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Abstract 

This study extends recent projections of monthly and daily precipitation over 
Australia by analysing the full frequency distribution of daily rain amounts and 
making projections of the new statistics wet-day fraction and top percentile of 
rain. Simulations from an ensemble of 33 CMIP5 models are used, together with 
six simulations from the downscaling model CCAM, with the data analysed on 
the model grids. Consistent with its higher resolution (0.5°), CCAM provides a 
more skilful simulation for the extreme grid point rainfall than most CMIP5 mod-
els. CCAM compares well with AWAP gridded data for wet-day fraction, while 
there is a wide range of CMIP5 results. In the future climate of 2080–2099 under 
the RCP8.5 scenario, changes in mean rainfall of both signs occur within the 
CMIP5 ensemble for most regions and seasons, although mean winter rainfall in 
southern Australia declines 5 to 30 per cent in most models and in CCAM. CCAM 
simulates increases in summer, and also more wet days, in contrast to CMIP5. 
Aside from the north in winter, the changes from CMIP5 become increasingly 
positive, on stepping from mean to top percentile to twenty-year extreme rainfall, 
a contrast of typically 25 per cent. There is much less contrast between these sta-
tistics from CCAM. The distributions of rain amounts shed light on these different 
projections. Averaged over Australia and four seasons, CCAM produces a 
broader distribution than the CMIP5 ensemble mean. However much of the future 
increase is in the 2 to 8 mm daily range, whereas CMIP5 distributions tend to shift 
towards amounts in the range 30 mm to 200 mm. Further assessment of such dis-
tributions in both these and newer versions of CCAM, ACCESS and other GCMs 
is recommended. 

 

1.  Introduction 

Intense short-term rainfall events can lead to flash flooding, among other significant impacts, and the change in intensities 
in the future under rising greenhouse gases is an important topic in climate projection science. The projections for Australian 
climate over the coming century provided by CSIRO and Bureau of Meteorology (2015 –hereafter CB15) consider both 
climatological mean and extreme (high) daily rainfall, with changes largely based on the simulations by global climate 
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models (GCMs) submitted to the Coupled Model Intercomparison Project phase 5 (CMIP5, Taylor et al. 2012). The projec-
tions focus on the change in regional climate statistics representing twenty-year periods, with variation on that time-scale 
driven by internal variability of the climate system included, as well as change driven by a particular scenario of greenhouse 
gas concentrations and other external factors, as described in chapter six of CB15. 

The changes in mean rainfall in eastern Australia simulated by CMIP5 models have been analysed further by Grose et al. 
(2015) and Dowdy et al. (2015a). As for the rest of the continent, there is a considerable range of change across the ensemble. 
Changes of both signs are possible, although nearly all models simulate a decrease in rain for southern mainland Australia 
in winter (Hope et al. 2015). Both CB15 and Dowdy et al. (2015a) find that the change in extreme rainfall is likely to be 
more positive than the change in the mean. The range of change from the CMIP5 ensemble is attributed partly to the differing 
representation of relevant physical processes in the models. One reason for this is the differing spatial resolution, with rep-
resentative grid lengths ranging from around 70 to 300 km (Watterson 2015, Shields et al. 2016). Australian rainfall changes 
can also be linked to changes in large-scale circulation, which can in turn be driven by sea surface temperature (SST) changes 
(e.g., Watterson, 2012). 

Both higher resolution and a range of SST changes are represented in a further ensemble of six simulations by the downscal-
ing model CCAM (described shortly). For much of Australia, CB15 show that the changes in the mean rainfall among the 
CCAM runs lie within the range from the CMIP5 ensemble. The ensemble mean changes can differ, with CCAM producing 
stronger increases in summer rainfall. Grose et al. (2015) noted differences in the southeast, including the ‘East Coast South’ 
region (ECS) used by CB15, that can be linked to the higher resolution of CCAM and other factors. (ECS covers the river 
basins east of the Great Dividing Range within New South Wales, between about 35°S and the Queensland border.) How-
ever, CB15 and Dowdy et al. (2015a) did not present an assessment of extreme rainfall from CCAM. Further assessment of 
future extreme rainfall over Australia has been undertaken by scientists at CSIRO and Bureau of Meteorology (BoM), partly 
in support of new guidelines for design flood characteristics provided by Engineers Australia –see the ‘Australian Rainfall 
and Runoff’ (ARR) website www.arr.org.au and Ball et al. (2016). The present paper contributes to that work, and a CCAM 
simulation for ARR is briefly considered. 

Recently, Watterson et al. (2016, and denoted here WCH16) analysed the mean rainfall during individual months from the 
CMIP5 simulations. An assessment of the full frequency distribution, or ‘probability density function’ PDF, of the monthly 
rainfall amounts at each model grid point (or square) in each 20-y period was undertaken. Spatial fields of composites of 
amounts in the top and lowest decile were constructed for each of the four seasons and compared to fields from observational 
data sets. PDFs for the future tended to be broader than those from the present (or more accurately, recent past). Projections 
for the decile amounts averaged over CB15’s four large ‘super-cluster’ regions (North, East, Rangelands, and South) cover-
ing Australia were made, similarly to those for mean rainfall in CB15. These regions combine clusters of Natural Resource 
Management regions, such as ‘East Coast’, which includes ECS as a ‘sub-cluster’. 

Analyses of PDFs and composites of extremes for daily rainfall amounts are of considerable interest and are the subject of 
this paper. In a number of ways the presentation will complement that for monthly data in WCH16, and further references 
on CMIP5 and Australian rainfall can be found there. Both CMIP5 and CCAM results are considered here, with a focus on 
the statistics representing the low and high amount tails of the rainfall distribution. A feature of the paper is the relationship 
between the changes in both means and extremes and the shape of PDFs, an approach recently taken for global rainfall by 
Pendergrass and Hartmann (2015). One difference here is that all results, including the spatial aggregates ranging from ECS 
to Australia, are for rain amounts for the (native) model grid squares. The PDF approach sheds light on the differences 
between the CMIP5 and CCAM changes. 

