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Use of General Circulation Model (GCM) precipitation and evapotranspiration sequences for hydrologic
modelling can result in unrealistic simulations due to the coarse scales at which GCMs operate and
the systematic biases they contain. The Bias Correction Spatial Disaggregation (BCSD) method is a popu-
lar statistical downscaling and bias correction method developed to address this issue. The advantage of
BCSD is its ability to reduce biases in the distribution of precipitation totals at the GCM scale and then
introduce more realistic variability at finer scales than simpler spatial interpolation schemes. Although
BCSD corrects biases at the GCM scale before disaggregation; at finer spatial scales biases are re-
introduced by the assumptions made in the spatial disaggregation process. Our study focuses on this lim-
itation of BCSD and proposes a rank-based approach that aims to reduce the spatial disaggregation bias
especially for both low and high precipitation extremes.
BCSD requires the specification of a multiplicative bias correction anomaly field that represents the

ratio of the fine scale precipitation to the disaggregated precipitation. It is shown that there is significant
temporal variation in the anomalies, which is masked when a mean anomaly field is used. This can be
improved by modelling the anomalies in rank-space. Results from the application of the rank-BCSD pro-
cedure improve the match between the distributions of observed and downscaled precipitation at the
fine scale compared to the original BCSD approach. Further improvements in the distribution are identi-
fied when a scaling correction to preserve mass in the disaggregation process is implemented. An assess-
ment of the approach using a single GCM over Australia shows clear advantages especially in the
simulation of particularly low and high downscaled precipitation amounts.

� 2017 Elsevier B.V. All rights reserved.
1. Introduction

Climate change is likely to have major impacts on human and
natural ecosystems and in particular water resources systems.
The current generation of General Circulation Models (GCMs) have
reasonably coarse spatial resolutions that precludes their use in
many impact assessments (Gutmann et al., 2014). For better plan-
ning and management of water resources, climate projections are
required at spatial scales that are finer than the GCM resolution.
To reduce the gap between policy relevant information and climate
model data, downscaling is used to transfer large-scale GCMs out-
put to regionally relevant scales (Christensen et al., 2008; Mejia
et al., 2012). Downscaling aims to retain all the large-scale
information provided by the climate model, and to add finer-scale
information that climate model could not resolve (Kanamaru and
Kanamitsu, 2007).

Because computational requirements prohibit the widespread
use of dynamic downscaling, for long term simulations statistical
downscaling approaches are very common (Fowler et al., 2007;
Wilby et al., 1998; Wood et al., 2004). This is particularly the case
when multiple GCMs and/or multiple greenhouse gas emission
scenarios need to be considered (Ahmed et al., 2013; Maurer
et al., 2013). The Bias Correction Spatial Disaggregation (BCSD)
method (Wood et al., 2004) is a popular approach that has been
used in a number of studies to assess the hydrological impacts of
climate change (Christensen et al., 2008; Maurer and Hidalgo,
2008; Payne et al., 2004; Shrestha et al., 2014; VanRheenen et al.,
2004; Vicuna et al., 2007).

BCSD uses a three step approach for the downscaling. Monthly
GCM simulations are bias corrected at the GCM grid scale using
Quantile Mapping (QM) (Ines and Hansen, 2006; Wood et al.,
2002). The simulations are then spatially disaggregated to match
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the fine-scale resolution of the observation data. Finally the
monthly data is temporally disaggregated to produce a daily time
series. Due to the popularity of the BCSD approach, a number of
modifications have been proposed suggesting the bias correction
step followed by spatial disaggregation of raw GCM output
(Abatzoglou and Brown, 2012; Ahmed et al., 2013). These have
generally focused on improving the final daily time series. It was
found that this provided better performance for both daily maxi-
mum and minimum temperatures as well as precipitation
(Ahmed et al., 2013). Abatzoglou and Brown (2012) used a 15-
day moving window to define the probability distribution for bias
correction, leading to improvements in the resulting daily time
series.

