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Abstract
An accurate description of changes in extreme rainfall events requires high resolution simulations. Regional climate models 
(RCMs), where GCM data are used to provide input boundary conditions, are widely used as a way to resolve finer spatial 
scale phenomena. A problem with this, however, is that the inherent systematic biases within the GCM simulation are 
transferred to the RCM through the model boundaries. In this work we focus on the impact of bias correction of lateral and 
lower boundary conditions on simulated extreme rainfall events. Here three bias correction approaches are investigated. In 
increasing order of complexity, these are corrections for the mean, mean and variance, and the nested bias correction (NBC) 
approach that also corrects for lag-1 autocorrelations at nested timescales. These corrections are implemented on six-hourly 
GCM data taken from the GCM simulations which are used to drive the RCM along the RCM lateral boundaries. To evaluate 
the performance of bias correction on simulation of extreme rainfall events, daily precipitation extremes indices from the 
World Meteorological Organization (WMO) Expert Team on Climate Risk and Sectoral Climate Indicators (ET-CRSCI) 
are used. The results show that bias correction on the boundary conditions produce the results in significant improvement 
in extremes indices. It is clear that sea surface temperature (SST) plays an important role in driving the simulation. The 
results indicate that within the domain (far from boundaries) the errors in precipitation extremes are strongly dependent on 
the RCM, with a smaller effect coming from changes in the lateral boundary conditions.
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1 Introduction

The analysis of precipitation extremes has become increas-
ingly important since both observations and model simu-
lations indicate that rainfall intensity and variability are 
increasing on a global scale (Singleton and Toumi 2013). 
Managing risks from extreme rainfall events has become 
a key component in climate change adaptation pathways 
(Rojas et al. 2011; Kim et al. 2020).

To inform adaptation studies, accurate assessments of 
changes in extreme rainfall events in high resolution simu-
lations are necessary. Unfortunately, global climate mod-
els (GCMs) are limited in their representation of extreme 
precipitation and related physical processes, since their 
spatial and temporal resolution are insufficiently detailed 
to reflect precipitation generation as observed in real-
ity (Caldwell et al. 2009). To refine simulations from a 
coarse scale to the fine scale, regional climate models 
(RCMs) are a widely used. RCMs are driven by GCM 
simulations through initial conditions (ICs), as well as 
lateral (LBCs) and lower boundary conditions. While 
RCMs generally exhibit better agreements with mean 
and extreme precipitations when compared to raw GCM 
simulations (Diffenbaugh et al. 2005; Leung and Qian 
2009; Di Luca et al. 2016; Li et al. 2018), their applica-
tion is hindered by systematic biases contained in input 
boundary conditions which can be propagated into the 
RCM domain (Bruyere et al. 2014; John and Soden 2007; 
Rocheta et al. 2014,2020). To deal with these biases, many 
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mathematical alternatives for correcting systematic biases 
have been considered for altering the lateral and lower 
boundary conditions. Xu and Yang (2012) applied both 
mean and variance bias correction to the lateral bound-
ary conditions in an attempt to improve the RCM output. 
The results showed that bias corrected GCM simulations 
produced better performance in both climatological means 
and extreme events. Bruyere et al. (2014) investigated hur-
ricane simulations which can cause extreme precipitation 
using boundary condition correction experiments. They 
showed that mean correction of the boundary data pro-
duced the greatest performance improvement. Moalafhi 
et al. (2017) applied mean and standard deviation cor-
rection to input data to improve RCM simulation of tem-
perature and precipitation. The results showed that bias 
correction did not lead to a clear improvement in RCM 
precipitation simulations. Rocheta et al. (2017) addressed 
three different bias corrections in an attempt to improve 
low-frequency rainfall variability. The results showed that 
the mean correction of LBCs was impactful to reduce bias 
in the RCM simulation, while the more complex alterna-
tives produced a relatively small improvement over the 
simple mean correction.

The results from these previous studies have varied 
depending on the metrics and outputs assessed. It is not 
clear how bias correction influences RCM outputs in terms 
of extreme rainfall events and the relative importance 
correction has for the lateral boundaries compared to the 
lower boundary or sea surface temperatures (SSTs).

In this study we focus on the impact of bias correc-
tions on the lateral boundary conditions (LBCs) and SST 
on extreme rainfall events. We used three bias correction 
methods which range from the simplest mean scaling 
method, to a sophisticated technique which includes cor-
rections for lag-1 autocorrelations at multiple timescales. 
To evaluate the impact of bias correction on the RCM 
simulations in precipitation extremes, the GCM-driven 
simulations are compared with a reanalysis-driven simu-
lation which is considered here to represent the “perfect” 
simulation scenario. Comparisons are also performed 
against observed data. We used the Weather Research and 
Forecasting model (WRF) (Skamarock et al. 2008) over 
the Australasian Coordinated Regional Climate Downscal-
ing Experiment (CORDEX) domain. Indices from World 
Meteorological Organization (WMO) Expert Team on Cli-
mate Risk and Sectoral Climate Indicators (ET-CRSCI) 
which are based on daily precipitation are used to evaluate 
the model performance.

The rest of the paper is as follows. The datasets used and 
methods which include observational data, bias correction, 
extremes indices, metrics for measuring the model perfor-
mance, and WRF setup are described in Sect. 2. The results 
are presented in Sect. 3. In Sect. 4 we discuss the results and 

limitations of this work. Conclusions drawn are presented 
in Sect. 5.

