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of multi-RCM ensemble-averaged projected changes to 
mean and selected return levels of drought characteristics 
show increases over the southern and south-western parts 
of the study area. Based on bi- and trivariate joint occur-
rence probabilities of drought characteristics, the southern 
regions along with the central regions are found highly 
drought vulnerable, followed by the southwestern and 
southeastern regions. Compared to the SPI-based analy-
sis, the results based on SPEI suggest drier conditions over 
many regions in the future, indicating potential effects of 
rising temperatures on drought risks. These projections 
will be useful in the development of appropriate adaptation 
strategies for the water and agricultural sectors, which play 
an important role in the economy of the study area.

Keywords Drought characteristics · Copula · Multivariate 
frequency analysis · Multivariate homogeneity testing · 
Regional climate model · NARCCAP · Canadian Prairie 
Provinces

1 Introduction

Drought is considered to be a continuous dry weather phe-
nomenon with abnormally low precipitation for a period 
ranging from several months to years. It can cause severe 
damage to both the natural environment and human lives. 
For example, the 2012–2013 U.S. drought in the Central 
Plains caused more than US $12 billion in damages in the 
U.S., while the 1995 drought in Spain and the 1982 drought 
in Australia cost US $4.5 and US $6 billion, respectively 
(Touma et al. 2015). In spite of having world’s largest 
freshwater resources, Canada is not drought proof. Several 
multi-year droughts for the 1890s, 1910s, 1930s, late 1950s, 
early 1960s and 1980s have been reported in the southern 

Abstract This study assesses projected changes to drought 
characteristics in Alberta, Saskatchewan and Manitoba, the 
prairie provinces of Canada, using a multi-regional climate 
model (RCM) ensemble available through the North Amer-
ican Regional Climate Change Assessment Program. Simu-
lations considered include those performed with six RCMs 
driven by National Center for Environmental Prediction 
reanalysis II for the 1981–2003 period and those driven 
by four Atmosphere–Ocean General Circulation Models 
for the 1970–1999 and 2041–2070 periods (i.e. eleven cur-
rent and the same number of corresponding future period 
simulations). Drought characteristics are extracted using 
two drought indices, namely the Standardized Precipita-
tion Index (SPI) and the Standardized Precipitation Evap-
otranspiration Index (SPEI). Regional frequency analy-
sis is used to project changes to selected 20- and 50-year 
regional return levels of drought characteristics for fifteen 
homogeneous regions, covering the study area. In addition, 
multivariate analyses of drought characteristics, derived 
on the basis of 6-month SPI and SPEI values, are devel-
oped using the copula approach for each region. Analysis 
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parts of the Alberta, Saskatchewan and Manitoba provinces 
of Canada. The drought experienced during the 1999–2004 
period was the most severe over the last 100 years (Evans 
et al. 2011). Gross domestic product declined respectively 
by $2.1 and $3.6 billion in the years 2001 and 2002, with 
the total loss estimated over the same period amounted to 
$5.8 billion (Wheater and Gober 2013). Considering the 
massive impact of droughts, it is important to know how 
anticipated climate change will influence drought charac-
teristics in this region. Projections of future droughts will 
be useful for the assessment of climate change impacts on 
water infrastructure and agriculture and in the development 
of efficient adaptation strategies.

The primary tool to assess future climate change is to 
use simulations of coupled global and regional climate 
models when these models are integrated from the recent 
past to some point in time in the future (Flato et al. 2013). 
Currently, regional climate models (RCMs) offer higher 
spatial resolution than Global Climate Models (GCMs) 
and therefore, RCMs can help represent many finer scale 
features and atmospheric processes which are not possible 
using GCMs (e.g. see Leung et al. 2004; Giorgi 2006; May 
2008; Gao et al. 2012; Torma et al. 2015). Due to these 
merits of RCMs, many studies have used RCM simulations 
for the assessment of future changes to climatic extremes 
including droughts (e.g. Beniston et al. 2007; Sushama 
et al. 2010; Nikulin et al. 2011; Poitras et al. 2011; Gao 
et al. 2014; Jeong et al. 2014; Diasso and Abiodun 2015; 
Huang et al. 2015).

This study explores projected changes to drought char-
acteristics and future drought risks over the Canadian 
Prairie Provinces of Alberta, Saskatchewan and Manitoba 
based on the North American Regional Climate Change 
Assessment Program (NARCCAP) multi-RCM ensemble. 
The use of multi-RCM ensemble is important to quan-
tify various sources of uncertainties such as those due to 
the internal dynamics and physics of the RCMs and those 
due to the lateral boundary data from driving GCMs. The 
multi-RCM ensemble is also useful in reducing the uncer-
tainty associated with the projections of a single model by 
averaging results of various models. Drought events are 
defined on the basis of Standardized Precipitation Index 
(SPI; McKee et al. 1993), which is a purely precipitation-
based index, and Standardized Precipitation Evapotranspi-
ration Index (SPEI; Vicente-Serrano et al. 2010), which is a 
temperature and precipitation-based index. The use of SPI 
and SPEI together helps to better understand the impact 
of future rises in temperature on drought characteristics. 
Drought events are characterized in terms of three associ-
ated characteristics, i.e. drought severity, duration and max-
imum severity. These characteristics are modelled using the 
univariate regional frequency analysis (RFA) approach of 
Hosking and Wallis (1997) and copula-based multivariate 

approaches. Within the multivariate frequency analysis 
framework, copula-based bi- and trivariate frequency anal-
yses are performed to study projected changes to drought 
characteristics. Compared to univariate approaches, cop-
ula-based multivariate approaches are useful in modelling 
inter-dependence of drought characteristics and thus can 
provide more realistic information for drought risk analy-
sis and in the identification of drought sensitive geographic 
regions.

Examples of previous studies wherein copula-based 
bivariate analysis of drought characteristics was under-
taken include the studies by Serinaldi et al. (2009), Kao and 
Govindaraju (2010), Halwatura et al. (2015), and Masud 
et al. (2015). It is important to note that most of these stud-
ies were performed using observational data. Quite a few 
drought-related studies have also used a trivariate analy-
sis approach. For example, Wong et al. (2010) analyzed 
droughts in Australia based on rainfall data categorized into 
three climatic states (i.e. El-Niño, Neutral and La-Niña) 
and using the Gumbel–Hougaard and t-copulas to model 
these states. Madadgar and Moradkhani (2013) explored 
drought risks under climate change using Gumbel and 
t-copula in Oregon’s Upper Klamath River Basin. They 
found less frequent droughts in the future compared to the 
historical period. Ganguli and Reddy (2013) performed 
multivariate frequency analysis of droughts for three mete-
orological subdivisions of western India using multivari-
ate copula functions and demonstrated the importance of 
trivariate frequency analysis, which provided significant 
additional insights for drought risk management over the 
univariate approaches. Ma et al. (2013) applied copula-
based trivariate approach to investigate changing behavior 
of drought events in the Weihe River Basin, China.

