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Abstract
Regional climate models (RCM) are an important tool for simulating atmospheric information at finer resolutions often of 
greater relevance to local scale climate change impact assessment studies. The lateral and lower boundary conditions, which 
form the inputs to the RCM downscaling application, are outputs from the global climate model (GCM). These boundary 
variables are known to be biased in GCMs, providing the potential to use a statistical approach that corrects these biases 
before use in downscaling. An array of bias correction techniques have been developed to remove these biases before being 
used to drive the RCM, but questions remain on their efficacy in terms of the final downscaled output. This study assesses 
the impact of these bias correction strategies by focussing on how these corrections are translated as one proceeds from the 
lateral boundaries into the model interior. Of specific interest is the change in the correction from generation of the lateral 
boundary conditions as well as how correction information moves through the relaxation zone and into the interior of the 
model. Here we show that bias correction information passing into the regional climate model is limited by interpolations 
required to generate lateral boundary conditions and dominant outflow wind conditions in the boundaries. This work suggests 
that these limitations should be addressed in order for bias correction of lateral boundary conditions to robustly influence 
RCM simulations of climate in the interior of the model domain.
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1 Introduction

RCM simulation performance over long timescales is known 
to be linked to the quality of the lateral boundary conditions 
(LBCs) supplied to the model (Errico et al. 1993; Wu et al. 
2005). Models run for extended periods are more sensitive 
to the LBCs than initial conditions (IC) specification as, over 
time, the influence of IC decreases yet the impact of LBCs 
remains the same (Vukicevic and Errico 1990; Wu et al. 
2005). A known drawback in this approach is the extent of 
bias that is associated with global climate model simula-
tions, including the atmospheric and surface variables that 
serve as the lateral and lower boundaries in a downscaling 

study. As such, bias correction of RCM inputs has become 
more common in order to improve the conditions which 
drive the RCM and provide more useful dynamical down-
scaled output. This process involves applying a particular 
bias correction technique on the global scale and then deriv-
ing ‘improved’ LBCs which are used to drive the model. The 
effect of the bias correction on improving the model interior 
is only just being understood.

Some studies have shown substantial improvement in 
certain metrics after applying differing bias corrections. 
For example, Bruyère et al. (2014) corrected climatologi-
cal means to successfully improve high-impact weather 
simulations in the North Atlantic Ocean. White and Toumi 
(2013) compared linear and Quantile–Quantile matching 
approaches and found improvements in monthly climatol-
ogy over a South African river catchment. Moalafhi et al. 
(2017) and Xu and Yang (2012) used mean and standard 
deviation corrections on input data to simulate improved 
temperature and precipitation fields over southern Africa 
and North America respectively.
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Yet others have shown that even after applying correc-
tions to the LBCs the model does not substantially improve 
some aspects of the simulated output. Rocheta et al. (2017) 
applied three bias correction approaches to improve low-
frequency rainfall variability output and found that complex 
approaches failed to deliver expected simulation improve-
ments. Moalafhi et al. (2017) found that bias correction 
did not clearly improve precipitation simulations. Over-
all the success of bias correction results from past studies 
vary depending on the bias correction method and desired 
improvements. This work attempts to identify where in the 
process of dynamical downscaling the information imparted 
through bias correction of LBCs is being lost.

One of the unavoidable limitations of limited area mod-
eling is the use of relaxation zones at the model lateral 
boundaries, zones where information from the global data-
set (through the specified outer LBCs) is passed into the 
regional model. This relaxation zone inherently constructs 
its own forms of bias within the RCM that cannot be avoided 
(Warner et al. 1997). Consequently, the need for dynami-
cal consistency between the inner layers of the domain, the 
relaxation zone, and the lateral boundaries, is relaxed to ena-
ble a meaningful simulation in the inner domain that satisfies 
the physical constructs inbuilt within the RCM. This study 
aims to assess the importance of these relaxation zones in 
accepting and translating bias corrected LBCs as inputs into 
the inner domain of the RCM, with the intent of formulating 
simulations that are reflective of the corrected LBCs that are 
being used.

