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1. INTRODUCTION

Traditionally, future climate studies
have focused on changes in the mean (e.g.
Allen et al., 2000; Stott and Kettlebrough, 2002;
Moise and Hudson, 2008) derived as the
difference between the means from future and
current projections of climate models. However
long-term changes in climate extremes due to
global warming may impact on human and
biological systems more than changes in the
mean (Mearns et al., 1984; Katz and Brown,
1992; Easterling et al., 2000. Examples include
human mortality (Trigo et al., 2005) and health
(Woodruff et al., 2006), agriculture (Luo et al.,
2005) and, particularly in Australia, drought
occurrence (Nicholls, 2004).

While there is a relation in changes in
temperature extremes to changes in the
relative mean (Kharin et al., 2007) the
magnitude of change in the extremes cannot
be inferred from changes in the mean alone
(Shaeffer et al., 2005). When considering the
probability density function (PDF) a change in
the shape and scale parameters will also
influence changes in extreme values (Mearns
et al. 1984; Katz and Brown;1992, Kharin and
Zwiers, 2005; Kharin et al. 2007).

Most studies focusing temperature
extremes using climate models such as those
used in the Intergovernmental Panel of Climate
Change (IPCC) fourth assessment report (AR4)
are at the global scale. Kharin et al. (2007)
found that cold extremes warmed 30-40%
faster than warm extremes over numerous
SRES emission scenarios. Hegerl et al. (2004)
showed that changes in extremes were
significantly different from changes in the
seasonal mean (i.e. winter for cold extremes,
summer for warm extremes) for up to 66% of
model grid points. While changes in the mean
are well documented over Australia (Moise and
Hudson, 2008) few studies have explored the
changes in temperature extremes. Alexander
and Arblaster (2008) found that warm extreme
indices (warm nights, heat wave duration) were
projected to increase and cool extreme indices
(frost days) were projected to decrease
irrespective of the SRES emission scenario
used. Pitman and Perkins (2008) studied the
change in the annual extremes for minimum
temperature (Tmin) and maximum temperature
(Tmax) over Australia for the 21% century.
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However, the annual event is unlikely to have a
profound impacts on human health,
ecosystems or other biophysical systems.

This study explores the change in Tmin

and Tmax extremes with a 20-year return value
(i.e. events that occur once every twenty years,
on average) over Australia using the AR4
models. This is done using the generalized
extreme value (GEV) theory, which has been
used to study climate extremes increasingly
over the last decade (Zwiers and Kharin, 1998;
Kharin and Zwiers, 2000, 2005; Kharin et al.,
2005; Kharin et al., 2007).
Before using models to project future climate,
current simulations are evaluated against the
observed climate. Yet within the climate
modeling community, there is no agreed “best”
method, with various measures of model skill
available Watterson (1996), Taylor (2001),
Knutti et al. (2006), Piani et al. (2005), Shukla
et al. (2006), Perkins et al. (2007) and Whetton
et al. (2008).

While comparing observed and modeled
means is common in model evaluation, it is
clearly limited if the model is then used to
project changes in rare events; a model that
simulates the mean well may not simulate the
tails of a distribution equally well. This implies a
need for a non-means based assessment of
model capacity that uses data with a temporal
resolution coincident with the time scales of the
specific extreme in question. This study also
explores the influence different methods of
model validation on multi-model ensemble
projections. While recent studies looking at
future changes in climate using the AR4
models have employed an evaluation method,
all models were still included in the ensemble
used for future projections, regardless of its
evaluation performance (e.g. Moise and
Hudson, 2008; Alexander and Arblaster, 2008).
First, we assess the models’ ability to simulate
the observed 20" century mean. Second a
skill-score based on Perkins et al. (2007) is
used. Finally a revised ‘tail-skill' which focuses
on the extremes of the PDF is used. Each
measure of skill is calculated at a regional
scale across Australia and models that score
relatively poorly are omitted from the ensemble
used to project future changes in the 20-year
return value. Section 2 explains the data used
(observed and modeled) and methods, section
3 the results, section 4 a discussion and
section 5 concluding remarks.

