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SUMMARY

It is expected that anthropogenic greenhouse gas emissions will continue to change our climate, and in
turn the characteristicsiof futurerdrought. Assessments of the risks of future droughts, when at a global or
a continental scale, are often based on simulations from General Circulation Models (GCMs). When raw
GCM simulations are used, it is assumed that the future deviations from modelled historical climatology
represent the future drought. On the other hand, it is known that raw GCM simulations are significantly
biased for the variables that affect hydrology and a correction is needed before assessments can be per-
formed. We investigate here whether drought assessments based on raw GCM simulations are biased and
the typical extent of this bias. Our assessment is based on the use of monthly precipitation data from 18
CMIP3 GCMs, two popular bias correction alternatives and Australia as the study domain. A number of
different precipitation drought attributes have been assessed. These include the Standardized
Precipitation Index (SPI), multi-year rainfall statistics and a drought vulnerability statistic that measures
the maximum deviation of a time series from its mean.

We find significant differences between droughts assessments using raw GCM simulations and using
bias corrected sequences. Large increases in drought frequencies are projected for some parts of
Australia. Both bias correction methods moderate these increases. This result is consistent across the
three different drought statistics. The bias corrected drought projections also generally have slightly more
agreement (smaller range of future changes) across the GCMs compared to the raw projections, which is a
promising result for attempting to reduce model structural uncertainty. What this study shows is raw
model simulations can lead to incorrect drought assessments even at continental scales and bias correc-

tions should be applied.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Anthropogenic climate change is now assessed as being “ex-
tremely likely” and is expected to lead to detrimental effects for
human and natural systems both at regional and global scales
(IPCC, 2013). One of the areas of concern is the impact of these
changes on water resources systems (Jiménez Cisneros et al.,
2014), particularly for parts of the world where water resources
are already stressed due to population pressures, technological
change and the variability introduced by large scale natural cli-
mate drivers (Vorosmarty et al, 2010). General Circulation
Models (GCMs) are one method of assessing the likely impacts of
increasing greenhouse gas concentrations on natural and human
systems. Despite the skill of GCMs at a global scale, there remain
concerns about their ability to model regional scale impacts
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(Fowler et al., 2007a) and to represent certain features of the cli-
mate system, such as precipitation (Chan et al., 2013), which form
an important input to the modelling of water resources systems
(Maraun et al., 2010).

Techniques to overcome the weaknesses of GCMs and which
allow scientists to undertake impact assessments, are based on
the assumption that some regional scale changes do not create glo-
bal scale feedbacks and therefore may be corrected outside of the
modelling of the GCM without affecting the accuracy of the global
scale simulations (Pitman et al., 2012). Methods that correct GCM
simulations at a regional scale include dynamical downscaling
(regional climate modelling) or statistical downscaling. Given the
significant differences in GCM simulated fields compared to obser-
vations, there is often a need for a pre-processing step before sta-
tistical or dynamic downscaling approaches can be used. This pre-
processing step is referred to as bias correction, whereby the GCM
or regional climate model results representing the current climate
are corrected to match observations. The bias correction model
over the historical period is assumed to be the same in future sim-
ulations, and can therefore be used to obtain the future projections
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(Buser et al., 2009). Bias correction has been shown to be a simple
and effective method that can be quickly be applied over large
areas, to multiple models or as pre or post-processing step for
more sophisticated downscaling methods (Chen et al, 2013;
Gudmundsson et al., 2012; Ines and Hansen, 2006; Johnson and
Sharma, 2012; Li et al., 2010; Piani et al., 2010; Teutschbein and
Seibert, 2012; Wood et al., 2004).

Hydrologic planning is strongly dictated by the frequency and
magnitude of sustained low or high flow anomalies that affect
water resources systems. The importance of these anomalies
becomes even greater when the system is stressed and water
demand is close to the overall availability in the system. Past
assessments have evaluated such anomalies based on raw GCM
simulations. However, most water resources assessments at a
catchment scale require some post-processing or bias correction,
before any evaluation (for drought or for other purposes) can be
carried out. This contradiction lays the foundation for this
research; the key question that is posed is whether bias correction
is needed for drought assessment at the scale of a catchment, a
region, or an entire continent.

To this end, we assess drought simulations across Australia
using monthly precipitation simulations from 22 GCMs of the his-
torical and future climate. We then repeat this assessment using
the same GCMs, but after applying two established alternatives
for bias correction. One of these alternatives, the Nested Bias
Correction (NBC) (Johnson and Sharma, 2012) was designed
specifically to correct low frequency variability bias in simulations.
The other method, Quantile Mapping (QM) corrects distributional
attributes of simulations instead of focusing on persistence related
attributes. Our investigation uses these approaches to examine the
differences that result with reference to a future climate. We then
ask whether raw GCM simulations are indeed different from bias
corrected simulations of drought, and if so whether there are clear
advantages in using one of the two bias correction alternatives
evaluated.

The remainder of this paper is as follows. In Section 2 the bias
correction methodologies and the data sources used for the analy-
sis are described. Section 3 discusses the drought and rainfall
statistics that have been considered. Section 4 applies the tech-
nique to 20th century rainfalls over Australia to compare the mod-
elling of drought using observed, raw GCM outputs and the bias
correction techniques. In Section 5 comparisons of projected future
changes in drought from the raw and bias-corrected GCM outputs
are presented. The final section discusses the implications
of the results for future drought assessment and draws conclusions
that will be useful for water resources climate change impact
assessment.