2  Methods

2.1  Models and data

This study used the Commonwealth Scientific and Industrial 
Research Organization’s Mk3.5 (CSIRO) GCM simulation 
made available by the World Climate Research Program 
(WCRP) Coupled Model Intercomparison Project phase 3 
(CMIP3) (Meehl et al. 2007), and Weather Research and 
Forecasting model (WRF) with dynamical core (ARW), ver-
sion 3.3 (Skamarock et al. 2008) for the RCM. The CSIRO 
GCM has 18 hybrid-sigma vertical levels and has been 
developed specifically to use T63 Gaussian grid [approxi-
mately 1.875° EW × 1.875° NS]. The reanalysis model used 
to bias correct the GCM data is the European Center for 
Medium-Range Weather Forecast’s (ECMWF) ERA-Interim 
(ERA-I). It has 0.75° EW × 0.75° NS resolution with 60 ver-
tical levels from the surface. The results are compared with 
the ERA-I-driven WRF simulations which are considered a 
“perfect” regional climate simulation.

The boundary variables were corrected towards the 
ERA-I atmospheric variables (zonal wind, meridional 
wind, temperature, and specific humidity) and the sea sur-
face temperature (SST). The variables were first regridded 
using conservative method to match the CSIRO horizontal 
and vertical resolution. After bias correction, boundary and 
initial conditions were built and all other variables remained 
identical over the different bias correction cases. The simula-
tion was iterated over 31 years ranging from 1 January 1980 
to 31 December 2010.

The downscaling was performed using a rotated pole pro-
jection over the Australasian Coordinated Regional Climate 
Downscaling Experiment (CORDEX) domain (https ://www.
corde x.org/commu nity/domai n-austr alasi acord ex.html), 
shown in Fig. 1. The resolution was 50 km with 30 vertical 
eta levels.

Based on the past studies and evaluations of WRF simu-
lations over the domain (Evans and McCabe 2010; Evans 
et al. 2012), the following parameterizations were adopted: 
WRF double-moment 5-class microphysics scheme (Lim 
and Hong 2010); Dudhia shortwave radiation scheme 
(Dudhia 1989); Mellor–Yamada–Janjic planetary boundary 
(Janjić 1994); Betts–Miller–Janjic cumulus parameteriza-
tion scheme (Janjić 1994); Rapid Radiative Transfer Model 
(RRTM) longwave radiation (Mlawer et al. 1997) and uni-
fied Noah land surface scheme (Tewari et al. 2004). The first 
year of model run was ignored to remove spin-up effects.

In addition to comparing bias corrected outputs to the 
“perfect” WRF simulation forced by ERA-I data, corrected 

https://www.cordex.org/community/domain-australasiacordex.html
https://www.cordex.org/community/domain-australasiacordex.html
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outputs were directly compared with observed data to iden-
tify any improvements compared to observations. The Aus-
tralian Water Availability Project (AWAP) precipitation 
data (Jones et al. 2009) was regridded using conservative 
remapping to the same resolution and projection of the WRF 
outputs and used for this purpose.

2.2  Precipitation extremes indices

In this study we used the Indices from World Meteorologi-
cal Organization (WMO) Expert Team on Climate Risk and 
Sectoral Climate Indicators (ET-CRSCI) to assess the RCM 
simulations in precipitation extremes. These indices have 
been developed in part from the core set of indices from 
the Expert Team on Climate Change Detection and Indices 
(ETCCDI). Since the indices have been developed using 
the same definitions of extremes, the results from different 
regions can be easily compared in a standardized way (Sill-
mann et al. 2013). Over the past few years a comprehensive 
analysis of climate extremes using the indices has been done 
(Alexander et al. 2006; Sillmann et al. 2013; Shiferaw et al. 
2018; Seo et al. 2018). In this study, the ClimPACT2 (Alex-
ander and Herold 2016), R-software package developed by 
ET-CRSCI, was used to calculate the indices. We considered 

a subset of indices that have been widely used to identify dif-
ferences in specific characteristics of precipitation extremes 
(Table 1). To compare these indices, the results are separated 
into two groups: (1) extremes and moderate extremes indi-
ces, and (2) seasonal extremes index. The extremes indices 
include very wet days (R95p), extremely wet days (R99p), 
the contribution from very wet days (R95pTOT) and the 
contribution from extremely wet days (R99pTOT). The 
moderate extremes indices include heavy precipitation days 
(R10mm), very heavy precipitation days (R20mm), consecu-
tive wet days (CWD), and simple daily intensity (SDII). Sea-
sonal extremes index includes seasonal maximum one-day 
precipitation index (Rx1day). Since precipitation character-
istics vary with season, we evaluate the seasonal variability 
of the RCM outputs by taking the maximum in the season. 
R95p and R99p were derived from the base period, by defi-
nition, 1961–1990 based on the AWAP data.

2.3  Bias correction approaches

In this study, three bias corrections which range from the 
simplest mean scaling to more sophisticated corrections 
were implemented to correct the atmospheric variables in 
the LBCs (temperature, water vapor, zonal and meridional 

Fig. 1  Topography of the regional climate model domain (Australasian CORDEX domain) and the edge of the relaxation zone (red line)
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winds) and surface fields (sea surface temperature), inde-
pendently. Since the bias correction methods used in this 
study correct only the magnitude of events individually for 
each variable, the physical consistency across the variables 
could not be ensured (Adachi and Tomita 2020). The bias 
corrections were applied to six-hourly GCM data. The cor-
rection factors were calculated on monthly or yearly basis 
at each model grid and vertical level. This approach allows 
for maintaining sub-month variability. The corrections were 
implemented to the 31 years GCM dataset. This means that 
climatological means are calculated from the 31 years data-
set for each month (there are 12 correction factors on the 
monthly scale). In this study, we denote h , m , y as time scale 
for hour h , month m , year y . The superscripts g and o indi-
cate the raw GCM and reanalysis data, respectively.

