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Abstract
Information about climate and ¥woit responds tancreasedgreenhouse
gas concentrationsdependsheavily on insight gained fronmumerical
simulations by coupled climate models. Theonfidence placed in
guantitative estimates of thrate and magnitude dfiture climate change
is thereforestrongly relatedo the quality of thee models.In this study,
we test the realism of several generations of coupled climate models,
including those used for the 1995, 2001, and 2007 reports of the
Intergovernmental Panel on Climate Change (IPCC). Byathg against
observations of present climate, we show thatdatpledmodels have
been steadily improvingver timeand that the best models are converging
towards a level of accuracy that is similar to observation based analyses of

the atmosphere.



Capsule Summary
This is the first systematic attempt to compare the performance of entire
generations of climate models by exploring their ability to simulate

present climate.



Introduction

Coupled climate models are sophisticated tools designed to smlatearth
climate system and theomplex interactions betweés componentsCurrently, more than
a dozen centerground the worldlevelop climate models to enhance our understanding of
climate and climate change and to support the activities dhteegovernmental Panel on
Climate Change(IPCC). However, climate models are not perfect. Our theoretical
understanding of climate is still incomplete, and certain simplifying assumptions are
unavoidable when building tee models. This introduces biasesarheir simulations,
which sometimes are surprisingly difficult to corre&thutaRao and Sperber 2006; Bony
and Dufresne 2005; Covey et al. 2003; Mechoso et al. 1995; Oldenborgh et al. 2005; Sun
et al. 200%. Model imperfections have attracted criticism, with some arguing that model
based projections of climate are too unreliable to serve as a basis for public patieg (
2005; Lahsen 2005; Lindzen 2006; Singer 1999 particular, arly attempts at coupled
modelingin the 1980s resulted irelatively crude representations of climg@tgates et al.
1993. Since thenhowever,we have refined our theoretical understanding of aien
improved the physical basis for climate modeling, increakednumber and quality of
observations, and multiplied our computational capabilitheginst the background of
these developments, one may ask how much have climate models improved anddimow
can we trust the latest coupled model generation.

The goal of this study is to objectively quantify the agreement between model and
observations using €ingle quantity derived from a broad group of variablgsich is then
applied to gauge severaemerations of coupled climate models. This approach is new,

since previous model intercomparison studies either focused on specific prqtessts
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al. 2006; Oldenborgh et al. 2005; Stenchikov et al. 20&2ided making quantitative
perfamance statemen(8ader 2004 or conglered a rather narrow range of models

Several important issues complicate thedel validation proces§irst,identifying
model errors is difficulbecause of the complex and sometirpesrly understooahature
of climate itself making it difficult todecidewhich of the many aspects of climate are
important for a good simulatio®econd, climate models must be compared against present
(e.g., 19791999) or pastclimate, since verifying observations for future climate are
unavailable. Present climatepwever, is not an independent data set since it has already
been used for the model developmaafillfamson 1995. On the other hand, information
about past climate carriésrge inherit uncertainties, complicating the validation process of
past climatesimulations(e.g., Schmidt et al. 2004 Third, there is a lack ofeliable and
consistent observations for present climated some climate processes occur at temporal
or spatial scales that are either unobservable or unresolvable. Finally, gusel m
performance evaluated from the present climate does not necessarily guarantee reliable
predictions of future climatgMurphy et al. 2001 Despite these difficulties and
' i mitations, model agreement withwaglbser vati
assign model confidence, with the underlying assumption that a model that accurately
describes present climate will make a better projection of the future.

Consideringthe above complicationst is clear that theresnos i ngl e fAi deal W
to chaacterize andcomparemodel peformance. Most previousnodel validatiorstudies
used conventional statistics to measure the similarity between observed and modeled data.
For example, Taylor et & (2001) and Boer and Lamber2@0l) characterized model

performance from arrelaion, root mean squar€RMS) error, and variance ratidoth
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studies foungimilarways tocombinethesethreestatisticsin a single diagramresuling in

nice graphical visualizations of model performand&is approach, however, is only

practical for a small number of models and/or climate quantitésn addi t i on, Tay
widely used approachequirescentered RMS errors with the mean bias removed. We,

however, consider the mean bias as an important component of modeMeminy et al.

(2009 introducela A Cl i mat e Pr e dwhich measuresiemnetiabibityoof a CP I )
modelbased orthe composite mean square errors of a broad range of climate variables.

