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Abstract

Uncertainties in the numerical realization of the physical climate system in
coarse-resolution climate models in the coupled model intercomparison project
3 (CMIP3) cause large spread in the global mean and regional response
amplitude to a given anthropogenic forcing scenario and they cause the climate
models to have mean state climates different from the observed and different to
each other.

In a series of sensitivity simulations with an atmospheric general circulation
model coupled to a slab ocean the role of differences in the control mean sea
surface temperature (SST) in simulating the global mean and regional response
amplitude is explored. The model simulations are forced into the control mean
state SST of 24 CMIP3 climate models and 2xCO,-forcing experiments are started
from the different control states. The differences in the SST mean state cause
large differences in other climate variables but do not reproduce most of the
large spread in the mean state climate over land and ice covered regions found in
the CMIP3 model simulations.

The spread in the mean SST climatology leads to a spread in the global mean and
regional response amplitude of about 10%, which is about half as much as the
spread in the response of the CMIP3 climate models and is therefore of
considerable size. Since the SST climatology biases are only a small part of the
models mean state climate biases it is likely that the climate model’s mean state
climate biases are accounting for a large part of the model’s climate sensitivity

spread.
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1. Introduction

The Intergovernmental Panel on Climate Change (IPCC) predictions of the future
anthropogenic climate change are essentially based on coarse resolution coupled
general circulation models (CGCMs) from the coupled model intercomparison
project phase 3 (CMIP3). These simulations predict, depending on the scenario, a
substantial global warming with a well defined spatial pattern (e.g. land-sea
contrast or polar amplification). While this spatial pattern is well defined for
each individual model, the spread from model to model is very large. This is in
large part caused by errors in the model formulations [Meehl et al., 2007:
Stainforth et al., 2005, Cess et al., 1990, Bony et al., 2006 or Murphy et al., 2004].
The model errors are primarily caused by the uncertainties in the numerical
realization of physical processes in coarse-resolution CGCMs. These errors not
only cause spread in climate sensitivity, but also cause significant spread in the
control mean state climate of these models [Reichler and Kim, 2008]. In a non-
linear system, such as the climate system, the sensitivity to external forcing may
depend on the mean state of the system. In particular, many important climate
feedbacks (e.g. water vapor, cloud cover or snow/ice cover) are directly or
indirectly controlled by the surface temperature.

Many studies addressed the role that model mean sate biases play in simulating
realistic climate variability or change. The dynamics of the El Nino Southern
Oscillation in climate models, for instance, are related to the mean state of the
tropical Pacific [Guilyardi, 2006]. Rainfall characteristics in climate models are
improved by improved ocean states [Fujii et al,, 2009] or atmospheric ‘blocking’

events in the Northern Hemisphere are related to climate model mean state
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biases [Scaife et al., 2010]. These internal climate feedbacks are often central for
the climate sensitivity as well.

Ashfaq et al. [2011] did a statistical analysis of the relationship between SST
biases and climate sensitivity of different climate variables and found that SST
biases have substantial impact. Further Senior and Mitchell [2000] and Boer and
Yu [2003] analyzed the non-linearity in the climate sensitivity in long
integrations. They both find that the global sensitivity changes by about 10-20%
due to changes in the local feedbacks caused by changes in the mean state.
However, the two different models analyzed showed opposing tendencies.
Statistical analysis of the relationship between climate sensitivity and model
mean state biases could not point towards a simple strong relationship between
the mean state of a climate model and its climate sensitivity. Some studies,
however, find that the mean state errors does give some constraint on the
climate sensitivity [e.g. Whetton et al., 2007, Sanderson et al., 2008, Knutti et al.,
2010 or Collins et al., 2010].

The results presented in this study aim to explore the role that model mean state
biases may play in model climate sensitivity spread. Recent studies that address
the causes in model climate sensitivity spread mostly focus on the process
uncertainties in the models [Murphy et al.,, 2004, Stainforth et al., 2005 or Knutti
and Hegerl, 2008 for an overview]. Although, some of these studies also discuss a
possible influence of the climate mean state biases on the spread in the climate
sensitivity, it has to be pointed out that none of these studies really focus on the
subject of the mean state climate biases causing climate sensitivity spread in

detail. Indeed the model set-ups used in these studies are designed to address



81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

model process uncertainties, but does not allow a detailed study of the mean
state climate biases influence on the climate sensitivity spread.

In the study presented here an atmospheric general circulation model (AGCM)
coupled to a slab ocean model is forced into 25 different SST control
climatologies. Starting from these 25 different control climates 2xCO2 response
experiments are conducted to explore the role that the different SST control
climatologies may play in the global and regional climate sensitivity. The model
simulations designed for this study are similar to the concept of Murphy et al.
[2004]. They used a series of atmospheric GCM simulations with perturbed
physics coupled to a slab ocean model to study the roles of process uncertainties
in climate sensitivity spread. They used the flux corrections of the slab ocean
model, Fy, to control the SST climatology in all the different AGCM simulation to
be the same as observed. Here we analyze a set of experiments with a single
atmospheric GCM coupled to a slab ocean model forced into different mean SST
climatologies by state independent flux corrections Fy, but keeping the AGCM
physics the same in all simulations to study the effect of different climate mean
states on the climate sensitivity.

The present work is organized as follow: The model simulations that are
developed, conducted and analyzed in this article are described in the next
section. The analysis sections will start with some discussion on the CMIP3
models mean state climate spread and the climate sensitivity uncertainty on the
global and the regional scale in section 3. These findings will be used as the
motivation for the main analysis section 4, in which the results of a set of climate
change simulations with models that are forced into slightly different mean state

control climates are presented. Finally, the analysis sections will be concluded
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with a discussion of the climate sensitivity spread in flux corrected CMIP3 model
simulations. The work will be concluded with a summary and discussions

section.

2. Model Simulations and Methods

A list of all simulations discussed in this study is given in Table 1. The CGCM
simulations analyzed in this study are taken from the CMIP3 database [Meehl et
al,, 2007]. All models in the database that have a 20t century control and an A1B
21t century simulations are taken into account for this study, see Table 2. The
A1B scenario ensemble was chosen, because it has the largest number of model
simulations. These simulations are refereed to as CMIP3 simulations.

