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1.  INTRODUCTION

To quantify hydrological responses to climate
change, the method of coupling climate change sce-
narios with hydrological models is very popular. For
climate change scenarios, general circulation mod-
els (GCMs) are the most important sources since
they are effective for large-scale climate simulation
(continental, hemispheric and global). However, as
GCM outputs are based on a grid scale (100s of
km), they are not adequate for reproducing local
and regional conditions (Semenov & Barrow 1997,
Bellone et al. 2000, Stendel et al. 2007). Therefore, it
is necessary to downscale GCM grid-scale outputs
to local-scale climate.

Dynamical and statistical downscaling are 2 ap -
proaches commonly used to produce high-resolution
climate data from low-resolution GCM outputs (Wil by
& Wigley 1997, Maraun et al. 2010). Most down -
scaling methods are adequate for climate change
 scenario development to project changes in mean
streamflow (Khalili et al. 2011, Li 2014, Li et al. 2017);
however, for changes in streamflow variability such as
variances and extremes within a large basin, the
 spatial structure of climate, i.e. intersite and intervari-
able correlations, should be incorporated (Wilks 1999,
Thyer & Kuczera 2003). Otherwise, the high flow in
1 sub-basin may be offset by the adjacent sub-basins
without rainfall, due to lack of spatiotemporal corre -
lations in the constructed climate change scenarios
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(Khalili et al. 2011, Li 2014, Li et al. 2017). Thus,
downscaling methods that consider the relationships
between sites and variables should be of high priority
for hydrological variability simulation in a large basin.

Dynamical downscaling methods directly present
climate data with spatiotemporal dependence; how-
ever, their performances are not satisfactory, and
post-processing is essential to recorrelate the pre -
cipitation series from different grids (Clark et al.
2004a,b, Bárdossy & Pegram 2011, 2012, Pegram &
Bárdossy 2013). The statistical methods for multisite
and multivariate downscaling include several ap -
proaches, such as the hidden Markov model (Charles
et al. 1999, 2004, Hughes et al. 1999, Bellone et al.
2000, Mehrotra & Sharma 2005), conditional re samp -
ling method (Palutikof et al. 2002, Fowler et al. 2005),
chain-dependent process (Wilks 1999, Hong et al.
2007, Baigorria & Jones 2010, Khalili et al. 2013), sup-
port vector machine (Anandhi et al. 2008, Srinivas et
al. 2014), generalized linear model (Frost et al. 2011,
Jeong et al. 2012, Liu et al. 2013, Asong et al. 2016)
and artificial neural network (Harpham & Wilby
2005, Cannon 2008). The applications of these meth-
ods are subject to their efficiency, in terms of model
structure, parameter estimation and optimization.

The efficiency of downscaling methods is deter-
mined by 2 components: the downscaling technique
and correlation reconstruction. Because dynamical
downscaling is computationally intensive, statistical
downscaling is a more popular downscaling technique
because of its easy implementation and good per-
formance (Solman & Nunez 1999). Among the statisti-
cal downscaling methods, the chain-dependent model
directly adjusts the present-climate daily weather
generator parameters consistent with month ly changed-
climate statistics, and the sampling method directly
samples the observations according to some probabil-
ity, while most of the other methods develop relation-
ships between local predictands and large-scale pre-
dictors. The approaches that are based on observation
without introduction of other variables are more
widely used for hydrological simulations. For example,
the chain-dependent weather generator is a compo-
nent of many hydrological or ecological models, and
has often been used for multisite climate generation
and hydrological simulation (Watson et al. 2005, Khalili
et al. 2011, Meza et al. 2012, Li 2014, Li et al. 2017).

As for the correlation reconstruction, the above
downscaling methods can be classified into 2 groups:
pre-processing and post-processing methods. With
the pre-processing method, the random numbers or
atmospheric predictors are correlated before they are
used to drive a model to generate weather data, such

as the chain-dependent process or the generalized
linear model. The post-processing method recorre-
lates the daily weather data generated from climate
models or weather generators, such as the method for
recorrelating regional climate model (RCM) outputs.
Comparatively, the pre-processing method requires
more complicated algorithms and intensive computa-
tion than the post-processing method to estimate pa-
rameters and validate reliability (Wilks 2012, Vrac &
Friederichs 2015); thus, the post-processing method
has been widely used in recent years (Clark et al.
2004a, Bárdossy & Pegram 2011, 2012, Möller et al.
2013, Pegram & Bárdossy 2013, Schefzik et al. 2013,
Vrac & Friederichs 2015). Although the problem of in-
tensive computation requirement can be solved with
increasing computing power, simply structured and
easy-to-implement approaches are highly desired.

