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a b s t r a c t
Design rainfall is used to analyse and size water infrastructure and is generally derived from historical
rainfall records. Given the expected changes in extreme rainfall due to anthropogenic climate change,
future hydrologic design based on historical data may not be appropriate. While a number of studies have
assessed the impact of climate change on design rainfall using different methods, to date there has been
no comprehensive comparison or examination of the implications of alternative methods on future
design rainfall estimates. This study compares the nine methods for estimating the design rainfall for
the current climate and the potential changes in the future for the Greater Sydney region. A Monte
Carlo cross-validation procedure was employed to evaluate the skill of each method in estimating the
design rainfall for the current climate. It was found that bias correcting the annual maximum rainfall
based on the empirical distribution combined with regional frequency analysis produces the design rainfall closest to the observations. While regional frequency analysis was found to have limited impact on
the design rainfall estimation for the current climate, it provides much more spatially coherent patterns
of future change and it is recommended that regionalisation be used in all design rainfall impact assessments. Despite the variations between different methods, a 20–35% increase in design rainfall over the
coastal region is consistently projected. This will pose significant challenges for existing infrastructure
in that area.
Ó 2017 Elsevier B.V. All rights reserved.

1. Introduction
Design rainfall, otherwise known as Intensity-FrequencyDuration (IFD) relationships in Australia or IDF relationships in
other parts of the world, provides the basis for estimating the
design flood value (Dingman, 2015). IFDs are usually constructed
using historical rainfall records under the assumption of stationarity that the future rainfall has the same statistical characteristics as
the historical rainfall (Peck et al., 2012). However, a growing body
of evidence suggests non-stationary behaviour of rainfall under climate change. Haylock and Nicholls (2000) examined extreme rainfall trends over eastern and southwestern Australia based on daily
rainfall records at 91 stations and found a negative trend in the
extreme frequency and intensity in southwest Western Australia
and a positive trend in the proportion of total rainfall from extreme
events in eastern Australia. Taschetto and England (2009) analysed
⇑ Corresponding author at: School of Civil and Environmental Engineering,
University of New South Wales, Sydney, New South Wales 2052, Australia
E-mail address: a.sharma@unsw.edu.au (A. Sharma).
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Australian rainfall trends over the period of 1970–2006 using the
high-quality daily rainfall dataset from Australian Bureau of Meteorology and observed a strong positive trend in annual, summer
and autumn rainfall over northwest Australia. Over the Queensland coast, a significant negative trend was detected in summer
rainfall, which was related to changes in atmospheric circulation
that is responsible for the convective formation of clouds and the
reduced moisture advection to the coast due to weakened tropical
easterlies. There have been numerous other studies regarding the
non-stationarity of rainfall (Alexander et al., 2006; Goswami
et al., 2006; Klein Tank and Können, 2003; Klein Tank et al.,
2006; Longobardi and Villani, 2010).
For these reasons it is reasonable to expect that current climate
IFD relationships are unlikely to be valid in the future. To investigate the potential changes in IFD relationships, climate model simulations are required. The scale of general circulation models
(GCMs) and most regional climate models (RCMs) is too coarse to
resolve extreme rainfall caused by localised convection (Rosa and
Collins, 2013; Tryhorn and DeGaetano, 2011). Therefore a highresolution RCM is often used to simulate sub-GCM-scale rainfall
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processes and ascertain potential changes in design rainfall (Ban
et al., 2014; Kendon et al., 2012).
A common problem with the use of RCM outputs directly in
hydrological impact studies is that the simulated rainfall often
exhibits substantial biases (Teutschbein and Seibert, 2010). RCM
biases can arise from the internal RCM physics or from the errors
in the lateral boundary conditions provided by reanalysis data or
by a GCM (Chen et al., 2013; Schoetter et al., 2012). Therefore, bias
correction is often required to bring RCM-simulated rainfall in line
with the observations. When applying bias correction to simulated
rainfall, different options are available. For example, bias correction can be applied to the entire time series of rainfall. The corrected rainfall time series can then be used to extract the annual
maximum series (AMS), which can be used to estimate IFDs. Since
only the AMS is required in IFD estimation, it is possible to just correct the AMS. Another option is to correct the final product (IFDs),
estimated from the raw model outputs, with respect to the
observation-derived IFDs. These different options are listed in
Table 1 along with examples of their previous implementation as
reported in the literature. Each option makes different stationarity
assumptions about the bias, be it the total rainfall distribution, the
AMS or the IFDs themselves. A study by Sunyer et al. (2015) compared three statistical downscaling methods to estimate changes in
hourly extreme precipitation using RCM projections over Demark.
The results showed that the three methods all suggest an increase
in extreme precipitation. One limitation of this study is that no validation technique was applied to assess the performance of each
method against the observations. This serves as the motivation
for the current work. There are two key questions that arise. The
first is how well each method represents the observed IFD relationships. The second question is how future rainfall projections vary
based on the different assumptions of stationarity. This paper seeks
to address both these questions.
An essential step in deriving observed station-based IFDs is
regionalisation, where data are pooled across space to reduce the
impact of short-record lengths in fitting an appropriate probability
distribution to the sample of extreme rainfalls (Hosking and Wallis,
2005). It is rare for observation-based IFDs to be derived without
undertaking this step because the exceedance probabilities of
interest for design generally require extrapolation of the fitted
probability distribution (Burn, 2014). However, regionalisation is
not often considered when estimating design rainfalls from climate
model simulations (Coulibaly and Shi, 2005; Das et al., 2013; Kuok
et al., 2016). Exceptions include Kuo et al. (2015) and Mailhot et al.