An aspect of BCSD that has received limited attention is
whether the spatial disaggregation step interferes with the bias
correction at the coarse scale. Ahmed et al. (2013) comment on
the sensitivity of the downscaled results to the initial coarse spatial
resolution at which the bias correction is applied. This sensitivity is
demonstrated in Fig. 1 where the GCM and BCSD simulations are
compared to observations at coarse and fine spatial scales. For a
single grid cell, Fig. 1a demonstrates that before applying the quan-
tile mapping the probability distributions of the GCM and observa-
tions are very different. This bias is completely removed (as
expected) following the bias correction. Once the GCM is bias cor-
rected, then the simulations are spatially disaggregated. This step
ensures that the spatial variability at the fine scale is appropriate
(Wood et al., 2004). However it is clear from Fig. 1b that the spatial
disaggregation leads to biases in the simulations at the finer scale,
even though at the GCM scale the precipitation simulations are
unbiased. Simple solutions to address this issue are developed in
this paper.

The BCSD method was originally developed for downscaling
monthly precipitation and temperature with the temporal disag-
gregation step as described above to generate daily time series.
In principle, daily GCM output could also be downscaled directly
using the BCSD approach. The modified BCSD method by
Abatzoglou and Brown (2012) has already been used for daily data
to improve the downscaling skill in reproducing fine scale tempo-
ral statistics. However spatial variability of daily precipitation is
much higher than for monthly data and the interpolation scheme
is unlikely to be able to represent this variability (Hwang and
Graham, 2013). Hence, this paper will focus on the BCSD applied
Fig. 1. CDFs of monthly precipitation from a single grid comparing the observations and
GCM simulations with the observations. At the fine scale the BCSD simulations do not m
to month data. Although it is not often the case that hydrologic
simulations are made with monthly climate data, there are impor-
tant implications of improving the monthly BCSD simulations for
applications such as drought assessments where retaining the spa-
tial and temporal characteristics of precipitation events is
paramount.

This research thus examines the assumptions behind the BCSD
method and highlights possible improvements to the approach.
The approach adopted here is based on the BCSD algorithm
detailed in Wood et al. (2004). Different versions of this algorithm
have been reported in Wood et al. (2002) and (Maurer, 2007),
which result in subtle differences in the downscaled field obtained.
It should be noted that, although the original BCSD is applied for
both temperature and precipitation, here the focus is on precipita-
tion because the spatial variability of monthly precipitation data is
much larger than for temperature data. Nevertheless, any improve-
ment in the BCSD method could be used for temperature as well.
The outline of the paper is as follows. Section 2 provides informa-
tion about the observed and model data. In Section 3 details of the
BCSD method are presented along with the proposed modifications
to address the spatial disaggregation problems highlighted above.
Results are provided in Section 4, with a discussion and conclu-
sions in Section 5.
2. Data

Fine scale gridded monthly observed precipitation data were
used to correct the precipitation simulations from a single GCM
from the Coupled Model Inter-comparison Project 5 (CMIP5),
namely CSIRO-MK3.6 model. Twenty years (1980–1999) precipita-
tion from current climate was used for the analyses as per Wood
et al. (2004). A single GCM is appropriate for use here because
the bias correction step will ensure a perfect match in the distribu-
tions between the GCM and observed data at the GCM scale, allow-
ing the focus to be on the spatial disaggregation step, rather than
addressing uncertainties of climate model simulations.

The observed precipitation data is provided by the Australian
Bureau of Meteorology and the monthly product has a spatial res-
olution of 0.25�. This gridded dataset is produced using an opti-
mised Barnes successive correction technique that applies a
weighted averaging process to the station data (Jones et al., 2009).
GCM simulations at a) coarse and b) fine scale. At the coarse scale, QM matches the
atch the observations.