Further a set of 12 atmospheric GCM simulations coupled to slab ocean models
from the CMIP3 database are analyzed (here refereed to as CMIP3sjabs). For this
ensemble, all simulations in the CMIP3 data base that have a control run and a
2xC02 scenario run with a slab ocean model are considered in this study. The
length of the control and 2xCO2 scenario runs varies between the 12 simulations
(see Table 1), but only the first 20yrs of the 2xCO2 scenario run for each model
are considered. For each of these 12 CMIP3.bs simulations there is a simulation
in the CMIP3 ensemble with the same atmosphere GCM. We will refer to these 12
CMIP3 simulations as the CMIP3reduced-ensemble.

In addition to the simulations of the CMIP3 database an ensemble of simulations
with the ECHAMS5 atmospheric GCM [Roeckner et al., 2003] in T31 (3.75°x3.75°)
horizontal resolution coupled to a slab ocean model has been conducted for this
study (here refereed to as SLAB simulations). The sea surface temperature (SST)

is simulated by a simple slab ocean model for open ocean conditions and by a
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simple thermo dynamical sea ice model for sea ice conditions. The SST for open
ocean conditions in the slab ocean model is only forced by the net atmospheric
heat fluxes and a state independent flux correction, Fp. The flux corrections in
slab ocean models are, in general, introduce to mimic the mean effect of lateral
and vertical ocean dynamics that are not simulated by a slab ocean model, but
that are important for the mean SST climatology. In this study will use the fluxes
Fo to force the model into different SST control climate similar to Murphy et al.
[2004].

The SLAB set of experiments analyzed consists of 24 simulations, each with a
70yrs long control and a 50yrs long 2xCO2 simulation. Each control simulation is
forced to have one of the 1950-2000 SST climatologies of the 24 CMIP3
simulations in the CMIP3 database from the 20t Century scenario by the state
independent flux corrections Fyp to simulate similar SST bias patterns as in the
CMIP3 database [Meehl et al., 2007]. The fluxes Fp needed to produce the control
mean SST are computed in an iterative procedure, running the AGCM for 10yrs
several times with fluxes Fp computed from the previous iteration. The control
runs are started from the last iteration with the final Fy fluxes.

The control simulations of these experiments have also been used to study
dynamics of El Nino in slab ocean models [Dommenget, 2010]. In addition, a 25t
experiment was conducted with a 250yrs long control simulation with the SST
forced to be the 24 model ensemble mean SST climatology, from which 5 2xCO;
simulations were started from 5 different (50yrs apart) initial conditions taken
from the control run (here referred to as SLABcmip3-mean)-

It needs to be noted here that in the following analysis the SLAB ensemble 2xCO

simulations are compared with the CMIP3 A1B scenario. The SLAB ensemble is
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roughly an equilibrium response and the CMIP3 A1B is a transient response.
Thus different scenarios are compared, assuming that the characteristics
discussed are essentially the same in both scenarios. This is supported by
similarity in the response patterns (pattern correlation 0.9). This approach is
mainly motivated by limitations in the model database and computing resources.
For all the following analysis all model simulations have been interpolated onto a
common 3.75°x3.75° global grid. All uncertainties or spreads in the control
climate or the response are estimated on the basis of monthly mean
climatologies. Thus both the control and the responses are estimated for each
model simulation and for each calendar month. The spread in all analysis is
always defined by the root mean squared error (RMSE) of the monthly mean

values.

3. Analysis of the CMIP3-model simulations

The analysis starts with a look at the CMIP3-models surface temperature, Tsury,
response and control mean spread. The results will be used as motivation for the
subsequent analysis.

The CMIP3-models ensemble annual mean T, response in the A1B scenario
(mean of the period 2070-2099 minus mean of the period 1970-1999) is the
well-known pattern shown in Fig. 1la. It is marked by pronounces land-sea
warming contrast, a strong polar (Artic) amplification and a global mean
warming of about 2.7°K. A similar pattern can be seen in the spread, as
quantified by the RMSE, of the control climatological monthly mean Tsu.rof the 24
CMIP3-models; see Fig. 1b. It is also largest over land and sea ice covered

regions, but also has some more pronounced spread over some high altitude
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regions (e.g. Tibet plateau or Antarctica). The spread is much larger than
expected from internal variability, which would be in the order of 0.1K for most
of the oceans and slightly larger over land and ice regions (see next section for a
more detailed discussion of significance).

In the context of this study the most interesting aspect is that the Ts.r response
pattern (Fig. 1a) is similar to the pattern of the mean control Tsuy spread (Fig.
1b). Thus regions that have large uncertainties in the control mean climate also
have a stronger response to increase CO; forcing. It is also important to note that
the mean control Ts,r spread is in most regions of similar amplitude as the
annual mean Tsurresponse in the A1B scenario (note that the color bars in Fig.1a
and b are slightly different). Thus the control mean state climate differences
from model to model are in many regions larger than the response signal.

The question arises to what extent does such mean state differences matter. To
get a rough zero order idea or a starting point on how important mean state
climate differences may be, we can compare the regional difference in the
warming response (Fig. 1a) to the regional difference in the mean state climate
(not shown): The response ranges by a factor of about 7 (7°K in the arctic and
1°K over some ocean regions), while the mean surface temperature, as a proxy of
climate differences, varies by about 50°K (-25°C in the arctic and +25°C in the
tropics). So we roughly have a 15% change in the regional response amplitude
per 1°K change in local mean state climate. These numbers are comparable to
those of the CMIP3 climate model mean state biases and response spread (Fig.1b
and c).