The models and simulations analysed are briefly described in the following section, along with the method of constructing 
the rainfall distributions and statistics. To illustrate PDFs, grid point results for the Sydney region, which was a target of the 
study of future rainfall for ARR, are used. Results for the present climate are then presented. An assessment of the role of 
resolution is made, featuring model values for ECS, which contains Sydney. Section 4 considers the same statistics in the 
future climate. Projections are made, using bar graphs to represent the range of results. Changes in rainfall distributions are 
then assessed, followed by the Conclusions. 
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2.  Models and Methods 

2.1 CMIP5 

The CMIP5 models whose data are analysed are all coupled atmosphere-ocean models, representing physical processes that 
are important to weather and climate over the coming century, including precipitation. The relatively coarse resolution of 
these comprehensive global models requires small-scale processes to be ‘parameterised’, and there are various approaches 
taken in representing atmospheric moist convection and the associated rainfall. Of the 40 models that were analysed by 
WCH16, daily data were available for this study from the 33 models listed in the Appendix (Table S1). Note that such model 
data are the full series of mean precipitation flux or rate over 24-hour periods starting at 0 UTC, with values expressed here 
in the unit of mm per day, and denoted here P (as WCH16). Equivalently, the values are daily amounts in mm. Following 
CB15 and the associated studies, the ‘present climate’ period 1986–2005 is from a ‘historical’ simulation, and the future 
climate period 2080–2099 is from a run with the RCP8.5 forcing scenario (Riahi et al. 2011). The global warming between 
these periods under this scenario ranges across the 33 CMIP5 models from 2.5°C to 4.9°C (values are given by WCH16). 
The first available simulation is used in the case of models with multiple runs. Unless stated the CMIP5 results presented 
are from the 33-model ensemble. As a short label, this will be also be denoted G33, referring to the (coupled) GCM runs. 

2.2 CCAM 

The six simulations from the Conformal Cubic Atmospheric Model (CCAM) analysed by CB15 are considered here, and 
again we focus on the above two 20-y periods. The model version is that described by Nguyen and McGregor (2009) and 
McGregor et al. (2016), with atmospheric and land processes simulated, but with specified SST and sea ice. It is used in a 
global configuration, with a quasi-uniform grid of approximately 50 km spacing. The data analysed are from outputs inter-
polated to a regular 0.5° grid. The representative grid length (L, the square root of the average grid box area) of Watterson 
(2015) of this global grid is 44.3 km. As noted by WCH16 the grid spacing over Australia is typically a little wider than L, 
and indeed the latitude spacing for the 0.5° grid is around 56 km. The resolution is higher than all the CMIP5 models, but 
not especially high for dynamical downscaling. This version of CCAM still includes parameterisation of atmospheric con-
vection. 

As described by Katzfey et al. (2014), each CCAM run is actually over the period 1970-2099, with the SSTs based on one 
of six CMIP5 models: CCSM4, with L of 96 km (see also Table S1), CNRM-CM5 (125 km), ACCESS1.0 (135 km), MPI-
ESM-LR (166 km), NorESM1-M (192 km) and GFDL-CM3 (198 km). The average grid length of these is 152 km, only a 
little finer than the G33 average 171 km. In each run the scaled variations about the mean of SSTs in the present climate 
simulated by the GCM are added to observational data, along with the long-term warming trend in future years. In this sense, 
the SSTs from the CMIP5 model are ‘bias and variance corrected’ for CCAM. Sea ice concentrations are also based on the 
CMIP5 model. While the same RCP8.5 scenario is used in CCAM, the radiative response calculated by CCAM may differ 
from that in the CMIP5 model. Further, CCAM simulates weather independently of each CMIP5 run. So these simulations 
are not directly downscaling the CMIP5 model’s weather and climate over Australia, but are more broadly downscaling the 
pattern of climate change driven by the model’s SST changes. (McGregor, 2015, reviews this and other downscaling meth-
ods.) To assess the differences between CCAM and the GCM simulations with the same SST changes, results from the above 
six-model CMIP5 ensemble will be considered. However, in addition to the higher resolution, the bias correction is expected 
to improve the simulation of the present climate by CCAM. The changes may also be modified, even on the large scale. The 
two ensembles will be denoted D6 (for downscaling) and G6 (the CMIP5 runs). Ensemble means are often used to limit 
effects of unforced variability in the results. Note that Katzfey et al. (2014) used these CCAM runs as an intermediate stage 
to further downscaling of the Vietnam region. Grose et al. (2012) analysed earlier simulations by CCAM and found some 
improvement in the rainfall associated with cutoff lows in the southeast Australian region over the GCMs. 

For ARR, Bates et al. (2015) performed a simulation of southeast Australia at a resolution of 10 km (and data grid spacing 
of 0.1°). This downscaled the above ACCESS1.0 (GCM) simulation over 1980-2065, with the large-scale atmospheric con-
ditions nudged every three hours towards those of the host model, firstly for an intermediate 50 km simulation, then to 10 
km. Given the differing method and a single, shorter simulation the analysis can give only an indication of how rainfall 
differs at higher resolution in this version of CCAM, denoted 10 km CCAM, and focusing on ECS. The 2046-2065 period 
is analysed. The global mean warming in ACCESS1.0 for this is 2.25°C, relative to 1986-2005, compared with 4.04°C for 
2080-2099. 
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2.3 Observations 

The primary observational data set used in assessing the present climate simulations of rainfall are the daily gridded analyses  
from the Australian Water Availability Project (AWAP), of the BoM and CSIRO. These provide an estimate of rainfall using 
weighted averages of station data using a technique described by Jones et al. (2009). The effective area represented varies 
with station density, but the data used here cover Australian land on a 0.25° grid (shown shortly). For comparability with 
CMIP5 data most analysis is of the 1986-2005 period. In order to limit the influence of sampling and unforced variability, 
and following WCH16, some results are for the extended period of 110 years from 1901 to 2010. Also considered, are data 
from the Global Precipitation Climatology Centre (GPCC, Schamm et al. 2015). These are on a 1° grid, over 1989-2008. 
The ERA-Interim reanalysis product (Dee et al. 2011) on a 0.75° grid, over 1986-2005, is also used. In a global context, 
Herold et al. (2016) find differences between these and other data sets for both the number of wet days and intensities, in 
part reflecting the differing spatial scales that they represent. King et al. (2013) discuss limitations of this gridded AWAP 
data set, when compared to station data, particularly over sparsely observed regions. The daily rain version (originally dated 
2010) gives less mean rain in these regions than does the monthly data set used by WCH16, due to differing length scales in 
the algorithms used (see also www.bom.gov.au/climate/austmaps/about-rain-maps.shtml). Where the difference is large, a 
data void is shown in some figures. However, since the regions are relatively dry, the Australian average results may be less 
affected by not omitting these regions (as noted later). 

