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Abstract Correction of atmospheric variables to remove systematic biases in global climate model
(GCM) simulations before downscaling offers a means of improving climate simulation accuracy in
climate change impact assessments. Various mathematical approaches have been used to correct the
lateral and lower boundary conditions of regional climate models (RCMs). Most of these techniques
correct only the magnitude of each variable individually over time without regard to spatial and
multivariate bias. Here, we investigate how well an RCM is able to reproduce the dependence of an
observed variable based on three aspects: temporal, spatial, and multivariate. Results show that the
RCM simulations with univariate bias-corrected GCM boundary conditions perform well in capturing
both temporal and spatial dependence. However, all RCM simulations do not show improvement in
the representation of dependence between variables, indicating the need for alternatives that correct
systematic biases in multivariate dependence in both lateral and lower boundary conditions.
Plain Language Summary

It is well understood that systematic biases within a global
climate model simulation can be passed into the input boundary condition of a regional climate model
(RCM). To address this, many bias correction approaches have been used to correct the lateral and lower
boundary conditions of RCMs, while assuming that each variable that makes up the lateral or lower
boundary is independent. This study investigates the consequences of bias correction to assess whether
the dependencies in time, space, and between variables are preserved. Using correlation length, it is
shown that there is improvement in spatial and temporal dependence but not in inter-variable dependence
which can produce a mismatch in the physical relationships in the simulated outcomes. A more physically
consistent approach that considers the relationships between the variables is needed instead of the
simplistic univariate correction procedures that have been used to date.

1. Introduction
High-resolution climate model simulations are necessary to assess changes in precipitation at the fine spatial scale important for decision making. While global climate models (GCMs) are used to derive coarsescale information, the direct use of GCM simulations is limited as their temporal and spatial resolution
are generally insufficient to use at the regional scale (Caldwell et al., 2009). Limited area regional climate
models (RCMs), driven by boundary conditions from GCM simulations, are widely used to overcome this
problem. Unfortunately, their use is hindered by inherent systematic bias in GCMs which can be transferred
through the boundary conditions imparting bias into the RCM (Piani & Haerter, 2012; Rocheta, Evans, &
Sharma, 2020; Rocheta, Sugiyanto, et al., 2014). To counter this, different forms of bias correction have been
developed to improve the representation of atmospheric and surface variables before they are used to drive
the regional model (Kim et al., 2020; Rocheta, Evans, & Sharma, 2017; Xu & Yang, 2012).
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The focus of these bias correction techniques has generally been on the correction of individual variables,
on a cell-by-cell basis, without consideration for temporal, spatial, and multivariate relationships that define the RCM boundary conditions. This conflicts with one of the primary advantages of RCM simulations
which is that they preserve physical consistency in time, space, and across variables based on the model's
atmospheric physics formulations. Hence correcting individual biases of variables that are in dynamically
linked fields may lead to physical inconsistencies which can impact the simulation of resultant variables
including precipitation, humidity, and temperature (Chen et al., 2011; Rocheta, Evans, & Sharma, 2014).
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As shown in previous studies (Kim et al., 2020; Rocheta, Evans, & Sharma, 2017), while bias correction
can produce consistent improvement in mean and extreme rainfall characteristics, other biases within the
simulations remain.
With this in mind, the main question we address in this study is whether or not dependence within and
across atmospheric variables can be preserved as a consequence of bias correction in the lateral and lower
boundary conditions of an RCM, with the focus here being on temporal, spatial, and multivariate (or inter-variable) dependence. We investigate the dependencies using correlation length (CL) which focuses on
the ability of the RCM outputs to reproduce the observed temporal and spatial dependence. Multivariate
dependence is ascertained using the pairwise cross-correlation coefficient between simulated variables at
every grid point. The CL provides an accurate assessment of dependencies of variables over time or space,
using a maximum “length,” for example, 14 days, or 250 km. This can be thought of as the characteristic
lengths for atmospheric variables in time and space to consider the representativeness of daily or sub-daily information (Schepanski et al., 2015). It should be noted that temporal CL is ascertained for each grid
point for the variable of interest, while the spatial CL is estimated in a single spatial dimension (vertical or
horizontal).
To assess the model performance in terms of temporal and spatial dependence, we assessed three standard
surface climate variables from the RCM simulation, precipitation P (mm), 2-m temperature T2 (K), and 2-m
specific humidity q2 (kg/kg). For multivariate dependence, four atmospheric variables (zonal wind u (m/s),
meridional wind v (m/s), temperature T (K), and specific humidity q (g/kg)) were used.
The rest of this study is as follows. The next section presents the data and methods which include WRF setup, bias correction techniques, and CL calculations. Section 3 presents results and then we conclude with a
discussion including implications of this study.