718 J. Nahar et al. / Journal of Hydrology 550 (2017) 716–725
3. Methodology

The process of BCSD is well described byWood et al. (2004). The
important details of the method are shown in Fig. 2 and sum-
marised here to motivate the proposed modifications. The monthly
precipitation from the GCM simulation and observations are
denoted as Pg and Po respectively. The unit spatial domain is the
coarse GCM grid cell which will be disaggregated to a single grid
cell at the fine-scale of the observations, denoted by the subscript
i,j. The original observations at fine scale are thereby denoted as
Po
i;j;t . Superscripts are used to indicate the different steps in the

BCSD process, g0 refers to the bias corrected GCM simulations, b
refers to data that has been bilinearly interpolated and d indicates
the spatially disaggregated data. All calculations are performed
separately for each month of the year to allow for seasonal varia-
tions in the biases and the spatial patterns of precipitation. Thus
the subscript t is used to represent the precipitation for year t for
the month of interest.

The first step of BCSD applies QM to the GCM precipitation by
matching the empirical CDFs of Po and Pg for each month. GCM
biases are corrected at native scale to exactly match the modelled
distribution with the observed. Therefore, any feature that is not
correctly picked up by the GCM can be corrected without allowing
it to propagate in downscaled product. As shown in Fig. 2a, the QM
requires that the fine-scale observations have been aggregated to
the same grid resolution as the GCM (Maraun, 2013), in this case
1.875� � 1.85�. Quantile mapping can remove large systematic
biases in the GCM simulations, even for daily rainfall extremes
(Cannon et al., 2015). For future simulations, it is assumed that
the biases for each quantile remain constant over time (Li et al.,
2010; Shrestha et al., 2014). Although, the assumption of station-
ary biases is questionable (Christensen et al., 2008; Ehret et al.,
2012; Maraun, 2012; Maraun et al., 2010; Nahar et al., 2017), for
consistency with previous BCSD applications, this assumption is
Fig. 2. a) Flowchart of BCSD process. b) Original fine scale observation, c) aggregated obse
The anomaly field is the ratio of b and d which gives a measure of spatial information l
retained. Also for these relatively short periods, it has been shown
that no consistent trends in bias are found suggesting that the
assumption is acceptable (Nahar et al., 2017). Furthermore, while
QM is used here for illustrating the proposed method, it can be
replaced with other suitable correction alternatives that modify
systematic low-frequency variability biases, of considerable rele-
vance in hydrological applications (Johnson and Sharma, 2012;
Mehrotra and Sharma, 2012; Nguyen et al., 2016).The bias cor-

rected precipitation (Pg0
t ) is then bi-linearly interpolated to the

fine-scale grid. However, this leads to precipitation (Pg0 ;b
t ) that lacks

the correct spatial variability. Therefore a correction step is
required to produce the final spatially disaggregated simulations.
The focus of this paper is on this correction step and whether it
can be improved compared to previous implementations of BCSD.

The loss of spatial variability that results from bilinear interpo-
lation from the coarse scale to the fine scale is demonstrated in
panels b)–d) of Fig. 2. Climatological average precipitation over
Australia is shown in Fig. 2b for observed precipitation at the orig-
inal resolution of 0.25�. The precipitation is aggregated to the scale
of the GCM using area-averaging (Fig. 2c). Using bilinear interpola-
tion to return the data back to the original fine resolution (Fig. 2d)
leads to a substantially smoother pattern of precipitation across
Australia.BCSD proposes that the smooth precipitation fields can
be corrected by applying a multiplicative correction factor that
represents the difference between Fig. 2b and Fig. 2d. This correc-
tion factor is termed the anomaly field by Wood et al. (2004) and
it is calculated as the ratio of the original monthly mean observa-
tions (�Po

i;j;t) and the aggregated and then bilinearly interpolated

monthly mean observations (�Po;b
i;j;t). In Fig. 2a the anomaly is

denoted as �Di;j;t where the overbar represents the anomaly field
calculated from the climatological mean precipitation for each
month and is applied to the bilinearly interpolated GCM precipita-

tion (Pg0 ;b
i;j;t ) to create the disaggregated product (Pg0 ;d

i;j;t ).
rvation at GCM scale, d) bi-linearly interpolated aggregated observation at fine scale.
oss due to the aggregation and disaggregation process.
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4. Results