2. METHODS



2.1 Modeled and Observed Data

All model data was downloaded from
the Program for Climate Model Diagnosis and
Intercomparison (PCMDI) at the Lawrence
Livermore National Laboratory in the USA
(http://www-pcmdi.llnl.gov/about ipcc.php).
Daily data for Tmin and Tmax for the Climate of
the 20" Century (1981-2100) and A2 emission
scenario (2081-2100, hereafter 2100) was
utilised for all models that had data common for
all experiments (6 models for Tmax, 9 models for
Tmin). See Perkins et al. (2009) for all models
used, their respective resolutions and the
number of independent realizations for each
variable. Models with multiple realizations were
concatenated to form a single sample to avoid
selective sampling of any one realization,
though this did not affect the results.

Daily observed Tuwax and Tmin were
obtained for 1178 stations from the Australian
Bureau of Meteorology for 1981-2100. Their
spatial distribution, homogeneity issues etc are
discussed in Perkins et al. (2007) and are
shown in Figure 1. Randomly removing 10% of
stations or 10% of data at each station
negligibly affects the resulting PDFs (Perkins et
al., 2007).
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Figure 1 — Spatial distribution of observed
temperature stations over Australia containing
data for some time period between 1981-2000.

2.2 GEV method

Samples for the GEV are taken as the
annual maxima for Tmax Or annual minima for
Tmin from the original dataset (in this study the
sample size is 20). The GEV distribution is then
fitted to the data by using either the method of
maximum likelihood or the method of L-
moments to estimate the distribution
parameters. The method of L-moments was
used to estimate distribution parameters (Von
Storch and Zwiers, 1999); although this
assumes stationarity of annual extremes, the
more flexible method of maximum likelihood is
less efficient for short samples (Kharin et al.,
2007).

The GEV distribution has three
parameters, location &, scale a, and shape k.
The GEV distribution comprises three
distributional families, distinguished by the tail

parameter, k, which is estimated from the
sample data. When k=0, the GEV reduces to
the Gumbel distribution; when k<0 the Frechet
distribution; when k>0 the Weibull distribution is
obtained. Zwiers and Kharin (1998), Kharin and
Zwiers (2000) and Kharin et al. (2005) outline
in depth the GEV theory.

Once the GEV is fitted, a cumulative
density function (CDF, F(X)) is produced, which
is inverted to estimate the return period over a
given time period. For maxima extremes F(X) =
1- 1/T, for minima extremes F(X)=1/T (Wehner,
2004). In this study T=20, therefore maxima
F(X) = 0.95 and minima F(X) = 0.05.

Return values were estimated both
continentally and regionally. At the continental
scale the GEV was fitted to each model grid
box at its native resolution for both current and
future scenarios and the 20-year return values
were estimated. Each model was then
interpolated to a common 2°x2° resolution and
placed in the appropriate ensemble/s defined
by the different measures of skill (see section
2.3). At the regional scale, for regions 2, 3 and
10 defined by Perkins et al. (2007) model
samples were calculated by taking the annual
maxima for each grid box within the region and
concatenating to form a model-specific single
sample. The sample size in this case is
dependant on the models’ native resolution. 20-
year return values were then estimated and
placed in the appropriate ensemble. In order to
quantify in-sample uncertainty, 1000 non-
parametric bootstrap bootstrap samples were
generated for each model grid box at its native
resolution. Return levels were calculated for
each sample to provide 90% bootstrap
confidence intervals and estimates of standard
errors at the regional scale.

2.3 Model Evaluation

All 12 regions defined by Perkins et al.
(2007) were used in this study for each
evaluation method. All models resolved
multiple climate model grid squares for each
region. All measures of skill were calculated
over 1981-2000 for Tmin and Tmax Separately.
For each of the three validation methods
outlined below, two ensembles were created,
one consisting of the top models based on the
validation method and one consisting of the
bottom models. We also include an all-model
ensemble to demonstrate that the weaker
models influence this ensemble.