The pattern of the Tsurresponse spread (RMSE in Fig. 1c) is also quite similar to

both the response pattern itself and to the control mean Ts.s spread. The
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response spread has some spatial characteristics beyond a simple scaling of the
response pattern, with the strongest relative spread in the higher latitudes, the
northern North Atlantic and in the Southern Ocean (Fig.1d). More important for
this study is the similarity between the response spread and the control mean
state spread (Fig.1b and c). The pattern correlation is 0.85. This however, does
not imply any causality yet, as both are indeed caused by model errors and it is
for now not clear if the mean state biases cause regional climate sensitivity
uncertainty. Indeed, it has to be noted that in most regions there is only a weak
(<0.3; in absolute values) linear relationship between the variations of the mean
Tsurr and that of the Tsrresponse (Fig.1e), consistent with previous studies. Some
tendencies of a positive linear relationship (warmer mean T, causes stronger
Tsuiy response) exist in the tropics and a more pronounce negative relationship
seem to exist in higher latitudes on both hemispheres (Fig.1e).

The above discussion is by no means evidence for the climate model mean state
biases having a strong impact on the model climate sensitivity spread, but it is an
indication that the different mean state climates may influence the regional and
maybe the global climate sensitivity and it is enough motivation to address this
issue in more detail. The lack of studies addressing these issues directly with
well-designed model sensitivity studies motivated the model simulation
designed for this study. In the following analysis it will be argued on the basis of
a series of new CGCM simulations that mean state errors, similar to those of the
CMIP3 simulations, are indeed large enough to lead to significant spread in the

sensitivity to COz-forcings.
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4. Analysis of the SLAB simulations

We will now discuss the SLAB experiments in which the control mean SST is
forced to be in different climatologies, see section 2 for details. For each of the 25
simulations the Tsur response is defined as the difference between the last 30
years of the 50years 2xCO2 forcing simulation and the mean of the
corresponding 50years control simulation.

First of all it need to be noted that the SLAB simulation mimic the CMIP3-models
mean SST climatologies by artificial flux corrections only over open oceans (not
over sea ice). Similarity between the SLAB simulations control Ty climatology
and those of the CMIP3-models are therefore only expected over open oceans.
Fig. 2a and b illustrates how well the SLAB ensemble reproduces the CMIP3
ensemble T,y climatologies in term of their root mean squares errors (RMSE)
and anomaly correlation. We can note that the RMSE over open oceans is much
smaller than the CMIP3 mean control RMSE (compare with Fig. 1b) indicating a
relative good match of the SLAB to the CMIP3 simulation for those regions. This
is also quantified by the very high correlation of above 0.9 for most open ocean
points. However, it can also be noted that the RMSE is about as strong as the
CMIP3 mean control spread (compare with Fig. 1b) over sea ice and land regions
and the correlation in those regions is also mostly below 0.4, indicating very little
to no agreement between the SLAB and the CMIP3 simulations. Thus the SLAB
simulations can only mimic the CMIP3 mean open oceans SST, but do not
simulate much of the land and sea ice mean state spread in the CMIP3
simulations. For the following discussion we have to keep in mind that the CMIP3

simulations mean climate spread is largest over land and ice covered regions.

11
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Thus the SLAB simulations only mimic a small part of the total CMIP3
simulations mean climate spread.

The spread within the SLAB ensemble mean control Tsusis shown in Fig. 3a. It
shows the largest spread in the northern hemisphere sea ice borders. The
internal spread is similar to that of the CMIP3 simulation over ocean points, but
is much weaker over continental and ice covered regions. As indicated above
this reflects that the flux correction of SST only correct a small part of the CMIP3
simulations mean state biases. The largest part of the spread over land and sea
ice cover regions is not directly related to the SST mean states spread. Thus the
pattern of mean state climate differences in the SLAB ensemble is quite different
from that of the CMIP3 simulations (compare with Fig. 1b).

In order to get an understanding of how significantly different to each other the
mean state control climates of the SLAB simulations are, the spread within the
SLAB ensemble mean control Ts.,y (Fig. 3a) is compared against values of the 99
percentiles of the Students t-distribution shown in Fig. 3b. For the Students t-test
the standard deviation is estimated by the standard deviation of annual mean
variability of the 250yrs long SLABcwmip3-Mean control simulation. Since we are
interested in the response difference over a 30yrs period the t-values are
computed for sample sizes N=15, assuming annual mean variability with a lag of
2yrs is independent of the present year, which is justified by the near zero lag-2
correlation. For most regions the 99% value of the Students test is less than 0.4K
difference in the 30yrs mean control climate (Fig. 3b). In higher latitudes and on
ice regions these values are closer to 1K due to the larger internal natural
variability in those regions. If we compare Fig.3a again Fig. 3b we can see that

the mean control Ts,r spread (RMSE) is much larger than the Students t-
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cumulative distribution 99% values for all parts of the globe, indicating that the
difference in the mean climates between the SLAB ensemble members is
typically much larger than expect from internal natural variability. This can best
be illustrated by plotting the ratio of the SLAB ensemble mean control Ts.,s RMSE
(Fig. 3a) divided by the Students t-cumulative distribution 99% values (Fig. 3b),
see Fig. 4a. The spread in Tsuy is beyond the 99% t-value almost everywhere by
more than a factor of three. The probability to pass the 99% t-value by that much
is less than 0.000002%, indicating that the mean state Tsur climatologies of the
SLAB ensemble member are indeed quite different from each other.

In the context of climate sensitivity the Tsu,r climate is often not of primary
importance, but the focus is more on the climate feedbacks related to
atmospheric water vapor, ice-albedo and cloud cover. It is therefore instructive
to see how the climate mean state in such variables varies in the SLAB ensemble.
We can therefore repeat the significance test, as done for Tsus (Fig. 4a), for the
other variables as well, see Fig. 4b-f. First of all we can note that the spread of all
climate variables analyzed are beyond the 99% t-value everywhere on the globe.
The mean sea level pressure (SLP) can be considered as a zero order estimate of
the large-scale atmospheric circulation. The significant spread in the SLP can
therefore be interpreted as an indication of significant spread in the large-scale
atmospheric circulation globally. The surface albedo, which only changes due to
changes in snow or ice cover, shows significant spread indicating that the ice and
snow cover have substantial mean climate spread over most of the northern
hemisphere continents and in particular over sea ice regions. This suggests that
ice-albedo feedbacks will have substantial spread in the SLAB ensemble. The

same can be concluded from the total cloud cover, which has substantial spread
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globally. Most importantly the atmospheric vertically integrated water vapor
(VIWV) shows quite substantial spread everywhere. Since the VIWV is one of the
main factors in the atmospheric greenhouse effect [e.g. Schneider et al.,, 1999], it
seems reasonable to assume that the spread in this variable would lead to a
spread in the SLAB ensemble climate sensitivity. In summary the analysis of the
SLAB ensemble control climate spread has illustrated that the forced differences
in the SST climatology has caused significant spread in the global climate
everywhere, in particular in climate variables that are likely to be relevant for
the regional and global climate sensitivity.