According to the comparison of downscaling and
correlation reconstruction techniques, the combina-
tion of a parametric downscaling method with a post-
processing method for correlation reconstruction (i.e.
a semiparametric method) is highly efficient. Cur-
rently, most of these methods reconstruct the spatial
structure of one variable independent of the others.
Thus, they cannot consider the joint dependence
structure of variables, and can introduce additional
errors during downscaling (Piani & Haerter 2012,
Mehrotra & Sharma 2015, Vrac & Friederichs 2015).
The objective of this study was to develop an efficient
semiparametric, multisite and multivariate GCM
downscaling method to project daily precipitation
(P), maximum (Tmax) and minimum temperature
(Tmin). We focused on simultaneously reconstructing
the joint dependence structure between sites and
variables for each month.

2.  METHODOLOGY

The multisite and multivariate GCM downscaling
method proposed in this study consists of 2 steps. The
first step generates single-site climate change sce-
narios by downscaling GCM outputs from grid and
monthly scale to station and daily scale, and the sec-
ond step rebuilds the intersite and intervariable cor-
relations using a distribution-free shuffle method.
The overall flow chart is presented in Fig. 1.

2.1.  Downscaling GCM outputs at a single site

This step is open to any single-site downscaling
technique, since the subsequent correlation recon-
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struction will not change the generated values in this
step. A single-site downscaling method used in our
previous study (Li et al. 2011) was employed, which
combines a quantile mapping method for spatial
downscaling with a Richardson-type weather gener-
ator for temporal downscaling. This method empha-
sizes reproducing probability distributions of local
observations, and performs well in retaining the non-
stationarity in climate (Zhang 2005b, 2013). This step
handles each site and variable independently, and
does not consider any linkage among sites and/or
variables. Thus, the performance of the subsequent
correlation reconstruction can be evaluated.

For spatial downscaling, univariate linear and non-
linear transfer functions were respectively developed
between the ranked historical monthly data and
ranked GCM grid-scale monthly data of the control
period (1961−2005), then applied to the GCM grid-
scale monthly data of a future period (2011−2040) to
obtain the future monthly climate for the target sta-
tion. The nonlinear function is used to transform the
GCM monthly data that are within the range in
which the nonlinear function is fitted, while the lin-
ear function is used for the values outside the range.
The downscaled monthly climate is then used to cal-
culate the monthly mean and variance of a future
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Fig. 1. Flow chart of the multisite and multivariate general circulation model (GCM) downscaling
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period, which will be used in the temporal downscal-
ing to adjust weather generator baseline parameters.
Spatial downscaling is carried out for each month, for
each variable and for each site.

Temporal downscaling is used to transform the
 spatially downscaled GCM monthly data to a daily
scale through adjusting weather generator baseline
parameters for the control period of 1961−2005. A
Richardson-type weather generator was used in this
study, which generates precipitation occurrence and
amount by the first-order 2-state Markov Chain and
the skewed normal distribution, and generates daily
Tmax and Tmin by the normal distribution. Therefore,
the precipitation-related statistical parameters are
the means and variances of daily nonzero precipita-
tion amounts and transition probabilities, and are
 adjusted based on the developed relationships from
historical data. The temperature-related parameters
are the means and variances of daily Tmax and Tmin.
Future daily temperature means are obtained by
adding the downscaled mean Tmax and Tmin shifts to
the baseline means, and daily temperature variances
are generated by multiplying the baseline variances
by the calculated variance ratios. Then the adjusted
parameters are used to generate daily series of P, Tmax

and Tmin with the statistical characteristics of future
climate. The length of the generated series is 100 yr.