Issues surrounding the use of relaxation zones have been 
known since they were first formulated. The main criteria 
for LBCs to perform well is that they must allow meteoro-
logical information to move into or out of the simulation 
domain without significant distortion (Marbaix et al. 2003). 
This means conditions moving into the domain should not 
introduce unnecessary short wavelength variability (spuri-
ous conditions) and conditions moving out of the domain 
should not be reflected inward. There are several modes 
where errors can be introduced through the LBCs based on 
not fulfilling the above requirements, described by Warner 
et al. (1997) generally as:

1. The coarse resolution of the specified lateral boundaries, 
being derived from a global model, have coarser spatial 
and temporal resolutions. As such smaller-scale vari-
ability is not captured in the LBCs which must therefore 
be internally derived near the boundaries. This phenom-
enon also impacts the flow of wavelengths of differing 
resolutions moving through the model into the LBCs (or 
the converse) where the model can suffer from changes 
in resolution of the numerical simulation.

2. LBCs are derived from models which contain their own 
error sources so supply an imperfect atmospheric rep-

resentation (Rocheta et al. 2014b). Further, if LBCs are 
derived from GCMs with differing physics schemes, 
parameterizations and general setup than what is used 
in the RCM, these changes can introduce bias into the 
RCM often near the LBCs, surface, or model-top where 
these parameterizations are often differently formulated 
and have largest impact on the simulation outcome.

3. Dynamic imbalance between the LBCs and the interior 
of the simulation exist due to the weighting factors pre-
sent in the LBCs which can create kinematic and mass 
fields within and near the LBCs which could not be gen-
erated by underlying dynamical equations (Rocheta et al. 
2014a). In order to restore balance, the model produces 
erroneous non-physical inertia-gravity waves that can 
bias the model solution around these occurrences.

These generally unavoidable limitations have resulted in 
the proposal of practical recommendations which attempt to 
minimise erroneous simulations (Warner et al. 1997). These 
recommendations include: ensure the domain of interest is 
sufficiently distanced from the boundary, attempt to mini-
mize interpolation and physical parameterization errors in 
the LBCs by using a model resolution and configuration 
which is more similar to that used to define the boundary, 
avoid strong forcing of either meteorological or geophysical 
conditions near the boundaries (Marbaix et al. 2003), and 
attempt to evaluate the extent to which LBC configuration 
influences the model solution in new model applications. All 
these recommendations attempt to minimise the influence of 
LBC limitations on the model interior, but what of the case 
where bias correction of LBCs is intended to influence the 
model interior?

Previous studies have addressed some of the sensitivity 
of LBCs on the model through a range of studies includ-
ing: domain-size sensitivity studies (Seth and Giorgi 1998), 
boundary perturbation studies (Giorgi and Bi 2000), stud-
ies using boundaries derived from different global models 
(Wu et al. 2005), and adjoint sensitivity studies (Errico et al. 
1993). But only recently has any work assessed the ability 
of bias correction to improve the model interior and none 
have assessed the role of the relaxation zone and its inher-
ent limitations on the ability to improve model simulations.

This paper investigates the effect of bias correcting LBCs 
and the influence of the boundaries on the model interior. 
This is performed by assessing the ability of global correc-
tion statistics to be imparted into LBCs and then the ability 
of corrections in LBCs to be effective through the relaxation 
zone and into the model interior. We address the influence 
of generation of the LBCs, predominant wind direction and 
speed. This study uses the Weather Research and Forecast-
ing (WRF) model (Skamarock et al. 2008) as the RCM to 
downscale to a finer resolution. We provide a brief explana-
tion of the model and its relaxation zone, the domain and 
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datasets used, as well as the bias correction and performance 
assessment attributes evaluated.

