. Therefore for the
slightly different initial conditions trends that are twice as purpose of this paper, all daily satellite data sets were aver-
strongly negative, or trends that are even positive. Hence, angiged to monthly data before calculating sea-ice extent. Since
trend that falls within this range might be the consequence okea-ice area scales linearly with ice coverage, these issues
internal variability affecting the modelled trend rather than do not apply for any study using sea-ice area as a metric for
a model deficiency. Using such criterion, almost all simu- model quality.
lations that we consider here show a trend for the period
1979-2005 that is consistent with the observed increase in
greenhouse-gas emissions. Since 2005, Arctic sea-ice cove#- Discussion
age in summer has decreased rapidly. The trend in September
sea-ice coverage for the extended period 1979-2012, hown the previous section, we have shown that for a number of
ever, remains below 1 million kfnice loss per decade both reasons the sole consideration of sea-ice extent for the evalu-
for extent and area. As such, the trend remains comfortablyation of model quality can give misleading results. We there-
within our estimated range of modelled trends modified byfore recommend that future studies that aim at evaluating the
internal variability. Hence, also for the extended temporalperformance of sea ice move away from the sole consider-
range until 2012 we cannot positively identify the modelled ation of sea-ice extent and also consider the model perfor-
trends as inconsistent with the applied forcing. mance for the more meaningful integrative quantity sea-ice
In their evaluation of CMIP5 simulation§troeve et al.  area.
(2012 estimate a range for the trend in sea-ice extent thatis In doing so, differences between different satellite algo-
consistent with the observed external forcing by calculatingrithms will play a more prominent role than for sea-ice ex-
the standard deviation of the observations around the lineatent (see Fig2). Hence, such comparison will need to take
trend. Since the observed trend might be extraordinary formore the form of a comparison of observational data with a
the observed forcing, we here instead assume that the reapecific uncertainty vs. model simulations with a specific in-
sonable range for the trend is given by the much larger enternal variability. To quantify the uncertainty of the satellite
semble spread of those models that encompass the observddta, we compared in more detail the four satellite algorithms
trend within their ensemble spread. We then take this modeshown in Fig.2. We find that despite their large difference in
ensemble spread to represent the range of possible trends thatrieved sea-ice area, these algorithms have a similar year-
are consistent with an externally forced trend modified by in-to-year variability, which becomes apparent if anomalies of
ternal variability over the previous decades. Since we findall satellite algorithms relative to the retrieved area in 2010
that almost all simulations that we consider here fall within are plotted together (see Fi§j2a, b). Hence, the difference
this wider range of reasonable trends, we conclude that abetween the satellite products is largely caused by a constant
assessment based on the difference between the observeffset and there is larger certainty in anomalies in sea-ice
trend and individual ensemble simulations only allows for area than there is in its absolute value. This is important for

very limited insights into model quality. any model simulation with assimilated sea-ice concentration
fields: one should expect such a model to at least retrieve the
3.6 Non-linearity anomaly structure of the satellite time series, which can be

very reliably estimated.
For completing our discussion of the usage of sea-ice ex- To quantify the uncertainty of sea-ice area retrievals and
tent for model evaluation, we should finally note that for any of the retrieved trends, we calculated the mean seasonal cy-
comparison of modelled mean sea-ice extent with observaele of sea-ice area and of trends in sea-ice area for the period
tions, the non-linearity of sea-ice extent must carefully be2003-2010, for which all four satellite products contain data
taken into account. Mean sea-ice extent should normally b&see Fig.12c, d). We then for each month simply subtracted
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Anomaly in sea ice area relative to 2010 mon to all these algorithms are not reflected by this number.
. (2) March s (b) September Such uncertainties include, for example, changes in snow-
surface properties, seasonal changes in cloud cover, and the
2 impact of thin ice.

Repeating a similar analysis for sea-ice trends, we find that
uncertainties from passive-microwave products are less than
0 0 0.4 million k? decade? throughout the year, with smaller
» » values in wintertime (Figl2f). Hence, this value can be