2. Bias correction of GCM precipitation
2.1. Background

Recent comparisons of bias correction methods (Gudmundsson
et al,, 2012; Johnson and Sharma, 2011; Teutschbein and Seibert,
2012) have shown that the assumptions of the correction method
can affect their performance. Gudmundsson et al. (2012) found
that nonparametric methods lead to the lowest errors, whilst
Teutschbein and Seibert (2012) recommend power trans-
formations or quantile mapping. Quantile mapping has been found
in particular to be useful for correcting high rainfall totals of daily
data (ThemeRl et al., 2012). If year to year variability in rainfall is
an important driver of the behaviour of a water resources system
then it is necessary to consider biases in persistence as well as
the distribution of the monthly rainfall data (Johnson and
Sharma, 2011). The importance of this is highlighted by Rocheta
et al. (2014) who have recently shown that the majority of GCMs

in the Coupled Model Intercomparison Project 3 (CMIP3) under-
estimate interannual variability.

In practical terms, the effects of interannual and interdecadal
precipitation variability manifest as periods of drought or abnor-
mally wet conditions that can lead to flooding (Kiem et al., 2003;
Pui et al., 2011; Verdon et al., 2004). Therefore correctly modelling
low-frequency variability is the key to understanding possible
changes to future water resources. Future drought assessments
have found that larger areas of land are expected to have increased
drought frequencies than decreases (Taylor et al., 2013) particu-
larly for the later parts of the 21st century (Burke et al., 2006).
Areas of the largest increases in drought frequencies are the
Amazon, Central America and South Africa (Dai, 2013; Taylor
et al., 2013) which is broadly consistent with the results from other
studies (Burke and Brown, 2008; Orlowsky and Seneviratne, 2013)
although the studies use different climate models and emission
scenarios. These projections are also consistent with observed
trends of drought frequency based on soil moisture anomalies
(Orlowsky and Seneviratne, 2013).

A recent comprehensive study of global drought (Prudhomme
et al., 2014) has been carried out as part of the Inter-Sectoral
Impact Model Intercomparison Project (Warszawski et al., 2014).
The analyses considered daily runoff and compared it to a daily
drought threshold set at the 10th percentile of the daily values
from the period 1976-2005. For large parts of the world, large
increases in drought frequency were found particularly in
Australia. The use of daily drought thresholds does not provide fur-
ther guidance on longer term droughts due to interseasonal or
interannual variability.

One of the problems with previous assessments of future
drought frequencies is that generally they have not considered
biases in the GCM precipitation simulations (e.g. Burke and
Brown, 2008; Taylor et al., 2013). Wang and Chen (2014) used
the Bias Correction and Spatial Disaggregation method of Wood
et al. (2004) but did not assess the improvements in drought repre-
sentation in the current climate or the effects of bias correction on
the future projections. Prudhomme et al. (2014) also used bias cor-
rected simulations and note that “statistical bias correction can
influence the signal of the runoff changes”. They go on to state that
this uncertainty is believed to be smaller than the structural uncer-
tainty associated with the choice of GCM or global impact model.
Our study addresses this assumption directly by considering
whether bias correcting GCM simulations improves the represen-
tation of historical drought statistics and then secondly if the bias
correction leads to differences in the projected frequencies of
future droughts. Changes at the individual grid cell are to be
expected; specifically we are interested in whether bias correction
leads to different estimates of drought at regional or continental
scales.

2.2. Bias correction methods

Bias correction techniques have been developed to allow the
direct use of GCM outputs for climate change impact assessment
applications, whilst accepting that there are problems in the
GCM modelling of rainfall (Johnson and Sharma, 2012). Bias correc-
tion approaches previously proposed include monthly (Wood et al.,
2004) or daily (Ines and Hansen, 2006), quantile matching
(Christensen et al., 2008; Gudmundsson et al., 2012) and simple
monthly correction factors (Fowler and Kilsby, 2007). One of the
weaknesses of all these approaches is that they only consider
biases in the distribution of GCM simulations and not the
persistence of the simulations. Biases in the representation of per-
sistence translate to a poor characterization of interannual vari-
ability which can be particularly important when assessing the
impacts of climate change on water resources availability and



474 F. Johnson, A. Sharma/Journal of Hydrology 525 (2015) 472-485

infrastructure. The features of interannual variability that are
important include the sequencing of wet and dry years and the
standard deviations and correlations at time scales longer than a
year. Because the focus of our work is on this interannual variabil-
ity and annual and multi-year droughts, we focus on monthly sim-
ulations from the GCMs.

Johnson and Sharma (2012) proposed the NBC method to cor-
rect the representation of variability and persistence in the GCM
outputs at multiple time scales. The approach was developed based
on the rationale in Koutsoyiannis (2001) which allows two time
series of different temporal resolutions to be combined, maintain-
ing their individual stochastic properties whilst ensuring that they
are consistent with each other. Full details of the method can be
found in Johnson and Sharma (2012) with a summary of the main
ideas presented below.