2  Study setup, model configurations 
and bias correction

2.1  Downscaling model and relaxation zone

The weather research and forecasting (WRF) model with 
dynamical core 3.3 (Skamarock et al. 2008) was the RCM 
used in this study. The curvilinear rotated lat-lon projection 
is used as the model horizontal coordinate. The WRF model 
simulation uses Mellor–Yamada–Janic planetary boundary 
layer, Betts–Miller–Janic cumulus scheme, WRF double 
moment 5-class microphysics, RRTM short wave radiation, 
Dudhia long-wave radiation and Noah land-surface layer. 
This setup has been demonstrated by Evans et al. (2012) and 
Olson et al. (2016) to simulate reliably over the Australasian 
CORDEX domain. The models were integrated from 0006 
UTC 01 January 1980 to 0000 UTC 1 January 2011 although 
in some assessments presented here shorter time spans are 
used. The first year was excluded to remove issues associ-
ated with spin-up and to produce a full 30 year simulation.

This WRF configuration is for a limited area model 
(LAM) which is driven by LBCs. These LBCs are applied 
to the model’s outermost rows/columns through the ‘speci-
fied zone’ where the model simulation does not modify these 
specific values. The next number of rows/columns moving 
into the model form the ‘relaxation zone’ where the model 
seeks to find a balance between what the specified cells are 
inputting and what the model interior is simulating. Both 
zones together form the ‘specified relaxation’ zone.

There exist multiple ways to define the specified relax-
ation zone in a limited area model. WRF makes use of a 
method first formulated by Davies and Turner (1977) and 
described for WRF implementation in Skamarock et al. 
(2008). For any prognostic model variable f, its time ten-
dency within the relaxation zone is given by:

where f is predicted by the model, fLBC is the value of f speci-
fied in the lateral boundary, and Δ2 represents a five-point 
horizontal smoother applied on model coordinate surfaces. 
F1 and F2 are linear weighting coefficients given by:

(1)
�f

�t
= F1

(

fLBC − f
)

− F2Δ
2
(

fLBC − f
)

(2)F1 =
1

10Δt

nspec + nrelax − m

nrelax − 1

(3)F2 =
1

50Δt

nspec + nrelax − m

nrelax − 1

In the above, nspec is the number of rows or columns 
of grid points over which specified lateral boundary con-
ditions are applied, nrelax is the number of the row or col-
umn of grid points at which the relaxation zone ends, m is 
the number of rows or columns from the lateral boundary 
( nspec + 1 ≤ m ≤ nspec + nrelax − 1 ), and Δt is the change in 
time step.

Default configuration in WRF was used in this study 
which sets nspec = 1, and nrelax = 4, to give a total boundary 
width of 5 cells along each of the boundaries. The weighting 
coefficients relax or nudge, in a linear manner, the values 
of variables specified on the lateral boundaries to values 
that are generated by the regional model’s dynamics. This 
weighting acts to dampen short wavelength variability that 
may differ between the specified cells and the model interior.

The following variables are given in the specified zone: 
horizontal wind components (u and v), potential temperature 
(T), specific humidity (q) as well as perturbation geopoten-
tial ( ∅′ ), and perturbation dry hydrostatic pressure difference 
between surface and top of the model ( �′

d
 ). The last two are 

required along with map factors to couple the momentum 
fields. Other variables such as vertical velocity, microphysi-
cal species (except water vapor), and all non-conserved sca-
lars have their values specified by other means. For vertical 
velocity, a zero-gradient boundary condition is applied over 
the specified zone. For the other variables, this zero-gradient 
boundary condition is applied when exiting the domain and 
a zero-valued boundary condition is applied when entering 
the domain.