2. Data and Method
2.1. Models and Data
The GCM used here is the Commonwealth Scientific and Industrial Research Organization's Mk3.5 (CSIRO)
simulation made available by the World Climate Research Program (WCRP) Coupled Model Intercomparison Project Phase 3 (CMIP3) (Meehl et al., 2007). For the RCM simulations, the Weather Research and
Forecasting model (WRF) with dynamical core (ARW), version 3.3 (Skamarock et al., 2008) was used. The
reanalysis model used for correcting GCM biases was the European Center for Medium-Range Weather
Forecast's (ECMWF) ERA-Interim (ERA-I) (Dee et al., 2011). The ERA-I driven RCM simulation was used
as the “truth” in this study.
The atmospheric variables (zonal wind, meridional wind, temperature, and specific humidity) and sea surface temperature (SST) in the lateral and lower boundary were corrected toward the reanalysis model. The
variables were regridded using conservative method in order to match the CSIRO resolution. Boundary and
initial conditions were built after bias correction and all other variables remained identical. The simulation
was iterated over 31 years from January 1, 1980 to December 31, 2010.
The downscaling results were investigated over the Australasian Coordinated Regional Climate Downscaling Experiment (CORDEX) domain (http://www.cordex.org/community/domain-australasiacordex.html)
using 50 km resolution with 30 vertical levels.
The following parameterizations were used for the WRF simulations based on past studies and evaluations
over the domain (Evans, Ekstrom, & Ji, 2012; Evans & McCabe, 2010): WRF double-moment 5-class microphysics scheme (Lim & Hong, 2010); Dudhia shortwave radiation scheme (Dudhia, 1989); Mellor-Yamada-Janjic planetary boundary (Janjić, 1994); Betts-Miller-Janjic cumulus parameterization scheme (Janjić, 1994); Rapid Radiative Transfer Model (RRTM) longwave radiation (Mlawer et al., 1997) and unified
Noah land surface scheme (Mukul Tewari et al., 2004). To remove issues associated with equilibrium state
for various soil types, the first year of model run was removed as a spin-up period (Blanken et al., 2007;
Cosgrove et al., 2003).
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2.2. Mean Bias Correction
The simpler of the two approaches for correcting biases in boundary variables was the mean bias correction
(M). This approach corrects the climatology mean bias in atmospheric variables (u, v, T, and q) and surface
fields (SST) as the difference between the GCM and reanalysis data. In this study, the climatological means
were calculated at the monthly scale over 31 years, meaning the climatological component of the GCM was
transformed to that of the reanalysis data using 12 monthly correction factors. More details can be found in
Kim et al. (2020) and Rocheta, Evans, and Sharma (2017).
2.3. Nested Bias Correction
A more comprehensive alternative used was the nested bias correction (NBC) approach that corrects biases
in mean, standard deviation, and lag-1 autocorrelations on multiple “nested” timescales, thereby addressing
temporal dependence biases as well. The technique has shown improvement in GCM rainfall variability bias
at multiple time scales (Johnson & Sharma, 2012) as well as RCM simulation skill after application to RCM
boundary conditions (Kim et al, 2020; Rocheta, Evans, & Sharma, 2017). In this study, NBC was applied to
6-hourly GCM data over 31 years. The correction factors were calculated on monthly and yearly time scales,
meaning the climatological means were calculated from the 31 years GCM data for each month. More
details regarding the correction can be found in Kim et al. (2020) and Rocheta, Evans, and Sharma (2017).
2.4. Correlation Length
This study used CL calculated from the RCM outputs to examine the representativeness of temporal and
spatial dependence (Schepanski et al., 2015). The CL can be thought of as a summary indicator of temporal
or spatial dependence in terms of the autocorrelation or cross-correlation function, respectively. The CL is
defined as
CL   l R  l 
(1)
L