Table 1
Bias correction approaches adopted in design rainfall estimation.
Option

Assumptions/
Descriptions

References

Quantile-mapping
bias correction of
total rainfall

Bias in the total rainfall
distribution is assumed
stationary

Quantile-mapping
bias correction of
annual
maximum
rainfall
Bias correction of
IFDs

Bias in the annual
maximum rainfall series
is considered stationary

Kuo et al. (2015),
Mirhosseini et al. (2013),
Mirhosseini et al. (2014),
Rodríguez et al. (2014),
Evans and Argueso (2015)
Srivastav et al. (2014),
Herath et al. (2015)

No bias correction

Bias in IFD relationships
is assumed constant
over time
The raw model output is
used to measure the
change in IFDs based on
the assumption that bias
in IFD relationships is
constant over time

Liew et al. (2013)

Xu et al. (2012), Kuo et al.
(2014), Mamoon et al.
(2016), Mailhot et al.
(2007)

(2007). Given that high-resolution RCM simulations are frequently
only run for a decade or so, due to computational constraints,
regionalisation is arguably even more important in climate impact
assessments than observation-based studies. In this study, the
effects of regionalisation are compared along with the bias correction approaches to identify the best methods to develop IFD relationships for the future.
The data used for the study is described in Section 2. The bias
correction methods and regionalisation approach are described in
Section 3. The results of these analyses are presented in Section 4,
followed by conclusions in Section 5.
2. Data
2.1. Study area
The study area is known as the Greater Sydney region, which
extends to the Hunter Valley in the north, Jervis Bay in the south
and Orange in the west. It covers an area of 50,688 km2. The coastal
region is affected by east coast lows, which bring heavy rainfall
during Autumn and Winter. The average annual rainfall varies
between 558 mm and 1441 mm across the study region, with the
coastal region generally getting more rainfall than the inland area
(Fig. 1a). Rainfall is reasonably uniformly distributed throughout
the year, with the first half of the year slightly wetter than the second half. Five precipitation regions as shown in Fig. 1b were
defined using a multi-step regionalization technique (Argüeso
et al., 2011), although it is worth noting that these were defined
based on daily rainfall statistics which may differ from the characteristics of the extreme rainfalls used in deriving design rainfalls.
The white colour in Fig. 1b represents the water bodies, including
the ocean and the rivers inland. The ocean was excluded from
the analysis.
2.2. Observations
The observed rainfall data used in bias correcting the RCM simulations are from the 197 daily rain gauges operated by the Australian Bureau of Meteorology (Fig. 1a). The rainfall data were
measured at 9am local time on a daily basis. A quality control process was applied to the daily rainfall measurement, and the missing values were filled based on the rainfall records at the nearby
gauges (Green et al., 2012a).
The observed IFDs used in this study were recently developed
by the Bureau of Meteorology (BoM) based on an expanded rainfall
database, which incorporated rainfall data from the Bureau’s rain
gauge network and data collected by other organisations across
Australia. Compared with the previous version of IFDs published
in 1987 (IEAust, 1987), the latest IFDs are based on the expanded
data set as well as improved methods for estimation, including
using L-moments in fitting the probability distribution of the
annual maximum rainfall, employing regionalisation to reduce
uncertainties caused by short rainfall records at individual stations
and the use of a thin plate smoothing spline to spatially interpolate
the point data (Green et al., 2014). The IFDs are available on a
0.025° by 0.025° grid over Australia (110°E 154.975°E,44°S
9.025°S) and the design rainfalls for the study areas were extracted
from the Australia-wide grid.
2.3. RCM simulations
The RCM used to evaluate the changes in the IFDs was developed using version 3.3 of the Weather Research and Forecasting
(WRF) model (Chandra et al., 2015). This RCM used the following
physics schemes: Thompson microphysics scheme (Thompson
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Fig. 1. The RCM domain over the Greater Sydney region with (a) the coloured circles showing the annual rainfall range at 197 rain gauges and (b) coloured patches indicating
the five precipitation regions. The black box in (b) defines the boundary of the model-derived design rainfall using regional frequency analysis.