Fig. 5a shows the SLAB ensemble mean Tsus response to 2xCO2. The response
pattern in the SLAB simulations is similar to that of the CMIP3 ensemble model
response to the A1B scenario (see Fig.1a), but larger in amplitude. Fig. 6 shows
the difference in the mean Ty response to 2xCOz forcing for each of the 25 SLAB
simulations relative to the SLAB ensemble mean response. Only those regions
that pass the Students t-value of 99% are shaded. Several important points can
be noted here:

e The SLABcwmip3-Mean response is significantly smaller than the SLAB
ensemble mean response. Indeed more than 50% of the globe has a much
weaker response in SLABcwmips-mMean simulation. In the global mean
response the SLABcwmips-Mean ensemble is about 9% smaller then the
ensemble mean of the SLAB simulations. This is notable, because the
SLABcmip3-mean simulation has by construction the same mean Tsur control
climate as the SLAB ensemble. Thus it indicates a non-linearity (see also
discussion of Fig. 8 further below). Assuming that the SLABcmip3-mMEan run

would represent the ‘true’ climate mean state, then the ensemble of SLAB
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simulations, having in average the same mean climate as SLABcwmip3-MEAN,
would still overestimate the response in the ensemble mean average.

In most of the experiments, more than 50% of the global area is
significantly different from the ensemble mean response. Thus we find
quite substantial regional difference in the response in most experiments.
The regional differences have complex spatial structures, with no
particular pattern clearly dominating. Thus no single simulation
dominates the global mean spread nor is any regional response
dominated by one single simulation. In all regions several simulations are
found to be significantly different from the ensemble mean.

There is, however, a tendency for the differences to be of one sign
globally, indicating a strong projection onto differences in the global
climate sensitivity. The global mean difference explains in average 35% of
the total variance for each of the 24 models in the differences shown in
Fig. 6.

Some experiments (e.g. 4, 9, 10, 11, 19 or 22) have a remarkable El Nino
like signature in the response difference, which is related to unstable
ocean-atmosphere interaction in ACGM coupled to slab ocean models
found in several studies [Stainforth et al., 2005 or Dommenget, 2010].
This type of El Nino like variability it different from the observed El Nino
dynamics and involves an unstable interaction between the SST and the
cloud cover. It leads to the fact the SST in the equatorial Pacific can be
quite unstable in slab ocean model simulations for SST climatologies with

strong equatorial cold tongues.
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The regional spread in the Tsurresponse can again be quantified by the RMSE of

the SLAB simulations responses relative to the ensemble mean, see Fig.5b. A few

points should be noted from this figure:

The spread in the response for nearly all regions is much larger than
expected from internal variability, which is in the order of 0.3K to 0.8K
(99% t-value for oceans and ice regions, respectively, see also Fig. 3b).
The SLAB ensemble response spread pattern (Fig.5b) is quite similar to
the spread in the SLAB ensemble control Tsu.r climatologies (Fig.3a)
(pattern correlation of 0.74), but on the other hand the SLAB ensemble
response spread pattern is different from that of the CMIP3 ensemble
response spread pattern (Fig. 1c). For instance, the larger spread in the
SLAB response over the equatorial Pacific and the Sahel region in North
Africa (Fig. 5b) seem to match the large spread in the SLAB control
climate (Fig. 3a). In turn the large spread in both the mean state climate
and the response of the CMIP3 simulations over the Tibet plateau (Fig. 1b
and c) is in the SLAB simulations not as pronounce. Thus in both sets of
experiments (CMIP3 and SLAB runs), there is an indication of similarity
between the mean state spread and the response spread. It seems that the
response uncertainties to some degree follow the uncertainties in the
mean state.

The Tsurresponse in the North Atlantic is much less uncertain in the SLAB
runs (Fig. 5c¢) than in the CMIP3 runs (Fig. 1d). This is most likely related
to the missing ocean dynamics in the SLAB runs, that cannot simulate the
slowing down of the thermohaline circulation in the northern North

Atlantic as found in most CMIP3 simulations.
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e The southern ocean response appears to be quite uncertain in both the
CMIP3 and the SLAB ensemble, despite very different ocean dynamics in
the two ensembles, indicating that ocean dynamics may not be the
dominating factor contributing to the uncertainty in the CMIP3 ensemble.
The uncertainties in the sea ice distribution are factors that lead to the
relative large uncertainties in this region in the SLAB ensemble. In
contrast to the North Atlantic the Southern ocean does not have a strong
circulation response, that influences the SST response substantially,
which may explain why the over all structure of the uncertainties is the
same in both ensembles.

The local correlation between the SLAB variability of the Ts.y mean state and
response is, as in the CMIP3 runs, mostly zero, but again negative in the higher
latitudes (Fig.5d). The stronger negative correlation in the equatorial Pacific,
may be related to the slab ocean El Nino dynamics [Dommenget, 2010], which as
such do not exist in CGCMs (the CMIP3 runs) or are at least much less dominant.
Further it has to be noted that the variations in the 24 CMIP3 T, rresponses have
only weak correlation to the variations in the 24 SLAB responses with the
matching SST climatology, indicating that the variations in the 24 CMIP3 Tiuy

responses are not reproduced by the SLAB simulations, see Fig.5e.