Frequency analysis of drought characteristics has mostly 
been performed on the basis of non-regional univariate and/
or multivariate approaches and on the basis of regional uni-
variate approaches only. Some forms of regional multivari-
ate approaches are beginning to emerge for other hydro-
meteorological variables (e.g. Chebana and Ouarda 2007; 
Sadri and Burn 2011; Rajsekhar et al. 2013). In the pre-
sent study, both univariate and multivariate approaches are 
explored for the analysis of projected changes to drought 
characteristics on a regional basis by defining and validat-
ing homogeneous regions based on cluster analysis and 
multivariate L-moments, developed by Serfling and Xiao 
(2007), and multivariate homogeneity tests developed by 
Chebana and Ouarda (2007).

This paper is organized as follows: description of the 
study area, observed datasets, and RCM simulations used 
in the study are described in Sect. 2. Description of the 
methodology for characterizing drought events, performing 
univariate RFA and copula-based multivariate frequency 
analyses are provided in Sect. 3. Validation and boundary 
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forcing analysis of RCMs, development of projected 
changes to selected drought characteristics, and some other 
supporting results of the study are presented and discussed 
in Sect. 4, followed by the main conclusions in Sect. 5.

2  Study area, observed and model data, and the 
reference grid

The study area consists of Alberta, Saskatchewan and Man-
itoba provinces of Canada (Fig. 1). Southern parts of these 
provinces, particularly the Prairies ecozone, are important 
for agricultural activities and account for around 80 % of 
the Canadian agricultural production (Wheater and Gober 
2013). The ecosystem of this region is heavily dependent 
on precipitation. The mean annual precipitation for the 
Prairies ecozone is 454 mm, which is much less than the 
Canada-wide average of 535 mm (McGinn 2010). The spa-
tial distribution of temperature over this ecozone is gener-
ally dominated by a latitude effect in the absence of any 
dramatic change in topography and mitigating impact of 
oceans (Bonsal et al. 2012). The average annual maximum 
and minimum temperature in this region are respectively 
8.1 and −4.1 °C with considerable variability between 
seasons (McGinn 2010). Due to the high variability of 
precipitation in both time and space and relatively higher 
summer temperatures, this region is more susceptible to 
droughts (Pomeroy et al. 2011). Also, it has been found that 
circulation patterns in the upper atmosphere are associated 

with onset of droughts. Historically, this region was highly 
affected by many single- to multi-year droughts, including 
the most recent drought of 1999–2005.

2.1  Observed data

Observed data used in this study consist of 10 km × 10 km 
gridded data of daily maximum and minimum temperatures 
(°C) and total daily precipitation (mm) for the 1961–2003 
period. This dataset, available from Agriculture and Agri-
Food Canada for the entire country south of sixty degrees 
north latitude, was interpolated from daily Environment 
Canada climate station observations using a thin-plate 
smoothing spline surface fitting method implemented by 
ANUsplin V4.3 (Hutchinson 2004). In the present study, 
this dataset is used for dividing the study area into smaller 
homogeneous regions to facilitate the development of uni- 
and multivariate frequency analysis approaches, to be dis-
cussed in the methodology section. In addition, a second 
set of station-based data consisting of daily precipitation 
and maximum and minimum temperatures, available from 
Environment Canada for the 1961–2003 period for a net-
work of 120 stations located across the study area, is con-
sidered. This station-based dataset, which is commonly 
referred to as adjusted and rehabilitated dataset (Mekis and 
Vincent 2011), is used as an additional source for validating 
statistical homogeneity of regions identified on the basis 
of the gridded dataset discussed above. It is important to 
mention that some of the underlying stations are included 
in both datasets, but not necessarily the data itself due to 
incorporated adjustments in the second dataset.

2.2  Model simulations

Outputs from six different RCMs, driven by National 
Center for Environmental Prediction (NCEP) reanalysis II 
and four different Atmospheric-Ocean General Circulation 
Models (AOGCMs), available through NARCCAP are con-
sidered in this study (see Table 1). The aim of NARCCAP 
was to produce RCM simulations for a common period and 
domain (Mearns et al. 2009) to aid in systematic evaluation 
of various sources of uncertainty in future climate projec-
tions. These simulations were produced in two phases. In 
Phase I, simulations from CRCM, ECP2, HRM3, MM5I, 
RCM3 and WRFG RCMs were produced with boundary 
conditions from NCEP reanalysis II for a 25 year reference 
period (1981–2003). In Phase II, RCM simulations with 
boundary conditions taken from four different AOGCMs 
(i.e. CCSM, CGCM3, GFDL and HADCM3) for the 1970–
1999 current and 2041–2070 future climates, with Special 
Report on Emissions Scenarios (SRES) A2 scenario (Naki-
cenovic et al. 2000), were produced. The NCEP-driven 
simulations are used to assess performance of individual 

Fig. 1  Map of the study area overlaid with the reference grid; inset 
shows location of the study region (AB Alberta, SK Saskatchewan, 
MN Manitoba) in Canada
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RCMs, while 11 pairs of AOGCM-driven simulations for 
the current and future period are used in the assessment of 
projected changes to selected drought characteristics, dis-
cussed in the section on methodology. In this study, individ-
ual RCM simulations will be referred to as ‘RCM_LBC’, 
where RCM stands for the acronym of the RCM and LBC 
for the lateral boundary condition, i.e. NCEP reanalysis or 
the AOGCM driving the RCM at its boundaries. For exam-
ple, CRCM simulation driven by CGCM3 will be referred 
to as CRCM_CGCM3. Though the simulation domains of 
the RCMs cover most of North America, as noted above, 
this study focuses only on Alberta, Saskatchewan and Man-
itoba provinces of Canada.

2.3  Reference grid

All RCMs have roughly the same horizontal resolution 
(i.e. 50-km) but different projections on the spherical earth. 
Therefore, a common reference grid (i.e. half-degree Uni-
versity of Delaware grid; Fig. 1) is considered in order to 
ease inter-comparison of results. All model outputs were 
interpolated to this reference grid using spline interpola-
tion, while observed 10-km gridded data were aggregated 
to this reference grid before doing any analysis. This refer-
ence grid has been used in some previous studies wherein 
NARCCAP RCM simulations were used (e.g. Mearns et al. 
2012).