2.4 PDFs 

The analysis of daily rainfall is based on that of Watterson and Dix (2003), with WCH16 using a similar approach on monthly 
data. All model results are for one of the two 20-year periods, partitioned by the usual four seasons (December-February or 
DJF, March-May MAM, June-August JJA, and September-November SON). These have been approximated by 90-day 
periods, for simplicity and to allow for some models that use a 360-day calendar. The frequency distribution at each grid 
point is constructed by partitioning the 1800 daily amounts in each case into 50 pre-set bins starting with one for amounts 
less than 0.004 mm taken to be the criterion for a dry or no-rain day, then in steps of 0.05 mm to 0.2 mm, followed by 
roughly exponentially increasing steps. The last bin has an upper bound (2000 mm) intended to be larger than any valid 
value. The initial value is lower than is routinely observed, but gridded data usually allow that precision, and it has the 
advantage that there is negligible accumulation over the dry days. As for WCH16, for presentation, a logarithmic amount 
(x-axis) scale is used, and the raw histograms converted to density form for this scale, by multiplying by amount (P, the bin 
central value) and dividing by log (e). The dry-day bin is shown with a bar of length matching the frequency, with unit (in 
log(P)) width. The net area under the whole curve is then unity. Examples of such PDFs are given in Figure 1. The CCAM 
and 6-model CMIP5 ensemble averages for PDFs from the model grid point nearest the location of Sydney, for two seasons, 
are shown in Fig. 1a. It should be acknowledged that these values represent rainfall over grid squares of differing sizes and 
topography, depending on the model, which could be described as the Sydney region. The intention here is to examine the 
data on its ‘native’ grid. Averages across CMIP5 models can be considered to represent values typical of CMIP5 grid squares. 
Naturally, these appear smoother than individual 20-year curves. Consistent with the result that might be expected for a 
smaller grid square, for this location CCAM simulates more dry days than the corresponding CMIP5 runs, in each season. 
(The MAM and SON PDFs are mostly intermediate to those shown.) Greater statistical variation is evident in the two 20-y 
observational results from ERA-Interim and GPCC in Figure 1b. The 110-y AWAP result for the grid point 151.25°, 33.75° 
is shown along with that for the Sydney Observatory Hill station nearby in Fig. 1c (using data from www.bom.gov.au/cli-
mate/data/stations). 
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Fig. 1 Frequency density of daily rainfall values (rate in mm d−1) for a representative Sydney grid point in two seasons. In (a) 
the values for 1986-2005 are averaged over the six CCAM simulations (i.e. D6) and the corresponding CMIP5 runs 
(G6). In (b) are ERA-interim for 1986-2005 and GPCC for 1989-2008. In (c) are the gridded AWAP and the Observa-
tory Hill station results, both for 1901-2010. For non-zero rate (P), a logarithmic scale is used, with the density multi-
plied by P/log(e) to preserve net frequency being proportional to area. The actual fraction of dry days is shown as a bar 
at the left, with a width of one unit (in log (P)). In (d) are the amount distributions for the cases in (c), with a shorter rate 
scale. 

For the criterion used, AWAP has fewer dry days at the Sydney location than GPCC and ERA-Interim, despite being from 
a finer grid. (AWAP has even fewer dry days at points on the ranges to the west.) However, the ERA-Interim data have very 
few values in the second bin. Evidently, the station measurements have limited precision for amounts less than 1 mm d−1. 
Such contrasts for small amounts were described by Herold et al. (2016) and King et al. (2013). A larger dry-day criterion 
could be chosen, but there is interest in the range of these results over the data sets and their spatial contrasts. 

The frequency of high rainfall (10-100 mm, or more in CCAM) is greater in summer than winter, in the region represented 
by the models (Fig. 1a). However, these frequency distributions do not depict the extreme amounts well, on account of their 
rarity. A further approach used by WCH16 has the values at each bin multiplied (again) by P, so that they are proportional 
(approximately) to the accumulated rainfall that each bin represents. Pendergrass and Hartmann (2014) term this form an 
‘amount distribution’, and indeed the net area under the whole curve is now the total mean rainfall. This form is shown in 
Fig. 1d for the AWAP and station cases, which match quite well. Both show similar curves for the two seasons, consistent 
with similar seasonal means for Observatory Hill. For the broader Sydney region, and ECS as a whole, there is more rainfall 
in summer than winter (Dowdy, 2015b). Amount distributions from the models are shown later. Regional averages of grid 
point PDFs of both forms are also shown. To produce these averages the model grid of frequencies for each bin are first 
spatially interpolated to the AWAP grid. Distributions for the annual case (ANN) are formed by averaging the four seasonal 
results. 

The fraction of wet days is a commonly used quantity (e.g. Watterson and Dix 2003, Herold et al. 2016), and the values 
derived simply as one minus the dry-day fraction from each grid point can be readily shown as a spatial field. All results for 
dry-day can be simply inferred from those for wet-day, and in a sense each represents the extreme lower tail of the distribu-
tion. Further quantities analysed here as spatial fields are the mean rainfall, the maximum or ‘extreme’ value (rank 1 from 
the 1800 days within each 20-year period that are assessed for each season), and the average (or composite) of amounts in 
the top percentile of days (i.e., the ranks 1 down to 18), denoted here ‘top %’. For values from a single location, model and 
season, these statistics relate closely to the frequency distribution, with the top % providing a measure of the position in P 
for the upper tail. Averages of high rainfall values were also used by King et al. (2013), who also compared extreme high 
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and low rain statistics in the AWAP data with station observations. The gridded form tends to have somewhat smaller high 
extremes than point values, and this holds also for our Sydney example. Note that the top % and extreme values loosely 
relate to the annual and 20-year extremes shown by CB15. 

3.  Present Climate 

3.1 Spatial Fields 

The climatological seasonal mean rainfall over Australia derived from CMIP5 monthly rainfall data was presented by 
WCH16, along with AWAP fields. Naturally, the same fields from the daily data sets from CMIP5 and AWAP are very 
similar to the monthly results. The mean fields from the CCAM ensemble in each season provide an even better match to 
AWAP than do those from CMIP5, particularly for the high orographic rainfall over the Australian Alps and western Tas-
mania, and this will be quantified shortly. Moise et al. (2015) and CB15 assess the means from both ensembles, so the 
presentation of fields here will focus on the new statistics from the daily analysis. 