4.1. Exploring the nature of the spatial anomalies

As demonstrated by the results presented in Fig. 1, the focus of
this work is on how to reduce the bias in the downscaled GCM sim-
ulations. The bias is clear for low and high precipitation amounts
whilst the median precipitation estimates are reasonably unbiased.
This suggests that the anomaly field does not represent the full
range of variation of disaggregated precipitation. Because the
anomaly field is calculated as the ratio of the original and interpo-
lated mean monthly observations, it does not reflect the true spa-
tial variability when precipitation in any particular month is high
or low. The use of climatological mean precipitation for the obser-
vations and interpolated data results in some information being
lost. If the anomaly field is considered for each month and year
of data separately, it is found found that the range of anomalies
is quite is substantial and may vary from 0.2 to around 2.5.

To highlight the difference in projections between using mean
anomaly field and the full range of anomaly values, a resampling
scheme has been applied such that all 20 possible anomaly values
for each month of the year are used to calculate the disaggregated
precipitation amounts. The results from this are shown in Fig. 3
where an ensemble of disaggregated precipitation has been cre-
ated by repeating the resampling the monthly anomalies 20 times.
This ensemble show the potential uncertainty in the BCSD disag-
gregated precipitation and suggests that the biases in the high
and low precipitation may be able to be addressed as some of
the ensemble members are much closer to the observations than
the original BCSD estimate.

Fig. 3 suggests that the anomaly field could be used in a way
that produces more realistic values when compared to the obser-
vations. However, this requires an understanding of how the
anomaly field varies temporally. Since the anomaly field is created
only from observations, it is possible to explore the relationship
between the anomalies and the observed precipitation for each
month. In Fig. 4, the anomalies are compared to the monthly pre-
cipitation for all the fine grid locations for the months of January
and July. The anomalies are grouped according to latitude bands
to allow for varying relationships with the diverse climate across
Australia. There are clear relationships between the size of the
anomaly and the precipitation amounts within the different lati-
tude bands, particularly evident for the largest precipitation
events. Similar results are found for other months.
Fig. 3. Range of CDFs when possible values of the anomalies are used. Thin green
lines represent CDFs when the probabilities of the anomaly for each month were
used. Red line shows CDF of observations and the blue line shows CDF of BCSD using
the mean anomaly field. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
Spearman’s rank correlation, which evaluates the monotonic
relationship between two continuous variables (Yue et al., 2002),
has been used to test the strength of the relationship between
the monthly observed precipitation and monthly anomaly at indi-
vidual grid scale as shown in Fig. 5. It is found that the relationship
between the precipitation amounts and anomalies is significant (at
the 0.05 level) at most locations as shown in Fig. 5. In general, the
anomalies increase with rainfall amount, leading to higher correla-
tions in high rainfall areas. However, in some areas such as Tasma-
nia, the strongest correlations occur in the areas with lower rainfall
totals whilst the highest rainfalls were found to not have signifi-
cant rainfall-anomaly correlations. It is therefore important to
explore the spatial variation of locations where the additional
information from the rainfall-anomaly relationship could be useful
for improving the BCSD method. As evident in Fig. 5, correlations
between precipitation amounts and anomalies in July tend to be
greater than in January for most of the country.

What does a significant positive correlation between the
anomalies and precipitation amounts mean in practice? When
the monthly precipitation at a fine grid cell is high, the interpola-
tion process is less likely to have recreated this high amount. This
indicates that high precipitation tend to be associated with more
spatially discrete precipitation events. There is more variation
within the larger grid than for small precipitation amounts.