2.2  Climate model domain and datasets

The GCM used in this study was the Commonwealth Scien-
tific and Industrial Research Organisation’s Mk3.5 (CSIRO 
hereafter) simulation of historical climate made available 
by the World Climate Research Program (WCRP) Coupled 
Model Intercomparison Project phase 3 (CMIP3) (Meehl 
et al. 2007). CSIRO is a fully coupled climate model on 18 
hybrid-sigma vertical levels and T63 Gaussian grid (1.875° 
E–W by ~ 1.875° N–S). This GCM has been successfully 
downscaled with WRF in the Australian region (Evans and 
McCabe 2013). The WRF RCM grid resolution, shown in 
Fig. 1, was 0.5° latitude × 0.5° longitude with 30 vertical 
eta-levels spanning the Australasian CORDEX domain (Di 
Virgilio et al. 2019) with dimensions of 144 × 215 horizontal 
grid points.

The reanalysis model used as an ‘ideal observational’ 
reference for bias correction was the European Center for 
Medium-Range Weather Forecast’s (ECMWF) ERA-Interim 
(ERA-I hereafter) reanalysis (Dee et al. 2011) on 0.75° lati-
tude by 0.75° longitude resolution with 60 model levels from 
the surface up to 0.1 hPa. This model was integrated through 
WRF to produce the ERA-I baseline simulation which was 
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the “truth” to which bias correction simulations were com-
pared against.

2.3  Bias correction

Three bias correction techniques of increasing complexity 
were used to modify statistics within the LBCs in this study. 
Each of these was applied to the atmospheric (u, v, T, q) and 
SST fields.

1. Mean bias correction in which the monthly mean fields 
were corrected whilst retaining shorter time span vari-
ability to produce GCMx,

2. Mean and standard deviation correction in which both 
the mean and standard deviations were corrected on the 
monthly timescale to produce GCMx,� , and

3. Nested bias correction in which the above were cor-
rected with additional corrections applied to the lag-1 
autocorrelation, all of which are nested into two time 
periods of monthly and annual to produce GCMNBC.

The relative merits of different bias correction technique 
are discussed in detail in Maraun (2016) and further infor-
mation about the NBC correction approach can be found in 
Johnson and Sharma (2011). A comparison of the effects 
of the bias correction on WRF simulations can be found in 
Rocheta et al. (2017).

The bias correction cases were compared against a “base-
line” simulation (denoted GCM) where unaltered CSIRO 
boundary conditions were used to drive WRF. The cor-
rection approaches identified explicitly modify the mean, 

standard deviation and lag-1 autocorrelation statistics at 
various timescales (monthly and annually for NBC), and as 
such, are the primary statistical measures used to evaluate 
the success of the bias correction approach within the RCM 
in this paper and to identify where modifications in these 
statistics occur in the modeling process.

For the purpose of bias correction, ERA-I variables of 
zonal winds (u), meridional winds (v), temperature (T), and 
specific humidity (q) were re-gridded to align with CSIRO’s 
resolution for 31 years from January 1st, 1980 to Decem-
ber 31st, 2010. Initial conditions, such as soil moisture, soil 
temperature, snow depth, leaf area index etc., were not cor-
rected and remained identical in each simulation. The lower 
boundary condition of sea surface temperature (SST) was 
re-gridded in the same way as atmospheric variables. Sea ice 
was not included as it is not present in the domain.

2.4  Performance assessment

In order to quantify the impact of bias correction on the 
various attributes of the variable distributions we use Root 
Mean Square Deviations (RMSD) to measure the differences 
in performance on all the statistical metrics corrected in the 
correction model, and at all the timescales corrected.