2.2.  Rebuilding intersite and 
intervariable  correlations

After generating future daily weather data, a distri-
bution-free shuffle procedure developed by Iman &
Conover (1982) is used to rebuild the intersite and
intervariable correlations through pairing independ-
ent variables to induce the desired rank correlation
structure. This method has been successfully applied
to reconstruct the correlations between precipitation
amount and duration at single site (Zhang 2005a,
Chen et al. 2009), and the intersite correlation of pre-
cipitation for a network of weather stations (Tarpan-
elli et al. 2012, Li 2014). The algorithms are pre-
sented as follows according to the theoretical basis:
let x be an n × k matrix, among which the rows, n,
represent the total number of days for each month
(number of years × number of days for each month;
e.g. 100 yr × 31 d in January = 3100 in January for
this study), and the columns, k, represent the number
of P, Tmax and Tmin at all stations (number of stations ×
number of variables; e.g. 15 sites × 3 variables = 45 in
this study). Suppose c is a k × k matrix for the target
rank correlation matrix including the intersite and

intervariable correlation of P, Tmax and Tmin. After
decomposing c using the Cholesky factorization
scheme (Golub & Van Loan 1996) and obtaining a
matrix of x r ’ that has the desired correlation struc-
ture, the generated daily series of weather data can
be reordered according to the ranks of x r ’. It should
be noted that the step of new matrix x r ’ generation is
based on a van der Waerden scores matrix, s, con-
verted from the ranks of x; therefore, the new matrix
is actually s r ’. The s is converted from the rank by
Φ−1[i / (n + 1)], where Φ−1 is the inverse function of the
standard normal distribution, and i stands for the
rank of each column. The above procedure is carried
out on a monthly basis, i.e. one shuffle for each
month, but simultaneously for all stations and all 3
variables.

The target correlation matrix is a key input for cor-
relation reconstruction. Nevertheless, the correlation
coefficients among sites and variables can evolve
over time because of the non-stationarity in climate.
To take this aspect into account, Bárdossy & Pegram
(2012) and Pegram & Bárdossy (2013) used the corre-
lation coefficients from RCM outputs to adjust those
observed, assuming that RCM can capture the
changes in spatial patterns. However, Bárdossy &
Pegram (2012) found that the average of the spatial
correlations for the period 2021−2050 only increased
by 0.01 compared to the average for the control
period in the Rhine Basin. Therefore, it is reasonable
to assume a stationary spatial pattern in climate for
the near future. We therefore directly applied the
observed intersite and intervariable correlations to
future climate in this study.

An example dataset for precipitation from 2 stations
and 10 d is shown in Table 1. The ranks of the 2 station
series x were first calculated, among which dry days
were randomly assigned with small values less than
the threshold for wet events in order to get different
ranks. Then a new matrix, s r ’, was generated by mul-
tiplying the van der Waerden scores matrix s by the
upper triangular matrix r ’. After rearranging x ac-
cording to the ranks of s r ’, the new data series was
obtained. The orders of wet events in the old dataset
(the daily data from single-site weather generator in
this case) were perturbed to obtain the new dataset
with the target spatiotemporal correlations.

3.  EVALUATION AND IMPROVEMENT

The single-site downscaling technique employed
in this study can satisfactorily reproduce the target
statistics such as means and variances of meteorolog-
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ical variables; further, the spatial downscaling ap -
proach can retain the observed probability distribu-
tion for future climate, and the temporal downscaling
method can take the non-stationarity in climate into
account (Zhang 2005b, 2013). Therefore, the spa-
tiotemporal downscaling technique used in this study
performs well for climate change scenario develop-
ment at single site. Since these results have been
presented in our previous studies (Li et al. 2011,
2012), a detailed evaluation is not provided here.
Instead, this section focuses on the performance of
the correlation reconstruction method by comparing
the target (downscaled GCM data) with the gener-
ated parameters, including statistical parameters
such as means and variances, precipitation occur-
rence structure, and intersite and intervariable corre-
lations.

3.1.  Data description

In total, 3 datasets were used for GCM downscal-
ing: historical observations from weather stations,
hindcast simulations from GCMs and future projec-
tions from GCMs. The meteorological variables in -
cluded P, Tmax and Tmin. The historical observation
was obtained from 18 weather stations in the Jing
River catchment in China (Fig. 2). The Jing River
catchment has an area of 45 421 km2 with a long-
term mean annual precipitation of 555.6 mm and
annual mean temperature of 9.6°C (1961−2010). Most
of the precipitation falls in summer (JJA) and fall
(SON), while it is very dry in winter (DJF) and spring
(MAM).