More recently, Min and Hense2@06 introduced a Bayesma approach into model

evaluation, where skill is measured in terms of a likelihood ratio of a model with respect to

some reference.

Three generations of model data

This study includes model output from three different climate model
intercomparisomroject (CMIP): CMIP-1 (Meehl et al. 200)) the first project of its kind
organized in the mid 90s; the follewp project CMIP2 (Covey et al. 2003; Meehl et al.
2005; and CMIR3 (PCMDI 2007 (aka IPCCAR 4 ) , represevrofthelary t oday ¢
in climate modding. The CMIP-3 data were takefromt he HAcl i mate of t he
centr y o (20C3 M) (heredfityé) anomp ltyh e 6 pfrperseeinntd u ¢
(PICNTRL) (hereafter simply O6preindudiveni al 6) e
by aratherrealistic set oexternalforcings, which includd the known or estimated histo
of a range of natural and anthropogenic sources, such as variations in solar output, volcanic
activity, trace gases, and sulfate aerosble exact formulation of these forcings varied
from model to model, with potential implications for model perfamo®ln contrast, the

CMIP-1 and CMIR2 model output waslerived from long "control runs'in which the
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forcingswere held constarit time. These forcings we only approximately representative

for presentlimate.

Measure ofmodel performance

As outlined before,there are many differenivays to measurand depict model
performanceGiven the extra challenge of this study to evaluate and depiatge number
of models and climate variablese decided talesignour own measurélur strategy was
to calcubte a singlgperformancendex, which can be easily depicted, and which consists
of the aggregated errors in simulating the observed climatological mean states of many
different climate variablesVe focugdon validating thdime mean state of climate sia
this is the most fundamental and bediserved aspect of climate, and because of
restrictions imposed by available model data in calculating higher moments of climate
(most CMIR1 fields are archived as climatological means, prohibiting the derivation o
temporal variability) This concept issomewhatimilar to theCPI performance measure
introducedby Murphy et al(2004), but in contrast to the present study, Murphy et al. used
a perfect model approach (real observations are egblag model output) to calculate the
CPI from a range of rather closely related models.

Our choice of climate variablesvhich is shown in Table Jwas dictated by the
dataavaiable from the modelsin most case, we were able vtalidate the modetlata
againsttrue observation based dataut for a few variablesf the free atmospherine
usage of reanalysesas validation data was unavoidableIn terms of the specific
uncertainties associated wiglach of tlose validatinglata setsseparatenalysis Reichler
and Kim 2007 showedthat the data can be considered as good approximations to the real

stake of presentlimate for the purpose of model validation.
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[Table 1 about here]

We obtainedthe model performance index by first calculating muytiiar annual
mean climatologies from global gridded fields of maedehd validating data The base
period forthe observations was 194999 coveringmostof the well observed podi979
satellite periodForsome observationgewer years were used if data over the entire period
were not available. For the CMIPmodels, longerm climatologies of the control rdar
Northern Hemisphere winter (December, January, February) and summer (June, July,
August) conditions were downloaded from the archives and averaged to annual mean
climatologies. The CMIR2 climatologies were calculated by averaging the annual mean
dataof the control run over the years-80. The CMIR3 06 p rdeasyentc | i mat ol ogi e
for med using the same base period as for
climatologies were taken from the last 20 simulation yearthe corresponding control
run. For any given modebnly one member integratiomas includedIn the rare case that
aclimate variable was not provided by a speaificdel, we replackthe unknown error by
the mean error over the remaining models & tlorrespondingnodel generan. One
model (BCCCM1 from CMIP-3) was excluded because it only providedmall subset of
variablesneededor this study

In determining the model performance index, we first calculédectach model
and variablea normalized error varian@ by squaing thegrid pointdifferences between
simulated(interpolated to the observational grid) aslaserved climatenormalizing on a
grid point basis with the observed interannual variance, and averaging gldbally.

mathematical terms this can be than as



&, =& (W3 0 /5%). 1)

n

where§,,,, is the simulated climatolggfor climate variable\), model (), andgrid point
(n). o,,is the coresponding observed climatology, are proper weightaeeded for area

and mass averagingnd s’ is the interannual variandeom thevalidatingobservatios.