The NBC method post-processing methodology is sufficiently
general so that it can correct distributional and persistence attri-
butes on multiple time scales of interest. For the general imple-
mentation of the nesting algorithm, the bias-corrected time
series can be expressed as shown in Eqgs. 1-3.

P = g (PEIPY. 0) (1)

pm=\"pn (2)
i

P — g (PPl 0) (3)

where gy and 6, represent the transformation model and associated
parameters for each of the time scales of interest which are monthly
(i) and annual (j) for the purposes of drought assessment. P™ is the
modelled output at monthly or annual time scale (i.e. for the ith
month and jth year or just the jth year in the case of the annual
sequence), P™ is the aggregated partially corrected model output

after one level of nesting and P™ is the corrected output and P" is
the observations over the historical period. The aim is to transform
the modelled outputs such that P™ exhibits the same distributional
and persistence attributes as P" across the nesting time scales used.

The parameters 0 to be corrected are the mean, standard deviation
and lag-1 autocorrelation coefficient although in principle any
statistics could be chosen (Johnson and Sharma, 2012).

To achieve this, the corrections at the monthly level are first cal-
culated for each month by finding the mean, standard deviation
and autocorrelation and applied to the model simulations (Eq.
(1)). These corrected simulations are then aggregated to the annual
level (Eq. (2)) and the next level of corrections is applied (Eq. (3)).
The annual mean is already corrected by the monthly mean correc-
tion but the annual variability and persistence will not necessarily
be correct until Eq. (3) is applied. A further extension of NBC was
presented as the Recursive NBC (Mehrotra and Sharma, 2012) that
repeats the nesting process several times to further reduce the
biases.

Quantile mapping has also been used to post-process the GCM
outputs to assess drought modelling for the historical and future
climates. The idea behind quantile mapping is to use either an
empirical distribution or fitted probability distribution to match
the observed and modelled rainfall quantiles (Gudmundsson
et al., 2012; Maurer et al., 2013; Teutschbein and Seibert, 2012;
Wood et al., 2004). Using similar notation as for NBC the quantile
mapping is described in Eq. (3) where q is the quantile of interest
and F is the empirical cumulative distribution function with F~! its
inverse.

P =Fy' (Fu(PR)) (3)

In the implementation here, we use the empirical cumulative
distribution for each month to do the correction. The mapping
can then be used for the future rainfall simulations. In practice
the rainfall amount for month i and year j from the GCM is ranked
against all rainfall totals for month i. The rainfall total with the
same rank in the observed data is adopted as the corrected
amount. This lookup table can then be used for the future sim-
ulations by assuming that the bias is multiplicative and that the
ratio of the observed to modelled rainfall can be applied to correct
the future simulation.

The advantage of quantile mapping is that it can correct the full
distribution of rainfall amounts including the extreme wet and dry

Table 1
Details of GCMs used.
Modelling group Name Available Atmosphere
ensembles resolution
Bjerknes Centre for Climate Research, Norway bcer_bcm2_0 1 T63 (~1.9°)
Canadian Centre for Climate Modelling and Analysis, Canada cccma_cgem3_1 5 T47 (~2.8°)
Météo-France/Centre National de Recherches Météorologiques, France cnrm_cm3 1 T63 (~1.9°)
Commonwealth Scientific and Industrial Research Organisation (CSIRO) Atmospheric Research, Australia csiro_mk3_5 1 T63 (~1.9°)
U.S. Department of Commerce/National Oceanic and Atmospheric Administration (NOAA)/Geophysical Fluid gfdl_cm2_0 1 2° x 2.5°
Dynamics Laboratory (GFDL), USA
U.S. Department of Commerce/National Oceanic and Atmospheric Administration (NOAA)/Geophysical Fluid gfdl_cm2_1 1 2° x 2.5°
Dynamics Laboratory (GFDL), USA
NASA/GISS, USA giss_model_e_r 1 4° x 5°
INGV, National Institute of Geophysics and Volcanology, Italy ingv_echam4 1 T106
(~1.125°)
Institute for Numerical Mathematics, Russia inmcm3_0 1 4° x 5°
Institut Pierre Simon Laplace, France ipsl_cm4 1 2.5° x 3.75°
Center for Climate System Research (University of Tokyo), National Institute for Environmental Studies and miroc3_2_medres 3 T42 (~2.8°)
Frontier Research Center for Global Change (JAMSTEC), Japan
Meteorological Institute of the University of Bonn, Meteorological Research Institute of the Korea Meteorological miub_echo_g 3 T30 (~3.9°)
Administration (KMA), and Model and Data Group, Germany/Korea
Max Planck Institute for Meteorology, Germany mpi_echam5 3 T63 (~1.9°)
Meteorological Research Institute, Japan mri_cgcm2_3_2a 5 T85 (~1.4°)
National Center for Atmospheric Research, USA ncar_ccsm3_0 4 T85 (~1.4°)
National Center for Atmospheric Research, USA ncar_pcm1 4 T42 (~2.8°)
Hadley Centre for Climate Prediction and Research/Met Office, UK ukmo_hadcm3 1 2.5° x 3.75°
Hadley Centre for Climate Prediction and Research/Met Office, UK ukmo_hadgem1 1 1.3°x 1.9°
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tails (ThemeR]l et al., 2012). Biases in the skewness of the rainfall
distribution are also addressed through this correction
method. An important disadvantage in the context of drought
modelling is that the persistence in the GCM time series (i.e. the
relationship between adjacent months or years) cannot be
addressed. It is therefore of interest how the different bias
correction methods behave for both the current climate and the
future simulations.