We can now focus on the spread in the global mean Tsursensitivity. To illustrate
the spread in the response caused by the spread in the mean SST, it is instructive
to compare the spread of the global mean Tsurresponse time series with those
caused by internal variability only. Therefore Fig.7a and b show the anomaly
time series of global mean Tsurrof each SLAB control and 2xCO2 scenario run. In

the 24 SLAB simulations the spread in the response time series is clearly
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increased compared to the internal variability in the control runs (Fig.7b). In
contrast the spread due to internal climate variability in the 5 2xCO2 responses
of SLABcmip3-mMean (Fig.7a) is much smaller and not increased compared to the
control runs. Thus it is clear that the mean state spread in the control SST causes
a substantial global mean Tsursensitivity spread.

The spread in the global mean and regional response in the ensembles of the
CMIP3 and SLAB simulations can be summarized by plotting the normalized
regional response difference from the ensemble mean? against the global mean
response difference from the corresponding ensemble mean of each model
normalized by the corresponding ensemble mean responds, see Fig. 8. The x-axis
indicates by how much each model deviates from the ensemble mean response
at any grid point at any calendar month in average. It thus estimates how similar
the response patterns are. The values are in percentage of the ensemble mean
respond. A value of 0% would indicate a response pattern identical to the
ensemble mean response pattern and a value of 100%, for instance, would
indicate that the response difference from the ensemble mean response pattern
is on average over all locations and calendar months as big as the mean
amplitude of the ensemble mean response pattern and would therefore mark a
quite substantial difference in the response pattern. A few important

characteristics should be pointed out here:

2 The uncertainty in the local response amplitude can be estimated by the normalized response pattern
RMS-error of each model relative to the normalized CMIP3 ensemble mean response pattern:

Ti(mxy) T (mx,y)\?
01 = (ZH By winy) - (L2 Tememte i)y

Teﬁ;e_a;rlble

With the Tg, response of climatological month, m, the individual Models, Ti(m) , and that of the

CMIP3 ensemble mean, Tensemvie(M) , and their respective global means, Ti (m) and 'I:ensemb,e(m). The

normalized response pattern RMS-error of each model, &;, gives a measure of the relative uncertainty of
the local response amplitudes, independent of the global mean response.
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The uncertainties in the global mean and regional response of the 5
members SLABcmirs-mean ensemble give an indication of uncertainties
caused by internal natural variability. The spread in the regional
response is about 8% due to regional modes of internal variability. The
spread in the global mean is only about 0.5% (the standard deviation of
the points along the y-axis) and thus much smaller than regional
uncertainties, because modes of natural variability are much smaller on
the global mean than they are on regional scales.

The global mean and the regional response spread are much larger in the
SLAB and CMIP3 model ensembles than in the SLABcmip3-Mean ensemble,
indicating that the variations in the SST climatologies in these ensembles
cause the large response spreads.

The regional response spread due to variations in the SST climatologies in
the 24 SLAB is 11% to 24% relative to the ensemble mean response
pattern, while the 24 CMIP3 models spread is about 22% to 43%. Thus
the regional response spread in the SLAB ensemble is almost half as big as
in the CMIP3 ensemble.

The global mean response spread (standard deviation of the points) is
about 10% in the SLAB ensemble and 20% in the CMIP3 ensemble. Thus
the SLAB ensemble spread in the global mean is about 1/2 of the CMIP3
spread.

Both, the SLAB and CMIP3 distributions of the global climate sensitivity
are positively skewed (0.9 for the SLAB and 0.8 for the CMIP3 ensemble).
Considerations with simple feedback models find similar results [Roe and

Baker, 2007]. This is also consistent with the previous discussion of Fig.
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6a, saying that the sensitivity from the SLABcwmip3-mMean Simulations is

weaker than the mean sensitivity of the SLAB ensemble.

5. Flux corrected climate models

The control SST mean state spread in the SLAB runs lead to a significant spread
in the global and regional climate sensitivity. If we further consider that the Tsuy
spread over land or ice regions or other important climate variables (e.g. mean
cloud cover, sea ice distribution or mean atmospheric or oceanic circulation) are
not accounted for in the SLAB experiments, then it seems likely that the overall
control climate spread in the CMIP3 runs could lead to an even larger spread in
the regional and global climate response of the CMIP3 scenarios. The question
arises: How does this relate to the fact, that the climate sensitivity spread in the
climate models of the past decades, which did include climate models with flux
corrections to control the climate mean state, was as strong as it is in today’s,
uncorrected, CMIP3 climate models? Thus indicating, that mean state corrections

may not improve the models at all.

The flux corrections introduced in climate models in the 1980s to 1990s are in
principle similar to those flux corrections used in the SLAB simulations. These
were meant to reduce the errors in the SST climatologies due to the limitations of
the coupled ocean-atmosphere model simulations. As in the SLAB ensemble
these flux corrections could only reduce the spread in the SST over open oceans,
but not over land or sea ice covered regions.

To get some understanding of how much flux corrections of the SST in CMIP3

models can change the mean state spread and the response uncertainty, we can
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take a look at 12 flux corrected slab-ocean simulations of the CMIP3 database,
CMIP3sa. Fig. 9 illustrates a few statistics that correspond to those we discussed
above for the CMIP3 and SLAB ensemble. A few important points can be made

from these statistics:

e Flux correction of the SST does not reduce the control mean surface
temperature spread over land or ice cover regions by any substantial
amount (compare Fig.9a with Fig.1b). Indeed even the SST mean state is
substantially different between the different models, despite the fact that
all simulations include flux corrections towards the same observed mean
SST. Some of these SST mean state errors are caused by tropical unstable
ocean-atmosphere interactions between the SST in very strong equatorial
Pacific cold tongues and the cloud cover, which is a prominent signature
in some slab ocean models [Stainforth et al., 2005 and Dommenget, 2010].
Substantial impact from a corrected mean state climate onto the climate
sensitivity, would most likely only be achieved if the surface temperature
over land and sea ice covered regions are corrected as well, as these
regions contributed to the mean state climate spread the most. This has
so far never been tested.