The fields for wet-day fraction in summer and winter from AWAP, CCAM and CMIP5 are shown in Figure 2. In each case 
the data period is 1986–2005, and spatial variation due to sampling is evident in these grid point values in the AWAP case. 
Nevertheless, the GPCC and ERA-Interim fields (not shown) appear quite similar on the broad scale. In this field and others, 
unforced or natural variation between 20-year periods will be present in the model results, and averaging over six runs 
diminishes this in CCAM. With SSTs being bias corrected, there is little variation in the present climate results that is related 
to SSTs, in contrast to CMIP5, but averaging over 33 models will limit this variation also in CMIP5. In any case, the wet-
day fraction varies remarkably across the CMIP5 ensemble, from 0.19 (for CMCC-CM) to 0.88 (GISS-E2-H) in the Aus-
tralian annual mean, with an ensemble average of 0.52. The result from AWAP is around 0.33, while that from CCAM is 
0.41. CCAM provides a better match to AWAP than CMIP5 in the drier regions in each season. In the far north in DJF, 
CCAM has rain on over 95 per cent of days, whereas CMIP5 models are typically 90 per cent. However, CCAM tends to 
have fewer rain days near the south and east coasts than CMIP5 and AWAP, as for the Sydney region (Fig. 1). The contrasts 
from land to ocean from CCAM at some coasts, especially the west in DJF, are interesting. 

 

Fig. 2 Fraction of days with rain (criterion 0.004 mm d−1): AWAP (0.25° grid), (a) DJF, (b) JJA; CCAM, six-run average or D6 
(0.5° grid), (c) DJF (d), JJA; CMIP5, 33-model average or G33, (e) DJF, (f) JJA. Regions that are poorly represented in 
the AWAP daily data are shown as white voids in (a) and (b). The Australian domain used for spatial averaging are the 
grid squares depicted in (a, b), not excluding these voids. CMIP5 averages are of fields interpolated to a common 1° grid, 
as used in all maps of CMIP5 results. 
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The average of the top percentile values of a PDF for a grid point provides an extreme rain amount typical of the heaviest 
daily rainfall in a single season (given 18 such values from a 20-season series). The fields of top % from AWAP for two 
seasons are shown in Figure 3. Values along the east and north coasts in DJF easily exceed 100 mm d−1, while in the northern 
interior they fall below 5 mm d−1 in JJA. CCAM (Figure 3 c, d) provides a similar contrast, and realistic detail, although with 
higher values than AWAP in the east and far north in DJF. The CMIP5 ensemble mean gives a good spatial pattern in each 
case shown, but with lower intensity of both wet and dry values. As for wet-day fraction and mean rainfall, there is a con-
siderable range in top % from the different models, as will be illustrated for ECS shortly. 

 

Fig. 3 As Figure 2, but for top percentile daily rainfall (in mm d−1). 

3.2 Skill scores and links to resolution 

To evaluate the simulation of seasonal climatological precipitation by CMIP5 models, WCH16 (and Moise et al. 2015) 
followed Watterson et al. (2013) in using the non-dimensional ‘M’ skill score (based on rmse scaled by spatial variance), in 
which a value of 1000 ‘points’ means an exact match of the simulated and observational fields, and 0 is no skill. Scores have 
been calculated for the agreement between each model field and AWAP over Australian land for the new statistics from the 
daily data for 1986-2005. For this, the model results are interpolated to the AWAP grid, so that models capable of simulating 
realistic detail should score more highly. The four seasonal M values are averaged to provide a skill score for the model, and 
these are included in Table S1. The ensemble means of the model scores are given in Table 1. 

Table 1 Skill scores for three quantities over Australia, averaged over the scores for the models in each ensemble. These are M 
values, out of 1000, averaging over 4 seasons. The Overall value is the average of the three results. Also given is the top 
score from the 33 CMIP5 models for each category and the correlation with grid length, across the 33 scores (with esti-
mated p-values shown in italics).  

 Wet-day Mean Top % Overall 

CCAM, D6 464 681 410 518 

CMIP5, G6 288 501 364 384 

CMIP5, G33 368 492 324 395 

Top of 33 scores 685 690 469 552 

r with L −0.03 −0.29 (0.28) −0.54 (0.03) −0.30 (0.26) 
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The scores for mean rain from the CMIP5 models are very similar to those in earlier studies, with small differences due to 
differing averaging periods and data grids. CCAM improves on the G33 ensemble mean score, and also the score for the 
corresponding six models, the sub-ensemble G6. It matches the top of the 33 CMIP5 scores, given variation of ±15 among 
the six CCAM runs. The M scores for the other two statistics are a little lower in each ensemble. In each case, and also in 
the Overall score, CCAM improves on G6 and G33, but not the best CMIP5 result. Note that M values for dry-day fraction 
are identical to those for wet-day fraction. 

The improvement in the scores for CCAM can be expected from the ability of models with higher resolution to simulate the 
spatial extremes of rainfall as represented in AWAP. As a test of the influence of resolution, the correlation coefficient r 
between the 33 CMIP5 scores and the grid length L is included in Table 1. It is largest in magnitude for top %. The statistical 
significance of these values depends on the number of results that can be regarded as independent. This is uncertain, but 
WCH16 took it to be half the number in the ensemble, in which case r of magnitude 0.42 is needed for a significance level 
(or p-value) of 0.1 here. The top % result then has a p-value of 0.03 and is highly significant. In any case, the scores for wet-
day fraction score are essentially uncorrelated with L. The Australian, annual mean wet-day frequency from CMIP5 models 
(noted above) is also uncorrelated with L, and WCH16 noted that the same holds for mean rainfall. Some models provide a 
better match to AWAP in the overall fraction of days with or without rain, and a better spatial pattern also. However, best 
M result for Wet-day (Table S1) is for IPSL-CM5B-LR, with a relatively low spatial resolution. 

For some regions and seasons, model resolution does provide an effect on the rainfall statistics. Turning to ECS, as an 
example of the CB15 regions, it is seen from Fig. 2 that the CCAM D6 wet-day fraction is a little lower than that from 
AWAP. However, averaged over ECS the 10 km CCAM (not shown) produces wet-day fraction close to that from AWAP. 
(The ECS averages have been calculated from data interpolated to a 0.75° grid, on which the sub-clusters have been repre-
sented.) Across CMIP5 results, the mean rainfall over ECS is weakly correlated with L in summer (r = −0.3, p-value 0.26), 
and CCAM (D6) simulates higher and more realistic means than the CMIP5 (G33) average then. Both D6 and G33 are close 
to AWAP in winter. The 10 km CCAM produced annual mean ECS rainfall 60 per cent higher than observed (see Bates et 
al. 2015), although some CMIP5 models are nearly as high.  