et al., 2004); the Rapid Radiative Transfer Model (RRTM) longwave
radiation scheme; the Dudhia shortwave radiation scheme;
Monin-Obukhov surface layer similarity theory; Noah
land-surface model (LSM); and the Yonsei University planetary
boundary layer (PBL) (Argüeso et al., 2014). This model runs at a
horizontal resolution of 2 km and covers the Greater Sydney region
(Fig. 1). This 2 km resolution domain was double nested within
10 km and 50 km resolution runs. The simulations were driven
by CSIRO MK3.5 Global Circulation Model (GCM) using the SRES
A2 emissions scenario. The historical period and the future period
simulated by this RCM are 1990–2009 and 2040–2059, respectively. The model simulated hourly rainfall was first aggregated
to daily rainfall before bias correction or IFD estimation. As the
observed IFDs are on a slightly coarser grid than the RCM grid,
the RCM-simulated rainfall data were interpolated onto the BoM’s
grid using nearest neighbour approach.
The parent nests have been evaluated in previous studies and
were found to successfully reproduce daily statistics that are comparable to observations. Evans and McCabe (2010b) assessed the
10 km nest against precipitation and temperature observations at
daily, monthly, interannual and multiannual time scales and found
it captures the daily probability density functions of precipitation
well, with a Perkins skill score (Perkins et al., 2007) of over 87.5
for most of the Murray-Darling basin. This model also captures
the spatial distribution of precipitation anomalies during El Nino/
La Nino events. The 10 km run was also evaluated in terms of its
ability to simulate the diurnal cycle of precipitation over southeast
Australia (Evans and Westra, 2012). It was found that the 10 km
RCM overestimated the occurrences and underestimated the intensities of the 3 h precipitation events. However, the diurnal variability in occurrences and intensities are well reproduced and the
timing of the maxima and minima matches the observations. The
same RCM was found to capture the recent drought in southeast
Australia (Evans and McCabe, 2010a). The projected future changes
of the parent nests were examined in Evans and McCabe (2013)
and provide a regional scale context for the high resolution nest
examined here. The convection permitting 2 km resolution domain
has been evaluated and found to have biases in the precipitation

(Argüeso et al., 2013). Such biases are a common feature of convection permitting simulations and methods for correcting them in
relation to extremes are investigated in this study. These convection permitting simulations have also been assessed in terms of
the effect of urban landscapes on future climate changes
(Argüeso et al., 2014, 2015), and areal reduction factors (Li et al.,
2015).
3. Method
As discussed above, when climate model simulations are used
in climate change impact studies on IFDs, two questions are frequently asked. The first question is can the model output be used
directly or is bias correction required. Ehret et al. (2012) argued
that bias correction methods adjust GCM/RCM outputs without
providing a satisfactory physical justification. Because bias correction violates conservation principles and ignores feedback mechanisms, the advantages of circulation models (spatiotemporal field
consistency and the physical coherence among variables)_are lost.
They argued that applying bias correction hides rather than
reduces uncertainty, which may lead to forejudging by decision
makers and end users of climate change impact studies. However,
Muerth et al. (2013) held a different opinion. They examined the
need for bias correction in regional climate scenarios to assess climate change impacts on river runoff and concluded that bias correction is safe to use in producing coherent present and future
hydro-climatic scenarios for adaptation strategies. This is because
it does not significantly alter the climate change signal of the
hydrological indicators. With such conflicting opinions in the literature, this study evaluates the need for bias correction for IFDs by
comparing the climate change estimates from the raw and bias
corrected model outputs. The second question is when should bias
correction applied. Three main approaches are investigated in this
study including bias correcting the total rainfall distribution (Kuo
et al., 2015; Mirhosseini et al., 2014; Mirhosseini et al., 2013;
Rodríguez et al., 2014), bias correcting the AMS rainfall alone
(Herath et al., 2015; Srivastav et al., 2014) and bias correcting
the IFDs derived from raw RCM simulations (Liew et al., 2013).
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Details of the implementation for each are provided below. Each of
these approaches can also be applied using rainfall data from a single grid or by regionalising the data by pooling across space. As a
result, nine different approaches as summarised in Table 2 are
investigated.
3.1. Bias correction approaches
3.1.1. Bias correction of total rainfall distribution
The daily rainfall aggregated from hourly rainfall simulated by
the RCM was bias corrected at each grid based on the daily rainfall
records at the five nearest stations. Teutschbein and Seibert (2013)
compared six commonly used bias correction methods in coping
with non-stationary bias using differential split-sample test and
recommended using quantile mapping. Therefore, we adopted
quantile mapping to correct the total and the annual maximum
rainfall. The basic form of quantile mapping can be written as