2.3.1  Mean bias correction

Mean bias correction was applied on a monthly scale. The 
correction was implemented to calculate 12 monthly means 
in which each of the GCM fields for the simulation was 
transformed toward the observed mean using the following 
transformation:

where 
∼

X
g

h
 is the six-hourly transformed GCM variable, Xg

h
 is 

the original GCM variable, 
−

X
g

m
 and 

−

X
o

m
 are monthly variable 

means of the original GCM (for the current climate period) 
and observations, respectively.

2.3.2  Variance bias correction

Since the GCM simulations can also have biases in temporal 
variations, we corrected both mean and variance biases on 
a monthly scale by applying a standard deviation correction 
as follows:
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where sgm and so
m
 represent the monthly standard deviation of 

the current climate GCM and observation variables, respec-
tively. The standard deviations were estimated on the six-
hourly GCM data in monthly groups over 31-year.

2.3.3  Nested bias correction (NBC)

This approach is similar to the above correction, but this 
is extended to also include lag-1 autocorrelation attributes 
between the GCM and reanalysis models. This approach was 
presented by Johnson and Sharma (2012) and has shown 
an improvement in the representation of rainfall variability 
at varied timescales. The first step to apply this approach 
was to standardize the time series by subtracting the model 
mean and dividing by sample standard deviations. We then 
removed the monthly lag-1 autocorrelation and instead 
apply the observed monthly lag-1 autocorrelation based on a 
standard autoregressive lag-1 model (Srikanthan and Pegram 
2009) as follows:

where 
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the monthly lag-1 autocorrelation of the GCM variables. The 
results were then rescaled to reimpose the observed means 
and standard deviations. The monthly values were then 
aggregated to an annual scale. This process was repeated, 
thereby correcting for dependence bias across both time 
scales. The corrections at the monthly and annual level can 
be applied using the four time series that we have as follows:
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Table 1  Extreme precipitation indices used in this study. Detailed can be found in ClimPACT2 user guide (Alexander and Herold 2016)

Index type Index Definition Unit

Extremes R95p Annual total daily precipitation ≥ 95th percentile mm
R99p Annual total daily precipitation ≥ 99th percentile mm
R95pTOT Annual percentage of daily precipitation > 95th percentile/annual total precipitation on 

wet days (P ≥ 1 mm)
%

R99pTOT Annual percentage of daily precipitation > 99th percentile/annual total precipitation on 
wet days (P ≥ 1 mm)

%

Moderate R10mm Annual count of days when precipitation ≥ 10 mm days
R20mm Annual count of days when precipitation ≥ 20 mm days
CWD Maximum number of consecutive wet days (P ≥ 1 mm) days
SDII The ratio of annual total precipitation to the number of wet days (P ≥ 1 mm) mm/day

Seasonal Rx1day Seasonal maximum consecutive 1-day precipitation mm
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where Xg
m is the original monthly GCM variable, 

∼

X
g

y
 and Xg

y 
are the variables of corrected GCM and the original GCM 
with annual time series, respectively. In this study we used 
this approach in two ways: the first corrected all input vari-
ables, and the second corrected only atmosphere variables to 
identify the impact of the SST over the domain. It should be 
noted that all correction model parameters were ascertained 
using model simulations representing the same period as the 
observations.

2.4  Performance assessment

Three statistics were used to quantify the impact of bias cor-
rection: root-mean-square error (RMSE), Pearson correla-
tion coefficient (R), and bias. The RMSE is defined as

where N is the total number of grid cells, M and O repre-
sent the climatological WRF outputs and observation data, 
respectively.

The Pearson correlation coefficient (R) is defined as

where 
−

M and 
−

O are variable means of the WRF outputs and 
observation data, respectively.

The differences of the means between the model simula-
tion and observation can be defined by mean bias as:

The biases are calculated for each vertical level at each 
grid cell.

In summary, the work used the following procedure. 
(1) Apply corrections to all atmospheric and surface vari-
ables that are used to form the RCM input boundary con-
ditions. (2) Downscale using six different RCM bound-
ary condition datasets: RCM(ERA-I), RCM(CSIRO), 
RCM(

−

M ), RCM(
−

M, s ), RCM(NBC), RCM(NBC-NoSST) 
where RCM(ERA-I) mean ERA-I-driven WRF outputs, 
RCM(CSIRO) are the WRF outputs using the raw GCM 
as input boundary, RCM(

−

M ) are the WRF outputs using 
corrected mean field biases in the atmospheric and surface 
boundary conditions, RCM(
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M, s ) are the WRF outputs using 
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corrected mean and variance for atmospheric and surface 
boundary conditions, RCM(NBC) are the WRF outputs 
when atmospheric and surface boundary conditions are cor-
rected using nested bias correction, and RCM(NBC-NoSST) 
are the WRF outputs where only atmospheric boundary 
conditions are corrected using NBC. (3) Calculate RMSE, 
R, bias on extreme precipitation indices: extremes indices 
(R95p, R99p, R95pTOT, R99pTOT), moderate extremes 
indices (R10mm, R20mm, CWD, SDII), seasonal extremes 
index (Rx1day). (4) Evaluate RCM simulations against 
RCM(ERA-I) and also AWAP observations using identified 
metrics. AWAP data is only available over the Australian 
landmass so the rest of this paper will provide comparisons 
that are limited to continental Australia only. The statistical 
significance is tested at the 5% level using an equal vari-
ance t-test. In the bias map, stippled areas are regions with 
significant bias.