It is worth noting that there are some areas where the correla-
tions between the precipitation amounts and anomalies are not
very strong and are even sometimes negative. Most of the points
are in areas of relatively high relief. One hypothesis is at these loca-
tions the interpolation process may be introducing too much error
into the precipitation amounts because the neighboring locations
have different precipitation profiles due to the variations in topog-
raphy. Jones et al. (2009) suggested that the smoothness of the
local topography or lack of the gauge station influences the estima-
tion errors in a gridded rainfall product and the accuracy of the
analyses will also be limited in regions where the station network
is insufficient. The negative correlations in the center of Australia
are therefore, more likely related to possible inconsistencies in
the AWAP data in this area due to low station densities.

4.2. Suggested modification to BCSD

The results of the rank correlation test indicate that larger
anomalies are more likely to occur for higher precipitation. This
finding can be used to address the shortcomings of BCSD by using
all the anomalies for each grid cell rather than a single value rep-
resenting a mean correction. To achieve this, the anomalies are
applied to the bias corrected GCM simulations according to the
rank of the precipitation, for example the largest of the twenty
anomalies is used for the largest precipitation total for that month.

This is shown in Eq. (1) where Pg0 ;b
i;j;t;m is the m-th ranked bilinearly

interpolated precipitation amount and Di;j;m is the corresponding
m-th ranked anomaly. The new bias corrected and spatially disag-

gregated product Pg0 ;dr
i;j;t;m is denoted as the ranked BCSD (rBCSD) and

is calculated using Eq. (1).

Pg0 ;dr
i;j;:t ¼ Pg0 ;b

i;j;:t;m � Di;j;m ð1Þ
Does the use of rank anomalies improve the match between the

observations and GCM at the fine scale? Fig. 6a shows the CDFs of
observations, BCSD and rBCSD at the same location as Fig. 1. The
improvements produced by rBCSD are clear with the overesti-
mated high precipitation amounts (>75 mm) substantially reduced
when the rank version is used instead of original BCSD. Improve-
ments are also seen across the full distribution of precipitation.

Are similar improvements seen in all locations? To summarise
the performance of the BCSD and rBCSD, the two-sample



Fig. 4. Monthly anomaly vs monthly precipitation plot for a) January and b) July. Anomalies are shown in different colours depending on the latitude band. Anomalies
increase with increasing precipitation. R2 values for these regression lines are shown in brackets. (For interpretation of the references to colour in this figure legend, the reader
is referred to the web version of this article.)

Fig. 5. Rank correlation between anomaly and observed rainfall for a) January and b) July over Australia. Dark blue means high correlation and red means negative
correlation. Black cross indicates the location where the p-value is not significant; at other locations p-values are significant. (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)
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Kolmogorov–Smirnov test (K-S test) was used (Sheskin, 2003). The
K-S test is applied separately to compare BCSD and rBCSD to the
observations. A better match in the CDFs will lead to a smaller
value for the K-S test statistic (the maximum distance between
the two distribution functions). The average value of the K-S test
statistic is 0.137 for the BCSD and is 0.064 for the rBCSD, showing
that the rBCSD provides a better match to the observations. The K-S
test statistics are plotted in Fig. 6(b) along with contours of the
number of grid points due to the large number of overlapping
points. This clearly reveals that the rBCSD in the vast majority of
locations (85% of grid locations) provides a better match to the
observations than the BCSD. Additional testing using the
Anderson-Darling test (Anderson and Darling, 1952) resulted in
similar conclusions.
4.3. Mass conservation