xfut:cor ¼ xfut:mod þ CF

ð1Þ

1
CF ¼ F 1
obs ðF cur:mod ðxfut:mod ÞÞ  F cur:mod ðF cur:mod ðxfut:mod ÞÞ

ð2Þ

where F cur:mod is the cumulative distribution function (CDF) of the
model simulated rainfall for the current climate and xfut:cor is the
bias corrected rainfall for the future climate. CF is the correction factor, which is calculated as the deviation of the model simulated
1
quantile F 1
cur:mod from the observed quantile F obs for the current climate. xfut:mod is the model simulated rainfall for the future climate.
The underlying assumption of this method is that the correction
factor is stationary (Maraun, 2012; Teutschbein and Seibert, 2012),
which means that the correction factor estimated for the current
climate can be added to the simulated rainfall for the future climate to obtain the corrected future rainfall. For each of the simulated rainfall magnitudes, there will be a corresponding
correction factor. This method has been widely used to adjust
the systematic errors in modelled rainfall (Piani et al., 2010;
Themeßl et al., 2012; Wood et al., 2004). However, the limitation
of this method is that the future values beyond the range of the
current period (‘‘new extremes”) need to be treated separately.
The technique proposed by Themeßl et al. (2012) was employed

Table 2
Methods used to estimate IFDs from RCM simulations.
Method

Description

QMT-ASFA

IFDs are estimated from at-site frequency analysis (ASFA) of
bias corrected total rainfall using empirical quantile
mapping (QMT)
IFDs are estimated from regional frequency analysis (RFA) of
bias corrected total rainfall using empirical quantile
mapping (QMT)
IFDs are estimated from at-site frequency analysis (ASFA) of
bias corrected annual maximum rainfall using empirical
quantile mapping (QMX)
IFDs are estimated from regional frequency analysis (RFA) of
bias corrected annual maximum rainfall using empirical
quantile mapping (QMX)
IFDs are estimated from at-site frequency analysis (ASFA) of
bias corrected annual maximum rainfall using GEV-based
bias correction (GEVX)
IFDs are estimated from regional frequency analysis (RFA) of
bias corrected annual maximum rainfall using GEV-based
bias correction (GEVX)
IFDs are estimated from at-site frequency analysis (ASFA) of
the raw model output of rainfall (RAW)
IFDs are estimated from regional frequency analysis (RFA) of
the raw model output of rainfall (RAW)
IFDs are estimated from regional frequency analysis (RFA) of
the raw model output of rainfall and are then bias corrected
against observed IFDs (BCI)

QMT-RFA

QMX-ASFA

QMX-RFA

GEVX-ASFA

GEVX-RFA

RAW-ASFA
RAW-RFA
BCI-RFA

to treat the ‘‘new extremes”, whereby the correction factor from
the highest and lowest quantiles of the current period was adopted
to adjust the future values outside the current range.
In this study, the basic quantile-mapping method was modified
such that the simulated rainfall at each grid-point was corrected
towards the 5 nearest stations separately and then the 5 corrected
values were averaged using an inverse square distance weighting
(W s ) (Argüeso et al., 2013). In addition, the study area was divided
into 5 sub-regions according to the rainfall climatology using a
multi-step regionalization (Argüeso et al., 2011). Here a penalty
factor of 0.5 was adopted to account for the stations that do not
belong to the same rainfall region as the model grid-point; otherwise the factor is 1. At each grid, the corrected rainfall for the
future climate using the modified quantile-mapping method can
be written as