where
 tL 0l 1  xt  x  xt  l  x 

R l  
(2)
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 tL01  xt  x 

can be autocorrelation or cross-correlation at lag-l . x denotes the atmospheric variable being assessed (P, T2,
q2), x is the average value of x , and L is the maximum length (lag) to which one calculates lagged correlations. This study set the maximum autocorrelation length to 14 days (i.e., L is 56 for 6-h time step data) for
the temporal dependence and the cross-correlation length to 250 km (i.e., L is 5 for 50 km latitude-longitude
resolution, averaged over toward the north and toward the east of the given grid cell) for the spatial dependence assessment. It should be noted that various maximum lags in time and space were tested and found to
support the conclusions presented here.
2.5. Performance Assessment
To assess the ability of the corrected and uncorrected model simulations to represent observed concurrent
as well as spatio-temporally lagged dependence between variables, various hypothesis tests were conducted. These entailed specifying a null hypothesis that the correlation in question was unchanged. The Fisher z-transformation was employed to convert the correlation to a transformed unbounded variable (Fisher, 1915, 1921). The resulting test statistic ( z was then characterized as a standard normal deviate
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where zr and zr are Fisher's z transformation of the simulated and observed correlation coefficients
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this study, a 5% significance level   0.05  was assumed as a criterion for rejection of the null hypothesis.
Thus, if the computed value is greater than the z-value in the z-value distribution table, a significant difference in the correlation between the two samples is noted.

In summary, this study used the following procedure. (a) Downscale using WRF with four different RCM
input boundary conditions: RCM(ERA-I), RCM(CSIRO), RCM(M), and RCM(NBC). RCM(ERA-I) is the
ERA-I-driven WRF simulation, RCM(CSIRO) is the uncorrected RCM simulation driven by the CSIRO
GCM. RCM(M) and RCM(NBC) are the WRF simulations that had mean and NBC applied to the RCM
input boundaries, respectively. (b) Calculate CL using the WRF outputs for spatial and temporal dependence, and compare these CLs against RCM(ERA-I). (c) Calculate cross-correlation across the atmospheric
variables (u, v, T, and q) for multivariate dependence at each model grid and vertical level along the western
boundary which in this case has predominantly inward flow conditions that can transfer bias-corrected
information properly into the model interior (Rocheta, Evans, & Sharma, 2020). (d) Compute a significance
test to determine whether or not the two samples are equally correlated. To evaluate the model performance
without introducing a bias due to boundary effects, the relaxation zone consisting of the outermost five grid
cells from the boundary was trimmed off to leave the inner domain.

3. Results
3.1. Temporal Dependence
We first evaluate the RCM simulations in terms of temporal dependence. From the results of the temporal
CLs, we can see the evolution over time of the atmospheric variables at each location. This provides information on persistence characteristics and the temporal variability of the atmospheric variables used in this
study.
Figure 1 shows a percentage change of the RCM simulations with RCM(ERA-I) as the reference in the temporal dependence over the Australasian CORDEX domain. We see that the uncorrected RCM simulation
has a difference for T2 and q2 with mean percentage change of 18.32 and 27.02, respectively. It is clear from
the figure that one area of the major difference between RCM(CSIRO) and RCM(ERA-I) can be seen in the
tropics, suggesting that the RCM simulation using the uncorrected GCM as an input boundary condition
produces lower temporal variability than RCM(ERA-I). In contrast, both of the RCM simulations with univariate bias-corrected GCM boundary conditions, RCM(M) and RCM(NBC), show an improvement across
the variables with RCM(NBC) percentage changes in mean values close to zero. Despite RCM(M) improving
on RCM(CSIRO) for T2 and q2, we still see some larger differences in the tropics (up to 177% and 131%,
respectively).
In terms of the precipitation, the temporal CL indicates large differences for all RCM simulations compared
to RCM(ERA-I). RCM(CSIRO) produces a large positive difference in the tropics and the ocean south of
Australia (over 400% and 290%, respectively). While RCM(M) corrected only the mean bias of each variable
the output shows improvement in temporal dependence but it produces lower temporal variability than
RCM(ERA-I) in the tropics. The figure shows that RCM(NBC) produces the most noticeable improvement
over the domain with a mean percentage change close to zero. This indicates that nested bias correction,
which aims to better represent lag-1 autocorrelation along the boundary, is able to capture the temporal
dependence for the atmospheric variables within the domain.
3.2. Spatial Dependence
In this study, spatial CLs are calculated to compare the spatial distance for the near-surface variables at each
cell between the WRF simulations and ERA-I-driven WRF outputs. Large spatial CLs thus indicate adjacent
cells are more likely to have similar values, meaning that there is low spatial variability in atmospheric circulation. Whereas low spatial CLs indicate larger changes over the grid cells within the assessment length.
KIM ET AL.
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Figure 1. Temporal correlation length (CL) as a percentage change with ERA-I-driven RCM simulation as the reference of three atmospheric variables
(P: precipitation (mm), T2: 2-m temperature (K), and q2: 2-m specific humidity (kg/kg)) for a 14-day lag truncated from the 30 years covering Australasian
CORDEX domain for RCM(CSIRO), RCM(M), and RCM(NBC). The number in the lower right of each map represents mean percentage change. NBC, Nested
Bias Correction; RCM, regional climate model.