Mass conservation is an important aspect that must be consid-
ered for any disaggregation scheme, particularly when considering
hydrological downscaling applications where the water balance is
a key driver of the system. Because the anomaly field is based on
the climatological mean, BCSD ensures that the mass balance is
properly preserved in the disaggregation process. However the
ranked anomalies proposed above can lead to problems with the
mass balance because there is no spatial information included in
the disaggregation as the calculations for each fine grid proceed
separately. Thus a number of grids may be assigned particularly
high or low anomalies at the same time step causing the overall
precipitation aggregated at the coarse scale to become biased.
Fig. 7a shows the mass balance is preserved in BCSD, while Fig. 7b
shows that rBCSD has affected the mass conservation. The bias
tends to be high, such that the high precipitation amounts at adja-
cent cells contribute too much precipitation at the coarse GCM
scale.To overcome this problem, rank BCSD simulations were
scaled to ensure mass conservation. A scaling factor (e) is adopted,

which is the ratio of quantile corrected GCM (Pg0
t ) and aggregated

rBCSD (Pg0 ;dr
t ). The scaling factor is applied at the fine scale and is

constant for all fine grids within a coarse GCM cell. The post-
processing bias correction approach of Abatzoglou and Brown
(2012) could also be used to address this problem.After scaling,



Fig. 6. (a) Improvement in CDF when ranked anomaly field is used. The red line represents the CDF of the observation; the blue line is the CDF of current BCSD, and light green
line is CDF for Ranked BCSD. (b) K-S statistics between observed and Rank BCSD compared to K-S statistics between observed and normal BCSD at grid level. The point density
is shown with colored contours in descending order from red to green. (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of this article.)

Fig. 7. Monthly precipitation amounts calculated at the GCM scale for (a) BCSD, (b) rBCSD and (c) rBCSD after scaling.

J. Nahar et al. / Journal of Hydrology 550 (2017) 716–725 721
the final BCSD product (Pg0 ;ds
i;j;t ) is calculated as the product of rBCSD

and the scaling factor following the Eq. (2).

Pg0 ;ds
i;j;:t ¼ Pg0 ;dr

i;j;:t � e ð2Þ

By design, this scaled rBCSD when aggregated to GCM scale per-
fectly preserves the total mass at this scale as shown in Fig. 7c.

Clearly the scaling factor could result in other attributes of the
downscaled precipitation being affected. To assess this impact the
K-S statistics have been recalculated for the scaled rBCSD (Fig. 8a).
The mean value of the K-S statistic was 0.137 for BCSD and 0.064
for the rBCSD case; the scaled rBCSD also has a mean K-S test
statistic of 0.064 which shows that the scaling on average does
not lead to deterioration in the fine scale precipitation distribu-
tions. Although the average K-S test statistics remains unchanged,
the improvements are now seen at 91% of grid locations.

Fig. 8b shows the locations where each method (BCSD and
scaled rBCSD) leads to the best representation of the observed pre-
cipitation distribution. As suggested by Fig. 8a, at the vast majority
of locations the scaled rBCSD leads to the better results. There are
some locations where the ranked anomalies do not led to improve-
ments. To identify the reason behind this, the difference in the K-S
statistics of BCSD and scaled rBCSD is plotted against the correla-
tion between the observations and anomaly (Fig. 9). The plot
clearly shows that a poor rank correlation between precipitation
and anomaly is associated with less improvement in K-S statistics
in rBCSD.

As discussed earlier, one possible reason for the low correla-
tions between precipitation amounts and the anomaly values
could be the influence of topography. High elevation can change
the precipitation patterns and influence spatial correlations and
therefore the rank correlation between precipitation and anoma-
lies may change. Simple statistical downscaling methods often fail
to adequately reproduce spatial and temporal variability, espe-
cially in regions of complex terrain characterized by steep spatial
gradients (Abatzoglou and Brown, 2012). Accurate representation
of spatiotemporal variability in climate variables such precipita-
tion is important for accurately predicting regional hydrologic
behavior (Hwang and Graham, 2014) and hence further work is
recommended to address these remaining issues with the BCSD
disaggreation process.

4.4. Practical applications of monthly rBCSD estimates

Correctly representing monthly precipitation statistics is impor-
tant for large scale water availability assessments and in particular



Fig. 8. (a) K-S statistics between observed and scaled rBCSD Vs K-S statistics between observed and normal BCSD. (b) Improvement in precipitation distribution in rank BCSD.
Yellow shows K-S statistic is better in rank BCSD and red means the K-S statistic is better in original BCSD.