The normalization with the interannual variance helped to homogemipes €rom
different regions and variablels order to ensure thatf@erent climate variables received
similar weights when combining their errors, we neodlede’ by the averagerrorfound

in a reference ensw®le of modelsi.e.,

—2m:2OC3M

12 =e? | e
vm vm’ ~vm , (2)
where the overbar indicates averagiighe r ef er ence ensednabyloe was
CMIP-3 experimentThe final model performance indevas formed bytaking the mean

over all climate variable¢Tablel1) and one modalsing equal weights,

-V

12=12 ", 3) (
The final step combines the errdrem different climate variables into one index.
We |justify this stepfrom normalizing the individual error components prior to taking

averages (Equ. 1 and 2). This guarantees that each component varies evenly around one
and has roughly the same varian¢e.this sense, the individual?, values can be
understood as rankinggth respect to individuatlimate variables, and the final index is

the mearover allranks. Note that a very similar approach has been taken by Murphy et al.

(2004).



Results

The outcome of the comparisohthe &% modelsin terms of thgerformance index
12 is illustrated in thetop three rows oFig. 1. Thel? index varies around one, with values
greater than one for underperforming dals and values less than one foore accurate
models. Since 1 is an indicator of model performance relative to the mean over the
0 pr edsaeyndt - adnsemble, we used a logarithmic scale to display the index. The
results indicate large differences from mioidemodel in terms of their ability to match the
observations of todayds <cl i mat eacontthuoust her
improvement in model performance from the early CMIIRo the latest CMIB3
generation. To our knowledge, this is thiestf systematic attempt to compare the
performance of entire generations of climate models by exploring théiy dbisimulate
present climate. Fig. élso shows that the realism of the best models approaches that of
atmospheric reanalysis (indicatedthye green circle), but the models achieve this without
being constrained by real observations.

We also obtainedquantitative estatesof the robustness of thE values by
validating the models against a large synthetic ensemble of observational logiestand
by calculating the range df values encompassed théh&and 9%h percentiles. The
syntheticensemble was produced bglecting the yeaiacluded in each climatologysing
bootstrapping (i.e., random selection with replacement). To the dki@nthe circlesn
Fig. 1 overlap it is not possible to distinguish the performance of the corresponding

models in a way that is statisticallygsificant.

[Figure 1 about here]
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Role of forcings

Given the more real i stday CaBisikulatians, thesed f or
superior outcome of the corresponding models is perhaps not too surprising. One might ask
how important realistic forcing was in producing such good simulations. To this end, we
included the 06-B8siraulatiodsurgad ui at 6 mEadMi iPs on - Bot h t
daydé and the oO6preindustrialé simulations wet
difference was the forcing used to drive the simulations, which was similar to preindustrial
conditions f or tinilerto@rpseriaryd wotnrdii d li @ ndsaydogs t he
experiments.

The outcome of validating the &6épreindustr
shown in the bottom row of Fig. 1. As expected, Ithealues are now larger than for the
0 p r edsaewidiulations, indicatingpoorer performance. However, the mean difference
between the two CMH3 simulationswhich was due only to different forcings, is much
smaller than that between CM#Pand the previous two model generations. The latter
difference vas due to different models and forcings combined. We conclude that the
superior performance of the CMIR3 models is mostly related to drastic model
improvementsand that thdorcings used to drive these modgiiy a more subtle role

Two developments more realistic parameterizatian and finer resolutiors, are
likely to bemostresponsibldor thegood performanceseen inthe latest model generation
For example, there has been a constant refinement over theiryéens subgrid scale
processes are panaterizedin models. @rrent modelsalsotend to have higher vertical
and horizontal resolution thanheir predecessarsHigher resolution reducesthe
dependencyf models orparameterizationeliminating problems since parameterizations
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are not always dinely physical Thatincreased resolutioomprovesmodel performance
has been showmn various previoustudies(e.g.,Mullen and Buizza 20Q2Vio et al. 2005

Roeckner et al. 2006

Sensitivity of the index

We now address the question of how sensitive our results are with respect to our
particular choice of variables. Wesed bootstrapping to investigate hdfv- averaged
individually over the four model groupsvaries with an increasing numbenof variables
For any giverv, we calculated® many timesusingevery timedifferentrandomly chosen
variable combinationsaken from Table 1.As shown inFig. 2 the spreadf outcomes
decreases with increasing number of variabl@sen six or more variables atsed to
calculatel?, the average performances of the three model generations are well separated
from each other independent from thexactchoice of variables. Only the two CMP
experiments cannot be distinguished from each other, even for a very large number of
variables. Also note th&MIP-3 performs always better than CMIR and almost always
better than CMIR2, evenwhen only one variable is includetheseresultsindicatethat|?,
when used to compare entire model generations, is rabilstespect to theumber and

choice ofselected variables.
[Figure 2 about here]