e The comparison between the response spread in the CMIP3;a» runs with
the reduced ensemble of CMIP3 CGCM including the same atmosphere
models, CMIP3reduced-ensemble, Shows that the regional relative response
spread is indeed reduced to globally 28%(Fig.9c) in the CMIP3a» runs
form 31%(Fig.9d) in the CMIP3reduced-ensemble TUNS and even more over

tropical oceans (to 22% from 27%). Although these differences are
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relatively small we can try to estimate if they are consistent with what we
would expect if the SST mean control climate has an influence on the
response as the results with the SLAB runs suggest. We can, as a crude
first order approximation, assume that the regional climate sensitivity
spread globally averaged, 0w, (31%; Fig.9d) is the sum of two
independent parts: one being the spread caused by SST mean state biases,
Osst, which is roughly estimated by the SLAB ensemble (16%; Fig.5c). The
other, Jres, is caused by all other uncertainties (including all process
uncertainties and mean state errors in all other climate fields not directly
related to the SST). It is almost certain that the two parts are not
independent, but as the relationship is not known and a potential
relationship could either increase or decrease the spread, we have to live
with the crude assumption of independence just for the sake of a first
guess. The sum of independent errors (6:otai? = Oss72 + Orest?) would suggest
Orest = 27%. This is comparable with the 28% found in the relative
response spread in Fig.9c. Although these results are consistent with the
hypothesis that the mean state spread may cause climate sensitivity
spread, it need to be noted that this is not a completely consistent
comparison, as the set CMIP3 equced-ensemble includes uncertainties from
ocean dynamics that are not included in the CMIP3;a» set and on the other
hand §ssris certainly not zero in the CMIP3gq» runs.

In summary, current or past flux corrected climate models did not allow for

much reduction in climate sensitivity uncertainty, as they only correct ice-free

oceans SSTs and even that error is not reduce to zero. So conclusions drawn from

these flux correct models are limited: They can neither strongly support the idea
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of the mean state biases contributing significantly to the climate sensitivity
uncertainty (although they are consistent with these hypothesis) nor can they

reject this idea.

6. Summary and Discussion

In this study we addressed the question of whether the SST mean state spread,
as present in the current CMIP3 simulations, could have an impact on the climate
sensitivity of the models. The analysis started with some discussion of the
characteristics of the regional climate sensitivity and the control mean Ty
spread in the CMIP3 model simulations. In this analysis some remarkable
similarities between the mean control climate spread pattern, the response and
the pattern of the spread in the response of the models in the A1B scenario are
found.

The main analysis of this study focused on a set of AGCM simulations with a
coupled flux corrected slab ocean model. In these SLAB experiments the model is
forced into different SST mean control climatologies from which 2xCO2 response
experiments are started. The SST climatologies closely match those of the 24
CMIP3 model simulations of the 20t century. The main findings of these
experiments can be summarized as follows:

o Differences in the SST control mean climatology lead to quite significant
differences in the control climate globally in many different important
climate variables (e.g. vertically integrated water vapor, cloud cover or
snow/ice cover) that change feedbacks in the climate system important

for the response to COz forcing.
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e The flux correction of open ocean SSTs only controls Ts.,s over open
oceans, but almost not at all over land or ice covered regions.
Subsequently SST flux corrected models still have an almost unchanged
spread in the control mean T climatologies over land and ice covered
regions.

e The global and regional response to 2xCO: forcing is significantly altered
by the different SST climatologies. The spread is almost half as strong as
in the 24 CMIP3 A1B-scenarios.

e Considering that the Ty spread over land or ice regions or other
important climate variables (e.g. mean cloud cover, sea ice distribution or
mean atmospheric or oceanic circulation) are not accounted for in the
SLAB experiments, then it seems likely that the overall control climate
spread in the CMIP3 runs could account for a substantial, if not the largest
part, of the regional and global climate response spread of the CMIP3
scenarios.

The SLAB simulations suggest that differences in the SST mean state of the
CMIP3 models could cause a spread in the global and regional Ty response of
about 10%, which is comparable in strength to the climate sensitivity changes
found by Senior and Mitchell [2000] and Boer and Yu [2003] in analyzing the
non-linearities in the climate sensitivity caused by changes in the mean climate
and associated feedback during long transient runs. However, two important
differences to these two studies should be pointed out here: First the SLAB
simulations only consider changes in SST, but neglected changes over land and
ice regions. Thus the SLAB experiments would suggest that the spread in the

response by the total climate mean state uncertainties would be significantly
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larger. Second, the patterns of mean control climate differences between the
models are quite different from the global warming pattern. While Boer and Yu
[2003] find that the changes in the mean climate by the global warming pattern
affect the climate sensitivity, it is unclear how much the climate sensitivity would
change due to other patterns. The results of the SLAB simulations have
illustrated that different climate mean state biases have different effects on the
climate sensitivity.

The results of this study open up the question: Do climate models forced into the
observed mean state climate (e.g. in Tsur over land, oceans and sea ice covered
regions), by some kind of artificial corrections, produce a more realistic and less
uncertain climate sensitivity? The answer cannot be given in this study.
However, significant improvement of climate models by better representation of
physical processes will take many years to decades. On the other hand a coupled
climate system model can be more than just the sum of its parts (e.g. cloud
model, land model, ocean model, sea ice model, convections scheme, etc.). It may
be possible to improve coupled climate models without improving any individual
sub system of the coupled system, but by improving the strategy of coupling the
subsystems together. Considering the importance of the correct mean state
climate, as this present study suggest, it may be worth considering new
strategies of coupling the subsystems by some kind of anomaly or mean state
climate linearization strategies. Such strategies could enforce that each
subsystem of the coupled climate model system sees in average realistic
observed mean state conditions and would therefore potentially produce
tendencies in response to CO2 forcing that are closer to how the real world would

respond, than they would be if they see model biased mean state conditions. In
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non-linear systems, such as our climate, the correct mean state condition is
important for producing the correct tendencies to external forcings. Such an
approach has so far not been tested in the context of CGCMs, but the results
presented in this study suggest that it may be worthwhile to explore such

methods.
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Figures

Figure 1: (a) CMIP3 ensemble mean response in the A1B scenario (period 2070-
2099 minus 1970-1999); (b) Root mean squared error (RMSE) of the 24 CMIP3
simulations monthly mean T,y climatologies relative to the CMIP3 ensemble
mean Tsuy climatology from 1970-1999. (c) RMSE of the 24 CMIP3 simulations
monthly mean Tsur response in the A1B scenario (mean 2070 to 2099 minus
mean 1970-1999) relative to the CMIP3 ensemble monthly mean T response
as shown in (a). (d) the relative response spread defined as: the result in (c)
divided by the results in (a). (e) Correlation between the 24 monthly mean
climatologies and the responses. Anomalies for the climatologies are defined in
the same way as for (b) and for the responses they are defined in the same way

as for (c). Numbers in the headings are the global mean values.