When assessing the impacts
of climate change on hydrol-
ogy, multiple GCM and emis-
sion scenarios should be used
to incorporate potential uncer-
tainties. Nevertheless, this study
focused on the development of
a multisite and multivariate
downscaling method; only 1
GCM under 1 representative
concentration path way (RCP)
was used. We used CanESM2
from the Canadian Centre for
Climate Modelling and Analy-
sis with a grid size of 2.8 × 2.8°,
with the emission scenario
RCP2.6, implying that CO2

concentration peaks at 490 ppm.
For the period of 1961−2005,

the observed and GCM-hindcasted data were used
for the development of transfer functions, and then
the GCM-projected data for the period of 2011−2040
were used for the development of climate change
scenarios.

3.2.  Intersite and intervariable correlations

The performance of the proposed method for cor-
relation reconstruction was evaluated for 1 mo of
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Day X             Ranks         s r ’    Shuffled ranks  New data series
           S1      S2          S1   S2            S1        S2            S1   S2                 S1       S2

1        29.9   30.9         9     10          0.91    1.56           9      9                 29.9    23.5
2           0        0            3      1           −0.60   −1.33           3      1                   0         0
3           0        0            2      3           −0.91   −1.08           2      2                   0         0
4        3.4      0            6      4            0.11    −0.14           6      5                 3.4       0
5           0        0            5      6           −0.11   −0.01           5      7                   0       6.5
6        6.6      0            8      5           0.60    0.38           8      8                 6.6    18.9
7           0      6.5         4      7           −0.35   −0.03           4      6                   0         0
8           0      18.9         1      8           −1.34   −0.61           1      3                   0         0
9        38.6   23.5        10     9           1.34    1.60          10    10                38.6    30.9
10       5.0       0            7      2           0.35   −0.33           7      4                 5.0       0

Table 1. Example of the shuffle procedure for precipitation to reconstruct intersite cor-
relations. S1 and S2: stations. Ranks: ranks of X. Small values less than the wet thresh-
old are randomly assigned to dry days to differentiate their ranks. Shuffled ranks are 

used to rearrange the values in X

Fig. 2. Jing River catchment and spatial distribution of 
weather stations. Blue area in inset: Loess Plateau
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each season. No correlation was generated by the
downscaling technique with single-site weather
generator (first row of Fig. 3). After applying the
distribution-free shuffle procedure, the rebuilt cor-
relations were very close to those observed; how-
ever, large differences remained in the intersite
 correlations of P and P or intervariable correlations
of P and Tmax, and P and Tmin (second row of Fig. 3).
Nevertheless, strong linear relationships were evi-
dent between the observed and generated correla-
tions. For example, the linear equation for intersite
correlations of P and P in June was Cgen = 0.9911Cobs

− 0.1048 (R2 = 0.96). Accordingly, the performance
of the shuffle procedure can be improved by linear
adjustment of the input correlation matrices. Subse-
quently, the ob served intersite and intervariable
correlations were almost perfectly reproduced (third
row of Fig. 3).

3.3.  Precipitation occurrence structure

The shuffle procedure successfully rebuilt the inter-
site and intervariable correlations, whereas the dry
and wet events were arranged more evenly than the
observations, which influenced the occurrence struc-
tures. The projected transition probabilities of Pw/w

(transitional probabilities of wet days following wet
days) and Pw/d (transitional probabilities of wet days
following dry days) were respectively greater and
smaller than the observed data (Fig. 4), which sug-
gested that long-duration wet events could possibly de -
crease in the future. However, the potential changes
were amplified by the shuffle procedure, especially
for the wet/wet events. Therefore, an adjustment
should be carried out for the occurrence structure.