X5
x0fut:cor

¼

x
s¼1 fut:cor
X5
s¼1

 W s  Ps

W s  Ps

ð3Þ

where Ps is the penalty factor at one of the 5 nearest stations. The
modification technique was developed by Argüeso et al. (2013)
for bias correcting daily rainfall simulated by the same RCM as used
in this study, although the RCM was run with different boundary
conditions. Argüeso et al. (2013) used a gamma distribution to correct both observation and model simulations for the current period,
while here an empirical distribution was adopted due to the poor fit
of a gamma distribution to the model simulated rainfall.
3.1.2. Bias correction of annual maximum series
Since only the AMS data is used in estimating IFD relationships,
it may be reasonable to apply bias correction directly to the AMS
rather than correct the full rainfall distribution. The advantage of
this approach is that the bias estimation and distribution fitting
is not affected by the zero or low rainfall days. The technique used
to correct AMS is similar to the one used to correct the total rainfall
distribution except that the AMS at five nearest stations were
pooled together to form one distribution, which was then used to
correct the model-simulated AMS at the corresponding grid point.
The data pooling technique used here is aimed at reducing the
uncertainties due to the relatively short data length (i.e. 20 points).
Given that the rainfall regions identified in Argüeso et al. (2011)
were based on total rainfall characteristics, they may not be applicable to the annual maximum rainfall characteristics. Thus, the
penalty factor was not applied here. The same technique proposed
by Themeßl et al. (2012) was used to treat the future AMS values
beyond the current range.
Even with the data pooling technique, there is far less data for
the annual maximum than the total rainfall. Applying empirical
distribution-based quantile mapping on annual maximum rainfall
may be susceptible to a few outliers. To test for this, a generalized
extreme value (GEV) distribution-based quantile mapping
approach was also included in this study. Two GEV distributions
were fitted using L-moments (Hosking and Wallis, 2005) to the
observed AMS and the model-simulated AMS. The GEV distribution
has been previously identified as an appropriate fit to the AMS of
the study region (Green et al., 2012b). The bias in the modelsimulated GEV distribution was then corrected based on distribution fitted to the observed AMS.
3.1.3. Bias correction of IFDs
Apart from correcting the total rainfall and AMS, the final option
is to estimate the IFDs using the raw model outputs and then bias
correct the resulting design rainfall relationships. The underlying
assumption of this option is that the bias in IFDs is the same for
both the current and future climates (Liew et al., 2013). As the cur-
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rent and future IFDs derived from model simulations are adjusted
by the same correction factor, the adjustment will cancel when the
changes from the current to future climates are estimated. Therefore, the evaluated changes in depth will be the same as if the
raw model outputs were used in the estimation.
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2012; Räty et al., 2014), it has not been directly used in climate
impact studies on design rainfalls. The Monte Carlo crossvalidation proposed here is an important contribution towards creating a defensible method for calculating future design rainfalls.
4. Results

3.2. Regionalisation
The standard approach in RCM-based design rainfall studies is
to analyse the changes in extreme rainfalls at each grid cell separately. In this study this has been termed, at-site frequency analysis (ASFA) and it has been used in many studies to estimate design
rainfall (AlHassoun, 2011; Caballero et al., 2011; Coulibaly and Shi,
2005; Das et al., 2013; Kuok et al., 2016). This is a straightforward
approach to using the available data from the climate model but
can lead to large uncertainties when only short data length is available, particularly for rare events.
In the present study, however, we did not analyse the changes
at each grid cell using ASFA, but adopted regional frequency analysis (RFA) to pool data from multiple locations, in this case adjacent grid cells. There are a number of different RFA methods
including defining fixed regions or using a region-of-influence
(ROI) approach (Burn, 2014; Johnson et al., 2012a). The BoM IFDs
adopted 500 station-years of data or 8 neighbours to define the
size of the homogenous region (Johnson et al., 2012b) with ROIs.
To match the approach used by BoM, this study uses indexrainfall approach with ROIs. The region for each grid was defined
by using the 25 neighbouring grids, forming a region with 500
gridpoint-years of data. The rainfall data at these 25 grids was first
standardised by dividing by its mean and then the L-moments
were estimated for the 25 standardised time series. The regional
weighted average of L-moments is estimated and used to fit a theoretical distribution (i.e. GEV). The quantile function of the fitted
regional frequency distribution is called the regional growth curve
and it is scaled by the mean rainfall at the grid of interest to provide the regionalised design rainfalls. It is important to note that
there is likely to be substantially more spatial correlation between
neighbouring grids in the 500 gridpoint-year region compared to
the station based regions. In general, higher correlations will lead
to unbiased but overconfident estimates of the design rainfalls.
3.3. Monte Carlo cross-validation
To evaluate the performance of each method, a 100-iteration
Monte Carlo model was employed. For each iteration, the 20-year
rainfall simulation for the current climate was randomly separated
into two segments, one for training (i.e. 15 years) and the other for
evaluation (i.e. 5 years). The IFD relationships were estimated from
the training dataset using the nine different methods. The AMS for
the evaluation dataset was extracted (i.e. 5 points) and then the
cumulative probability (Probmod ) for each of the AMS values was
identified based on the IFD relationships estimated for the training
dataset. Similarly, using the observed IFD relationships, the
probability (Probobs ) for each of the AMS values from the evaluation
dataset was also estimated. With the two probabilities, the rootmean-square error (RMSE) was used to measure the deviation of
each method from the established IFDs derived from the observed
rainfall records. A low RMSE indicates a close match of IFDs
between model simulations and observations. The idea of estimating error in probability space is as per Wang and Robertson (2011),
who used root mean square error probability (RMSEP) to measure
the deviation of the forecasting probability from the observational
probability. While cross validation was adopted in a number of
studies to measure the skill of bias correction methods (Gutjahr
and Heinemann, 2013; Marke et al., 2011; Piani and Haerter,