Value of the multi-model mean
We also invetigated the performance of the muttodel means (black circles in

Fig. 1), which are formed by averaging acrtss simulations o&ll models of one model

generation and using equal weights. Notably, the mudilel mean usually outperforms
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any single mdel, and the CMIBB multi-model mean performs nearly as well as the
reanalysis.Suchperformance improvemeateconsistent with earligindings by Lambert
and Boer 2001, Taylor et al. 2004, andRandall et al. Z007) regardingCMIP-1, AMIP-

2, and CMIP3 modeloutput respectively.

The use of multmodel ensembles is common practice in weather and-tgrort
climate forecastingdBarnston et al. 2003; Krishnamurti et al. 2006; Palmer et al.;2004
Hagedorn et al. 20Q5and it is starting to become important for lelegn climate change
predictions(Hewitt 2005; Murphy et al. 2004; Stainforth et al. 2D0%or examplemany
climate change estimates of the recently released global warming (g©@ 2007 of
the Intergovermental Panel on Climate Change are based on the-mmadtel simulations
from the CMIR3 ensemble. The report dealt with the problem of inconsistent predictions,
resulting from the use of different models, by simply takingaberageof all models as
the best estimate for future climate change. Our results indicate thatnmodkil
ensembles are a legitimate and effective means to improve the outcome of climate
simulations.As yet, it is not exactly clear why the muftiodel neanis better than any
individual model. One possible explanation is thatrtfeelel solutionsscattermore or less
evenly about the tth (unless the errors are systematar)dthe errors behave like random
noisethat can be efficiently removed by averagiSuch noise arises from internal climate
variability (Barnett et al. 1994 andprobably to a much larger extednbm uncetainties in

the formulation of model@urphy et al. 2004; Stainforth et al. 2005

[Figure3 about here]
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Role of flux correction

When discussing coupled model performances, one must take into account that
earlier moded are generally flux corrected, whereas most modern models do not require
such corrections (Fig3). Flux correction, or adding artificial terms of heat, momentum,
and freshwater at the asea interface, prevents models from drifting to unrealistic cimat
stateswhen integrating over long periods of timehe drift, which occurs even under
unforced conditions, is the result @hall flux imbalancebetween ocean aratmosphere.

The effects of thee imbalances accumulate owene and tend to modify the man
temperature and/or salinisgructureof the oceanThetechniqueof flux correctionattracts
concern because of its inherently namysical nature(McAvaney et al. 2001 The
artificial corrections makeimulations at the ocean surface more realistic, but only for
artificial reasons. This is demonstrated by the increase in systematic (diefiesd as the
multi-model mean minus the observations)sea surface temperatures from the mostly
flux corrected ®MIP-1 models to the generally uncorrected CMIRnodels (Fig.4a).
Because sea surface temperatures exert an important control on the exchange of properties
across the aisea interface, corresponding errors readily propagate to other climate fields.
This can be seen in Figlb, which shows that biases in ocean temperatures tend to be
accompanied by sarsmgned temperature biases in the free troposphere. On the other
hand, the reduction of stronigwer stratospheric cold biases in the Ci3Pmodels
indicates considerable model improvemenibese cold biasearelikely related to théow
vertical and horizontal resoluticsf former model generation®oeckner et al. 200&nd

to the lack of parameterizations femallscale gravity waves, which break, deposit
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momentum, and warm the middle atmaosgghover the high latitudes. Modern models use
appropriate parameterizations to replace the missing momentum deposition.

[Figure4 about here]
Conclusion

Using a composite measure of model performance, we objectively determined the
ability of three geneteons of models to simulate presatgy mean climateCurrent
models areertainly not perfect, buve foundthat they arenuch more realistic than their
predecessorsThis is mostly related tahe enormouprogress in modedevelopmenthat
took place ove the last decade which is partlydue to more sophisticated model
parameterizations, but also to the general increase in computational reseurioes
allows for morethoroughmodeltesting and highemodelresolution.Most of the current
models not onlyperform better, they are also no longer flux correcBath i improved
performance and more physical formulati®n suggestthat an increasing level of
confidence can be placed in model based predictions of clifffaite.lowever, is only true
to the extent thatthe performance of a model in simulating present mean clisaéated
to the ability to make reliable ferasts of longerm trends It is to hope that these
advancementwill enhance the public credibility of model predictions and help tofjusti
the development of eventier models.