RMSD is used extensively to quantify the overall pre-
dictive power of the models compared to observations. 
The RMSD of predicted values ŷt for times t compared to 
a dependent variable yt for n different predictions is calcu-
lated as the square root of the mean of the squares of the 
deviations:

Fig. 1  Australasian CORDEX domain used for RCM simulations 
with shading representing terrain height (m). Boundary names are 
shown in terms of their cardinal directions. Solid red line shows inter-
face between relaxation zone and model interior domain. Detailed 
view shows identification of zones (shaded regions) used in this 

assessment which represent ‘frames’ skirting the entire domain. Zone 
1 is composed of the ‘specified boundary’. Zone 2 is composed of a 
frame six cells into the model, adjacent to the relaxation zone. Zone 3 
is composed of a frame ten cells into the model
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3  Results

In order to identify limitations with the use of bias correct-
ing LBCs and to identify where information from these bias 
corrected inputs is lost in the RCM simulations, we used the 
following standard downscaling process: (a) bias correcting 
global data, (b) generating LBCs (using WRF’s pre-process-
ing system and the REAL program which extracts, interpo-
lates, and couples variables that define the LBCs), and (c) 
interpolate through WRF. From these stages, we identified 
two areas of interest to our investigation to identify where 
the information from the corrected LBCs is being lost in 
downscaling:

1. Interpolation from bias corrected global model to LBCs
2. Flow through the relaxation zone

3.1  Interpolation from bias corrected global model 
to LBCs

The first area where bias corrected inputs may be modi-
fied is in the generation of lateral boundary conditions. This 
involves spatial and temporal interpolation in order to gener-
ate lateral boundary conditions at the same resolution and on 
the same grid as the RCM. Before assessing any changes in 
the lateral boundary conditions we note that the experimen-
tal setup used here required ERA-I to be re-gridded to the 
GCM grid for the purposes of bias correction, but ERA-I on 
0.75° latitude by 0.75° longitude model grid was run through 
WRF for the purpose of generating the baseline simulation. 
The global bias corrected data was re-gridded again in the 
creation of the WRF LBCs. These multiple interpolations in 
space and time can introduce errors at the boundaries even 
before the relaxation zone has acted on the data.

Figure 2 shows RMSDs of the bias corrected models 
compared to ERA-I for each atmospheric variable over the 
differing statistical and spatial extents discussed earlier. 
The first thing to note is that not all statistics are corrected 
in each bias correction case. Corrections represented 
by GCMx  and GCMx,� have only had monthly mean, or 
monthly mean and standard deviation corrections applied 
respectively. Only correction GCMNBC has been corrected 
on all statistics and timescales. As such the grouped bands 
are often identical over different correction models as no 
modifications has been applied to these statistics. For 

(4)RMSD =

�

∑n

t=1

�

ŷt − yt
�2

n

example, in Fig. 2a1, GCM represents uncorrected results 
whereas GCMx , GCMx,� , and GCMNBC show changes after 
monthly mean bias correction which are all near identical.

There is a lot of information contained within this figure 
but the key messages for the purpose of this work are:

1. We broadly see that the global uncorrected dataset con-
tains the highest level of bias compared to ERA-I. This 
does not hold with all statistics and all variables, but 
represents the general case. We also generally see that 
as we move from zone 1 through to the whole regional 
area, the bias in each area increases and acts in an addi-
tive manner. Although there are clear exceptions to this 
where one zone introduces RMSD, which is reduced 
when looking at other zones.

2. We see that although almost perfect correction was 
applied on the global data (shown as dark blue bars close 
to zero for say monthly mean for corrections), genera-
tion of the lateral boundaries immediately introduces a 
bias in the corrected statistics, often in the order of half 
of the total RCM bias (shown through corresponding 
purple bars). This goes even further in some panels, for 
example, in panel c1 and d1 show the largest RMSD 
occurs within zone 1—the specified zone—which relate 
entirely to the use of interpolation in generating LBCs, 
whereas after model simulation, zone 2 and zone 3 show 
a smaller overall RMSD.

3. Monthly and annual STDs for all variables except merid-
ional winds are improved substantially just through gen-
erating LBCs. This trend is less evident with the other 
statistics, indicating that the interpolation has a greater 
influence on modifying this statistic than others.

4. Zone 1 generally introduces the largest RMSD after cor-
rection with zone 2 and 3 adding incremental bias. This 
shows that a large portion of bias correction information 
is lost in the generation of LBCs with the remaining bias 
caused by the relaxation zone and finally internal model 
dynamics.