4.1. Performance of bias correction methods
To assess the influence of different methods on estimating IFDs
for the current climate, the spatially averaged 24-h design rainfall
depth was estimated using the nine methods at each grid point
(Fig. 2). The raw simulations (RAW-ASFA and RAW-RFA) substantially overestimated the extreme rainfall intensities for all exceedance probabilities. This was to be expected given the positive
bias in the simulation of annual maximum rainfall by the RCM as
shown by Evans and Argueso (2015).
By applying bias correction to either the total rainfall or the
annual maximum rainfall, the representation of the IFDs was substantially improved. The methods with bias correction applied to
the AMS (QMX-RFA, QMX-ASFA, GEVX-RFA and GEVX-ASFA)
slightly outperform those applying bias correction to the total rainfall (QMT-RFA and QMT-ASFA) for frequent events (i.e. exceedance
probability  1 in 20 years). For rare events (i.e. 1 in 100-year AEP),
the advantage of correcting just the AMS diminishes. The regional
frequency analysis has limited impact on the overall bias for the
most frequent events and leads to slight improvements in the representation of the rarest events. However, the difference between
the at-site and regionalised estimates is much smaller than the differences between the various bias correction approaches in representing the observed IFDs.
To examine the performance of each method in reproducing the
spatial patterns of IFDs for the current climate, the design rainfall
depths were plotted for 1 in 5-year events (Fig. 3b–j) and 1 in
50-year events (Fig. 4b–j) over the study domain. As expected
given the results shown in Fig. 2, the methods without bias correction considerably overestimated the design rainfall with the largest
biases in the coastal region (Fig. 3i, j), which is consistent with the
positive bias found in the annual rainfall simulated by the same
RCM (Evans and Argueso, 2015). All the bias corrected estimates
captured the spatial patterns in the design rainfalls well although
they resulted in slight underestimates, particularly over the south-

Fig. 2. Spatially averaged 24-h design rainfall depth (mm) estimated from WRF/
MK3.5 simulations for the time period of 1990–2009 using different methods. The
depth estimated from observations by Bureau of Meteorology (BoM) is marked with
crosses.
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Fig. 3. The 24-h design rainfall depth (mm) estimated from observations (b), and WRF/MK3.5 simulations for the time period of 1990–2009 (c–j) for 1 in 5-year events using
different methods. The summary statistics of the spatial distribution of the 24-h design rainfall depth (mm) as shown in (b–j) were presented using a boxplot in (a).

J. Li et al. / Journal of Hydrology 547 (2017) 413–427

Fig. 4. Same as Fig. 3 except for the 1 in 50-year events.
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ern part of the coastal region where the largest rainfall depths
occur.
There are no clear differences between the spatial patterns of
the IFDs resulting from each of the bias correction methods
for the 1 in 5-year rainfall depths. More differences can be seen
in the 1 in 50-year results (Fig. 4) where the quantile mapping of
the annual maxima (QMX-ASFA and QMX-RFA) is able to represent
the high rainfall in the southeast of the domain better than any
of the other methods. In the northern part of the coastal region,
this method leads to overestimates of the rainfall depths and the
other two bias correction approaches are better in this area. For
the remainder of the study area (i.e. precipitation regions 1, 2
and 5 as shown in Fig. 1b) the empirical distribution-based
quantile mapping of AMS is slightly preferred in estimating the
design rainfall for rare events. As for the 1 in 5-year results,
regional frequency analysis has limited influence on the spatial
patterns of estimated IFDs. It does however reduce the outliers
compared with at-site frequency analysis (Fig. 4a).
As expected from Figs. 3 and 4, the RMSE of the 100 Monte Carlo
iterations (Fig. 5) suggests that the methods without bias correction (Fig. 5h and i) had the lowest accuracy. However, the cross validation shows that the errors in Region 2 for the RAW-ASFA and
RAW-RFA are substantially lower than the remainder of the study
region. It is also noted that for the more frequent events (1 in 2years AEP), the IFDs derived from the raw model outputs for Region
2 are closer to the observations than those estimated using bias
corrected rainfall data (Supplementary material Fig. S1), which
explains why the cross-validation error is lower in this region
when raw RCM outputs are used. Bias correcting the total rainfall
(Fig. 5b and c) reduces the error in the estimated IFDs compared
to the raw simulations. However, the best results come from
adjusting the AMS directly (Fig. 5d–g). The empirical distributionbased quantile mapping of AMS (Fig. 5d and e) and the GEV
distribution-based quantile mapping of AMS (Fig. 5f and g) produce the lowest errors.
4.2. Future changes in IFDs
The bias correction approaches were all shown to provide a reasonable representation of the observed IFD relationships. However,
as they are all based on different assumptions of bias stationarity,
it is expected that when applied to future projections from the
RCM, the resulting IFDs may differ. This section explores these differences and their cause to provide more guidance on the best
method of deriving future IFD relationships.
Figs. 6 and 7 present the absolute change in rainfall depths for
the 1 in 5-year and 1 in 50-year events respectively. In both cases
increases in design rainfalls are projected over most of the study
area, particularly for the coastal area where a 20–35% increase is
estimated regardless of the methods used. The exception is the
western boundary of the domain where decreases are projected.
It is important to note that these projections are based on a single
RCM and single emission scenario and there is thus considerable
uncertainty associated with these changes. The focus of this study
is the relative difference in the projections based on different bias
correction approaches rather than the absolute value of the
changes themselves.
Bias correction was found to mitigate the magnitude of changes
projected by the RCM (Fig. 6). This is not surprising as the ‘‘new
extremes” of the future model projection were all adjusted using
the same correction factor as explained in Section 3.1.1. The consequence of this approach of dealing with the ‘‘new extremes” is that
the future estimates are restrained and so are the estimated
changes. Bias correction using the GEV distribution tends to moderate the increases compared to all the other approaches. This
effect is particularly clear in the 1 in 50-year results in Region 2.