Fig. 9. Difference in K-S statistic of BCSD and scaled rBCSD compared to the rank correlation of precipitation amounts and the anomalies.
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drought evolution, particularly in Australia where the duration of
significant droughts is several months to many years (Kiem and
Franks, 2004). The previous section presented results showing
the improvement in the scaled rBCSD over the full distribution of
precipitation. However to focus on the precipitation amounts that
are likely to cause flood and moisture and streamflow deficits, the
5th and 95th percentile of precipitation anomalies have been con-
sidered from both BCSD and scaled rBCSD simulations and the
results are shown in Fig. 10. For all three data sets (observations,
BCSD and scaled rBCSD), the precipitation anomaly series has been
calculated by removing the monthly climatological mean precipi-
tation. Completely dry months have been removed from this anal-
ysis. The set of all precipitation anomalies at each grid cell
(12 months � 20 years) have then been ranked and the 5th and
95th percentile values extracted. These are then compared for
the observations to the two downscaled products. There is a clear
bias in the representation of relatively dry months in the BCSD
simulations which on average are larger than the observations.
Higher rainfalls are under estimated by the BCSD method. The
scaled rBCSD improves the simulations of the dry and wet months
with much smaller biases. The temporal pattern of dry periods is
also an important driver of droughts and bias correction
approaches have been developed that can address the modelling
of persistence in GCMs (Johnson and Sharma, 2012). Future work
could consider implementing such an approach within the BCSD
logic.

4.5. Validation

The ultimate aim is to use the new rank based BCSD method for
downscaling future GCM simulation and thus improving local cli-
mate predictions. As in all statistical downscaling and bias correc-
tion approaches, the anomalies estimated over the current
observed period are assumed to apply in the future. To assess the
implications of this assumption, a validation process has been
designed such that the anomalies calculated from calibration per-
iod (80 years) have been applied to validation period (20 years).
For example, if the calibration period used for creating the anomaly



Fig. 10. Comparison of the 5th and 95th percentile precipitation in BCSD and scaled rBCSD with that of observation at all grid locations. The black dotted line represents the
regression line for BCSD. The regression line for scaled rBCSD (red dotted line) almost matches with 1:1 line (grey dotted line). (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)
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fields is 1900–1979, the validation period will be 1980–1999. With
the 100 years of data used in this study, five different validation
periods have been tasted.

The bias corrected GCM simulations (using quantile matching)
for the validation period are disaggregated using the anomaly
information from the observations in the calibration period. The
bias correction of the GCM also uses the data from the calibration
period. The BCSD and scaled rBCSD simulations are compared to
the observations using a number of different statistics. The root
mean square error (RMSE) is calculated at each grid cell to assess
the representation of the climatological average precipitation in
each month. The full distribution of all precipitation amounts at
each grid cell compared to the observations is again tested with
the K-S test. Finally the 5th and 95th percentiles from BCSD and
scaled rBCSD simulations have also been compared.

The RMSE results are presented in Table 1. The BCSD method
leads to the smallest errors for all five of the validation periods.
This is because the use of the mean anomaly in the BCSD method
leads to better improvements in the mean rainfall. However, the
simulations at higher and lower end of the distribution rather than
Table 1
Average RMSE for different validation periods.

Calibration period Validation period

1900–1979 1980–1999
1900–1959, 1980–1999 1960–1979
1900–1939, 1960–1999 1940–1959
1900–1919, 1940–1999 1920–1939
1920–1999 1900–1919

Table 2
Spatially averaged KS-statistics for different validation periods.