Annual Rainfall

2.3. Data

In this study, the two bias correction methods have been
applied to the simulations of precipitation from the Coupled
Model Intercomparison Project (CMIP3) with the intention of
assessing the impact they have on drought simulations for the
future. GCM simulations at monthly time steps were used and all
available ensemble members were corrected. All GCMs outputs

Annual Rainfall scaled by MAR
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Fig. 1. Time series of annual rainfall and drought estimates for two locations in Australia showing high interannual variability (black) and low interannual variability (red) for
(a) the annual rainfall time series, (b) the annual rainfall scaled by MAR, (c) the running sum of 5 year rainfalls scaled by MAR, (d) 1 year SPI time series, (e) 5 year SPI time
series and (f) the residual mass curve of running sums minus demand. Demand is defined to be equal to the mean monthly rainfall. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
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were interpolated to a common T63 grid to allow the results to be
compared across space. For the historical climate, the 20th century
simulations were used from 1900 to 1999 and for the future sim-
ulations the SRESA2 scenario was adopted for a 30 year period at
the end of the 21st century. To test the modelling of drought for
the historical climate, a split sample approach was used with first
half of the record used to calibrate the bias correction and the sec-
ond half of the record used for an independent validation. Table 1
lists the GCMs that have been used in the study.

Gridded monthly rainfall data over Australia from the Bureau of
Meteorology (BOM) was used as the observational data set (Grant
et al., 2008). This product was created as part of the Australia
Water Availability Project (AWAP) from daily rainfall stations and
Barnes successive correction and three-dimensional smoothing
splines to interpolate the rainfall onto a 0.05° grid (Grant et al.,
2008). Data already aggregated to monthly time series was pro-
vided by the Bureau of Meteorology. Data from 1900 to 1999
was used for the analyses to match the 20th century simulations
from the GCMs. Area averaging was used to re-grid the data to
the same resolution as the GCM outputs.

3. Drought statistics

There are a number of ways to assess the severityrofidrought
and even the definition of drought has a range of meanings. For this
work meteorological drought has been considered as the assess-
ment is based on rainfall sequences. The timescales of interest
are those more generally considered with hydrological drought
i.e. deficits in the order of a year to multiple years or decades. In
other parts of the world with less inherent climate variability
drought conditions can result from deficits as short as three to
six months (Fowler et al., 2007b).

The SPI was developed to provide a simple calculation of
drought (Guttman, 1999). An incomplete gamma distribution is fit-
ted to running totals of rainfall, and then transformed to a standard
normal distribution. The quantiles of the normal distribution are
used to assess the severity of the drought. Negative values of the
index occur during dry periods, with positive values indicating
wet conditions. The SPI can be calculated for varying intervals;
intervals of 1, 2 and 5 years have been assessed in this study. The
SPI has been used for future drought assessments by Burke and
Brown (2008). Mpelasoka et al. (2008) note that because the SPI
can be calculated on different time scales it can account for the
effects of rainfall deficits of varying lengths on separate parts of
the hydrologic cycle. As in the work by Burke and Brown (2008)
a severe drought threshold has been set at the 5th percentile of
the SPI distribution at each location. Future changes can be
assessed by counting the number of exceedances of this threshold.
If the future is drier, then exceedances of the threshold will occur
more frequently than in the historic climate (i.e. 5% of all time per-
iods). The converse is also true for wetter future conditions. The
spell length of the maximum deficit period in the SPI sequences
has also been calculated.

A number of other statistics of rainfall that have been used for
drought or water resources assessments have been considered to
understand the ability of GCMs to represent interannual variability
correctly and the impacts of bias correction on the current and
future projections. The first rainfall statistic that has been consid-
ered is the coefficient of variation of multi-year rainfall sequences
(2 year and 5 year specifically). A similar statistic (the minimum of
running sums of 2 year and 5 year rainfall totals) was used by
Srikanthan and Pegram (2009) to evaluate stochastically generated
rainfall sequences. Johnson and Sharma (2011) found that the min-
ima of the time series could be too noisy and instead adopted the
standard deviation. The standard deviations are scaled by the

annual mean to allow comparisons across space and are therefore
equivalent to the coefficient of variation.

The rescaled range is calculated from a residual mass curve,
which measures the cumulative departure of a time series from
its mean. The difference between the maximum and minimum of
the residual mass curve is the range, which can be scaled by the
standard deviation of all deficits/surpluses. The rescaled range is
used in water resources management as a surrogate of reservoir
storage. It is a useful statistic for assessing GCM simulations of
drought as storage calculations integrate dependence and trends
that may be present in the time series (Koutsoyiannis, 2002).