1980 1990 2000 2010 1980 1990 2000 2010 taken as an approximation of the uncertainty of retrieved
year year trends in sea-ice area.
Mean seasonal cycle 2003-2010 A number of models have smaller biases in sea-ice area
(c) searice area ;) trend in searice area than 1 millionkn? relative to satellite retrievals. For these
models, biases in this integrative measure could therefore
simply be explained by the uncertainty range of the satel-
lite retrievals. For the absolute biases in mean concentration,
however, all models show larger biases towards satellite re-
trievals than the retrievals do among each other. The inte-
grated regional biases in the models are hence not explicable
2 4 6 8 10 12 " 2 4 6 8 10 12 by measurement uncertainty.
month month For a more detailed analysis of modelled sea-ice coverage,
Mean uncertainty 2003-2010 the regional distribution of biases must be analysed. There-
i (e) searice area os (f) trend in sea-ice area fore, the mapping of differences_ in mod_el_led mean sea—_ice
' T max-min concentration is a standard tool in examining model quality.
go04 However, again the interpretation of such an analysis hinges
on the reliability of the underlying concentration field as ob-
0.2 2. std. dev. tained from satellite retrievals: in particular in summer, large
: differences arise between different algorithms (Fi§j3a).
To allow for a rough quantification of the uncertainty of re-
2 4 6 8 10 12 2 4 6 8 10 12 trieved sea-ice concentration from satellite, we have calcu-
lated for each month the median of the gridded difference be-
—— ASIAMSR  ——— NASA Team tween sea-ice concentration obtained from the NASA Team
—— ASISSMI Bootstrap algorithm and that obtained from the Bootstrap algorithm
(Fig. 13b). This then allows one to estimate if a certain re-
Fig. 12. (a)March and(b) September anomalies in sea-ice area asgional difference between model and satellite retrieval in a
retrieved from satellites for the period 1979-2010. Different colours specific month still lies within the observational uncertainty.
denote different algorithms or satellitds) Seasonal cycle in sea-  The figure confirms our analysis of the integrative measures
ice area andd) in sea-ice-area trend as retrieved from satellites for gisessed in the previous subsections: during wintertime, es-
the period 2003-201@e) Uncertainty in retrieved sea-ice area and 415 of sea-ice concentration are very similar for different
(f) in retrieved trend of sea-ice area. - . . .
satellite products, while a median uncertainty of around 10 %
is typical for summer and early autumn. Note that this assess-
ment only gives a somewhat crude estimate of the reliability
the minimum value from the maximum value to obtain a of retrieved sea-ice concentration from satellites: locally, dif-
time series of uncertainties based on passive microwave datéerences between the two products considered here can ex-
Doing so, we find that apart from July, differences in esti- ceed 50 % throughout the year.
mated sea-ice area are less than 1 milliod Kgreen curve Our analysis has also shown that internal variability gives
in Fig. 12e). The same is found for an estimate of twice the rise to much larger uncertainty in the estimate of model qual-
standard deviation (purple curve in Fite). Hence, a value ity than do the differences between individual satellite re-
of 1 millionkm? can be taken as a rough approximation of trievals. This is particularly true for the assessment of mod-
the uncertainty of retrieved sea-ice area throughout the yeaelled trends in sea-ice coverage, which usually vary rapidly in
This uncertainty is comparable to the one founddpmiso  time (see alsdNotz et al, 2013. In the light of this finding,
et al.(1997 in his comparison of estimated sea-ice area forfor model evaluation purposes an integrative assessment of
the Bootstrap and the NASA Team algorithm. The true un-the quality of modelled processes and statistical distributions
certainty is probably larger than this value, since we hereis more insightful than a simple comparison of modelled time
only examine the differences between individual passive-series. This includes, for example, an assessment of seasonal
microwave algorithm. Additional uncertainties that are com- changes in the ice-thickness distribution, the response of the
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5 Conclusions

In this paper, we have discussed how the evaluation of mod-
elled sea-ice coverage against observations is affected by the
incomplete knowledge of the real evolution of the sea-ice
cover, by internal variability, and by technical issues such as
differences in model grids. For the quantitative assessment of
model quality, all these factors need to be taken into account.
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Fig. 13. (a)Mean difference in September sea-ice concentration be-
tween Bootstrap retrieval and NASA Team retrieval for the period
1979-2007 (Bootstrap minus NASA Tean®) Monthly median
deviation in sea-ice concentration between Bootstrap retrieval and
NASA Team retrieval for the period 1979-2007.

ice cover to divergent wind fields, and an assessment of the
statistical distribution of sea-ice concentration as carried out
as part of the present study. Through such focused analy-
sis, ideally across a number of satellite algorithms, we can
identify shortcomings in these algorithms and at the same
time work towards identifying deficits in our sea-ice model
physics.

www.the-cryosphere.net/8/229/2014/

Our results can be summarised as following:
5.1 Evaluation of sea-ice coverage

1. Summer biases between a particular model and a par-

ticular satellite retrieval can be different for sea-ice ex-
tent and for sea-ice area. This is because some mod-
els and some algorithms see the summer Arctic sea-
ice cover as compact with a high fraction of high-
concentration sea ice, while others do not. In winter, all
algorithms and all models see the Arctic sea-ice cover
as compact.

. Simulations with a compact ice cover have a similar

bias in sea-ice extent and in sea-ice area relative to
satellite retrievals based on the Bootstrap algorithm or
the ASI algorithm. Relative to these algorithms, sim-
ulations with a loose ice cover with a negative bias in
sea-ice extent usually have an absolute larger bias in
sea-ice area, while simulations with a positive bias in
sea-ice extent usually have an absolute smaller bias in
sea-ice area.

. Internal variability of sea-ice area as estimated from

CMIP5 simulations is comparable to the observa-
tional uncertainty as estimated from different passive-
microwave algorithms, while internal variability of
sea-ice extent from the simulations is about four times
as large as the observational uncertainty.

. For sea-ice area, 19 of the 26 models that we exam-

ined here and for sea-ice extent, 16 of the 26 models

have all their ensemble members outside of the reason-
able range that we estimated from the ensemble spread
from those models that capture the observed value in

at least one of their ensemble members.

. The error thatis introduced in the calculation of sea-ice

extent by different grid geometries can be larger than
the observational uncertainty in months with a large
ice coverage.

. Because biases in sea-ice extent can give mislead-

ing results regarding model quality, we recommend
that biases in sea-ice area are also taken into ac-
count in the assessment of model quality. Based
on differences between individual passive-microwave
retrievals, we estimate the uncertainty in satellite-
retrieved sea-ice area to be 1 millionkrhroughout

The Cryosphere, 8, 22943 2014



242 D. Notz: Evaluation of modelled sea-ice concentration

the year. The uncertainty in retrieved trends is lessUniversity of Hamburg, Hamburg, Germany. This work has been
than 0.4 millionkn?decade?® throughout the year. funded through a Max Planck Research-Group Fellowship.

The median uncertainties in retrieved sea-ice concen-

tration range from below 5% throughout winter and The service charges for this open access p.ublication

spring to about 10 % in summer. These numbers will "ave been covered by the Max Planck Society.

have to be re-assessed (and probably increased) on
reliable data sets of Arctic sea-ice coverage becom
available that are not based on passive microwave data.

;lfdited by: D. Feltham
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