3  Methodology

This section provides information on the framework used 
for deriving future changes to drought characteristics based 
on the NARCCAP multi-RCM simulations. It is important 
to note that most of the analyses are targeted at the level 
of individual grid cells which then feed into regional level 

analyses for the entire study area. Thus, first the proce-
dures for deriving drought events are described, followed 
by identification of homogeneous regions of the study area 
and univariate and multivariate frameworks for frequency 
analysis of drought characteristics.

3.1  Drought indices, drought events and their 
characteristics

Various drought indices are available to detect and monitor 
droughts. However, the choice of indices depends mainly 
on the desired objectives of the study, available data, ease 
of computation, and interpretation of the results obtained. 
In this study, two different drought indices namely the SPI, 
which is solely based on precipitation, and SPEI, which is 
based on the difference between precipitation and poten-
tial evapotranspiration, are used to define drought events. 
By considering potential evapotranspiration, other mete-
orological variables such as temperature become relevant. 
According to Guttman (1998), the SPI, which is also rec-
ommended by WMO (2009), gives a better representa-
tion of drought-like conditions than the Palmer Drought 
Severity Index because it is the precipitation deficit that 
ultimately leads to hydrological and agricultural droughts. 
The SPEI has great potential to represent drought-like con-
ditions as it considers a broader measure of the climatic 
water balance in the context of global warming compared 
to SPI (Potop et al. 2012; Jeong et al. 2014; Stagge et al. 
2015). Both indices can be calculated for various time 
scales, e.g. 1-, 3-, 6-, 12-, 24-month etc., depending upon 
the nature of application. Based on the results reported in 
a related previous study (Masud et al. 2015), SPI and SPEI 
values corresponding to the 6-month time scale are used in 
this study. In the study of Masud et al. (2015), the 6-month 
time scale was found to capture well both short- and long-
term meteorological droughts in the Saskatchewan River 

Table 1  The NARCCAP 
simulations used in the study

Details of RCMs and AOGCMS: CRCM Canadian Regional Climate Model (Caya and Laprise 1999), 
ECP2 Experimental Climate Prediction (Juang et al. 1997), HRM3 Hadley Regional Model 3 (Jones et al. 
2003), MM5I NCAR Mesoscale Model (Grell et al. 1993), RCM3 Regional Climate Model version 3 (Pal 
et al. 2007), WRFG Weather Research and Forecasting Grell Model (Grell and Devenyi 2002), GFDL Geo-
physical Fluid Dynamics Laboratory (GFDL GAMDT 2004), CGCM3 Third General Coupled Global Cli-
mate Model (Flato 2005), HADCM3 Hadley Centre Coupled Model version 3 (Gordon et al. 2000), CCSM 
Community Climate System Model (Collins et al. 2006)

RCM Driving AOGCM Acronym for each model

GFDL CGCM3 HADCM3 CCSM

CRCM – √ – √ CRCM_CGCM3; CRCM_CCSM

ECP2 √ – – – ECP2_GFDL

HRM3 √ – √ – HRM3_GFDL; HRM3_HADCM3

MM5I – – √ √ MM5I_HADCM3; MM5I_CCSM

RCM3 √ √ – RCM3_GFDL; RCM3_CGCM3

WRFG – √ – √ WRFG_CGCM3; WRFG_CCSM

2688



Future changes to drought characteristics over the Canadian Prairie Provinces based on NARCCAP…

1 3

Basin, which is the largest river basin of the study area. The 
calculation procedures of both SPI and SPEI are the same 
except the input variable. SPEI is calculated using the dif-
ference between precipitation and potential evapotranspira-
tion (PET) (hereafter this difference is represented by E). 
Both simple and complex methods exist for calculating 
PET, however, the use of any method to calculate PET does 
not affect drought analysis much as noted by Mavromatis 
(2007). In this study, Hargreaves method (Hargreaves and 
Samani 1985), which simply uses the maximum and mini-
mum temperature for estimating PET, is used. This method 
was ranked at the top among the temperature-based meth-
ods in the American Society of Civil Engineers Manual 
70 analysis (Jensen et al. 1990). Wang et al. (2012) evalu-
ated five temperature based approaches (i.e. Thornthwaite, 
Hargreaves, Linacre, Hamon and a vapor deficit method) 
to calculate monthly PET for Western North America and 
found Hargreaves method the best. Also, this method was 
recommended for estimating PET for the Canadian Prairies 
region in the inter-comparison study of Maulé et al. (2006). 
It is also important to note that Hargreaves and Samani 
(1982) and Mohan (1991) found that the Hargreaves 
method consistently produces accurate estimates of PET as 
compared to using the energy balance techniques, the Pen-
man combination equation and the lysimetric methods.

Following a detailed comparative investigation based 
on the Kolmogorov–Smirnov (KS) and Z goodness-of-
fit tests, the five parameter Wakeby distribution (Hosking 
and Wallis 1997; Masud et al. 2015) was selected to model 
P and E samples. The Wakeby distribution can mimic the 
shapes of many other commonly used skew distributions 
[e.g., Generalized Extreme Value (GEV), Generalized Nor-
mal (GNO), Pearson Type-III (PE3), Generalized Logistic 
(GLO), Generalized Pareto (GPA) etc.; Hosking and Wal-
lis 1997] and therefore, has the potential to adapt to which-
ever distribution is suitable for a certain region/area/station. 
After estimating the distribution function of P and E sam-
ples at a six-month time scale for a given month, cumula-
tive probabilities of P and E values are calculated. The SPI 
(SPEI) time series are produced by mapping the cumulative 
probabilities of P (E) series onto the standard normal distri-
bution function for each case considered (i.e. observed and 
RCM_LBC cases). It is important to note that for calculat-
ing SPI and SPEI series for future climate, the cumulative 
probabilities of the future precipitation series are calculated 
from the fitted distribution functions for the current climate 
at the same grid cell of the same RCM_AOGCM simula-
tion. To minimize the effect of minor droughts, drought 
events are identified considering a threshold of −0.50 for 
both SPI and SPEI, i.e., a drought event is considered when 
the value of SPI/SPEI is smaller than this threshold. Three 
important drought characteristics, i.e. duration (i.e. con-
tinuous sequence of SPI/SPEI values that satisfy the above 

threshold criterion), severity (i.e. cumulative sum of all 
SPI/SPEI values over the duration) and maximum severity 
(i.e. the largest drought severity within a drought event), are 
extracted for each drought event. However, for calculation 
convenience, drought severity is multiplied by −1. Some 
additional procedural details with schematic diagrams can 
be found in Masud et al. (2015).