3  Results

This section will first evaluate the statistics of RCM simu-
lations against ERA-I-driven WRF outputs, followed by 
comparison with AWAP observations. The results of the 
model evaluation will be presented in two subsections. First, 
bias corrected RCM simulations are compared to ERA-I-
driven RCM outputs using the extremes indices. The ERA-I 
driven RCM simulation provides the expected RCM per-
formance given “perfect” boundary conditions. Following 
this, the bias corrected RCM simulations are compared 
directly to extremes indices calculated from observations 
of precipitation.

3.1  Evaluation of the RCM simulations 
against ERA‑I‑driven WRF

The biases between the ERA-I and GCM variables with all 
four bias correction simulations, RCM(M ), RCM(M, s ), 
RCM(NBC), and RCM(NBC-NoSST), are calculated and 
then averaged over all vertical levels for 30 years at each 
boundary (see Online Resource: Table A). It is clear that the 
bias correction shows improvement across all the boundary 
fields. RCM(CSIRO) produce a positive bias on the north 
and west boundaries. This means that the raw GCM simula-
tions overestimate the variables in the tropics and the eastern 
Indian Ocean region. We also see that the raw GCM simula-
tions generally contain higher biases than other simulations 
in the mean field, meaning that even a simple correction 
method can considerably reduce the biases (more details 
about the effect of bias corrected GCM variables on the 
RCM simulations are in (Rocheta et al. 2017)).
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3.1.1  Extremes and moderate extremes indices

We first evaluate the influence of bias correction of the input 
boundary conditions of the RCM in terms of extremes indi-
ces. Figure 2 shows a bar-plot comparing the bias corrected 
WRF outputs to ERA-I-driven WRF outputs over the Aus-
tralian landmass. We see that bias corrected WRF simula-
tions except for the RCM(NBC-NoSST) show an improve-
ment across most extremes indices for the statistics of both 
annual mean (i.e., RMSE and R) and annual coefficient of 
variation (CV) (i.e., CV. R and CV. mean bias). For RMSE, 
the bias correction reduces the RMSE up to 48% compared 
to RCM(CSIRO).

The bias corrected RCM simulations also reduce the 
RMSE in R95pTOT and R99pTOT, ranging from 6 to 22% 
compared to the raw GCM simulations, while it shows simi-
lar performance for annual CV. The improvement is reduced 
for these indices as they are normalized by the simulations 
own annual wet day precipitation which contains errors 
similar to those found in the high percentiles and hence 
are partially canceled out. The figure shows that although 
RCM(CSIRO) and RCM(NBC-NoSST) contain high RMSE 
for annual mean, mean bias is lower than the bias corrected 
WRF simulations in R95pTOT and R99pTOT. The lower 
mean bias does not necessarily mean, however, the raw 
GCM simulations have performed well since areas with 
opposite sign biases offset each other.

Figure 3 shows bias maps of annual mean extremes indi-
ces over 30 years comparing ERA-I-driven WRF outputs 
to bias corrected WRF outputs. The results are presented 
with statistical significance to see if the data from the two 
outputs comes from same populations. We see that the raw 
GCM simulations have a larger percentage significant bias 
than the bias corrected RCM simulations (summarized in 
Table 2). We can see that the RCM(CSIRO) contain large 
systematic biases in R95p and R99p (Fig. 3: 1A, 1B). The 
figure shows that RCM(CSIRO) underestimate the precipi-
tation extremes in tropics and along the eastern coastline, 
while it significantly overestimates in central and western 
Australia. Meanwhile, the bias corrected RCM simulations 
produce a noticeable improvement (Fig. 3: 2A-4A, 2B-4B). 
Despite the raw GCM simulations being quite different in 
R95p and R99p, we can see that the bias corrections work 
similarly well for both variables. The figure also shows that 
bias corrected RCM simulations tend to underestimate the 
R95pTOT and R99pTOT over Australia (Fig. 3: 2C-4C, 
2D-4D), while the RCM(CSIRO) and RCM(NBC-NoSST) 
show an overestimation in several regions (Fig. 3: 1C, 5C, 
1D, 5D). The results show that RCM(NBC-NoSST) sub-
stantially overestimate the R95p and R99p in northeastern 
and northern Australia, while it underestimates in northwest-
ern and western Australia. Figure 4 shows the results of the 
annual CV of extremes indices. We see that bias correction 

of LBCs also shows an improvement in R95p and R99p 
(Fig. 4: 2A-4A, 2B-4B), while it shows similar performance 
to the raw GCM simulations in R95pTOT and R99pTOT 
(Fig. 4: 2C-4C, 2D-4D).