The first validation method is the
absolute difference between the annual mean
of a given model and the observed for each
variable and region. The second validation
method is the skill-score developed by Perkins
et al. (2007). This calculates the cumulative
minimum value of two distributions of each
binned value, thereby measuring the common
area between two PDFs. If a model simulates
the observed conditions perfectly, the skill-
score will equal one, which is the total sum of
the binned values in a given PDF:
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where nis the number of bins used to calculate
the PDF for a given region, Z,is the proportion
of values in a given bin from the model and Z,
is the proportion of values in a given bin from
the observed data. Perkins et al. (2007) explore
the robustness of the skill score against data
quality issues.

The third validation method
concentrates on the tail of the PDF (left tail for
Tmin, right tail for Tmax). The “tail-skill” focuses
on the top (bottom) 5% for Tmax (Tmin), based on
the observed PDF. It is the weighted sum of
absolute differences between the model and

observed PDF proportions:
Tail =Y W, 1Z,-Z, |
1

The weighting is based on the number
of bins in the observed tail. The weight for bin i
is i*10/n for i=1.....n. The weighting is capped
at this amount, and if there is a difference
between the observed and modelled tails
beyond where the observed tail stops, the
weighting is the same as that of the last bin
with an observed frequency. All bins below
(above) the observed 5% limit are weighted
zero. In this method a perfect skill equals zero,
where there is no difference between the
observed and modelled tail. Poor skill scores
equal or exceed 1.0, which occurs when the
model tail is much larger than the observed, i.e.
the model is over estimating the magnitude of
the extreme values. Figure 2 illustrates how the
measures of skill differ from one another when
considering two PDFs.
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Figure 2 — Schematic diagram showing how
each measure if skill differs in terms of the
parts of the PDF being compared.

Models were ranked from highest to
lowest for each region using each skill
measure. For Tmax the top three and bottom
three models were selected and for Tmin the top
four and bottom four were selected to form the
two ensembles based on the measure of skill.
The difference in sample size was due to the
number of AR4 models with available data.
Continental results are presented as maps
showing the all-model ensemble 20-year return
value, and the difference between the skill

ensemble and the all-model ensemble
projections. This is shown for the all-model
ensemble and the top skill ensembles.
Regional analysis is presented in ‘stock plots’,
which show the regionally calculated minimum,
mean and maximum for each ensemble based
on skill and return value for regions 2, 3 and 10
defined by Perkins et al. (2007). Both the
better and poorer ensembles are shown here to
demonstrate the influence the poorer models
have over the whole model ensembles.

3. RESULTS

Below are the regional and continental
results for A2 2100. The same analysis was
also carried out on the A2 scenario for 2050
and the B1 scenario for both 2050 and 2100
and similar results of a lower magnitude were
found. The A2 scenario was chosen because
analysis by Raupach et al. (2007) suggests that
the B1 scenario is now unrealistic.

3.1 Continental Projections

Figure 3a shows the projected Tmax
20-year return value across Australia for the all-
model ensemble. Much of inland and far
western Australia can expect return values of
50-52°C by 2100. Southern and eastern
coastal regions can expect slightly cooler return
values of up to 46°C, warming to 48°C when
heading inland, particularly in the south.

Figure 3b compares the projection of
the 20-year return value from the PDF-based
ensemble to that of the all-model ensemble. It
is clear to see that the PDF-based ensemble
produces cooler return values over the majority
of the continent. Much of the east has return
values up to 5°C cooler in the skill ensemble,
and values up to 2°C cooler in the north and
south. Projections in the centre of the continent
are similar to the all-model ensemble. Figure 3¢
shows the difference between the all-model
ensemble and the tail tail-based skill ensemble.
The tail-based skill ensemble is even cooler
than the PDF-based ensemble, being up to 5°C
cooler than the all model ensemble for much of
the east, north and small patches in the west.
Projections in the central south are up to 2°C
cooler in the tail-based skill ensemble
compared to the all-model ensemble. Figure 3d
compares the mean-based ensemble to the all-
model ensemble. Cooler return values seen in
figures 3b and 3c are more isolated along the
eastern seaboard and the north and south. The
central south and west have return values
similar to the all-model ensemble, however
there is a patch in the central north 2-5°C
warmer than the all-model ensemble.