Figure 2: (a) RMSE between the 24x12 monthly mean Ty climatologies of the

SLAB and CMIP3 ensemble. (b) correlation for the same data as in (a).

Figure 3: (a) Root mean squared error (RMSE) of the monthly mean Tsur control
climatologies as Fig. 1b, but for the 24 SLAB experiments over the last 50yrs of
the 70yrs control run relative to the 24 SLAB ensemble mean climatology. (b)
the 99% values of the cumulative Students t-distribution, testing for a difference
in the mean of a 30yrs period based on the 250yrs SLABcmip3-mMean control annual

mean Ts,fvariability assuming 15 independent values in the 30yrs period.
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Figure 4: (a) The ratio of the RMSE of the control mean for Ty climatology (Fig.
3a) divided by the 99% t-value (Fig. 3b). (b) to (f) as (a) but for (b) SLP, (c)
surface albedo, (d) cloud cover, (e) vertically integrated water vapor and (f) for
precipitation. Surface albedo values are undefined (grey shading) for regions
that did not had any surface albedo variability in the 250yrs SLABcmip3-MEAN

control simulation.

Figure 5: (a) the 24 SLAB ensemble mean response in the 2xCO; simulations
(last 30yrs of the 50yrs 2xCO2 run minus control mean); (b) response RMSE as in
Fig. 1c, but for the 24 SLAB experiments response over the last 30yrs of the
50yrs 2xCO2 experiment relative to the SLAB ensemble mean response. (c) the
relative response spread as in Fig. 1d, but for the SLAB experiments. (d)
Correlation between the 24 monthly mean climatologies and the responses as
Fig. 1e, but for the 24 SLAB experiments. (e) correlation between the 24x12
monthly mean climatological responses of the SLAB and the CMIP3 ensemble

(responses defined as in (a) and Fig. 1c).

Figure 6: (a) SLABcwmip3-mean Tsurr response difference relative to the SLAB
ensemble mean response (as shown in Fig. 5a). Panels (b)-(y) as (a) but for each
of the 24 SLAB ensemble members. Shading indicates regions with the T-test

value beyond the 99% confidence interval.

Figure 7: (a) global mean T,y time series of the 5 SLABcmip3-mean control and
2xCO; simulations relative to the control global mean. The shaded regions mark

the interval of + 2 standard deviations of the control (blue) and 2xCO2 (red)
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ensemble. The thick solid lines mark control (blue) and 2xCO: (red) ensemble

mean. (b) as (a), but for the 24 SLAB simulations.

Figure 8: Scatter plot of the CMIP3 models climate sensitivity for the A1B-
scenario (blue circles). The x-axis shows a measure of regional differences in the
warming pattern in percentage of the corresponding ensemble mean response. It
is an estimate of the mean local response amplitude deviation from the CMIP3-
ensemble mean response; see text for a definition. The y-axis shows the global
mean T,y response difference in percent relative to the corresponding ensemble
mean. The corresponding scatter plot is done for the 24 SLAB simulations (red
triangles) relative to the 24 SLAB ensemble mean response and for the 5
SLABcmip3-mean  Simulations (green crosses) relative to the 5 SLABcwmip3-mean
ensemble mean response. The responses for both the CMIP3 and the SLAB

ensembles are computed as in Fig. 1 and Fig. 5, respectively.

Figure 9: (a) the RMSE of the 24 CMIP3sabs simulations monthly mean Tsurs
control climatologies relative to the CMIP3s.bs ensemble mean Tsurr climatology.
(b) the RMSE of the 24 CMIP3sps simulations monthly mean Tsur response
averaged over the year 11 to 20 relative to the CMIP3gas ensemble mean
response. (c) as (b) but divided by the CMIP3s1.,s ensemble mean response. (d) as

in (C) but fOI‘ the CMIPBreduced-ensemble.
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Tables

Table 1: List of simulations discussed in this study.

Name Number | Scenarios Model type | Comment
of runs (number of
years)
CMIP3 24 20t (100yrs) | CGCM
+A1B(100yrs)
CMIP3 educed- 12 20t (100yrs) | CGCM The subset of the CMIP3
ensemble +A1B(100yrs) ensemble that has the
matching AGCM to the
CMIP34a0s ensemble.
CMIP3jabs 12 Control (30yrs | AGCM-slab | Length of control varies
to 150yrs) +
2xC02 (20yrs)
SLAB 24 Control AGCM-slab | Control mean Ty matching
(70yrs) + the CMIP3 ensemble.
2xC02 (50yrs)
SLABcMiP3-mean 1 control | Control AGCM-slab | Control mean Ty matching
(250yrs) + 5 the CMIP3 ensemble mean.
52xC02
times  2xC02
(50yrs)
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762
763  Table 2: CMIP3 model simulations. The experiment numbers correspond to

764  those used in the analysis of the SLAB simulations.