A second shuffle was used to rearrange the shuffled
data according to the occurrence structure that was
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Fig. 3. Observed (OBS) and generated intersite and intervariable Spearman correlations. First row: OBS versus data from
weather generator (WG); second row: OBS versus shuffled WG data without adjustment of the input correlation matrices
 (Shuffle-noadj); third row: OBS versus shuffled WG data with linear adjustment of the input correlation matrices (Shuffle-linear)
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generated by the weather generator. For each month,
the control station with the greatest mean intersite
correlation coefficient was selected out of all stations.
The occurrence structure of the control station in the
shuffled matrix was then rearranged according to
those from the weather generators. An example is
shown in Table 2: let S4 be the control station. Its oc-
currence series were taken from the weather genera-
tor, and then the occurrence after the shuffle was ad-
justed. Specifically, 4 wet days were presented for S4
by the weather generator: i.e. Days 1, 4, 8 and 9. How-
ever, after the first shuffle, they were re-ordered to
Days 3, 4, 7 and 9. Between these 2 occurrence series,
the order of 2 wet days did not match. To rearrange
the occurrence after the first shuffle, the 3rd and 7th
line were respectively moved to the 1st and 8th line.

Obviously, the occurrence structures
were greatly improved even though
there were still some slight deviations
from the projected values (Fig. 4).

3.4.  Statistical parameters

The climate during 2011−2040 ap -
pears wetter, warmer and more vari-
able than that during 1961–2005, since
the averages and variances of precipi-
tation and temperature are greater than
that of the observed values (Fig. 5).
The projected changes in mean pre-
cipitation and temperature were re-
produced well by the multisite and
multivariate downscaling procedure;
however, the variances were underes-
timated, especially for Tmax and Tmin

(Fig. 5). Such underestimation of low-
frequency variability is an inherent
weakness of weather generators (Wilby
1998, Khazaei et al. 2013), which is per-
petuated by the correlation reconstruc-
tion procedure, since it only changes
the positions of weather events.

To correct this low-frequency vari-
ability, the monthly time series of P,
Tmax and Tmin were generated by a first-
order multivariate autoregressive pro-
cess, and then used to adjust the corre-
sponding monthly means generated by
the daily model. Daily precipitation
amounts were adjusted multiplicatively
while daily temperature series were ad-
justed additively. The procedure is not

presented here, but can be referred to in several other
studies (e.g. Hansen & Mavromatis 2001, Dubrovský
et al. 2004, Kha zaei et al. 2013). Subsequently, the low-
frequency variability of the generated data was sub-
stantially improved (Fig. 5). The generated mean and
standard deviations of precipitation were very close to
those downscaled from GCM (Fig. 5a,b), and those for
temperature were almost the same as the parameters
downscaled from GCM (Fig. 5c−f).

3.5.  Double check of the intersite and
intervariable correlations

After occurrence structure adjustment and low-fre-
quency variability correction, the intersite and inter-
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WG occurrence Occurrence after shuffle Adjusted occurrence
                             Order   S1  S2  S3  S4  S5       Shuffled   S1  S2  S3  S4 S5
Control                                                                     order

1                                1        1    1    1    0    0              3           1    1    1    1   1
0                                2        0    0    0    0    0              1           1    1    1    0   0
0                                3        1    1    1    1    1              2           0    0    0    0   0
1                                4        1    1    1    1    1              4           1    1    1    1   1
0                                5        0    0    0    0    0              5           0    0    0    0   0
0                                6        0    0    0    0    0              6           0    0    0    0   0
0                                7        1    0    0    1    0              8           0    0    0    0   0
1                                8        0    0    0    0    0              7           1    0    0    1   0
1                                9        1    1    1    1    1              9           1    1    1    1   1
0                               10       0    0    0    0    0             10          0    0    0    0   0

Table 2. Example of occurrence structure adjustment: 0 and 1 respectively
represent dry and wet status; WG: occurrence from single-site weather gener-
ator; control: data from control station. Suppose S4 is the control station — the
occurrence after shuffle is rearranged according to that of the control station 

from WG, then the adjusted occurrence is obtained

Fig. 4. Observed (OBS) transition probability of Pw/w and Pw/d versus those
downscaled from the general circulation model (Target), generated from shuf-
fled data without (Shuffle) or with adjustment of occurrence structure (Shuffle-
occ). The historical period is 1961−2005 and the projection period is 2011−2040
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variable correlations were slightly perturbed. For
example, the intersite correlations of Tmax and Tmax

and Tmin and Tmin became smaller, while the inter-
variable correlations of P and Tmax slightly increased
(Fig. 6). The correlation alteration was derived
mainly from the low-frequency correction, since it
changed the daily weather data while the occurrence
adjustment only changed the positions of rows. Nev-
ertheless, the values were very close to the observa-

tion, and the performance of the pro-
posed method for correlation recon-
struction was thus satisfactory.