5. Annual lag autocorrelation RMSDs for atmospheric var-
iables roughly return to the same level in GCMNBC as in 
uncorrected cases, and most of this error is introduced 
in zone 1 or zone 2, i.e. the effect of the bias correction 
is substantially reduced in generating LBCs and through 
the relaxation zone. Once the statistic has modified zone 
3, the additional RMSD introduced to cover the entire 
RCM interior domain is small.

6. NBC clearly shows the greatest improvement to the 
regional output over the statistics assessed and this result 
is likely to be demonstrated in other modelled regions. A 
discussion of this finding and of the comparative merits 
of each technique in correcting WRF simulations is dis-
cussed in detail in Rocheta et al. (2017).
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Summarising the key messages above we note that much 
of the bias correction information is lost through the regrid-
ding process needed in the generation of LBCs, and the 
remaining total bias present in the RCM comes from a com-
bination of the relaxation zone and then the internal model 
simulation. It is clear that these two processes contribute 
substantially to the loss of bias correction information in 
the RCM.

3.2  Flow through the relaxation zone

It is observed that if the dominant wind direction in the 
relaxation zone is an outward direction from the domain, 
then bias reductions at these locations are less likely to influ-
ence the domain interior. Based on the conservation of mass; 
the total mass of air entering the domain must be balanced 
(over time) by the total mass of air exiting the domain. We 

are most interested in propagating LBC corrections into 
the domain hence we are interested in regions in the LBCs 
where winds are predominantly inward.

Figure 3 shows the percentage of time 3-hourly zonal 
and meridional winds are inflowing and outflowing on each 
boundary over one year of simulation. We first note that any 
annual period assessed showed similar trends. This figure 
differentiates inflow and outflow based solely on the positive 
and negative wind components in each boundary, with no 
regard for separating boundary crosswinds or near zero flow. 
The figure shows that in the West–East boundaries (Fig. 3a, 
b) there dominant wind direction is less consistent with large 
areas falling in the region of 30–70% identifying regions 
where wind directions alternate. Figure 3a produces the least 
smooth field and is dominated by conditions where winds 
alternate direction. This figure represents the northern most 
boundary which is close to the equator and likely impacted 

Fig. 2  Root mean square differences (RMSD) over 30  years of 
ERA-I driven WRF against each variable a zonal wind (u), b meridi-
onal wind (v), c temperature (T) and d specific humidity (q × 1000) 
for each bias correction model where ‘GCM’ represents raw GCM, 
‘x’ represents GCM

x
 , ‘x,� ’ represents GCM

x,� , and ‘NBC’ shows 
GCMNBC. ‘Global’ represents the RMSD between GCM and ERA-I 

reanalysis data on global resolution over the regional domian, ‘Zone 
1’ represents the RMSD over the specified boundary, ‘Zone 2’ and 
‘Zone 3’ represent the RMSDs over the ‘frames’ identified in Fig. 1, 
and ‘Regional’ represents the RMSD over the interior domain of the 
RCM domain without the influence of the relaxation zone
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by the seasonal movement of the intertropical convergence 
zone. Figure  3c, d show larger vertical cross-sectional 
regions which consistently (> 90% or < 10%) display either 
outflow or inflow wind conditions. White areas indicate 
regions within the domain boundaries where there is con-
sistent outflow conditions and that bias correction of q and 
T variable may not be incorporated into the model interior.