Figure 5 shows a bar-plot similar to Fig. 2, but for the 
moderate extremes indices (R10mm, R20mm, CWD, and 
SDII) over Australia. It can be seen from the results that bias 
correction methods significantly reduce the bias at least 39% 
in R10mm, R20mm, and CWD for the annual mean (i.e., 
RMSE and mean bias), while it produces a similar perfor-
mance for annual CV (i.e., CV. RMSE and CV. mean bias). 
We see that mean correction reduces the annual mean RMSE 
and mean bias substantially, resulting in the order of 10–50% 
improvement. RCM(

−

M, s ) show improvement in the order of 
36–57% in R10mm, R20mm, and CWD, but a similar per-
formance to RCM(CSIRO) in SDII. The bias corrected RCM 
simulations slightly underestimate the mean bias in CWD 
and SDII, while RCM(CSIRO) overestimate it for the same 
indices. It is clear from this figure that RCM(NBC-NoSST) 
produce the worst performance for RMSE.

Figure 6 shows a bias map same as Fig. 3 but for the 
moderate extremes indices. For R10mm, we can see that 
the RCM(CSIRO) have a positive bias over northwestern 
Australia (Fig. 6: 1A), while RCM(NBC-NoSST) show a 
negative bias (Fig. 6: 5A). The major difference between 
corrected WRF outputs and RCM(NBC-NoSST) can be 
seen near the tropics, suggesting a noticeable impact of 
sea surface temperature on tropical precipitation. We see 
that RCM(

−

M, s ) and RCM(NBC) show improvement in the 
tropics, while they show a positive bias along the eastern 
coastline of Australia in R10mm (Fig. 6: 3A-4A). The figure 
also shows that the RCM simulations whose LBCs are bias 
corrected slightly underestimate the SDII over the Australia 
(Fig. 6: 2D-4D), which can explain the negative mean bias 
in Fig. 5. RCM(NBC-NoSST) produce the negative bias over 
northern Australia for heavy rain conditions (R10mm and 
R20mm) but shows the positive bias for rainfall intensity 
(SDII). It indicates that SST affects WRF outputs to increase 
in the mean rainfall rate which can induce a decrease in 
variability and an increase in rainfall intensity. The results 
of a comparison between corrected WRF outputs and ERA-
I-driven WRF outputs for annual CV show that the bias 
correction produces an improvement (included in Online 
Resource: Fig. D2).

3.1.2  Seasonal extremes index

Changes in maximum one-day precipitation (Rx1day) 
for each season between bias corrected WRF outputs and 
ERA-I-driven WRF outputs are presented in this sec-
tion. Figure 7 displays the seasonal change in precipita-
tion extremes in terms of Rx1day over Australia by using 
annual mean and annual CV over 30 years. For RMSE, 
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Fig. 2  Annual mean Root-mean-square-error (RMSE), correlation 
coefficient (R), and mean bias, and annual coefficient of variation 
(i.e., CV. RMSE, CV. R, and CV. mean bias) for extremes indices 
(i.e., R95p, R99p, R95pTOT, and R99pTOT) over 30 years covering 

the Australian landmass comparing ERA-I-driven WRF outputs to 
RCM(CSIRO), RCM(

−

M ), RCM(
−

M,s), RCM(NBC), and RCM(NBC-
NoSST)
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Fig. 3  Comparison of annual mean extremes indices (i.e., R95p, 
R99p, R95pTOT, and R99pTOT) using a bias map covering the 
Australian landmass comparing ERA-I-driven WRF outputs to 

RCM(CSIRO), RCM(
−

M ), RCM ( 
−

M,s), RCM(NBC), and RCM(NBC-
NoSST). Stippling indicates the bias at the 5% significance level
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we see that bias corrected WRF outputs show similar 
performance to RCM(CSIRO) in DJF and MAM, while 
RCM(NBC-NoSST) contain bias ranging from 43 to 
70%. RCM(

−

M ) show 12% improvement in MAM but has 
shown high bias in other seasons. RCM(

−

M, s ) only show 
improvement in JJA (4% reduction) but RCM(NBC) do not 
produce an improvement in most seasons. For mean bias, 
RCM(

−

M ) show an improvement in the order of 5–22% 
improvement in DJF and MAM. RCM(

−

M, s ) show an 
improvement in JJA, while RCM(NBC) do not show an 
improvement for the seasonal maximum 1-day precipi-
tation. An interesting outcome seen in the figure is that 
RCM(NBC-NoSST) show an improvement from 11 to 68% 
in all seasons, despite the higher RMSE meaning the SST 
is causing both high and low values which cancel out.

For RMSE of annual CV (CV. RMSE), bias corrections 
have larger bias than the raw GCM simulations, as much 
as 14% in SON. RCM(NBC-NoSST) produce a bias of 
more than 28% compared to RCM(CSIRO) in MAM and 
JJA. The results show that bias corrected WRF simulations 
show similar performance to RCM(CSIRO) in DJF, MAM, 
and JJA. This suggests that bias correction of LBCs plays 
a minor role to reduce the bias of CV for Rx1day, which 
indicates that the raw GCM simulations presented here 
have performed well for the maximum 1-day precipitation. 
For mean bias, bias correction shows an improvement in 
the order of 32–59% in DJF, but not in other seasons.