3.2  Delineation of homogeneous geographic regions

The study area has been shown to be heterogeneous due 
to variations in climatic patterns and topographic features 
(Armstrong et al. 2015) and, therefore, is divided into 
smaller statistical homogeneous regions using cluster anal-
ysis, which is one of the commonly used statistical multi-
variate analysis techniques. Individual grid characteristics, 
i.e. geographic location (latitude, longitude and elevation), 
average drought severity and duration and mean annual 
precipitation are used as input attributes. Using this tech-
nique, one combines a set of sites (i.e. grid locations in 
the present study) into groups with similar characteristics 
or features of interest (Hosking and Wallis 1997; Rao and 
Srinivas 2008). Herein, hierarchical clustering (Kaufman 
and Rousseuw 1990) is used for the entire study area. This 
technique cannot always provide exact formation of groups 
and, therefore, some subjective adjustments are applied 
in order to arrive at meaningful contiguous geographic 
regions (Hosking and Wallis 1997; Masud et al. 2015). 
Once such regions are delineated, their statistical homo-
geneity needs to be tested. For this purpose, Hosking and 
Wallis (1997) proposed an L-moments-based univariate 
test. According to this test, statistics of only one drought 
characteristic (e.g. either drought severity or drought dura-
tion) can be considered. The regions found homogeneous 
on the basis of the univariate test may not always be homo-
geneous for different drought characteristics in a multivari-
ate context. This problem is resolved by using multivariate 
L-moments-based multivariate homogeneity tests of Che-
bana and Ouarda (2007). Multivariate L-moments were 
developed by Serfling and Xiao (2007). It is important to 
note that a homogeneous region helps to increase the effec-
tive length of data, which in turn increases the accuracy of 
the estimated return levels.

3.3  Regional characteristics of drought severity 
and duration

After verifying statistical homogeneity of all delineated 
regions based on uni- and multivariate approaches dis-
cussed above, the next step is to select a flexible regional 
distribution for each homogeneous region from some suit-
able candidate distributions in order to develop regional 
growth curves. A regional growth curve represents a 

2689



M. B. Masud et al.

1 3

dimensionless relationship between frequency and magni-
tude of the selected drought characteristic. The distributions 
considered in this study include GEV, GLO, GPA, PE3, 
GNO, and Wakeby. These distributions are commonly used 
for frequency analysis of hydro-climatic extremes. Based 
on the Z and KS tests, multiple candidates (i.e. PE3, GPA 
and Wakeby) are found suitable for most of the regions. It 
is important to mention that the distribution of thresholded 
samples asymptotically converges to the GPA distribution 
(Coles 2001). Based on this theoretical reasoning and the 
empirical support from the Z and KS tests, the GPA dis-
tribution is selected for modeling regional growth curves 
of selected characteristics of observed drought events. The 
same distribution is used to model growth curves of RCM_
NCEP as well as current and future period RCM_AOGCM 
simulated characteristics of drought events, however, with 
parameters re-estimated for each case considered.

Observed regional 20- and 50-year return levels of 
drought characteristics for each homogeneous region are 
computed by multiplying regional growth factors, derived 
from respective regional growth curves with the respec-
tive regionally-averaged grid-cell based mean values of 
drought characteristics. When deriving growth factors, the 
impact of rate of annual exceedances is taken into account 
using regionally-averaged grid-cell based values of rate of 
exceedances (i.e. the number of extreme values per year). 
Exactly, the same procedure is used for RCM_AOGCM 
current and future period simulations.

3.4  Copula‑based bi‑ and trivariate analyses

The copula is a multivariate distribution function with all 
the univariate marginal distributions being uniform on the 
interval [0, 1]. Based on Sklar’s (1959) theorem, the joint 
cumulative distribution function of two or more correlated 
variables can be expressed as:

where x1, x2, . . . , xn are random variables with marginal 
distributions, F1(x1),F2(x2), . . . ,Fn(xn), and C is the 
copula function. The n-dimensional Archimedean copula 
(Nelsen 2006) can be expressed as:

where the superscript on C denotes dimension; ui = Fi(Xi) is 
the marginal cumulative distribution function (cdf) of variable 
Xi(i = 1, 2, 3, . . . , n); ϕ(.) = copula generator which needs 
to be completely monotonic and ϕ−1 is the pseudo inverse of 
ϕ(.). For the trivariate case, a fully nested Archimedean cop-
ula is constructed by nesting symmetric copulas (Embrechets 
et al. 2003; Savu and Trede 2010; Wong et al. 2010):

(1)H(x1, x2, . . . , xn) = C[F1(x1),F2(x2), . . . ,Fn(xn)]

(2)C
n(u) = ϕ[−1](ϕ(u1)+ ϕ(u2)+ · · · + ϕ(un))

where C1 and C2 are two bivariate one-parameter copulas; 
C2 is the copula describing the dependence between vari-
ables u1 and u2 and the outer copula C1 is a function of the 
inner copula and u3.

The Gumbel–Hougaard (GH) copula is a common 
choice for many hydro-climatic applications, because it 
includes multivariate extreme distributions which exhibit 
tail dependence and has been found to provide reasonable 
fit to field data (Nelsen 2006; Serinaldi and Grimaldi 2007; 
Wong et al. 2010). The GH copula with two- and three-var-
iable versions is given by: 

To evaluate the fitted copula, the procedure proposed by 
Genest et al. (2009) is used.

3.5  Estimation of drought risks

In this study, first the joint occurrence probabilities of 
drought severity S and duration D are considered, i.e. 
drought severity and duration both exceed a certain 
threshold value at the same time (i.e. S > s and D > d). 
Corresponding relationships of the joint occurrence prob-
abilities are given below:

Similar relationships can be developed for “duration and 
max severity” and “severity and maximum severity” pairs. 
All three types of joint bivariate occurrence probabili-
ties are evaluated in order to identify drought sensitive 
regions.