We now address the implications of inward versus out-
ward flow on the transfer of correction information of q 
and T into the model domain. Scatter plots showing the 

correlation of GCM–GCMx  between zone 1 (specified 
cells) and zone 2 (adjacent to the relaxation zone) of q 
and T are presented in Fig. 4 for outward and inward flow 
conditions across all boundaries. Here, an additional con-
straint was applied to wind conditions such that selected 
cells are limited to those where the absolute value of 
wind speed perpendicular to the boundary is greater than 
the absolute value of wind speed parallel to the bound-
ary. This condition removes the influence of air-masses 

Fig. 3  Vertical cross section showing percentage of time 3-hourly 
simulated wind is flowing into and out of domain for the uncorrected 
GCM simulation over year 1981 across each boundary a North, 
b South, c East, and d West. Values of 100 identify where zonal or 

meridional wind velocity are positive for all time steps whereas 0 
represents when the same winds are negative or zero over the entire 
yearly duration. The x-axis labels indicate grid-points and the y-axis 
labels height (m)

Fig. 4  Scatter plot showing 
correlation of GCM–GCM

x
 

between zone 1 and zone 2 
for all boundaries for 3-hourly 
simulation data over the year 
1981 for a specific humidity (q) 
for cells with inward winds, b 
temperature (T) for cells with 
inward winds, c q for cells with 
outward winds, d T for cells 
with outward winds. Thresh-
olds for inward wind speed: 
22–30 m s−1 (red), 30–40 m.s−1 
(orange), and above 40 m s−1 
(yellow) and outward wind 
speed (i.e. negative values): 
5–20 m s−1 (red), 20–40 m s−1 
(orange) and above 40 m s−1 
(yellow)
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moving parallel to each boundary and separates out only 
those moving primarily in a direction across the model 
boundary.

Figure 4a, b (inward wind conditions) clearly show a 
linear correlation with limited scatter around the 45° line, 
whereas 4c and 4d (outward wind conditions) show a much 
more random spread with less correlation. This confirms 
the relationship between boundary wind conditions and the 
influence of variables on the model interior by showing that 
when winds are strongly inward, they effectively carry the 
specific humidity and temperature variables through the 
relaxation zone and into the first interior model cells.

Further, Fig. 4a shows that the stronger the inward wind 
(shown in yellow), the better the correlation is for q (mean-
ing faster inward winds better carry q through the relaxation 
zone than slower inward winds), but this relationship is not 
shown in 3b where the temperature field are less depend-
ent on the magnitude of the inward wind speed. Tempera-
ture fields in general are more consistent over the domain 
whereas specific humidity varies greatly over space and 
time.

When addressing outward winds, we again see a relation-
ship between outward wind speed and magnitude of bias 
between the cells considered for specific humidity but not for 
the temperature field. Stronger outward wind speeds lead to 
smaller magnitude bias between the cells indicating a weak 

correlation in the magnitude of the bias (but not in the lin-
earity of bias) in the specific humidity field, but not in the 
temperature field.

The trends shown in Fig. 4 are replicated for any annual 
period of 3-hourly data chosen, and also for all compari-
sons between the uncorrected and bias corrected WRF 
simulations (i.e. GCM–GCMx,� and GCM–GCMNBC , not 
shown). The results also show a similar trend when looking 
at the relationship between zone 1 and zone 3, albeit with 
increased scatter (not shown), indicating that strongly inward 
winds produce better correlations of q and T in the specified 
zone with those in the model domain in zone 2 and zone 3.

Figures 5 and 6 show correlations between zone 1 and 
zone 2 for GCMx–GCMx,� and GCMx,�–GCMNBC respec-
tively, i.e., differences in model runs with bias corrections 
applied. These figures are similar to Fig. 4 in that a relation-
ship around the 45° line for inward wind directions for q 
and T generally remains. There are, however, differences 
compared to Fig. 4. There is a consistent difference between 
the models along the vertical line where zone 1 is equal to 
zero, especially in panels c and d. This shows that while 
there is a smaller bias in zone 1, compared to Fig. 4, this 
smaller bias is not translated into the model at zone 2. This 
suggests that although the corrections applied to the speci-
fied zone (zone 1) reduce the model bias entering the model, 
this reduced model bias is not present in the model interior 

Fig. 5  Same as Fig. 4 but for 
GCM

x
 − GCM

x,�
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when the wind direction is outward. To a lesser degree this 
is also shown in panel b where the effect of bias correction is 
removed in some cells within the LBCs leading to the scatter 
around the vertical line at zone 1 equals zero.