Figure 8 shows a bias map comparing the WRF simula-
tions to ERA-I-driven WRF outputs. Here we see that for 
JJA and SON, RCM(CSIRO) are not too bad compared to 
RCM(ERA-I) in some respects (Fig. 8: 1C, 1D). Central 
Australia show clear similarity between RCM(ERA-I) and 
RCM(CSIRO) in JJA, and that bias correction has lim-
ited benefits for these particular aspects (Fig. 8: 2C-4C, 
2D-4D). The model also shows a positive bias along the 
eastern coastline in JJA (Fig. 8: 2C-4C). The figure shows 
that RCM(NBC-NoSST) contain high bias in northern 
Australia in DJF, MAM, and SON (Fig. 8: 5A, 5B, 5D). 
This result shows that RCM(NBC-NoSST) have low mean 
bias due to large positive and negative biases canceling. 
We see that the magnitude of bias has been decreased sig-
nificantly in the dry season (from May to October) across 
northern Australia, but it has been increased in the wet 
season (from November to April). The figure also shows 
that bias corrected RCM simulations slightly underesti-
mate the Rx1day over the Australian landmass in DJF and 
MAM, which can explain the negative mean bias in Fig. 7. 
The results of a comparison between bias corrected WRF 
simulations and ERA-I-driven WRF outputs for annual 
CV demonstrate that bias corrections show similar perfor-
mance to the raw GCM simulations (see Online Resource: 
Fig. E2). From the results we see that bias correction of 
the LBCs does not produce clear improvement for the Ta
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Fig. 4  As in Fig. 3, but for annual coefficient of variation (CV)
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Fig. 5  As in Fig. 2, but for moderate extremes indices (i.e., R10mm, R20mm, CWD, and SDII)
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Fig. 6  As in Fig. 3, but for moderate extremes indices (i.e., R10mm, R20mm, CWD, and SDII)
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Fig. 7  As in Fig. 2, but for seasonal maximum one-day precipitation (Rx1day)
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Fig. 8  As in Fig. 3, but for seasonal maximum one-day precipitation (Rx1day)
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seasonal maximum 1-day precipitation. The possible rea-
son is discussed in detail in the Sect. 4.4.

3.2  Comparison of the RCM simulations and AWAP 
observations

So far we have addressed the RCM simulations comparing to 
ERA-I-driven WRF outputs. We now present comparisons 
to AWAP observations over Australia. These results are pre-
sented for all cases. In this section, we present only extremes 
indices (i.e., R95p, R99p, R95pTOT, and R99pTOT) with 
details for other indices provided in Online Resource: Figs. 
D1, D3, D4, E1, E3, and E4.

It should be noted that as we are correcting towards ERA-
I, getting closer to the ERA-I results is the best outcome we 
can expect. In Fig. 9 it is clear that bias corrected WRF sim-
ulations show an improvement in RMSE and mean bias. The 
interesting finding here is that RCM(

−

M, s ) and RCM(NBC) 
show better performance than ERA-I-driven WRF outputs 
in several extremes indices. This suggests that the bias cor-
rection has “over-corrected”, turning a positive bias into a 
negative bias compared to AWAP. Since RCM(ERA-I) have 
a positive bias compared to AWAP, this over-correction has 
actually moved the simulations closer to AWAP. The figure 
also shows that nested bias correction reduces the bias up to 
26% for annual mean in RMSE. The results show that mean 
correction marginally reduces the bias for annual CV com-
pared to RCM(CSIRO). The results from the figure show 
that correlation between the model simulations and AWAP 
observations are relatively low for R99pTOT and R95pTOT. 
The interesting result presented here is that all models show 
a positive mean bias compared to AWAP observations, 
which indicates that GCM-driven WRF outputs, using the 
configuration chosen in this study, show an overestimation 
of precipitation extremes across Australia. This indicates 
that the model simulations tend to overestimate the volume 
of water in extreme rainfall events even after taking into 
account the offset resulting from summing the positive and 
negative biases.

Figure 10 shows a bias map of annual mean extremes 
indices over 30 years to compare bias corrected WRF out-
puts to AWAP observations. Again, it is noted that as we 
are bias correcting towards ERA-I then ERA-I shows the 
best case scenario. The figure shows that the bias between 
RCM(ERA-I) and RCM(CSIRO) is smaller than the bias 
between AWAP and both RCM(ERA-I) and RCM(CSIRO). 
This means we are bias correcting the raw GCM variables 
to be closer to ERA-I variables but these ERA-I variables 
that we are correcting towards are still some distance from 
observations. We see that all models show a positive bias in 
the tropics but negative bias in the temperate zone. Central 
Australia shows clear similarity between the WRF outputs 
and AWAP observations in R99p even more than in R95p, 

since there are more zero values in R99p which were derived 
based on the 99th percentile of AWAP (1961–1990) than 
in R95p. The figure also shows that bias corrected RCMs 
slightly overestimate the R95pTOT and R99pTOT in the 
tropics (Fig. 10: 3C-5C, 3D-5D), while RCM(ERA-I) con-
tain positive bias across Australia (Fig. 10: 1C, 1D). These 
results indicate that the overwhelming bias in the tropics has 
affected the model accuracy as shown in Fig. 9. RCM(NBC-
NoSST) produce the largest positive and negative biases over 
the northern and southern Australia in R95p (Fig. 10: 6A), 
which indicates that SST has a substantial influence on rain-
fall variability.

4  Discussion

The work presented here shows the impact of using differ-
ent bias corrections of GCM simulations to form downscal-
ing boundary conditions for an RCM. The focus here has 
been the impact of these alternate downscaling scenarios 
on extreme precipitation indices. Three types of bias cor-
rections ranging from simple scaling to more sophisticated 
technique were applied to the input lateral and lower bound-
ary conditions. The discussion here is separated into four 
subsections. Section 4.1 compare these results with an 
earlier study focused on means and long-term persistence, 
Sect. 4.2 evaluates the results from the three bias correc-
tion methods in terms of their different levels of complex-
ity, Sect. 4.3 evaluates the relationship between SST and 
extreme rainfall events, and some of the limitations of this 
study are next discussed in Sect. 4.4.