Similarly, trivariate joint occurrence probabilities of 
drought severity, duration and maximum severity are also 
evaluated, i.e. drought severity and duration and maximum 
severity exceeding respective specific thresholds at the 
same time (i.e. S > s and D > d and Smax > smax). Here, 
s, d and smax denote the severity, duration and maximum 
severity values corresponding to selected 20-, and 50-year 
return periods. The joint occurrence probability is given by:

(3)

C(u1, u2, u3) = C1

[

C2(u1, u2), u3
]

= ϕ−1
1

(

ϕ1

{

ϕ−1
2

[

ϕ2(u1)+ ϕ2(u2)
]

+ ϕ1(u3)

})

(4)C(u1, u2) = exp

{

−

[

(− ln u1)
θ + (− ln u2)

θ
]1/θ

}

, and

(5)

C1

[

C2(u1, u2), u3
]

= exp

{

−

(

[

(− ln u1)
θ2 + (− ln u2)

θ2
]θ1/θ2

+ (− ln u3)
θ1

)1/θ1
}

θ1 < θ2, θ ∈ (1,∞)

(6)
P1 = P(S > s and D > d) = P(S > s ∩ D > d)

= 1− FS(s)− FD(d)+ C{FS(s),FD(d)}
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Based on the results of the KS test and theoretical reasons 
behind thresholded samples (Coles 2001), the GPA distri-
bution is selected to model drought severity, drought dura-
tion, and maximum severity.

4  Results and discussion

In this section, identification of statistical homogeneous 
regions is presented first, followed by other important 
analyses including validation of RCMs, impact of driv-
ing fields, projected changes to drought characteristics, 
and identification of drought sensitive regions. Analysis of 
drought severity and duration provide similar results and, 
therefore, detailed results are presented for drought sever-
ity and only selected results for drought duration. For the 
validation of RCM simulated drought characteristics, we 
first describe the behavior of ensemble-averaged values 
and then the performance of individual models. For the 
analysis of future droughts, detailed assessment is pre-
sented and discussed. Statistical significance of projected 
changes is assessed following a bootstrapped based non-
parametric test (Efron and Tibshirani 1993; Mladjic et al. 
2011) at the 5 % significance level for both SPI and SPEI 
cases. However, the results are discussed mainly for the 
SPEI case.

4.1  Geographic homogeneous regions

Based on the behavior of drought characteristics and geo-
graphic location attributes, the study area is divided into 15 
regions/partitions (i.e. Region 1 to 15) using hierarchical 
clustering (Fig. 2). It is important to mention that Region 
9 is divided further into three parts (a western, 9 W, and an 
eastern, 9E, part and Region 11) based on various trials of 
hierarchical clustering in order to ensure greater homogene-
ity. Both the western and eastern parts are referred together 
as one region. The results of univariate analysis for drought 
severity suggest that most of the regions could be consid-
ered homogeneous or acceptably homogeneous, except 
Region 1 and 15. A few regions are found non-homogene-
ous (i.e. Region 2, 4, and 13) for drought duration. How-
ever, based on the results of the bivariate homogeneity 
test of drought severity and duration together, all regions 
are found homogeneous. Furthermore, in addition to the 

(7)

P2 = P(S > s and D > d and Smax > smax)

= P(S > s ∩ D > d ∩ Smax > smax)

= 1− FS(s)− FD(d)− FSmax(smax)

+ C{FS(s),FD(d)} + C
{

FS(s),FSmax(smax)
}

+ C
{

FD(d),FSmax(smax)
}

− C
{

FS(s),FD(d),FSmax(smax)
}

drought characteristics derived from observed 10-km grid-
ded data, homogeneity of all 15 regions is also tested using 
drought characteristics derived from station-based adjusted 
and rehabilitated data available from 120 stations for the 
1961–2003 period. Results from this validation also reveal 
that all regions could be considered homogeneous based 
on drought severity. Similar results are noted for drought 
duration for most of the regions, except two (Region 1 and 
2), which are found to be within an acceptably homoge-
neous category. On the basis of this station-based dataset, 
results of bivariate homogeneity testing also suggest that all 
regions could be considered homogeneous. In addition to 
the above presented validations, homogeneity of the iden-
tified regions is also tested using drought characteristics 
derived from observed 50-km resolution gridded data and 
NCEP-driven RCM simulated data. For these cases, similar 
results are found as noted above. Validation of homogene-
ous regions using drought characteristics derived from mul-
tiple datasets originating from different sources provides a 
sound basis to develop additional analyses based on these 
regions.

4.2  Validation of RCM‑simulated drought 
characteristics and lateral boundary forcing errors

First, spatial patterns of observed values of mean drought 
severity, shown in Fig. 3a, are discussed before validation 
of RCMs. From this figure, it can be noticed that three 
southern regions (i.e. Region 11, 12 and 15) and three 
northwestern regions (i.e. Region 1, 2 and 4) are associ-
ated with larger values of drought severity compared to 
the other regions—meaning that these regions appear to be 
relatively more drought prone. RCM-simulated ensemble-
averaged mean drought severity is shown in Fig. 3b and the 

Fig. 2  Fifteen homogeneous regions (Region 1 to 15) delineated on 
the basis of hierarchical clustering of drought characteristics and geo-
graphic location attributes and verified using the uni- and multivariate 
homogeneity analysis approaches
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relative differences from the corresponding observed values 
in Fig. 3c. In general, ensemble-averaged drought sever-
ity for both SPI and SPEI cases differ from that obtained 
from observed data for various regions. RCMs tend to pro-
duce relatively more severe droughts for central and east-
ern regions. Typical differences lie within the −20 to 50 % 

range. Similar spatial patterns are found for mean values of 
drought duration for various regions (Fig. 3d, e), however, 
with differences lying typically within the ±10 % range 
(Fig. 3f).

The spatial patterns of observed and NCEP-driven RCM 
simulated regional return levels of drought severity are 

Mean severity [.]
(a) Observed (b) Simulated (c) Difference

SPI SPEI SPI SPEI SPI SPEI

Mean duration [month]
(d) Observed (e) Simulated (f) Difference

SPI SPEI SPI SPEI SPI SPEI

Fig. 3  Comparison of observed and ensemble averaged RCM_NCEP 
simulated mean drought a, b severity and d, e duration for the 1981–
2003 period. Relative differences (normalized with the observed val-

ues) between results shown in b, a and e, d panels are given in c and 
f, respectively
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Fig. 4  Comparison of observed and ensemble averaged RCM_NCEP 
simulated 20- and 50-year regional return levels of drought a, b 
severity and d, e duration for the 1981–2003 period. Relative differ-

ences (normalized with the observed values) between return levels 
shown in b, a and e, d are given in c and f, respectively
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shown in Fig. 4. Figure 4a shows that the spatial patterns 
of observed return levels are very similar to those of mean 
severity shown in Fig. 3a. Overall, smaller return levels are 
found for many eastern and a few south-western regions 
(e.g. Region 7). The performance errors of all RCMs are 
assessed by comparing regional return levels of drought 
severity derived from NCEP-driven RCM simulations to 
those derived from observed gridded data. Ensemble-aver-
aged regional return levels of drought severity are shown in 
Fig. 4b and their relative differences from the correspond-
ing observed values in Fig. 4c. Like mean severity, ensem-
ble-averaged return levels for both SPI and SPEI cases 
differ from those obtained from observed data for various 
regions. In general, RCMs tend to produce more severe 
droughts for many northern and eastern regions. Typical 
differences lie within −20 to 40 % range, with the south-
ern part of the study area (Region 9, 11, 12 and 15) associ-
ated with negative differences and other regions associated 
with positive differences. Overall, relative differences (i.e. 
performance errors) are larger for the 50-year return level 
compared to the 20-year return level. For return levels of 
drought duration, results are similar to those of severity 
except that the magnitude of over-/underestimation is rela-
tively smaller.