The clearest difference between the methods comes when comparing the at-site frequency analysis with the regionalised estimates (left and right columns in Figs. 6 and 7). While it was
found that the regional frequency analysis had limited impact for
the current climate (Figs. 3–5), there are some stark differences
when comparing each bias correction method applied using
regionalised data compared to single grid analyses. The regionalisation leads to substantially smoother patterns of probabilities in
space. This effect is more obvious for the rarer events as shown
in Fig. 7. The results at two locations are shown in Fig. 8. At the first
site (marked as ‘‘o” in Fig. 7g and h) the regionalisation has made
little difference to the current or future design rainfalls. Thus the
projected changes are very similar for the at-site and regionalised
estimates at this location as shown in Fig. 7. At the second location
(marked as ‘‘x” in Fig. 7g and h), regionalisation has led to a large
difference in the projected changes.
Fig. 9 directly compares the changes projected by each of the
methods applied in this study to the QMT-RFA approach. This
method was chosen as the base case firstly because bias correction
of total rainfall is the most commonly used procedure in estimating future IFDs from climate model simulations and secondly the
results in this study suggest that regional frequency analysis
should be used in climate impact assessments. It is clear that the
change estimated from 6 of the methods (except GEVX methods)
are generally higher than the most commonly used method. Conversely the changes estimated from GEVX methods are often lower
than QMT-RFA. The same conclusion also holds for the other return
periods examined.

5. Discussion
When estimating IFDs using RCM outputs, there is currently no
accepted standard of whether bias correction should be applied to
total rainfall distribution or AMS. This study demonstrated that
applying bias correction to AMS should be preferred. This is
because the bias identified in the total rainfall is not necessarily
related to the biases in the annual maximum rainfall, and thus
may not improve the representation of the IFDs. However, for rare
events the advantage of applying bias correction directly to the
AMS is compromised by the extrapolation required from the short
data length of AMS (20 years). These results were confirmed by
estimating the RMSE of the cross validation.
An empirical distribution and a theatrical distribution (i.e. GEV
distribution) are used to correct AMS. While both methods perform
similarly well compared with other approaches, correcting AMS
using GEV fitted distribution is likely to moderate the increase signal in future IFDs. This may be due to the fact that the fitting at the
right tail of the distribution is often sacrificed in order to maximise
the goodness of fit of the entire distribution.
The cross-validation framework implemented in this study provides a new approach to assessing the accuracy of each method in
deriving IFDs. The advantage of the cross-validation framework is
that the errors are evaluated in probability space which allows
the results to be compared across the domain without the different
rainfall depths affecting the comparisons. This framework can be
also applied to studies to measure the skill of multiple models in
simulating the IFD relationship.
The regionalisation removes the influence of individual high or
low rainfall amounts that strongly influence the fitted GEV distribution when there are only 20 years of AMS data. Although the
future changes cannot be validated, it seems more physically plausible that changes should be spatially coherent. The smoothing
results are because the future changes in the IFDs are moderated
by the regionalisation. Two sampling sites were used to explain
the cause of two representative situations. The site where region-
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Fig. 5. RMSE of the leave-5-out cross-validation of 24-h design rainfall depth estimated from WRF/MK3.5 simulations using different methods (b–i). The summary statistics
of the spatial distribution of RMSE as shown in (b–i) was presented by the boxplot in (a).
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Fig. 6. The change in 24-h design rainfall depth (mm) estimated from WRF/MK3.5 simulations for 1 in 5-year events using different methods.

alisation has little impact on the change signal of future IFDs is
because of the large variability of the growth curves at the neighbouring grids. The site where regionalisation leads to the relatively

small change in the future design rainfall compared with the ASFA
case is due to the fact that regionalisation substantially reduces the
curvature of the fitted GEV distribution for the future climate and
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Fig. 7. Same as Fig. 6 except for 1 in 50-year events. The ‘‘o” and ‘‘x” markers on (g) and (h) are the two sampling locations plotted in Fig. 8.