It is worthwhile illustrating the variation in top % amounts across the models for ECS, and values for two seasons are shown 
with scatter plots in Figure 4. The x-axis in the plots is the model grid length, with the six CCAM results plotted at length 
50 km. For summer, the CCAM top % amounts are higher than all the CMIP5 results, and even appear high relative to the 
regression line between CMIP5 values and length, also shown. The correlation between rain and L is −0.44 (p-value 0.09) 
for DJF and −0.29 (0.28) for JJA. Hence, increased resolution does tend to boost intensity, but is not the only factor for this 
region, especially in winter. As noted by Dowdy et al. (2015a), extreme rainfall in ECS is often associated with ‘east coast 
lows’, and their interaction with the local topography is important to the evolution of the lows and the intensity of rainfall. 
Most global models could not simulate this in any detail, and resolution is important, but so are influences on the occurrence 
of the lows, as discussed also by Grose et al. (2012). Consistent with Figure 3, the CCAM results are higher than the AWAP 
regional averages (Figure 4) in DJF. The 10 km CCAM values are higher again at 102 mm d−1 for DJF and 74 mm d−1 for 
JJA. Note that King et al. (2013) find AWAP extremes are around 5-10 per cent lower than high-quality station values in 
the ECS region (their Figure 8c). 
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Fig. 4 Scatter plot of values from 33 CMIP5 models and 6 CCAM runs, of top percentile rainfall averaged over ECS, as a function 
of model grid length: (a) DJF, (b) JJA. The 33 CMIP5 models are shown in brown and green, with the regression line over 
these shown. The CCAM values are shown in blue, with the corresponding CMIP5 models in green. The AWAP result is 
plotted as a star, at a nominal 25 km length. 

The maps in Figure 5 (a, b), which complement those for extreme monthly rainfall in WCH16, show that a negative corre-
lation for summer between top % at grid points and L is widespread over Australia, and is particularly strong in the southeast, 
including Tasmania. In winter, a weak increase with resolution occurs in the far southeast. The results for change will be 
discussed shortly. 

 

Fig. 5 Correlation across 33 CMIP5 models, between top percentile of rain and model grid length: 1986-2005 (present) value (a) 
DJF, (b) JJA; change 2080–2099 as a percentage of 1986-2005, scaled by global warming (c) DJF, (d) JJA. 

3.3 PDFs 

The seasonal results shown in Figures 2-4 for the Sydney region from the CCAM and CMIP5 ensembles can be related 
back to the PDFs shown in Figure 1, as well as the corresponding amount distributions that will be considered shortly. 
Curves for other locations or regions could be considered, but given the large CMIP5 range of Australian, annual mean 
dry-day frequency the focus in Figure 6 is the overall Australian average of the PDFs of daily rainfall at grid points. The 
resulting AWAP frequency distribution in Figure 6a has a large dry-day fraction, then a broad, smooth distribution of posi-
tive amounts. Amounts over 100 mm are relatively infrequent, but some exceed 500 mm in a day. The amount distribution 
in Figure 6b is shown with a reduced P range, and it indicates that nearly all the rainfall accumulation is from amounts 1 to 
100 mm. The GPCC data set produces very similar distributions. However, ERA-Interim has rainfall in somewhat lower 
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amounts, overall. The CMIP5 33-model mean has fewer dry days, as noted before, but more light rain amounts (1 mm or 
less). The upper tail is comparable to AWAP, but the excess in days around 10-20 mm produces more total rainfall in G33, 
consistent with the Australian means given by WCH16. Figure 6 also shows the high and low values among the 33, at each 
bin. Just as for dry-day fraction (and the complementary wet-day results noted before), there is a large range across the 
distribution. Some of this range, especially for heavy summer rainfall (Fig. 5), may be linked to model resolution. Restrict-
ing the ensemble to models with L less than 140 km produces a slight shift of the average PDF towards higher rainfall (not 
shown). Nevertheless, at the mid-rate 12 mm d−1, the low value is from IPSL-CM5A-LR, and the high value is from MI-
ROC-ESM-CHEM, both with relatively large L (Table S1).  

The CCAM mean PDF (or D6) is well within the CMIP5 range at each P in Figure 6. Compared to AWAP the amount 
distribution is broader, with a double peak in this log P form. Naturally, the distributions have a considerable seasonal var-
iation, particularly when the domain is reduced. This can be seen in the results for Australia and the four super-clusters 
from AWAP, shown in Figure S1. The domains used can be seen in Figure 1 of WCH16. For consistency with the compa-
rable distributions for monthly data shown by WCH16, the longer 1901-2010 record is used. The monthly distributions are 
less broad (using the same P scale), with a lower dry bar, but the seasonal and regional contrasts have much in common 
with those for daily data. 

 

Fig. 6 Frequency density of daily rainfall values (rate in mm d−1) for 1986–2005, averaged over the four seasons and over all 
Australian grid points. The ‘CMIP5’ curve is the average over the 33 CMIP5 models, while the long-dashed lines show 
the maximum and minimum of the 33 values at each P rate. Then follows the average over the six CCAM simulations, 
and curves determined from three observational data sets: ERA-Interim, AWAP, and GPCC. The PDFs including the dry-
day bar are in (a), while the curves multiplied by P are in (b). 

4.  Future Climate 

4.1 Spatial Fields 

The daily rainfall distributions and the associated statistics have been calculated for the 2080–2099 period, using the RCP8.5 
simulation from each model. Following CB15, WCH16 calculated changes in rain amount statistics, the future minus the 
present, as a percentage of the amounts for 1986–2005, calculated for each CMIP5 model. (To limit statistical noise for 
changes at individual grid points that have unusually low values for the earlier period, WCH16 added small increments to 
the denominator of the percentage change calculation, and capped changes at 100 per cent. This was repeated here, with the 
increment 0.1 mm d–1 for mean and 0.2 mm d–1 for top %.) Maps of the 40-model average of the percentage change in mean 
rainfall, in each season, were shown by WCH16. It is worthwhile presenting this important statistic calculated from the daily 
data analysis. The changes for DJF and JJA from the G33 ensemble are shown in Figure 7(e, f). As expected these are very 
similar to the WCH16 results. The changes simulated by CCAM are also shown, along with the G6 sub-ensemble. The 
smaller ensemble has a similar pattern to G33 in each season, but with more extensive increases in the central north in both 
seasons. Despite being given similar SST changes, on average CCAM simulates strongly increased rainfall (mostly 20 per 
cent to 50 per cent) over most of the continent in DJF, with the exception of decreases in the far north, especially Cape York. 
The pattern in JJA is similar to G6, but with larger increases in the central north extended to throughout Queensland. CB15 
show similar results for five models in each ensemble (omitting GFDL-CM3 and the corresponding CCAM run, their Figure 
7.2.8). 
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Fig. 7 Change in mean rain, as a percentage of 1986–2005 value. Panels show CCAM, six-run average (a) DJF (b) JJA; CMIP5, 
six-model average (c) DJF (d) JJA; and CMIP5, 33-model average (e) DJF (f) JJA.  