Calibration period Validation period KS-statistics

BCSD

1900–1979 1980–1999 0.14
1900–1959, 1980–1999 1960–1979 0.16
1900–1939, 1960–1999 1940–1959 0.18
1900–1919, 1940–1999 1920–1939 0.18
1920–1999 1900–1919 0.16
the mean are more important in ensuring that extreme events like
floods and droughts are properly captured and these are consid-
ered next.

To represent the modelling of the full distribution of precipita-
tion amounts, the K-S statistics averaged over all grids are pre-
sented in Table 2. The rBCSD method outperforms the BCSD in all
five validation tests, with improvements seen at 80–90% of grid
cells.

The average K-S statistics across the five validation periods are
shown in Fig. 11 which shows the range of values of the K-S statis-
tic compared to the means presented in Table 2. In Fig. 11a a den-
sity plot of the two sets of K-S statistics is provided. Most of the
points are below 1 to 1 line indicating improvements in the K-S
statistic for the scaled rBCSD method. As evident from Table 2,
improvements from the scaled rBCSD method are apparent at most
locations across the continent. Locations were the BCSD method
performs better in validation are broadly the same as found previ-
ously (e.g. Fig. 8). This suggests that in general the relationships
between rainfall amounts and anomalies hold when applied to a
different period. Thus similar improvements can be expected when
RMSE

BCSD rBCSD Scaled rBCSD

10.11 18.55 10.64
9.42 16.94 9.92
10.66 19.33 11.13
12.00 22.32 12.47
10.50 20.33 11.02

rBCSD leads to best results (% of grid cells)

Scaled rBCSD

0.097 81
0.100 89
0.12 92
0.12 91
0.107 86



Fig. 11. (a) Density plot of K-S statistics between observed and scaled rBCSD Vs K-S statistics between observed and BCSD in validation. (b) Improvement in precipitation
distribution in scaled rank BCSD.

Fig. 12. Comparison of 5th and 95th percentile precipitation in BCSD and scaled rBCSD with that of observation at all grid locations for validation. The black and red dotted
line represents the regression line for BCSD and scaled rBCSD.
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the method is used with future climate simulations, with the
caveat that the assumptions of bias stationarity are probably stron-
ger when moving into the different future climate.

Finally the 5th and 95th percentiles of BCSD and scaled rBCSD
have been calculated and compared to those of observation.
Fig. 12 shows the results, where scaled rBCSD performs well in
simulating 5th and 95th percentile of rainfall events compared to
BCSD. As found in the testing reported in Section 4.4 the biases
in the BCSD are particularly evident for low precipitation amounts
and high precipitation months tend to be underestimated. Both
problems are addressed even in the validation tests with the scaled
rBCSD method.
5. Conclusions

GCM simulations are vital for climate prediction but cannot be
directly used for hydrologic modelling as they do not properly rep-
resent climate variability at the local scale. From a policy perspec-
tive, better planning and management of water resources
information requires information on the future climate at time
scales ranging from hours to years depending on the application
and a range of spatial scales. Downscaling can help to address
these requirements, particularly when catchments are the spatial
scale of interest. This study proposes an improvement to an exist-
ing method of spatial downscaling that is capable of producing
more accurate precipitation at relevant scales.

We have shown that the popular downscaling method BCSD
leads to biases in the precipitation projections at the fine scale,
but that these can be easily addressed by relating the spatial vari-
ability correction in BCSD to the corresponding precipitation
amount. When the spatial variability correction is applied accord-
ing to the ranked precipitation, improvements are found in the rep-
resentation of the fine scale precipitation in the new rBCSD
approach. Ranking the anomalies could possibly alter the spatial
covariance structure, which is a common issue in all existing bias
correction procedure unless a spatial bias correction method is
adopted. A simple correction is applied that can also ensure that
precipitation totals at the GCM scale are also conserved even when
the ranking is applied. It is recommended that this new approach is
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adopted in studies where the BCSD is being considered. Future
work could focus on a combined approach that incorporates the
scaled rBCSD method and preserves the observed spatial covari-
ance structure of the precipitation field.
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