4.1  Comparison with mean and low frequency 
variability rainfall results

We now compare our results for extremes with the results 
for low-frequency rainfall in Rocheta et al. (2017). Rocheta 
et al. (2017) addressed three different bias corrections just 
as used in this paper to improve low-frequency rainfall vari-
ability. The results showed consistent improvement in mean 
rainfall due to the boundary bias-correction. However, the 
low-frequency characteristics showed minor improvements 
despite correction of atmospheric variable lag-1 autocor-
relation to improve annual variability. While the impact of 
correcting annual variability in the LBCs on the RCM simu-
lations was limited in Rocheta et al. (2017), the impact on 
extremes is much more profound in this study. The results 
show that bias correction of the LBCs significantly reduces 
the bias in precipitation extremes, meaning that improve-
ments in atmospheric variables translate well into the RCM 
simulations of extreme rainfall. This is shown through the 
differences between the raw GCM simulations and ERA-I-
driven WRF outputs compared to AWAP (Fig. 9).
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4.2  Simple vs. sophisticated correction methods

Different bias correction techniques are designed to improve 
different aspects of a dataset. In this study we use three 
bias correction methods ranging from a correction of the 
mean, the mean and standard deviation, to a more sophis-
ticated model (NBC) which includes corrections for lag-1 

autocorrelation at two nested levels. From the results for 
extremes indices (Fig. 2), we see that mean bias correction 
reduces the RMSE in the order of 37–48% in R95p and R99p 
compared to RCM(CSIRO), while nested bias correction 
reduce the RMSE from 37 to 44%. The results also show that 
RCM(

−

M ) produce a similar performance to RCM(NBC) in 
annual coefficient of variation. The interesting finding from 

Fig. 9  As in Fig.  2, but comparing AWAP observations to the RCM(ERA-I), RCM(CSIRO), RCM(
−

M ), RCM(
−

M,s), RCM(NBC), and 
RCM(NBC-NoSST)
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Fig. 10  As in Fig.  3, but comparing AWAP observations to the RCM(ERA-I), RCM(CSIRO), RCM(
−

M ), RCM(
−

M,s), RCM(NBC), and 
RCM(NBC-NoSST)
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these results is that the mean correction also increases the 
correlation of annual coefficient of variation, despite it only 
correcting the mean fields. This indicates that a simple mean 
correction method can also reduce bias in the variability 
of precipitation extremes. For moderate extremes indices, 
all three bias correction methods show similar performance 
for both annual mean and annual coefficient of variation 
(Figs. 5, 6). Meanwhile, RCM(

−

M, s ) and RCM(NBC) show 
better performance than the mean correction for seasonal 
extremes, particularly in JJA and SON (Figs. 7, 8). Figure 9 
shows that RCM(

−

M, s ) and RCM(NBC) show an improve-
ment greater than the mean correction method in R95p and 
R99p for annual mean statistics. This indicates that mean 
correction shows a noticeable improvement in comparison 
with RCM(ERA-I) but not an improvement compared with 
AWAP observations. In conclusion, the results show that 
the sophisticated method does not substantially improve 
the model performance over RCM(

−

M, s ) in annual-based 
extremes indices in comparison with ERA-I-driven WRF 
outputs. The complex model, however, shows an improve-
ment in monthly-based extremes index in comparison with 
AWAP, particularly in wet season (from November to April) 
(see Online Resource: Fig. E1). These indicate that more 
complex techniques, which aim to better represent rainfall 
variability and lag-1 autocorrelation, appear to be correct-
ing details that are important in simulating extreme rainfall.

4.3  Relationship between SST and extreme rainfall

In general, SST and precipitation have a positive correlation, 
which means that higher SSTs generate more near-surface 
moisture which is then able to generate more convective 
rainfall (Wentz and Schabel 2000; Trenberth and Shea 
2005). Since a positive correlation exists between SST and 
precipitation, the impact of increasing temperature from 
climate change on SST is that tropical precipitation has 
increased over tropical regions (Roxy 2014). The results 
presented here show that RCM(NBC-NoSST) are highly 
biased in terms of extremes indices (Fig. 2), particularly in 
tropics (Fig. 3). Although RCM(NBC-NoSST) have a bias 
correction method applied to the atmospheric variables, the 
results show that RCM(NBC-NoSST) present higher RMSE 
in terms of annual mean and annual coefficient of variation 
than other methods. This indicates that SST plays an impor-
tant role in simulating precipitation extremes. For the moder-
ate extremes indices shown in Fig. 5, bias correction without 
SST shows the highest RMSE for annual mean. Although the 
RCM(NBC-NoSST) show a better performance in terms of 
mean bias, it does not result in the total bias being reduced 
since the mean bias is a sum of positive and negative biases. 
We see that correcting the boundary conditions without the 
surface field of SST increases the bias not only in the amount 
of extreme precipitation but also in its variability. From this, 

it should be noted that applying bias correction only to the 
lateral boundary conditions does not guarantee improvement 
of model performance in extreme rainfall events. What is 
interesting from Fig. 9 is that although RCM(NBC-NoSST) 
show high correlation with AWAP observations in R95p, the 
extreme rainfall variability has increased. This indicates that 
high correlation does not guarantee model accuracy since 
the variabilities for the biases have also increased, and hence 
total bias has increased.