The fields of change in wet-day fraction (as a simple difference in frequency) are shown in Figure 8. The patterns and 
contrasts between the ensembles have much in common with those for mean rainfall. There is a decrease in the number of 
days with rain in the south in winter in each case, typically dropping from a fraction of 0.6 to 0.5. Increases in Queensland 
are strong in CCAM, and partly consistent with the G6 models. In DJF, the changes from CMIP5 are small, even for regions 
with increased rainfall. In contrast, the change from CCAM is a widespread increase, but no change in the far north and also 
over some adjacent ocean to the south. 

 

Fig. 8 Change in fraction of days with rain (criterion 0.004 mm d–1, 2080–2099 minus 1986–2005). Panels show CCAM, six-run 
average (a) DJF (b) JJA; CMIP5, six-model average (c) DJF (d) JJA; and CMIP5, 33-model average (e) DJF (f) JJA. 
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The changes in top %, shown in Figure 9 as a percentage of the present climate, are mostly positive, with CMIP5 producing 
increases up to 30 per cent in DJF and up to 15 per cent in the southeast in JJA. In the northeast and northwest, however, the 
G33 average is for declines in the (relatively small) extremes during JJA. The G6 models give a stronger increase in the 
central north. CCAM (D6) gives a similar pattern of change to G6 in winter, but in summer gives less change in the north, 
but larger increase in the south. Some of the spatial variation in the six run results is likely to be an effect of sampling of 20-
y periods. While there is some similarity in the overall pattern of the change in the means, the top % change is generally 
more positive. The difference (top % change minus mean change, plots not shown) has values of typically 5 to 30 per cent. 
The exceptions are rather similar change for CMIP5 in the north in JJA, where CCAM gives much less of an increase for 
top %. CCAM also gives much less of an increase in DJF, except for the far north and far south. Within each ensemble, 
particularly CMIP5, there is a considerable range of change.  

 

Fig. 9 Change in top percentile rain, as a percentage of 1986–2005 value. Panels show CCAM, six-run average (a) DJF (b) JJA; 
CMIP5, six-model average (c) DJF (d) JJA; and CMIP5, 33-model average (e) DJF (f) JJA. 

The dependence of changes in top % with grid length across the CMIP5 models is quantified by the correlations mapped for 
the Australian region in Figure 5(c, d). Following WCH16, the percentage changes are divided by the global warming within 
each model, to produce ‘change per degree’ results, since under the pattern scaling approximation the warming is a multi-
plicative factor to change. There is a weak negative correlation for change in wet-day fraction in parts of the north in DJF, 
so that models with smaller grid length can actually have higher percentage increases. This does not explain the relatively 
small change for CCAM, as a high-resolution model. For JJA, the weakly positive correlation with length in the east would 
suggest CCAM would have a less-positive change. 

The pattern of correlations with L for change in top % are rather similar to those for the top decile of monthly rainfall shown 
by WCH16. In general though, these correlations are not large enough for resolution to be a major factor in the outcome of 
a model simulation. This was the conclusion of CB15 also, and therefore all models were used in making projections. Like-
wise is not clear that the increased resolution of CCAM, in itself, should make its simulated changes more reliable over 
Australia. Grose et al. (2015) note that there may be regions where small-scale effects are important. For instance there is a 
contrast in mean summer rainfall change across Tasmania from CCAM (Figure 7a) that is likely not resolved by CMIP5. 
There is no indication of this spatial contrast in the top % results, however. Higher resolution may allow a model to better 
simulate rainfall processes on the east coast, but again there are only modest contrasts in top % around ECS in both the 
CCAM and CMIP5 results. 

4.2 Projections 

CB15 presented projections for rainfall averaged over each cluster region based on the ensemble of changes from the CMIP5 
models. Bar graphs depicted the 10, 50 and 90 percentiles of the change results for various time periods and scenarios. A 
similar approach is taken here for the ECS sub-cluster and the four super-clusters. The statistics for extremes are new, 
especially those from CCAM, but the results for mean change are considered again, when they contrast those for extremes. 
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In each case, the regional average for each period and model is taken first, then the change determined for that model. Thus 
the percentage changes may better represent the wetter parts of a region. 

Bar graphs of the change in the wet-day fraction in ECS are shown in Figure 10a for each season and ensemble. The 10 and 
90 percentile values are shown by the broad bars (for G33 the values used are the 4th and 30th, while for 6 members, the 2nd 
and 5th). In addition, the full ensemble range is shown using narrow bars, and the ensemble mean is marked, as well as the 
median. Consistent with Figure 8, the means of change in DJF are positive for D6 and near-zero for G6 and G33. There is a 
contrast in JJA and MAM also. Nevertheless, the full range of G33 encompasses the means of D6, and usually its range as 
well. The 10 km CCAM run produced little change in wet-day fraction in each season, to 2046-2065. Values of all statistics 
based on 20-year periods can be influenced by unforced variability. CB15 represent the effect of this using multiple simula-
tions with the same forcing. Alternatively, one can compare the model changes with variations that have been experienced 
in Australia, assuming this is largely from variability (although forced change and observational uncertainty may contribute). 
A theoretical 10 to 90 percentile range of the differences between two 20-year periods has been estimated as ±1.28√2 σ, 
where σ (the standard deviation of an assumed normal distribution for 20-year period values) is estimated from the sample 
of five periods from the AWAP 1901-2000 record. This range for each case is shown in Figure 10. 

The bars for change in mean rainfall over ECS (not shown) essentially reproduce the results of CB15 (Figures 7.2.3 and 
7.2.10) and Dowdy et al. (2015b), with a tendency for increases in DJF and decreases in the other seasons. The average 
result for CCAM is more positive than those of G6 and G33 in each season (consistent with Figure 7), but the CCAM values 
lie within the G33 range, nevertheless. The top % results are shown in Figure 10b. The G33 mean of top % is more positive 
than that for the mean rainfall in each season. The CCAM top % change is similar to that from G33, but also to the CCAM 
change for mean rainfall (not shown). The same holds for the 10 km CCAM run. Allowing a scaling factor 1.8 given by the 
ratio of global warmings, the changes as a percentage of the base climate for 10 km are within the range of the 50 km D6 
results. Aside from DJF, when the top % consistently increases, for most simulations, the changes are comparable to the 
observed range for top %, for this region.  

 

Fig. 10  Change for each season at East Coast South, for statistics (a) wet-day frequency (non-dimensional), and (b) top percentile 
of daily rain. These are determined from 33 CMIP5 models (G33, in orange), six CCAM runs (D6, yellow), and the 
corresponding six CMIP5 models (G6, blue). For each case, the star shows the mean result, coloured line the median, thick 
bar the 10-90% range and outer lines the full range from the models. The result for each model is calculated using regional 
means for 1986–2005 and 2080–2099. For (b) the change is represented as a percentage of the 1986–2005 value. The 
initial case ‘O’ (green) is the estimated 10-90% range for the difference of 20-year periods based on AWAP (see text). 