Given the many issues that complicate model validation, it is perhaps not too
surprising that the present study fsmsmelimitations. First, we notethe caveathat we
wereonly concerned witlthetime mean statefcclimate. Higher momentsf climate such
astemporalvariability, areprobablyequally as importarfor model performancebutwe

were unable to investigate thesAnother critical pointis the calculation of the
15



performance indexFor example, it is udear how important climate variabilitys
comparedo themean climatgexactlywhich the optimum selection alimate variabless,

and how accurate thesedvalidation dataare Another complicating issue is&aherror
information contained in theeleced climate variables partly redundantClearly, more

work is required to answer the above questions, and it is to hope that the present study will
stimulate further research in the design of more robust mekasexample, a future
improved version ofthe index should consider possible redundan@aes assign
appropriate weights to errors from different climate variabldewever we do not think

that our specific choices in this study affect our overall conclusion that thexédena
measurableand impressiveimprovement inclimate modelperformanceover the past

decade
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Captions

Fig. 1. Performance inde¥ for individual models (circles) and model gegiEms (rows).

Best performing models have lawvalues and are located towards the left. Circles sizes
indicate the length of the 95% confidence intervals. Letters and numbers identify
individual modelgsee suplementalonline magrial); flux corrected models atabeledin

red. Grey circles show the aagel? of all models within one modgjroup Black circles
indicate thel® of the multimodel mean taken over one modgbup The green circle
(REA) caresponds to thE of the NCEP/NCAR eanalysegKalnay et al. 1996 Last row

(PICTRL) showd? for the preindustrial control experiment ihie CMIP-3 project

Fig. 2. Spread ofl® values (lowest to highesfpr an increasing number of randomly
chosen variables. Shown areindex values averaged individually over the fomodel
groups (corresponding tbe grey circles in Fig. 1). In order to avoid namty results for
20C3M, all values were normalized by the méaaver all three model generations, and

not by the mean of the 20C3M group aloas i Fig. 1, see Equ).2

Fig. 3. Fraction of fluxadjused modelsamongst the three model generations

Fig. 4. Systematic biases for the three model generati(@sBiases in annual mean

climatological mean sea surface temperatuiesK). (b) Biases in zonal mean air

temperaturegin K). Statistically sigificantbi ases t hat ptestsasthed5%5t udent

24



level are shown in color; other values agppressed and shown white. Grey areas

denote no or insufficient data.

Table 1. Climate variables and corresponding validatdaa.Var i abl es | i st ed
me an 6 a r-height dastributionsdoezonal averages on twelve atmospheric pressure
levels @ ween 1000 and 100 hPa. Those | isted as

level fields over the respective regions. Tleervi abl e Onet surface heat
sum of six quantities: Incoming and outgoing shortwave radiation; incoming and outgoing
longwave radiation; and latent and sensible heat fluResiod indicates years used to

calculate observational climataes
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Table 1

Variable Domain Validation data Period
sea level pressure ocean ICOADS (Woodruff et al. 198y 19791999
air temperature zonal mean ERA-40(Simmons and Gibson 2000 19791999
zonal wind stress  ocean ICOADS (Woodruff et al. 198y 19791999
;r;reg;o!onal wind ocean ICOADS (Woodruff et al. 198y 19791999
2 m air temperature global CRU (Jones et al. 1999 19791999
zonal wind zonal mean ERA-40(Simmons and Gibson 20P0 19791999
meridional wind zonal mean ERA-40(Simmons and Gibson 2000 19791999
ISCCP(Zhang et al. 2004 OAFLUX 1984(1981)
net surface heat fluy ocean (Yu et al. 2003 1999
precipitation global CMAP (Xie and Arkin 1993 19791999
specific humidity zonal mean ERA-40(Simmons and Gibson 2000 19791999
snow fraction land NSIDC (Armstrong et al. 2005 19791999
sea surface ocean GISST(Parker et al. 1995 19791999
temperature
sea ice fraction ocean GISST(Parker et al. 1995 19791999
sea surface salinity ocean NODC (Levitus et al. 1998 variable
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