4.4  Limitations and future work

In this study we have used an older generation GCM to 
specify the lateral and lower boundary conditions to be cor-
rected. Many studies have noted that the CSIRO GCM has 
been updated in CMIP5 but the updated GCM still contains 
biases (Cattiaux et al. 2013; Wang et al. 2014; Cannon et al. 
2015). Hence although using different GCM may change the 
results presented here since the difference between the bias 
correction methods can be affected by the GCM biases, we 
do not expect the impact of bias correction of LBCs will be 
much different if newer models were used.

Since we are correcting towards ERA-I fields, the ERA-
I-driven WRF outputs are ideal cases for the bias-correction 
runs. As pointed out in Sect. 3.2, however, even the rea-
nalysis, which produces the overall most accurate LBCs 
assessed at the boundary conditions of RCM, still contains 
biases. The performance of a regional climate model thus 
can be limited by the inherent biases propagated from GCMs 
and reanalysis models (although reanalysis bias should be 
smaller) (Moalafhi et al., 2016). Although we have applied 
bias correction based on the reanalysis data, the corrected 
WRF simulations show better performance than the refer-
ence data in some indices. In these cases the boundary con-
dition errors which remain after bias correction combine 
with the internal RCM biases and allow the regional model 
to simulate a climate closer to the observations. This will 
be highly dependent on the choice of regional model and 
regional model configuration. The choice of parameteriza-
tions used here are based on previous studies, but alterna-
tives will likely affect the results.

The results show that there are significant improvements 
from bias correcting LBCs on the annual scale, whereas the 
improvements on the seasonal scale are limited. This study 
uses seasonal maximum one-day precipitation which is the 
most extreme index examined. To generate these rare events, 
we need large scale forcing conducive to producing extreme 
precipitation and local conditions that enhance the rainfall 
which is strongly dependent on the RCM and not the LBCs. 
For less rare extremes, we see that the variations in the LBCs 
play a larger role in the precipitation produced.

This study uses three different bias correction approaches 
ranging from the simplest method which corrects only the 
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climatology component to a complicated correction which 
corrects lag-1 autocorrelation as well as mean and variance 
in the GCM output based on the reanalysis data. We note 
that the bias corrections used in this study correct only the 
magnitude of each variable independently, they do not con-
sider changes in the frequency of high- and low-pressure 
systems and transient eddy activity or related shifts in the 
midlatitude storm track (Gutowski et al. 2020).

This study investigates the impact of bias correction of 
LBCs on simulation of the same time period. Future work 
should correct GCM control and scenario boundary condi-
tions to see how much the climate change signal differs to 
the simulations without correction.

Finally, the bias correction options used here assume 
there exist no bias in the dependence across the variables 
that form the lateral boundary conditions, or for each vari-
able across the boundary (in both the horizontal and the 
vertical). While there are obvious difficulties in correcting 
biases across large domains, new alternatives have been 
proposed that address systematic biases in cross-variable 
dependence, even at multiple time scales (Mehrotra and 
Sharma 2015,2016; Mehrotra et al. 2018). Further work 
should investigate the impact of correcting such dependence 
biases on the simulation of precipitation extremes.

5  Conclusions

Precipitation extremes are important characteristics to assess 
in climate change impact studies particularly as there has 
already been an observed increase in the intensity and varia-
bility of rainfall on a global scale. To better understand these 
changes, accurate simulation of extreme rainfall events is 
required from high resolution models. However, GCMs are 
not able to accurately represent the particular processes that 
drive extreme events at the regional scale and downscaling 
is often used. Correcting the biases in GCM output before 
RCM simulation has the potential to improve the accuracy of 
the RCM simulations. The work presented here applied three 
bias correction techniques with different levels of complex-
ity to the input boundary conditions to improve the model 
simulations in extreme rainfall events. We used the indices 
from World Meteorological Organization (WMO) Expert 
Team on Climate Risk and Sectoral Climate Indicators (ET-
CRSCI) to assess the RCM simulations in extreme rainfall 
events. These indices have been developed based on the indi-
ces from the Expert Team on Climate Change Detection and 
Indices (ETCCDI).

The results show that bias correction methods signifi-
cantly reduce the bias in extremes, thereby improving out-
puts for further use. The simple bias correction, correct-
ing the mean fields, shows an improvement for all indices 
compared to ERA-I-driven WRF outputs. For some indices, 

mean correction also reduces the errors in rainfall variabil-
ity. Mean and variance corrected WRF simulations also 
reduce the bias for both mean and coefficient of variation in 
extremes indices. Nested bias correction, improving monthly 
and annual lag-1 autocorrelation characteristics, shows simi-
lar performance to the other techniques in extremes indices, 
meaning that this complex method does not guarantee higher 
model accuracy. For the seasonal extremes index, however, 
correcting mean and standard deviation and NBC perform 
better than the mean correction, which indicates that these 
techniques appear to be correcting characteristics important 
for the simulation. These methods also marginally reduce 
the bias more than the mean correction method in extremes 
indices compared to AWAP observation. In most cases when 
it comes to comparing with AWAP, the errors are similar 
regardless of the LBCs. This does indicate that within the 
domain (far from boundaries) the errors in precipitation 
extremes are strongly dependent on the RCM, with a smaller 
effect coming from changes in the LBCs.

Bias correction without sea surface temperature correc-
tion was also found to degrade the model performance in all 
indices, pointing to the need for correcting both lower and 
lateral boundaries jointly. This result shows the importance 
of accurate SSTs to simulate the precipitation extremes in 
RCMs. In conclusion, we show that bias correction on the 
input boundary conditions can noticeably improve the model 
performance of extreme rainfall events.
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