Seasonal changes in the mean rainfall from CMIP5 for the super-cluster regions were shown by CB15, along with changes 
in extreme rainfall for the annual case. The contrast between changes in mean and extreme for monthly rain was highlighted 
in the Figures of WCH16, and the same format is used here for both the CMIP5 and CCAM ensembles. In Figure 11 separate 
bars show the percentage change in three amounts: mean rainfall, top %, and 20-year extreme. The ensemble mean changes 
for DJF and JJA reflect those depicted in Figures 7 and 9. Focusing on CMIP5, except for North in JJA, the change is more 
positive (or less negative) for top %. This shift continues to the most extreme daily value, with the contrast from mean to 
extreme of typically 25%. In DJF the median results for 20-year extreme is an increase of 20% to 30% in each region, and 
there are very few models with a decrease. Otherwise, there are changes of both signs. The results for MAM are similar to 
those for DJF, while SON matches JJA well, in these broad region results. The shift towards more positive change, with 
more extreme rain, was seen also by CB15 in their related annual statistics. 
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Turning to the changes from the six CCAM runs, in most cases the range is noticeably smaller than for the CMIP5 ensemble. 
The range of the extremes is likely reduced from having a smaller sample of values, and the use of the single model (although 
with different SST changes) may contribute. It is worth noting that the small change in mean for North in DJF does not hold 
in parts of the region (Figure 7a). Rangelands and South have a large increase in DJF mean rain in most runs, in contrast to 
CMIP5. While there is a progression towards more positive change for the more extreme statistics in South in winter and in 
some other cases, it is generally not as pronounced as for CMIP5. In the warmer seasons and regions, the top % change is 
usually less positive than the mean change. The 20-year extreme change is more positive than top %, but not as much as in 
CMIP5. Overall the CCAM results are largely within the range of those from CMIP5. However, there is a clear difference 
in the contrast between the mean and top % changes, in particular. 

 

 

Fig. 11  Change (in % of 1986–2005 values) of the mean (M, green), top % (P, blue), and 20-year extreme (X, purple) of daily 
rainfall rates from each season, averaged over four super-clusters of Australia: (a, e) North, (b, f) East, (c, g) Rangelands, 
and (d, h) South. Shown are the ensemble mean (star), median (line), 10 and 90 percentiles and extreme values (as Fig-
ure 10), from across the 33-model CMIP5 ensemble (a-d) and from the CCAM 6-run ensemble (e-h). 
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4.3 PDFs 

For the rest of this section, the focus is on the rainfall PDFs. These also depict the upper extremes, although for regional 
averages the top percentile from the PDF would be from a blend of percentiles at the grid points. A qualitative comparison 
to the bar-graph form of projections can be made. The changes in PDFs themselves show an alternative form of projection. 

The amount distributions of daily rainfall for the Sydney region in DJF and JJA are shown in Figure 12 for both climates. 
These ensemble means for the present climate show a clear seasonal contrast, compared with the observational results for 
Observatory Hill shown in Figure 1d. This serves to emphasize that these results and changes for grid squares may not be 
accurate at smaller scales. CCAM (D6) produces heavier rain than CMIP5 (G33) in both seasons, comparable to the ECS 
results. Changes in the right tail in JJA are small (or unclear) in both ensembles, but the CMIP5 drop in mean rain and wet 
days (in Figure 10a) evidently results from light amounts (~5 mm). Increased rain in CCAM in DJF occurs at all amounts, 
while CMIP5 has a shift towards heavier amounts, and a similar increase in top % to CCAM (Figure 10b). 

 

Fig. 12  Frequency density of daily rainfall values (rate in mm d−1) for a representative Sydney grid point, shown for two seasons 
and two periods, 1986–2005, and 2080–2099, under RCP8.5. In (a) the curves are averaged over the six CCAM simula-
tions, and in (b) averaged over 33 CMIP5 models. To focus on larger rain amounts, each curve is multiplied by P, to 
produce the amount distribution (see text). Here the future curves are shown with short-dashed lines. 

Turning to Australian spatial averages, Figure 13 shows both forms of distribution, for the two seasons, climates and en-
sembles. There is an increase in dry days from CMIP5, and an increase in the heavier amounts, particularly in DJF. Allow-
ing for the DJF result being dominated by the North and East, with South contributing more to JJA, these changes relate to 
the fields in Figures 7-9, and the projection bars in Fig. 11. The frequency of moderate amounts decreases. In CCAM there 
is a weak increase in the heaviest rain in both seasons. Unlike CMIP5, there is a decrease in dry days in CCAM in DJF. 
Indeed, previous plots show that wet-day fraction increases over much of the continent. Figure 13a shows that this largely 
occurs in the 2 to 8 mm range, which barely changes in CMIP5. In CCAM there is a decrease in events of 10 to 100 mm, 
typical of top % amounts (Figure 3c). 

 

Fig. 13  Frequency density of daily rainfall values (rate in mm d−1) averaged over Australia, shown for two seasons and two periods 
(1986–2005, solid line, and 2080–2099, short-dashed line in the same colour). Averages over the six CCAM simulations 
(label D6), and 33 CMIP5 models (label G33). The PDFs including dry-day bar are in (a), while the amount distributions 
are in (b). 
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The differing character of the projection bar graphs for summer from G33 and D6 is well related to the changing amount 
distributions (Figure 13b). The CMIP5 ensemble average distribution has a simple bell shape, which broadens to the right, 
boosting extremes. The CCAM double peak shape changes in a way that boosts mean rain and 20-year extremes for much 
of Australia, but often with a drop in top % amounts. In nearly all results presented, the range of CCAM changes are within 
the range from CMIP5, or the two strongly overlap. It is interesting to assess whether this holds regarding the amount 
distributions. For each case considered in Figure 13b, the present distribution is subtracted from the future for the individual 
models. The mean, lower and upper values across each ensemble, including G6, are determined for each bin. This gives nine 
curves for each season, which are plotted in Figure 14. For JJA, there is little difference in the G6 and G33 means, and the 
D6 results also feature a decline in moderate amounts, although it is shifted a little into the 20−40 mm band. The D6 range 
is also shifted relative to G6, but both fall within the broader G33 range, at virtually all P bins. For DJF, both G6 and G33 
means feature increases for P > 30 mm, where the range of both is large. D6 has a mean decline between 30 mm and 100 
mm, where some results lie outside the G33 range. The difference is stark for P from two to eight mm, where all CCAM 
runs produce an increase in the warmer climate, outside the small G33 range. The widespread increase in mean rain from 
CCAM (Figure 7a), particularly in Rangelands and South (Figure 11g, h), appears to result from a shift from dry-days to the 
2 to 8 mm amounts, which does not occur in the CMIP5 runs. For Sydney and ECS there was less contrast between the 
CCAM and CMIP5 changes. 