Fig. 1 shows the annual rainfall time series and estimates of SPI
and rescaled range for two locations in Australia. The first location

(a) Rainfall below 75% of Mean Annual Rainfall

1200

Proportion of Years = 0.08
Proportion of Years = 0.38

1000

B
™
—
—
—
=

Annual Rainfall (mm)
400 6l
1

T T T
1950 1960 1970 1980 1990 2000
Time

(b) Rainfall below 0.5 std dev of Mean Annual Rainfall

1200

Proportion of Years = 0.28
Proportion of Years = 0.38

1000

|~
I
—
—
—
=
—

Annual Rainfall (mm)
600

fé
=
|-
|
i
=

1950 1960 1970 1980 1990 2000
Time

(c) Drought vulnerability

7 Vulnerability = 0.15
Vulnerability = 0.5

-MMAM |

N
W\(J A v WW

T T T T T T
1950 1960 1970 1980 1990 2000
Time

1000 1200

800

600
1

400
|

Annual Rainfall (mm)

200
|

0
1
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calculation of MAR75, estimates that are more than 0.5 standard deviations below
the mean, and Peel drought vulnerability.
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has higher rainfalls (shown in red in Fig. 1a) but lower multiyear
variability. The second location is more arid with mean annual
rainfall (MAR) of the order of 300 mm but there is large year-to-
year variability. This difference in variability is evident when the
annual rainfall time series are scaled by the MAR. The majority of
years at the high rainfall site are within 50% of the mean, whilst
at the low variability site, the annual distribution is much more
skewed with a number of very dry years and several very wet years
with rainfalls more than double the MAR. Using multiple year rain-
fall totals smooths the curves in Fig. 1b and emphasizes the persis-
tence at the site with high variability with a number of consecutive
dry years or wet years. Next, the SPI values are calculated for the
two sites for 1year and 5 year drought estimates. Interestingly
the difference between the two time series in terms of their
multi-year persistence is not reflected in the SPI series. This is
because at each location the rainfall series are transformed via a
truncated gamma distribution to a normal distribution. Thus in
all locations the range of values is approximately between 14
and therefore the SPI values cannot be used to discriminate
between sites with low or high interannual variability. This means
that the SPI is useful for comparing how future droughts might
vary at one location but is not effective for comparing drought
severity at different locations.

Spells of dry months can be used to consider persistence and
drought characteristics of time series. The number of consecutive
months when rainfall or streamflow is below some threshold is
called the “Run Length”. Peel et al. (2005) propose a drought
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vulnerability statistic by comparing run lengths of rainfall below
the median. The run lengths can also be calculated for any other
threshold of interest such as the mean or a value with a more fre-
quent exceedance probability. The cumulative sum of the deficits
below the threshold is calculated for every dry spell. The drought
vulnerability is then defined as the maximum deficit below the
hosen threshold and it i ndardiz I ividin:
by the mean annual rainfall, Readers interested in this concept
are referred to Peel et al. (2005) for more information on these
statistics.

Counts of annual rainfall totals below the mean or median can
also be constructed in other ways. Ault et al. (2014) have assessed
long-term sequences of flows by counting the number of times that
the flow/rainfall falls below 0.5 standard deviations from the mean.
Depending on the coefficient of variation of the data, this test can
yield quite similar results to considering rainfalls that are more
than 75% below MAR (denoted as MAR75 in the remainder of the
paper). On the other hand when the coefficient of variation is small,
then there will be far few instances of rainfall less than 75% of the
mean than when using the 0.5 standard deviation threshold.
Fig. 2 shows the relationship of the Peel drought vulnerability with
the two methods of counting rainfall below a threshold for the same
two locations as shown in Fig. 1. For the site with high rainfall and
relatively low variability (red lines), the difference between using
MAR75 threshold (Fig. 2a) to the 0.5 standard deviation is quite evi-
dent, whereas for the site with low variability the thresholds are
quite similar. The MAR75 statistic therefore appears to have better
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discrimination between sites with high and low interannual vari-
ability than using the standard deviation measure of Ault et al.
(2014). In terms of drought vulnerability (Fig. 2c), there is quite a
large difference between the estimates at the two sites. The high
variability site has large vulnerability due to the large deficit that
occurs around 1960. All but one of the spells below the median last
more than one year at this location, compared to only 30% (5 of 16)
of the runs at the high rainfall, low variability site.

InPFign3 the observation based estimates of each of the rainfall
and drought statistics at all 201 grid cells in Australia are com-
pared. The statistics are calculated for the period from 1950 to
1999 and the SPI severe drought frequencies are calculated relative
to the threshold calculated for the earlier part of the record. This
gives a sense of the performance that could be expected from the
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GCMs and the bias correction methods if there were no biases. It
can be seen that there is high correlation between most of the
statistics. The probability of annual rainfall being more than 0.5
standard deviations below the mean is less well correlated with
the other rainfall statistics, in particular the Peel vulnerability
and the rescaled range. As discussed for Fig. 1 there is less agree-
ment between the SPI and other statistics due to the standardiza-
tion in the SPI calculations.

4. Historical climate drought representation in GCMs

Using the same statistics as the previous section, the ability of
the CMIP3 GCMs to capture the important features of rainfall
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Fig. 4. Errors for each GCM in drought estimates, averaged over space for (a) 5 year rainfall time series standard deviation, (b) rescaled range, (c) MAR75, (d) drought
vulnerability, (e) SPI 5 year spell length and (f) SPI 5 year severe drought threshold. The method that leads to the smallest RMSE from the raw, NBC and QM results for each

GCM has been used to pick the line type.