Figure 2 shows a percentage change between the RCM simulations and the RCM(ERA-I) similar to Figure 1
but for the spatial CL. Here, we see that the uncorrected RCM simulation shows positive bias in the tropics
(up to 62%) and along the western coastline of Australian landmass (up to 40%) for T2 and q2, respectively.
The results show that the RCM simulations with univariate bias-corrected GCM boundary conditions perform well with mean changes close to zero. This means that bias correction approaches are able to improve
spatial dependence even though the boundary variables were corrected independently without regard to
spatial correlation. It can be seen from the figure that the overall performance has significantly increased
when compared to the temporal dependence, suggesting that the RCM adequately captures spatial dependence features of the variables assessed. The figure shows that even though there are still positive or negative
differences over the domain, both the RCM simulations with univariate bias-corrected GCM boundary conditions produce improved spatial distribution with regards to the precipitation patterns with mean changes
close to zero.
3.3. Multivariate Dependence
So far, we have addressed the temporal and spatial dependence of the RCM simulations compared to ERAI-driven RCM outputs. In this section, we investigate whether the bias correction and RCM simulation
can reduce differences that arise from multivariate dependencies. Cross-correlations of each atmospheric
KIM ET AL.
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Figure 2. As shown in Figure 1 but for the spatial correlation length (CL) for a 250 km lag for 30 years.

variable combination of u, v, T, and q were computed for each RCM simulation and were compared against
RCM(ERA-I) using hypothesis testing and a 5% significance level. Cells along the outermost specified zone
and just inside the relaxation zone (i.e., the sixth grid cell) along the western boundary were assessed as they
were determined to have predominantly inward flow conditions that transfer bias-corrected information
efficiently into the model interior.
Table 1 shows the percentage of the cells that have a significant difference in the multivariate cross-correlation between the two samples as the RCM(ERA-I) simulations assessed at the 5% significance level as a
criterion for rejection of the null hypothesis. One would expect that by random chance ∼5% of grid cells
will satisfy this criteria. The results show that 92.9% of RCM(CSIRO) grid cells are significantly different
when comparing to RCM(ERA-I) for the variables u and v at 6-hourly time scale along the specified zone,
meaning that the GCM produces large biases in capturing the relationships between the variables. This
indicates that both the RCM(CSIRO) and RCM(ERA-I) are significantly different in terms of multivariate
cross-correlation. We see that even after passing through the relaxation zone, the biases still exist. From
the table, we see that the bias correction fewer grid cells have significantly different cross-correlations even
though it corrects only the magnitude of each variable independently. Although the bias correction reduces
the biases in multivariate aspects, it is clear from the table that both bias-corrected and the uncorrected
RCM simulations lack some ability to capture the relationship between the atmospheric variables present
in the ERA-I driven RCM.
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Table 1
Percentage of the Cells That Show a Significant Difference in the Correlation Between the Model and RCM(ERA-I) at
the 5% Significance Level at Specified Zone (1st) and After Passing Through the Relaxation Zone (6th) From the Western
Boundary
Significantly different %
of cells
Variable pair
uv

uT

uq

Significantly
different % of cells

Model

1st

6th

Variable pair

RCM(CSIRO)

92.9

93.9

vT

RCM(M)

92.9

90.4

RCM(NBC)