Now we turn to the performance of individual mod-
els. Figure 5 shows relative differences between 20- and 
50-year regional return levels of drought severity derived 
from NCEP-driven RCM simulations and observed data 

(Fig. 4a) for each of the six RCMs separately. For the 
20-year return levels, the relative differences lie between 
±10 % for most of the regions and RCMs except HRM3 
which overestimates (up to 60 %) for some eastern regions. 
The results for the 50-year return levels are similar to 
those for the 20-year return levels, but with a wider range 
of relative differences (−30 to 60 %). For western regions 
(Region 1 and 7), all six RCMs overestimate 50-year return 
levels. For eastern regions (i.e. Region 5, 6 and 10), four 
of the six RCMs (i.e. HRM3, MM5I, RCM3 and WRFG) 
overestimate 50-year return levels, while the other two 
(i.e. CRCM and ECP2) exhibit a mixed behavior. Like the 
20-year return level, HRM3 overestimates 50-year return 
level by up to 60 % for many regions. Most of the RCMs 
underestimate 50-year return levels for southern regions 
(i.e. Region 9, 11 and 12) and overestimate it for Region 
13. In general, ensemble-averaged positive or negative 
relative differences shown in Fig. 4c are smaller than those 
noted for individual RCMs and lie within a smaller range 
(i.e. −20 to 40 %) for the majority of the regions. The rela-
tive differences between 20- and 50-year regional return 
levels of drought duration derived from NCEP-driven 
RCM simulations and observed data (given in Fig. 4d) 
are shown in Fig. 6 separately for each of the six RCMs. 
Here, the spatial patterns are very close to the pattern of 
regional return levels of drought severity. The physical 
reasons for this over- or underestimation by an individual 
RCM outcome may depend on model formulation and 
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Fig. 5  Relative difference (in %) between observed and RCM_NCEP simulated 20- and 50-year regional return levels of drought severity for 
the 1981–2003 period. The differences are normalised with the observed values
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parameterization schemes of the respective RCM. These 
models have variations in the physical parametrizations, 
especially in the parameterized sub-grid scale processes 
which include sub-grid scale turbulence, radiative trans-
port, boundary layer effects and moist processes. The moist 
processes include parameterized treatments of shallow and 
deep convective cloud processes as well as larger scale 
cloud physics (Mearns et al. 2012; Wehner 2013). In addi-
tion, the specifications of the surface and soil properties 
implemented in the land surface schemes of RCMs and the 
degree and sophistication of various land–atmosphere feed-
back mechanisms could also play a role.

The impact of the driving fields (i.e. the lateral bound-
ary forcing errors) is assessed by comparing NCEP- and 
AOGCM-driven simulations for the 1981–2000 period. 
A comparison of 20- and 50-year return levels of SPI- 
and SPEI-based severity and duration is illustrated in 
Fig. 7. Five out of six RCMs were driven by two differ-
ent AOGCMs, while another one was driven by only one 
AOGCM, leading to the eleven sets of scatterplots for both 
SPI and SPEI cases, shown in Fig. 7. It should be noted 
that for both severity and duration, the difference between 
AOGCM- and NCEP-driven RCM simulated 20-year 
return levels are smaller than those for the 50-year return 
levels. More specifically, for example, 50-year return lev-
els for AOGCM-driven simulations are smaller than those 
for NCEP-driven simulations for HRM3, while for WRFG, 
return levels for AOGCM-driven simulations are larger than 

those of NCEP-driven simulations for the majority of the 
regions. For both HRM3 and WRFG, the lateral boundary 
forcing errors are slightly larger in the case of SPEI-based 
severity and duration than that of SPI-based severity and 
duration. Overall, the average boundary forcing errors are 
less than 10 % for the majority of the cases and larger dif-
ferences are associated with longer return periods, in gen-
eral. Comparison of RCM performance errors and bound-
ary forcing errors show that performance errors are larger 
than the boundary forcing errors for most of the cases.

4.3  Projected changes to drought characteristics

Figure 8a provides projected changes to SPI and SPEI 
based mean severity for the 2041–2070 period relative to 
1970–1999 for individual RCM_AOGCM pairs. These 
changes, projected by the majority of the RCM_AOGCM 
pairs (eight out of eleven), are mostly positive for southern 
parts of the study area. It can be noticed from the results of 
SPEI-based analysis that completely positive changes are 
projected by three out of eleven simulation pairs (CRCM_
CCSM, HRM3_HADCM3 and MM5I_HADCM3) for 
all regions, while the rest of the simulation pairs project a 
decrease in drought severity specifically for regions located 
in the northern parts of the study area. Similar spatial pat-
terns are found for mean drought duration (see Fig. 8b), 
but changes are of relatively smaller magnitude for most 
of the regions. Overall, SPEI based ensemble-averaged 
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Fig. 6  Relative difference (in %) between observed and RCM_NCEP simulated 20- and 50-year regional return levels of drought duration for 
the 1981–2003 period. The differences are normalised with the observed values
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projected changes shown in Fig. 8 indicate increases in 
both drought severity and duration in southern parts of the 
study area, with more pronounced changes in mean sever-
ity. With respect to statistical significance of projected 
changes, based on the nonparametric bootstrap test, from 
four to eight (out of eleven) RCM_AOGCM pairs suggest 
significant positive changes to mean severity and duration 
for most of the regions (e.g. Region 9, 11, 12, 13 and 15) in 
southern parts and significant negative changes for most of 
the regions (e.g. Region 1, 3, 4 and 5) in northern parts of 
the study area.