423

424

J. Li et al. / Journal of Hydrology 547 (2017) 413–427

Fig. 8. The growth curves estimated by using GEVX-ASFA and GEVX-RFA for the current (a-b) and future (c-d) climate at two sample locations marked as ‘‘o” and ‘‘x” in Fig. 7
(g-h). The light coloured curves in (a–d) represent the growth curves at the 25 neighbouring grids of the location of interest.

leads to much lower estimates of the 1 in 50-year rainfall depth.
This moderation seems reasonable when the shapes of the growth
curves at the neighbouring grids are compared to the grid of interest which seems to be too strongly influenced by a single high rainfall depth.
As discussed previously, a number of assumptions are required
in applying bias correction to climate model simulations. The
quantile mapping used in this study is the original version implemented in a number of hydrological studies (Jakob Themeßl et al.,
2011; Mirhosseini et al., 2013; Piani et al., 2010; Teutschbein and
Seibert, 2012). The assumption of stationary bias underpinning this
method is that for a given rainfall magnitude, the difference
between the model and observed rainfall magnitudes for the current climate also applies to the future climate. This method was
later altered by Li et al. (2010) to establish equidistance quantile
mapping and by Wang and Chen (2014) to form equiratio quantile
mapping. Both Wang and Chen (2014) and Li et al. (2010) assume
that for a given percentile, the difference between the model and
observed rainfall magnitudes for the current climate also applies
to the future climate. Despite being mathematically reasonable,
this assumption has no physical meaning in terms of the origin
of bias. Precipitation biases in RCMs originate from various sources.

For example, the bias in the light drizzle (i.e. nonconvective precipitation) can often be attributed to the model microphysics scheme,
whereas the bias in heavy storms (i.e. convective precipitation) is
more related to the cumulus parameterization (Evans and
Westra, 2012). Under a warming climate scenario, it is possible
that a convective storm that currently lies at a high percentile will
shift to a lower percentile in the future. If the assumption of Wang
and Chen (2014) and Li et al. (2010) were used, the bias estimated
for the lower percentile under the current climate, which is probably related to a drizzle event, will be applied to the convective
storm in the future. This clearly cannot be justified as the model
biases are related to their physics parametrizations.

6. Conclusions
This study compares a selection of methods for estimating IFDs
and RCM simulations. Nine methods were used to estimate the
IFDs and the potential change in IFDs under a warmer climate over
the Greater Sydney region using rainfall data simulated by a high
resolution RCM. The results suggest that design rainfall estimates
vary under the current climate with the method chosen. The

J. Li et al. / Journal of Hydrology 547 (2017) 413–427

425

Fig. 9. Boxplot of the discrepancy (%) of the estimated change in 24-h design rainfall depth from current to future climates obtained from different methods compared with
that from the most commonly used QMT-RFA approach for 1 in 5-year events.

methods without bias correction substantially overestimate the
design rainfall, especially over coastal regions where the model
simulated unrealistically high annual maximum rainfall. Incorporating bias correction can effectively improve the accuracy of the
estimated design rainfall.
However, if the entire rainfall distribution is corrected, then it
was found for this RCM that rainfall depths for all return periods
were consistently underestimated. The accuracy of the IFDs was
slightly improved by applying bias correction to the annual maximum rainfall instead of the total rainfall distribution.
The key features of the spatial patterns of the design rainfall
were well represented when bias correcting the rainfalls and
adjusting the annual maximum rainfall tends to best reproduce
the spatial patterns of the observations. The use of regional frequency analysis was found to have limited influence on the design
rainfall estimation for the current climate.
The proposed cross validation framework is useful in quantifying the results of a comparison study such as this. By setting up the
cross validation in the probability space the errors can easily be
compared across space. The cross validation confirmed that correcting annual maximum rainfall provides the closest estimation
of IFD relationships to the observations. The choice of using an
empirical distribution or a GEV to describe the bias properties
has limited impact. The attraction of using the GEV distribution
to correct the biases is that out-of-sample rainfall totals in the
future can be more easily dealt. The empirical distribution requires
additional assumptions on the stationarity of biases at the tails of
the distribution.
All nine methods estimated increases in the 24-h design rainfall
for 5-year return period over a majority of the study domain. As
the events become rarer (i.e. 50-year return period), more areas
start to show decreases. The most important finding from the comparison of the future IFD projections is that regionalisation provides a more spatially coherent signal of change than performing
the analyses at single locations. Spatially coherent change signals
are vital for practitioners and in the operational use of IFDs. One
of the key constraints in the adoption changes to IFDs from anthropogenic climate change is the spatial variability found in many
studies of future design rainfall changes.
A comparison of the change estimated from the most commonly adopted method (QMT-RFA) with those derived from the

other eight methods suggests that the change estimated from
QMT-RFA method are relatively smaller than those obtained from
six of the other methods. Only the GEVX based methods produced
smaller changes than QMT-RFA. This indicates that the choice of
method can have implications on the design of water infrastructure for adapting to climate change impacts.
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