Phan Van Tan


F. Johnson, A. Sharma/Journal of Hydrology 525 (2015) 472-485 479

persistence for water resources management is now assessed. The
Root Mean Square Error (RMSE) has been calculated for each GCM
by comparing drought statistics based on the raw or bias-corrected
simulations to the observations for the period 1950-1999. The
RMSE reflects the average error across all grid cells in the domain.
In Fig. 4 the RMSEs for six different drought statistics are shown for
all of the first ensemble members from the 18 GCMs.
Unsurprisingly in the majority of cases errors are much larger for
the raw GCM simulations than either of the bias-corrected alterna-
tives. For the first three rainfall-based statistics, the NBC method
leads to smaller errors than the QM method for the majority of
the GCMs. For the Peel drought vulnerability and the SPI statistics,
the raw GCM simulations never have the smallest error and the QM
is the preferred method in around 70% of the cases. This suggests
that different drought statistics capture varying characteristics of
the rainfall time series. In the case of the SPI and drought vulnera-
bility, it appears that biases in the rainfall distribution are more
critical in correctly representing the drought than biases in the
persistence. As shown in Fig. 1, the rescaled range and multi-year
rainfall totals are strongly affected by persistence and therefore
the NBC will perform better in correcting biases in their
representation.

In Fig. 5 the spatial patterns of errors across Australia are shown
for the raw GCM simulations and the bias-corrected outputs. In
this case, error is defined at each grid cell as the RMSE of the esti-
mate from the 18 GCMs compared to the observation at that

(a) RAW 75% MAR

3

(d) RAW Vulnerability

(9) RAW SPI Severe Drought

(b) NBC 75% MAR

B <

(e) NBC Vulnerability

o =)

(h) NBC SPI Severe Drought

3 M) A

location. The patterns of errors in the raw simulations are reason-
ably consistent for the three chosen drought statistics (left col-
umn), with the largest errors in the centre of the country and
relatively smaller errors in the southeast. Both bias correction
methods substantially reduce the errors. For the Peel drought vul-
nerability and MAR75 statistics, the pattern of errors after bias cor-
rection broadly follows the raw simulations, with the smallest
errors tending to occur in the southeast and around the coast.
For the SPI Severe Drought the patterns of errors are relatively uni-
form after bias correction, particularly when compared to the other
drought statistics. The slight spatial variation in the errors shows
that they are reversed after bias correction with the smallest errors
in the north and central parts of Australia and relatively higher
errors occurring in the southeast. As discussed earlier the SPI is
standardized across space so the impact of the magnitude of rain-
fall or the interannual variability at any particular location is less-
ened. For all three drought statistics there is little difference in the
performance of the two bias correction methods when aggregated
over all the models.

The results presented thus far have been aggregated across
space or models. In Figs. 6 and 7 results for two GCMs are shown
to illustrate how the errors in raw and bias corrected GCM vary
at individual grid cells. In Fig. 6, the results from CSIROMKk3.5 are
presented. In this GCM the NBC method consistently outperforms
the QM results, due to the specific structure of the biases in the
GCM simulation. For this GCM it is found that the rainfall
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Fig. 5. Error in drought estimates at each grid cell calculated as the average across all 18 GCMs of RMSE between the observations and the GCM estimates for MAR75 (top
row), drought vulnerability (middle row) and for 5 year SPI Severe Drought frequency (bottom row). Raw and bias corrected results are shown as the columns. The smallest
errors are in red colors whilst larger errors are shown in lighter colors. (For interpretation of the references to colour in this figure legend, the reader is referred to the web

version of this article.)
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distributions generally have a similar shape to the observed dis-
tributions and therefore corrections of the first and second
moment are sufficient without the need to correct the full dis-
tribution (Johnson and Sharma, 2012). Under these circumstances
the autocorrelation corrections are effective and the NBC method
improves the representation of persistence in the model and
therefore also the drought statistics.

In Fig. 7, similar results are presented for INGV_ECHAM4 where
it is clear that the raw GCM simulations are much too wet with all
drought statistics substantially underestimated. For this GCM the
QM method generally leads to smaller errors. The NBC overcorrects
the persistence leading to slightly larger drought estimates than
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the QM method although the results are much improved in both
cases compared to the raw GCM simulations. For example in
Fig. 7d two grid cells have been labelled and it can be seen that
in these locations the drought vulnerability is close to double the
observed vulnerability using the NBC method whilst the QM
method has matched the observations reasonably well.
Reviewing the time series of monthly rainfall, the NBC method
has produced more zero rainfall months than the observations
and several multi-month spells of zero rainfall that are not seen
at all in the observations. The QM has slightly fewer dry months
than the observations but does not lead to any overly long dry
spells and hence the vulnerability is represented better.
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Fig. 6. Comparison of observed and modelled drought statistics for the CSIRO Mk3.5 GCM for (a) 5 year rainfall time series standard deviation, (b) rescaled range, (c) MAR75,
(d) drought vulnerability, (e) SPI 5 year spell length and (f) SPI 5 year severe drought threshold. Raw GCM simulations are shown in black, NBC in red and QM in blue. The
RMSE of the model estimates is shown in each panel. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this
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5. Drought projections for 2080