The effect of temperature on defining drought char-
acteristics is visible in SPEI-based results of all RCM_
AOGCM pairs. The spatial patterns of mean annual pre-
cipitation suggest an increase in precipitation over the 
study area (see “supplemental material”). However, at 
the same time, mean annual PET has been projected 

to increase for most of the RCM_AOGCM combina-
tions possibly due to the projected increase in the mean 
annual temperature in the 1 to 3 °C range. Thus, the pro-
jections of the underlying variables (i.e. P, T and PET) 
used for calculating drought indices generally support 
the changes noted in drought characteristics in the future 
over the study area. It is important to note that an analy-
sis on the annual basis is just a simple way of uncovering 
the impact of underlying variables on changes to drought 
characteristics.

Projected changes to drought severity at the regional 
level are also studied by comparing 20- and 50-year 
return levels derived from AOGCM-driven RCM simula-
tions for the future 2041–2070 period with those for the 
current 1970–1999 period. Figure 9a, b shows percentage 
changes to 20-year return levels of drought severity and 
duration at the regional scale. It is noteworthy to mention 
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Fig. 7  Scatterplots of 20- and 50-year regional return levels of SPI- 
and SPEI-based a severity and b duration for the 1981–2000 period. 
The x-axis corresponds to NCEP driven RCM simulation, while the 
y-axis corresponds to AOGCM driven simulation. Numbers in each 

panel represent average percentage difference between the AOGCM- 
and NCEP-driven simulated return levels (normalized with the latter). 
Results based on SPI are shown in black and red color and those for 
the case of SPEI are shown in blue and pink color
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that the spatial patterns are somewhat similar to the spa-
tial patterns found for drought severity and duration in 
Fig. 8. For the case of 50-year return levels, this behav-
ior of AOGCM-driven RCM simulations stays about the 
same (see Fig. 10). The magnitude of projected changes 
in 50-year return levels is relatively smaller than that in 
the 20-year return levels. Average projected change for all 
RCM_AOGCM pairs shows that the 20-year return level 
will increase by up to 60 % for drought severity and 40 % 
for drought duration in southern regions, while 50-year 

return level will increase by up to 40 % for drought sever-
ity and 20 % for drought duration in the same parts of the 
study area. Following the bootstrap based nonparametric 
test, positive projected changes to 20- and 50-year regional 
return levels are found statistically significant for most 
of the RCM_AOGCM combinations for some southern 
regions (e.g. Region 12, 13 and 15) and negative changes 
are found significant for most of the northern regions (e.g. 
Region 1, 3, 4 and 5). In general, the number of RCM_
AOGCM pairs that suggest significant changes is smaller 
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Fig. 8  Projected changes (in %) to SPI and SPEI based a mean drought severity b mean drought duration for the 2041–2070 period with respect 
to the current 1970–1999 period
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for longer return periods (e.g. 50-year), especially for the 
southern regions.

A comparison of analyses shown in Figs. 9 and 10 sug-
gests considerable influence of the driving AOGCM on the 
magnitude and sign of the projected change. For exam-
ple, results based on CRCM_CCSM suggest considerably 
larger increases compared to CRCM_CGCM3. Therefore, 
the use of multiple AOGCMs at the RCM boundaries is 
important for addressing uncertainties associated with the 

driving fields. Considerable variation in the results has 
also been noticed across different RCMs, which are forced 
by the same AOGCM. For example, the results based on 
ECP2_GFDL suggest smaller increases compared to 
HRM3_GFDL. As mentioned before, the variation in the 
results of different RCMs may depend on the model for-
mulation and parameterization schemes of the respective 
RCM, although they are governed by the same AOGCM at 
the boundaries.
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Fig. 9  Projected changes (in %) to regional 20-year return levels of drought a severity and b duration for the 2041–2070 period with respect to 
the current 1970–1999 period
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4.4  Drought vulnerable regions

As the drought characteristics are highly correlated, mul-
tivariate analysis using copulas seems important for 
evaluating drought risks across the study area. There-
fore, two joint occurrence probabilities are consid-
ered in this study for the current and future periods as 
described in Sect. 3.5, i.e. P1 = P(S > s and D > d) and 
P2 = P(S > s and D > d and Smax > smax). In this 
study, the thresholds s, d and smax correspond to 20- and 

50-year return values obtained from univariate analyses. 
Figure 11 shows percentage changes in (a) bivariate and 
(b) trivariate probabilities for the case of 20-year return 
period threshold. A discernible spatial pattern of drought 
sensitive regions is visible in this figure, which is consist-
ent with the findings discussed in the previous section that 
southern regions are more susceptible to droughts in the 
future compared to the northern regions. Based on bivari-
ate analyses, seven out of eleven RCM_AOGCM pairs 
indicate that southern regions are associated with higher 
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Fig. 10  Projected changes (in %) to regional 50-year return levels of drought a severity and b duration for the 2041–2070 period with respect to 
the current 1970–1999 period
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drought risks in the future. Similar analyses are also per-
formed for other bivariate cases (i.e. severity and maxi-
mum severity; duration and maximum severity). Their 
results (not shown) broadly suggest similar patterns. 
Southern regions remain susceptible to droughts when 
trivariate joint occurrence probabilities are considered, 
while northern regions become less susceptible (Fig. 11b). 
Consequently, the impact of considering three instead of 

two drought characteristics for identifying drought sensi-
tive regions is obvious.

Figure 12 shows percentage changes in (a) bivariate and 
(b) trivariate probabilities for the case of 50-year return 
period thresholds. For this case, almost analogous spatial pat-
terns of drought sensitive regions are found. It is interesting 
to note that, compared to other RCM_AOGCM pairs, only 
CRCM_CCSM produces highly positive changes in joint 
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Fig. 11  Changes (in %) to a bivariate joint occurrence probabilities 
corresponding to 20-year return period thresholds of S and D and b 
trivariate joint occurrence probabilities corresponding to 20-year 

return period thresholds of S, D and Smax for the 2041–2070 period 
with respect to the current 1970–1999 period
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occurrence probabilities for both bi- and trivariate cases. 
Overall, ensemble-averaged projected changes for the case 
of 20-year return period threshold show higher drought risks 
for central and southern parts of the study area (i.e. Region 8, 
9, 11, 12, 13, and 14 for the bivariate case and Region 12 for 
the trivariate case). The pattern of drought sensitive regions 
for the 50-year return period threshold case are almost 
identical to the 20-year case, however, with few additional 

regions in the western and eastern parts of the study area 
(Region 2, 6, 7 and 10 for the bivariate case and Region 11 
for the trivariate case) are identified as vulnerable. The statis-
tical significance of percentage changes in joint probabilities 
corresponding to 20- and 50-year return period threshold is 
assessed at the 5 % significance level using the two-sample 
Wilcoxon rank-sum test (Walpole et al. 2012). The major-
ity of the RCM_AOGCM pairs suggest significant positive 
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Fig. 12  Changes (in %) to a bivariate joint occurrence probabilities 
corresponding to 50-year return period thresholds of S and D and b 
trivariate joint occurrence probabilities corresponding to 50-year 

return period thresholds of S, D and Smax for the 2041–2070 period 
with respect to the current 1970–1999 period
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changes for most of the southern regions (e.g. Regions 9, 11, 
12, 13 and 15) and significant negative changes for some of 
the northern regions (e.g. Regions 1, 4 and 5).