4  Discussion

4.1  Limitations of current study

There are several limitations that relate to the methods used 
in this study implying that results might not be transferable 
to other applications or regions. Firstly, the configuration of 
WRF and the region assessed might have implications on the 
results; however the overall conclusions are likely to remain 
identical regardless of these considerations. Another limita-
tion of the method used to present the results here relate to 
the correlations drawn between zone 1 and zone 2 in the 
3-hourly data. These correlations should be formulated such 
that if wind conditions are inward, zone 1 values at time 
t should be correlated with zone 2 values at time t + trelax 
where trelax identifies the time it will take for that wind mass 
to cross through the relaxation zone and into the correspond-
ing cell. The simplification used here assumes that values 
in previous time steps in zone 1 influence values in zone 2 

if there is a correlation, but does not measure the precise 
nature of zone 1 and zone 2 correlations.

Finally, the effectiveness of bias correcting winds on 
influencing the model interior is only investigated through 
the LBC construction and the effect on specific humidity 
and temperature. We did not investigate processes which 
might affect wind corrections in the relaxation zone or 
model interior.

4.2  Implications and future work

The implications of this work relate to the use of bias correc-
tion of RCM inputs and the expected magnitude of improve-
ment in the resultant RCM simulation. This work has iden-
tified several areas which act to dampen the influence of 
bias correcting LBCs on the model interior which require 
further investigation in order to determine bias correction 
techniques which can overcome some of these limitations.

Several other questions are raised from the implications 
of this work, namely:

1. Should bias correction be applied directly to the LBCs 
rather than to the driving GCM? This may avoid the loss 
of information inherent in the space and time interpola-
tion steps.

Fig. 6  Same as Fig. 4 but for 
GCM
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2. How can the implementation of relaxation zones be 
changed to allow the passage of bias-correction infor-
mation through the relaxation zone and into the model 
interior?

3. Should bias correction techniques attempt to modify 
variables in a way that will produce better outcomes in 
the model interior, rather than correct based on observa-
tions? For example, should variables be overcorrected 
(and therefore not match observations), if it is known 
that the process of driving RCMs results in the magni-
tude of the correction reducing?

5  Conclusions

The overall finding from this work suggests that the impact 
of bias correction information infiltrating into the model 
interior are related to several factors. One important factor 
is the differences in the grids of the two global datasets used 
for correction and the effect of interpolation in space and 
time to align these datasets for bias correction. This interpo-
lation and the interpolations used to produce LBCs remove 
some of the bias correction information applied at the GCM 
scale. We found this error could be as large as 50% of the 
overall bias over the interior domain for certain statistics. We 
also show that the effect of the relaxation zone is to generally 
increase bias thereby removing bias correction information.

The second issue we identified is that the predominant 
wind direction in the boundary plays a critical role in the 
transfer of information into the model. Bias correction on 
boundaries which have predominate outward flow conditions 
are less likely to affect the model interior. We also found that 
specific humidity ingress was related to the wind speed in 
the boundaries, which was not the case with temperature.

To summarise, although we can provide perfect correc-
tions at the GCM scale through bias correction procedures, 
these improvements do not all flow into the RCM and influ-
ence the simulation result. Information is lost through the 
process involved in the generation of LBCs, then more 
information is lost in the relaxation zone. This relaxation 
zone loss can be related to dominant wind directions in 
each boundary carrying bias corrected information out of 
the model, or could be related to other process which occur 
in the relaxation zone. Each of these, combined with the 
effects of internal model variability within the model inte-
rior, means that the effectiveness of bias correcting RCM 
LBCs has limitations and further assessment is needed to 
optimise these approaches.
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