4.  SUMMARY AND CONCLUSIONS

This study proposed a 2-step me -
thod for multisite and multivariate
GCM downscaling, in which the first
step generates single-site climate
change scenarios and the second step
assigns appropriate intersite and in -
tervariable correlations to the daily
weather data obtained from the first
step. The first step is independent of
the second; therefore, it is open to any
downscaling technique at single site.
The second step rebuilds the intersite
and intervariable correlation recon-
struction with a distribution-free shuf-
fle procedure. As a post-processing
method, it does not change the sta -
tistical parameters of meteo ro logical
variables; thus, it can be applied to
any weather generation procedure or
downscaling algorithm.

Compared with several similar stud-
ies for multisite precipitation genera-
tion or recorrelating daily precipita-
tion from dynamical downscaling
(Bárdossy & Pegram 2011, 2012,
Tarpanelli et al. 2012, Pegram & Bár-
dossy 2013, Li 2014), the proposed
method takes intervariable correlation
into account. Thus, it considers the
joint dependence structure of the 3
variables. Overall, the benefit of the
proposed method is its high efficiency
and good performance. It can recorre-
late the downscaled daily data for all
sites and all 3 variables by a simple
shuffle for each month without exces-
sive parameter estimation or iterative

optimizations. Taking the 15 sites in this study as an
example, it takes 27 s to rebuild all the correlations in
downscaled daily weather data by a laptop with a 2.4
GHz processor of Intel i7−5500 running Matlab
v.2012a. The weakness of the proposed method is the
slight perturbation of precipitation occurrence struc-
ture. This is a typical weakness of post-processing
methods (Clark et al. 2004a, Bárdossy & Pegram
2012, Pegram & Bárdossy 2013) and has been re -
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Fig. 5. Observed statistics (OBS) versus those downscaled from the general
circulation model (Target), or generated by shuffled data without (Shuffle) or
with low-frequency variability correction (Shuffle-LF). In (a), (c) and (e), val-
ues from different methods are almost the same; thus, some series are ob-
scured. In (d) and (f), values from Shuffle-LF are almost the same as Target;
thus, OBS vs. Target cannot be shown. The historical period is 1961−2005 

and the projection period is 2011−2040
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ported from some other methods, such as the non -
homogeneous hidden Markov model, K-nearest-
neighbor or weather-type sampling methods (Palu ti -
kof et al. 2002, Mehrotra & Sharma 2005). However,
the generated climate can be used to accurately sim-
ulate hydrological extremes and variability, at least
on a monthly basis (Li 2014).

Only 1 GCM under 1 RCP was used in this study,
which is not enough for climate change projection;
nevertheless, it is reasonable in method development,
since the proposed methods do not have preferences
for any specific GCM or RCP. The observed correla-
tions, instead of those projected, were used under the
assumption of nonstationary spatial patterns in cli-
mate. As stated in the method description, this as-
sumption is reasonable for near-future climate ac-
cording to the simulation from the RCM (Bárdossy &
Pegram 2012). Furthermore, as the correlation matri-
ces are only inputs of the methods, it can be taken into
account by feeding the re correlation procedure with
correlation matrices calculated from the daily projec-
tions of RCMs or GCMs. In such cases, the projection
from RCM would be better than that from GCM, since
the former provides higher spatial resolution and ac-
curacy; even though bias correction is essential for
RCM projection.

The way that the proposed method incorporates
the evolution of correlations is similar to other post-
processing methods, but differs from pre-processing
circulation-based methods such as generalized linear
models. Circulation-based methods develop sta tis -
tical relationships between local predictands and

large-scale predictors and then apply them to the
other periods; therefore, they indirectly incorporate
the changes in correlations by feeding the developed
relationships with the predictors from future periods.
To give a good performance, the developed relation-
ships in the circulation-based methods should be val-
idated with out-of-sample data. If the relationships
are not well developed, the target correlations and
statistical parameters of climatic factors cannot be
reproduced satisfactorily (Asong et al. 2016). How-
ever, out-of-sample validation is not necessary for the
proposed method or the other post-processing meth-
ods for correlation reconstruction, since no regres-
sion was carried out with additional variables. This is
why the proposed method is efficient and performs
well.
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