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three regions (see Table 1). In the second column, the x-axis shows the demerit points from Suppiah et al.’s 
(2007) analysis of the GCMs abilities to reproduce the observed average 1961–1990 patterns of rainfall, 
temperature and mean sea level pressure across the whole of Australia (see Table 1). In the third column, the 
x-axis shows the failure rates from Smith et al.’s (2009) analysis combining the results from ten studies that 
assessed the GCM performance against different criteria (mainly GCM ability to reproduce the observed 
rainfall, temperature and mean sea level pressure across Australia, but also includes results from studies that 
consider a larger range of climate variables across the world and GCM ability to simulate El Nino/Southern 
Oscillation) (see Table 1). In all the plots in Figure 3, the better GCMs plot on the left hand side. 

 

 

 
 

Figure 2  Percentage change in mean annual rainfall per degree global warming from the 23 GCMs 
(the positions of the GCMs in Figures 1 and 2 are the same). 
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Figure 3  Percentage changes in mean annual rainfall per degree global warming 
from the 23 GCMs plotted against GCMs’ abilities to simulate the observed 

historical climate characteristics assessed in this and two other studies. 

 

The plots in Figure 3 indicate that there is no clear difference in the future rainfall projections between the 
better and poorer GCMs, assessed against the GCMs’ abilities to simulate the observed historical climate 
characteristics. Some of the plots appear to suggest that the better GCMs simulate a drier future than the 
poorer GCMs, but the correlations are not statistically significant at α = 0.05 (all the linear correlations are 
less than 0.4). As there is no clear difference in the future rainfall projections between the better and poorer 
GCMs, using weights to favour the better GCMs [determined by the relative RMSEs, demerit points or 
failure rates; weights for a GCM calculated as (1 – RMSE of the GCM divided by the total RMSEs from all 
GCMs)] give similar rainfall and runoff impact assessment results as the use of all the 23 GCMs. 
Nevertheless, because of the (weak) correlations in Figure 3, using a limited number of the best GCMs (five 
or less) in some of the assessments leads to a drier future projection than using all the GCMs. 

The rankings of the GCM performance in the three methods are also different. There is some similarity in the 
GCM rankings in Suppiah et al. and Smith et al., with a statistically significant correlation of 0.65. There is 
also some agreement between the Suppiah et al. and Smith et al. rankings and the RMSE analysis for 
northern Australia (R=0.7), but little to no agreement in south-east Australia (R=0.4) and south-west Western 
Australia (R=0). The GCMs that perform well in south-east Australia (as measured by the RMSE) are similar 
to the GCMs that perform well in northern Australia (R=0.85), but there is no correlation (R=0) between the 
GCM performance in south-east Australia and northern Australia with the GCM performance in south-west 
Western Australia. This could be due to the different processes driving rainfall in the different regions, 
although the GCMs are built to simulate the various interactions in the entire global climate system. 
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5. SUMMARY AND CONCLUSIONS 

The results indicate that most GCMs can reproduce the observed spatial mean annual rainfall pattern across 
Australia. However, the difference between the GCMs and observed mean annual rainfalls can be significant, 
with RMSEs of about one third of the mean annual rainfalls averaged over the regions. The future mean 
annual rainfall projections from the 23 GCMs per degree global warming range from -9 to +4 percent 
averaged across south-east Australia, -16 to 0 percent averaged across south-west Western Australia and -7 to 
+6 percent averaged across northern Australia. The difference between the rainfall projections from the 
different GCMs is significant, particularly as the change in mean annual rainfall will be amplified as a two to 
three times bigger percentage change in the mean annual runoff. 

The future runoff impact assessment will be more reliable if it is based on future climate projections from the 
better GCMs. However, it is difficult to determine which GCMs are more likely to give reliable future 
climate projections, with some studies selecting the better GCMs based on their abilities to reproduce 
observed historical rainfall characteristics (Perkins et al., 2007; Suppiah et al., 2007; Watterson, 2008) and 
others considering the GCMs based on their abilities to reproduce the large scale atmospheric-oceanic drivers 
of rainfall (van Oldenborgh et al., 2005; Overland and Wang, 2007) or atmospheric predictors used to 
downscale to catchment-scale rainfall. It is also difficult to decide whether GCM performance should be 
assessed across the region of interest or across larger continental regions or the whole world. 

The results in this study indicate that there is no clear difference in the future rainfall projections between the 
better and poorer GCMs across three large regions of Australia, therefore using weights to favour the better 
GCMs give similar rainfall and runoff impact assessment results as the use of all the 23 GCMs. With the 
rapid progress in climate change science and IPCC AR5, global climate models will become more accurate 
and give more consistent projections and there will be better consensus in the research community on 
appropriate criteria to select GCMs for different applications. For now, the uncertainty and the range of 
future runoff in impact studies are probably best determined using future climate projections from a large 
range of archived GCM simulations. 
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