In the previous section, bias correction approaches were shown
to improve the representation of drought for the historical climate
significantly compared to raw GCM simulations. Now it is of inter-
est how drought frequencies may change in the future. Previous
studies have considered future drought frequencies as changes
relative to current climate drought thresholds (Burke and Brown,
2008). The important implication of this approach is that any
biases in the current climate simulations are firstly ignored and
secondly assumed to remain constant in the future. In this study,
biases in the current climate are explicitly calculated and assessed.
However, as for any bias correction application the assumption
that biases are stationary in time is still required for the bias
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correction to be valid in the future (Maurer et al., 2013;
Teutschbein and Seibert, 2012). Haerter et al. (2011) showed that
future changes from bias corrected simulations can be different
from those calculated using raw climate model simulations and
the differences depend on the assumptions of the bias correction
method. Here we further consider this point in the context of
drought statistics and compare the bias-corrected future drought
frequencies to raw simulations from GCMs to identify the effects
of bias correction.

For each of the drought statistics presented in Section 4 the
future drought frequencies relative to the historical climate have
been calculated. For the raw GCM simulations, the historical cli-
mate case is the 20th century GCM simulations without any cor-
rections. The bias-corrected future sequences are compared to
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Fig. 7. As for Fig. 6 but showing results for INGV_ECHAMA4.
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the observed drought frequencies for 1970-1999, acknowledging
that the bias correction is not perfect so there will be some errors
in this comparison.

In Fig. 8 the raw GCM future drought frequencies for each grid
cell and each model are compared to the future bias corrected
drought frequencies. A local polynomial regression is fitted to the
data in each panel to explore the relationship between drought fre-
quencies with and without bias correction. Three drought statistics
have been considered.

The first statistic presented in Fig. 8 is the severe drought thresh-
olds from the SPI as defined by Burke and Brown (2008) (top row of
Fig. 8). When future conditions are drier the historical severe (5th
percentile) drought threshold will be exceeded more frequently.
For example, a future drought frequency of 20% means that the
event that currently only occurs with a return period of 1 in 20 will
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occur in the future with a return period of 1 in 5. Such conditions
are evident in Fig. 8 where approximately 50% of grid cells and
models project drier conditions and the frequency of exceeding
the current drought thresholds increases. These large changes tend
to be found in the southern parts of the country and are evident
whether raw or bias corrected simulations are used.

When the raw GCM estimates are compared to the bias-cor-
rected estimates, it can be seen that the fitted regression line lies
below the one to one line at the highest frequencies. This means
that bias correction tends to lead to smaller future increases in
drought frequency than using raw GCM simulations. For both bias
correction approaches the threshold for this moderation starts at
raw drought frequencies of around 30%. This response is consistent
for both the moderate and severe drought thresholds and for both
bias correction approaches.

(b) Quantile Mapping Severe Drought
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Fig. 8. Comparisons of raw and bias corrected projections of future drought for all grid cells and all GCMs for 5 year SPI Severe Drought frequency (top row), drought
vulnerability (middle row) and MAR75 (bottom row). A local polynomial regression has been fitted in each case to summarize the relationship between raw and bias-

corrected estimates.
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Similar results are found when the Peel drought vulnerability
and MAR75 statistic are considered (middle and bottom rows of
Fig. 8). For these cases, the future drought estimates are calculated
by using the median or mean annual rainfall from historical cli-
mate with the future climate time series. For example the
MAR?75 future drought statistic calculates the percentage of years
in the future where the rainfall falls below 75% of the 1970-1999
mean annual rainfall. Even in the historical climate the value of
this statistic will vary depending on the variance and skewness
of the annual rainfall time series and therefore it is not obvious
from Fig. 8 which estimates are wetter or drier than the historical
climate except for the SPI statistic. This is the clear advantage of
using the predefined thresholds of the SPI, which by definition
are known drought frequencies. The disadvantage of the threshold
exceedances is that they give no measure of the relative wetness or
dryness of different locations unlike the MAR75 and Peel drought
vulnerability.

How do drought frequencies change at individual locations and
is there a strong spatial pattern to these changes? Fig. 9 provides
the consensus position from all the GCMs for raw and bias-
corrected changes in drought frequency. In the top row, the
drought frequency using the SPI 5 year severe drought threshold
is assessed, whilst the bottom row shows the results using the
Peel drought vulnerability. Increased (decreased) drought fre-
quency is shown in red (blue) when two-thirds of the GCMs project
drier (wetter) conditions. The areas shown in grey occur when the
GCMs are more evenly split in whether wetter or drier conditions
will occur in the future. In the case of the SPI there are two clear
signals whether raw or bias corrected results are used. Wetter con-
ditions are projected for northern Australia and drier conditions in

(a) Raw SPI 5 year Severe Drought

(b) NBC SPI 5 year Severe Drought

the south, particularly in southwestern Western Australia and
along the eastern coast of the Great Australian Bight.
Interestingly in the southeast less frequent droughts are projected
if bias-corrected simulations are used whereas the raw GCMs show
mixed signals. After bias correction at these locations a small num-
ber of GCMs (around 2-5 models) have lower drought frequencies
than found in the raw simulations and this is enough to then
cross the threshold of two-thirds of models agreeing on the direc-
tion of the change. It is not always the same GCM at each grid cell
where the drought frequencies change direction.