765
Experiment CMIP3-model Name
number
1. BCCR BCM 2.0
2. CCCMA 3.1 (T63)
3. CCCMA 3.1
4. CNRM 3
5. CSIRO MK3.0
6. CSIRO MK3.5
7. GFDL 2.0
8. GFDL 2.1
9. GISS AOM
10. GISS E-H
11. GISS E-R
12. IAP FGOALS 1.0g
13. INGV ECHAM4
14. INM 3.0
15. IPSL 4
16. MIROC 3.2 hires.
17. MIROC 3.2 medres.
18. MIUB ECHO-G
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19. MPI ECHAMS5

20. MRI 2.3 2a

21. NCAR CCSM 3.0
22. NCARPCM 1

23. UKMO HAD 3

24. UKMO HADGEM 1
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Figure 1

a) CMIP3 A1B mean response [2.7K]

b) mean Ty, ; RMSE [2.0K] C) response Ty,,; RMSE [0.9K]
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Figure 1: : (a) CMIP3 ensemble mean response in the A1B scenario (period 2070-2099
minus 1970-1999); (b) Root mean squared error (RMSE) of the 24 CMIP3 simulations
monthly mean 75, ¢ climatologies relative to the CMIP3 ensemble mean 75, ; climatology
from 1970-1999. (c) RMSE of the 24 CMIP3 simulations monthly mean Ty,,; response
in the A1B scenario (mean 2070 to 2099 minus mean 1970-1999) relative to the CMIP3
ensemble monthly mean T,,f response as shown in (a). (d) the relative response spread
defined as: the result in (c) divided by the results in (a). (e) Correlation between the 24
monthly mean climatologies and the responses. Anomalies for the climatologies are defined
in the same way as for (b) and for the responses they are defined in the same way as for
(¢). Numbers in the headings are the global mean values.
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Figure 2

a) mean T,y RMSE SLAB vs. CMIP3 b) correlation T,y SLAB vs. CMIP3
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Figure 2: (a) RMSE between the 24x12 monthly mean T, climatologies of the SLAB and
CMIP3 ensemble. (b) correlation for the same data as in (a).
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Figure 3

a) SLAB mean Th,,; RMSE [1.6K] b) t-values (99%)

Figure 3: (a) Root mean squared error (RMSE) of the monthly mean T,,; control cli-
matologies as Fig. 1b, but for the 24 SLAB experiments over the last 50yrs of the 70yrs
control run relative to the 24 SLAB ensemble mean climatology. (b) the 99% values of the
cumulative Students t-distribution, testing for a difference in the mean of a 30yrs period
based on the 250yrs SLABcaMip3—mean control annual mean Ty,,; variability assuming 15
independent values in the 30yrs period.
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Figure 4

a) Tour b) SLP

C) surface albedo d) cloud cover
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Figure 4: (a) The ratio of the RMSE of the control mean for Ty, s climatology (Fig. 3a)
divided by the 99% t-value (Fig. 3b). (b) to (f) as (a) but for (b) SLP, (c¢) surface albedo,
(d) cloud cover, (e) vertically integrated water vapor and (f) for precipitation. Surface
albedo values are undefined (grey shading) for regions that did not had any surface albedo
variability in the 250yrs SLABcy1p3—mean control simulation.
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Figure 5

a) SLAB mean T}, s response [4.3K] b) response Ty, RMSE [0.7K]
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Figure 5: (a) the 24 SLAB ensemble mean response in the 22C' O simulations (last 30yrs of
the 50yrs 22C'Oy run minus control mean); (b) response RMSE as in Fig. lc, but for the
24 SLAB experiments response over the last 30yrs of the 50yrs 2zC' O,y experiment relative
to the SLAB ensemble mean response. (c) the relative response spread as in Fig. 1d, but
for the SLAB experiments. (d) Correlation between the 24 monthly mean climatologies
and the responses as Fig. le, but for the 24 SLAB experiments. (e) correlation between
the 24x12 monthly mean climatological responses of the SLAB and the CMIP3 ensemble
(responses defined as in (a) and Fig. 1c).
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Figure 6

a) S LABcyips_ymean

b) SLAB exp. 1
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Figure 6: (a) SLABcymIPs—mean Tsury response difference relative to the SLAB ensemble
mean response (as shown in Fig. 5a). Panels (b)-(y) as (a) but for each of the 24 SLAB en-
semble members. Shading indicates regions with the T-test value beyond the 99% confidence
interval.
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Figure 6 continued
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Figure 6: Continued.
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Figure 7
a) global mean T, t SLABcyIp3—MEAN b) global mean T, SLAB ensemble
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Figure 7:(a) global mean Ty, time series of the 5 SLABcM1p3—mean control and 2zCO,
simulations relative to the control global mean. The shaded regions mark the interval of
+2 standard deviations of the control (blue) and 2xCOy (red) ensemble. The thick solid
lines mark control (blue) and 22CO; (red) ensemble mean. (b) as (a), but for the 24 SLAB
simulations.
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Figure 8
Uncertainty in Climate Sensitivity
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Figure 8: Scatter plot of the CMIP3 models climate sensitivity for the A1B-scenario (blue
circles). The x-axis shows a measure of regional differences in the warming pattern in
percentage of the corresponding ensemble mean response. It is an estimate of the mean
local response amplitude deviation from the CMIP3-ensemble mean response; see text for a
definition. The y-axis shows the global mean T5,,; response difference in percent relative to
the corresponding ensemble mean. The corresponding scatter plot is done for the 24 SLAB
simulations (red triangles) relative to the 24 SLAB ensemble mean response and for the 5
SLABcMIP3—mean sSimulations (green crosses) relative to the 5 SLABca1p3—mean €nsemble
mean response. The responses for both the CMIP3 and the SLAB ensembles are computed
as in Fig. 1 and Fig. 5, respectively.
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Figure 9

a) mean T,y RMSE [1.7K] b) response Ty, RMSE [0.9K]
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Figure 9: (a) the RMSE of the 24 CMIP3g,,s simulations monthly mean Tj,,s control
climatologies relative to the C'M P34 ensemble mean Ty, s climatology. (b) the RMSE
of the 24 CMIP3g4, simulations monthly mean T,,; response averaged over the year 11
to 20 relative to the CM1P3g4s ensemble mean response. (c¢) as (b) but divided by the
CMIP3gs ensemble mean response. (d) as in (¢) but for the CMIP3,cquced—ensemble-




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 1000
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1000
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