90.7

90.1

RCM(CSIRO)

93.1

91.3

RCM(M)

90.9

RCM(NBC)

89.8

RCM(CSIRO)

92.8

92.0

RCM(M)

92.1

87.8

RCM(NBC)

92.4

87.5

Model

1st

6th

RCM(CSIRO)

93.7

90.6

RCM(M)

88.3

89.5

RCM(NBC)

88.0

88.1

RCM(CSIRO)

91.9

92.3

87.9

RCM(M)

85.4

89.0

88.4

RCM(NBC)

85.5

89.7

RCM(CSIRO)

95.1

93.8

RCM(M)

95.0

84.5

RCM(NBC)

95.1

82.9

vq

Tq

The bias-corrected results also generally improve as they pass through the relaxation zone. In particular, for
the cross-correlation between temperature and specific humidity, RCM(NBC) shows improvement of more
than four times after it passes through the relaxation zone. In some relationships, for example, vq and vT the
percentage of the cells that show a significant difference increase through the relaxation zone, noting that
v is movement along the western boundary rather than through it. Thus, it should be noted that correcting
each atmospheric variable individually without consideration for multivariate relationships can only marginally improve the cross-correlation of the variable combinations.

4. Discussion and Conclusions
Bias correction of RCM boundary conditions is often used under the assumption that the links and feedbacks among atmospheric variables are not of key importance (Ehret et al., 2012), indicating that there is
no bias between the variables or the boundary (horizontal and vertical). Since the atmospheric variables
are known to have strong physical relationships, however, it is important to accommodate the observed
dependence across the variables when input to the RCM simulations (Mehrotra & Sharma, 2015; Piani &
Haerter, 2012). Given the importance of correcting the mismatch in dependencies between the model and
observation, we investigated whether the model and bias correction are able to reproduce the “observation”
focusing on three aspects: temporal, spatial, and multivariate dependence.
The results of this study show that the RCM simulations with univariate bias-corrected GCM boundary
conditions perform well for temporal and spatial dependence. Nested bias correction, which offers the advantage of correcting biases in the mean, variance, and lag-1 autocorrelation statistics, shows significant
improvement for temporal and spatial dependence. Mean bias correction shows some improvement for the
mean percentage changes, while it lacks some ability to capture the temporal and spatial variability in some
regions in the tropics. These results show that more sophisticated techniques appear to be correcting details
with regard to temporal and spatial dependence.
The interesting finding from these results is that the RCM simulation seems to improve the spatial dependence without regard to the bias correction of the RCM input boundary conditions, suggesting that some of
the biases related to the spatial pattern features of the variables assessed here can be adjusted through both
the relaxation zone and the model's internal dynamics. This indicates that further work is needed to fully
characterize the effect of the model's internal process.
The RCM simulations with univariate bias-corrected GCM boundary conditions provide better performance than the uncorrected RCM simulation in spatial dependence, meaning that even when correcting
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the magnitude of each variable independently, when they are run through the RCM the spatial dependence
improves as well within the domain.
The results show that all RCM simulations produce relatively large biases with regard to precipitation compared to the temperature and specific humidity fields. This means the model is not capable of simulating desired persistence characteristics and the temporal variability of the rainfall may be imparted from the choice
of model configuration, parameterization, and the dependencies of temperature and humidity which can
influence the behavior of precipitation as described by the Clausius-Clapeyron relation. Hence, it should be
noted that correcting GCM outputs prior to downscaling is an important step to remove atmospheric biases
before being used in the RCM simulation.
The results of multivariate dependence highlight that both RCM simulations with univariate bias-corrected and uncorrected GCM boundary conditions do not show substantial improvement for all atmospheric
variables, indicating that the mismatch in physical relationships between the atmospheric variables is not
dampened sufficiently through the relaxation zone. What is surprising is that while the bias correction
shows good performance for temporal and spatial aspects, there are still large differences in multivariate dependence which may lead to substantial anomalies in the simulation, particularly for extreme events (Kim
et al., 2020; Lepore et al., 2016). Several multivariate bias correction options are now available in the literature (François et al., 2020; Mehrotra & Sharma, 2015; Sharma & Mehrotra, 2016) which should be further
investigated to address all systematic biases when undertaking bias correction of atmospheric variables.
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