There is considerable uncertainty in the projections of the future
drought frequency that is masked by the use of mean changes or
GCM consensus results. At each grid cell the minimum and maxi-
mum future drought frequencies are found for all 38 model realiza-
tions for the 5 year SPI severe drought threshold. The model spread
is the difference between the maximum and minimum values. In
Fig. 10, empirical cumulative distribution functions are shown for
the raw and bias-corrected model spread. These distributions
represent the model spread at the 201 grid cells. At approximately
10-15% of grid cells the model spread is 100% (the maximum pos-
sible) and bias correction does not improve this situation. The NBC
method decreases the range of all the remaining grid cells, implying
a decrease in model structural uncertainty following bias correc-
tion. The QM method leads to an increase in model spread at about
30% of grid cells but for the remainder of locations the range is sub-
stantially decreased compared to the raw simulations. Decreases in
uncertainty are found mainly in the northern parts of Australia.
Areas with the highest uncertainty are in the southeastern part of
the country and this is where uncertainty is not improved after
bias-correction.

(c) QM SPI 5 year Severe Drought

(d) Raw Drought Vulnerability

2 LA

(e) NBC Drought Vulnerability

(f) QM Drought Vulnerability

M Increase [ No Change

B Decrease

Fig. 9. Spatial variation of model consensus in future changes in drought frequency for SPI 5 year severe drought (top row) and drought vulnerability (bottom row) for raw,
NBC and QM simulations. Areas shown in red (blue) have at least two-thirds of models projecting increased (decreased) drought frequency in the future. Areas shown in grey
have limited model consensus on the direction of change in future droughts. (For interpretation of the references to colour in this figure legend, the reader is referred to the

web version of this article.)
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Fig. 10. Empirical cumulative frequency distributions of the model spread across all
GCMs of the future drought frequency (5 year SPI) for raw and bias corrected
simulations. Uncertainty in the model projections is smaller when the spread is
smaller.

6. Discussion and conclusions

In this paper we have sought to consider the impact of bias
correction of GCM precipitation simulations on future drought fre-
quencies. We find that future drought frequencies for Australia are
expected to increase but bias correction tends to moderate these
increases and in some instances improves the consensus amongst
a large set of GCM:s.

One of the limitations of the study is that the drought assess-
ments were only based on precipitation simulations rather than
drought measures that consider the full water balance. Different
drought projections would be expected if a combined drought
index such as the Palmer Drought Severity Index (PDSI) (Palmer,
1965) or the Reconnaissance Drought Index (RDI) (Zarch et al., in
press) was used. Both of these approaches would require joint bias
correction of precipitation and potential evaporation (Piani and
Haerter, 2012). This joint correction is simple to formulate within
the NBC framework, and amounts to the use of a Multivariate
Autoregressive Model instead of a simple Autoregressive Model
in the bias correction method (Mehrotra and Sharma, 2015). It is
important to jointly correct the temperature/evaporation and
precipitation rather than implementing independent corrections
so that the dynamic relationships between the two can be
maintained.

An alternative to the joint modelling of precipitation and evap-
oration for drought is to assess drought through analysis of soil
moisture derived from the GCMs directly (Sheffield and Wood,
2008). The disadvantage of this approach is that soil moisture is
available for fewer models than precipitation. There are also prob-
lems with attempting to bias correct soil moisture projections from
GCMs due to the sparse coverage of soil moisture observation net-
works and additional problems with the scale discrepancy
between the point measurements and the GCM grids. Future work
could investigate the utility of satellite soil moisture products for
this purpose.

Correctly understanding drought likelihood can allow society to
prepare and manage water resources systems to minimize the
impacts of these devastating events. How drought frequencies
may change in the future due to anthropogenic climate change is
a question of interest to many sections. Answering this question

is difficult due to the uncertainties in climate model projections
of rainfall in particular. Most previous drought assessments have
focused on the change in drought frequencies without explicitly
considering the biases in the rainfall and therefore in the drought
estimates for the current climate. In this paper it is shown that bias
correcting precipitation simulations prior to calculating drought
changes can lead to different conclusions on future drought fre-
quencies. A number of drought statistics were considered includ-
ing the Standardized Precipitation Index, statistics of the rainfall
time series on annual and inter-annual timescales and a drought
vulnerability statistic. Two different bias correction techniques
were investigated that corrected the monthly GCM rainfall sim-
ulations, namely Nested Bias Correction and Quantile Mapping.
Both were shown to reduce the prediction errors when the sim-
ulations are compared to drought frequencies calculated from
observed data.

Future drought frequencies were assessed using raw GCM out-
puts, which assumes that the biases in the GCMs are additive and
can therefore be removed by taking differences between the future
and current projections. The bias corrected GCM outputs using
Quantile Mapping and Nested Bias Correction were also assessed.
It was found for the CMIP3 GCMs assessed in this study that bias
correction tended to moderate the largest future increases in
drought frequency suggested when using the raw GCM outputs.
It is thus concluded that raw model simulations can lead to incor-
rect drought assessments even at continental scales and bias cor-
rections need to be applied. These results are consistent across
models and across the continent. A slight improvement in the
agreement in the number of models projecting drier or wetter con-
ditions was also found after bias correction, although for many
parts of Australia there is still substantial uncertainty across the
projections.
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