Figure 4 is the same as figure 3 but
for Tmin. In figure 4a, the all-model ensemble
projects return values of up to 20°C in the
north. Return values become cooler head
southwards, reaching -1°C in the far southeast.
Figure 4b shows the difference between the all-
model ensemble and the PDF-based
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Figure 3 - Tmnax: a) all-model ensemble
projection for the 20-year return value for A2
2100; b) difference in projections between the
PDF-based ensemble and all-model ensembile;
c) difference in projections between the tail
skill-based ensemble and the all-model
ensemble; d) difference between the mean-
based ensemble and the all-model ensemble.

ensemble. The results are patchy, with the
northeast and central south 3-5°C cooler, and
much of the rest of the continent with similar
projections between the ensembles.

There is a small patch in the far west
that has projections 2°C warmer in the PDF-
based ensemble. Similar results are seen in the
tail-based skill ensemble (figure 4c) although
the cooler patches extend further southwards.
The mean-based ensemble projections (figure
4d) are at least 2°C cooler than the all-model
ensemble for almost all of Australia. There are
isolated patch of projections 5°C cooler in the
central east and west of the continent.

3.2 Regional Results

Exploring why the ensembles give
different patterns of changes requires a focus
on specific regions. Here we focus on three
regions used by Perkins et al. (2007) —a
temperate region (including Sydney, Region 2),
a sub-tropical region (including Brisbane
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Figure 4 — Same as figure 3 but for Tmin.

Region 3) and a tropical region (Region 10)
noting that all other regions show similar
behaviour. Figure 5 shows Tuax at 20-year
return levels, including a 90% bootstrap
confidence interval (1000 samples). The all-
model ensemble for each region (first bar)
shows a large range of projected temperatures.
In each region, and irrespective of skill-score
used, the projected Tuax is always lower in the
stronger models than the weaker models — and
the 90% confidence levels for the two
ensembles do not overlap in Regions 2 and 3.

This suggests that the projected 20-
year interval temperatures from the weak
models are statistically significantly higher than
those projected by the strong models,
irrespective of whether “strong” is defined using
the mean, PDF or tail skill measure. Figure 6
shows for Tuin that the samples are not
consistently significantly different at a 90%
confidence level, but there is a systematic
difference in that the weaker models always



simulate larger amounts of increase in Tun
than the stronger models.

4. CONCLUSIONS

Studying the projection of temperature
extremes is important to understand and to
mitigate the impact on many human,
biophysical and social systems. This study has
shown that by 2100 warmer 20-year return
values can be expected for both Tmax and Tmin
(although not shown similar results were found
for 2050). However, this study has also found
that selecting models based on their level of
skill impacts the amount of warming. This
impact is generally cooler over all measures of
skill for both variables, however some stronger
models project warmer 20-year Tmax return
values in central Australia and warmer 20-year
Tmin values in the far west by 2100.
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Figure 5 — Regional stock plots showing the
range and the 90% bootstrapped confidence
interval in the Tmax 20-year return value for all
ensembles over regions 2, 3 and 10 defined by
Perkins et al. (2007).
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Figure 6 — Same is figure 5 but for Trmin.

Our results clearly show at a regional
level that models considered weak based on
their level of skill simulate statistically
significantly more warming in extreme
temperatures than the models considered
strong, and influence all-model ensemble
projections towards warmer return values for
Tmax @and Tmin. We have demonstrated this for
three different climatic types — but this result is
true in all regions of Australia. At least, over
Australia, the use of an all-model ensemble
should be avoided. Our results do not advocate
the use of a single best model based on a
given measure of skill, but to create an
ensemble with models shown to be
demonstrably better than others. While the use
of an all-model ensemble is better than using
any given single model (Randall et al., 2007) at
a global scale, the use of a all-model ensemble
at regional scale clearly biases the projections
of extreme temperature over Australia.
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