 

Fig. 14  Change in the amount distribution for Australia from each of three ensembles, D6, G6 and G33: (a) DJF, (b) JJA. The 
ensemble average is shown, and flanked by the maximum and minimum of the values at each P value shown with long-
dashed lines in the same colour (which matches Fig. 4). 

There is no ready explanation for these differences between changes in the CCAM and CMIP5 simulations, although with 
the contrast being strong in the warmer seasons and regions, it is likely that the convection schemes employed in the mod-
els play a role. Bates et al. (2015) concluded that with an unrealistic increase in mean rainfall in southeast Australia pro-
duced by this version of CCAM when run at higher resolution, further development of the model was needed. Experiments 
with modified parameterizations are underway (Marcus Thatcher, personal communication). One outcome from the pre-
sent study is that the analysis of the full distribution of rainfall amounts provides a useful characterisation of model simula-
tions, and indeed observational data sets. In the case of summer rainfall over Australia, changes in standard rainfall statis-
tics, like means and annual extremes, range widely across different models. While there is a tendency for extremes to in-
crease more than means, in some models this does not always occur. The assessment of PDFs sheds light on the contrast 
between CMIP5 and CCAM here. In general, PDFs may aid the evaluation of models, and potentially of differing ap-
proaches to downscaling. Further analysis of these simulations and new simulations of CCAM and other high resolution 
models is warranted. 

5. Conclusions 

This study extends CSIRO and BoM (2015) and Watterson et al. (2016) in assessing the full frequency distribution of daily 
rain amounts and making projections of the new statistics wet-day fraction and top percentile of rain using both CMIP5 and 
CCAM simulations of present and future climates. Both these ensembles simulate seasonal mean rainfall over Australia with 
skill, while CCAM gives more realistic extremes at both distribution tails than most CMIP5 models, including the six that 
CCAM is downscaling. The Australian, annual distribution of rain amounts from CCAM is well within the range of the 
CMIP5 results. It is broader than the CMIP5 ensemble mean PDF (having more dry days and higher extremes), with AWAP 
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observations falling in between. Both frequency and amount distributions for daily rain are broader than the corresponding 
distributions for monthly rainfall shown by Watterson et al. (2016). 

The mean rainfall for 2080–2099 under the RCP8.5 scenario is typically 5 to 30% lower in southern Australia for winter 
from both ensembles. Rain falls on fewer days, but extreme rainfall tends to increase. CCAM simulates more rain days in 
the north in winter, but like CMIP5 there is no clear change in intense amounts. Over most of Australia summer and autumn 
rain increases 10 to 20% in CCAM and in some CMIP5 models, but the CMIP5 ensemble mean change is near-zero. The 
CMIP5 change becomes increasingly positive for top percentile, then 20-year extreme rainfall –a contrast from mean to 
extreme change of typically 25%. This is consistent with a shift towards the high extreme tail of the amount distributions. 
For the four super-cluster regions, and also East Coast South, the CCAM changes in summer tend to lie within those from 
CMIP5 models, but there is less of a shift towards heavier rain, despite an increase in wet-days in CCAM. This contrasting 
change between CCAM and most CMIP5 models is also seen in the Australian, annual, amount distributions. Much of the 
increased rainfall in CCAM occurs in the 2 to 8 mm daily range, whereas no CMIP5 model produces more days with those 
modest amounts.  

In summary, the top percentile and 20-year extremes of rainfall tend to increase over most of Australia, although there is a 
wide range of change across the CMIP5 ensemble. In general CCAM produces changes within this range, but for the warmer 
seasons and regions the extremes typically change similarly to the mean. Analysis of the full distribution of rainfall amounts 
sheds light on this contrast. Further assessment of such distributions in both these and newer versions of CCAM, ACCESS 
and other GCMs is recommended. 
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Appendix 

 

Figure S1. Distribution of daily rain averaged over Australia and the four large super-cluster regions, using AWAP data over 1901-
2010. Here values from the poorly-observed region (see main text) are included. Omitting this region makes only a small 
change to the PDFs for Rangelands and Australia. 
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Table S1  Ensemble of 33 CMIP5 models, Use for downscaling by CCAM indicated by D, representative grid length (L), and skill 
score for three quantities, and the overall (average) score. The Average of 33 results is given. 

Model Name Use Grid (km) Wet-day Mean Top % Overall 

Average of all  171 368 492 324 395 

CMCC-CM   67 438 463 385 429 

CCSM4 D 96 167 402 375 315 

CESM1-BGC   96 194 430 371 332 

CESM1-CAM5   96 218 466 400 361 

BCC-CSM1-1-M   100 302 521 319 381 

EC-EARTH   100 540 690 306 512 

MRI-CGCM3   100 569 607 422 533 

CNRM-CM5 D 125 072 584 451 369 

MIROC5   125 195 435 341 324 

ACCESS1-0 D 135 452 518 411 460 

ACCESS1-3   135 378 511 376 422 

HadGEM2-AO   135 416 563 444 474 

HadGEM2-CC   135 515 495 430 480 

HadGEM2-ES   135 480 521 418 473 

IPSL-CM5A-MR   157 599 382 142 374 

CMCC-CMS   166 476 545 313 445 

CSIRO-Mk3-6-0   166 566 516 376 486 

MPI-ESM-LR D 166 537 590 351 493 

MPI-ESM-MR   166 553 647 386 529 

NorESM1-M D 192 188 358 273 273 

GFDL-CM3 D 198 313 558 322 398 

GFDL-ESM2G   198 599 484 296 460 

GFDL-ESM2M   198 532 478 293 434 

GISS-E2-H   198 038 442 226 236 

GISS-E2-R   198 041 446 243 243 

IPSL-CM5A-LR   235 627 376 113 372 

IPSL-CM5B-LR   235 685 562 408 552 

BCC-CSM1-1   250 380 500 377 419 

CanESM2   250 147 435 229 270 

MIROC-ESM   250 140 360 145 215 

MIROC-ESM-CHEM   250 144 341 129 205 

FGOALS-g2   258 147 529 469 382 

CMCC-CESM   333 503 468 150 374 

 