4.5  Drought analysis for the agricultural growing 
season

Finally to complete the analysis, we evaluate projected 
changes to drought characteristics specifically for the agri-
cultural growing season (May–August) due to the fact that 

southern parts of the study area support a vibrant agro-
based economy, which was impacted negatively due to 
many historical droughts. During the growing season, the 
study area receives the majority of the annual precipitation 
and also observes higher seasonal temperatures and hence 
occurrence of drought like conditions can have severe 
impacts on the agriculture sector. For this analysis, drought 
indices (SPI and SPEI) and drought characteristics are 
determined separately for the growing season. Projected 
changes to mean drought severity and duration are shown 
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Fig. 13  Projected changes (in %) to SPI- and SPEI-based a mean drought severity b mean drought duration for the 2041–2070 period with 
respect to the current 1970–1999 period for the agricultural growing season
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in Fig. 13. In this figure, most of the SPEI based projec-
tions reveal drier conditions over most of the regions in 
the future. These drier conditions are much stronger over 
the southern and southwestern regions. Similar results 
are projected by SPI based analysis, however, with much 
less severe droughts. The pattern of projected changes to 
drought duration follows that of drought severity. Also, 
the projected changes in severity and duration are larger 
in the growing season than those for the 6-month time 
scale presented before. Also, the spatial extents of pro-
jected changes are larger for the growing season than that 
of the 6-month time scale. As for the 6-month time scale, 
the statistical significance of projected changes to mean 
severity and duration is assessed using the nonparametric 
vector bootstrap approach. For mean severity and duration, 
from four to eight RCM_AOGCM pairs suggest significant 
positive projected changes for most of the southern regions 
(e.g. Region 9, 11, 12, 13 and 15) and significant negative 
changes for some of the northern regions (e.g. Region 1, 4 
and 5).

The above results specifically for the southern Cana-
dian Prairies region are in general consistent with the 
findings of Bonsal et al. (2012), who employed statisti-
cal downscaling of a few AOGCM outputs, PaiMazumder 
et al. (2013), who employed a five member ensemble of a 
single RCM and Gao et al. (2014), who used simulations 
from the Coupled Model Intercomparison Project Phase 
5 GCMs and a high-resolution RCM. Although there are 
considerable differences in the underlying methodology 
and simulations used, the patterns of increased dryness are 
similar.

5  Conclusions

From various analyses presented and discussed in this 
paper, following main conclusions can be drawn:

1. To facilitate drought risk analysis, the study area is 
divided into fifteen different geographic regions based 
on numerous trials of hierarchical clustering. Statistical 
homogeneity of these regions is verified based on uni- 
and bivariate homogeneity analysis tests. The bivari-
ate homogeneity test suggests that all regions can be 
considered homogeneous compared to the univariate 
test, which identifies a few regions as possibly hetero-
geneous, particularly for the case of drought duration. 
Thus, the results of this study highlight the importance 
of considering simultaneously two highly correlated 
characteristics of droughts for identifying homogene-
ous regions. It is interesting to point out that employing 
homogeneous regions for regional frequency analysis 
is beneficial in reducing the undesirable noise resulting 

from grid-based analysis when identifying projected 
changes to variables of interest.

2. For validating various RCMs, mean drought sever-
ity and duration values derived from NCEP-driven 
RCM simulations are compared with those from the 
observed data. This comparison indicates that RCMs 
tend to produce relatively more severe droughts for 
the central and eastern regions of the study area. The 
performance errors of RCMs are assessed by compar-
ing selected regional return levels of drought sever-
ity and duration. Relative difference between 20- and 
50-year return levels derived from NCEP-driven RCM 
simulations and observed data suggest that the differ-
ences are highly model dependent which could be as 
high as 60 %. However, by considering ensemble-aver-
aged values, relative differences are found to be much 
smaller than for the individual models for the major-
ity of the regions. The lateral boundary forcing errors 
are also assessed by comparing selected regional return 
levels of drought severity and duration derived from 
NCEP- and AOGCM-driven simulations. It is found 
that the boundary forcing errors are much smaller than 
the performance errors for both SPI- and SPEI-based 
drought severity and duration.

3. Most of the RCM_AOGCM simulations project an 
increase in drought characteristics for the southern 
parts of the study area, while some model combinations 
project completely positive changes for the entire study 
area. Comparison of analyses based on both SPI and 
SPEI reveal that the effect of temperature in drought 
characterization is important for future drought risk 
analysis and assessment for this region. Similar results 
are realized for the agricultural growing season, where 
the drought characteristics are projected to increase 
with relatively higher margins. Compared to the SPI 
based projections, SPEI based projections of most of 
the RCM_AOGCM simulations suggest drier condi-
tions over many parts of the study area, in particular, 
the southern and south-western regions are found rela-
tively more drought vulnerable. Therefore, considering 
potential effects from both precipitation and tempera-
ture changes is vital for assessing future drought risks. 
It is also found that from four to eight (out of eleven) 
RCM_AOGCM pairs suggest significant projected 
increases (decreases) in drought characteristics for the 
southern (northern) parts of the study area.

4. Most of the RCM_AOGCM simulations project an 
increase in return levels of drought severity and dura-
tion for southern regions, with some differences noted 
between models and between different return peri-
ods considered. More regions emerge with positive 
changes in drought characteristics, with higher magni-
tude of change in return levels corresponding to lower 
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return period (i.e. 20-year) than higher return period 
(e.g. 50-year) values. On average, positive changes of 
up to 60 % are noted for regions located in the southern 
and south-western parts of the study area. Also, most 
of the RCM_AOGCM simulation pairs (more than 
seven) show significant positive (negative) changes in 
return levels for southern (northern) parts of the study 
area. However, the number of pairs that are character-
ized by significant changes is smaller for longer return 
periods (e.g. 50-year versus 20-year).

5. Projected changes in joint occurrence probabilities 
of droughts for bi- and trivariate cases are spatially 
mapped over the study area in order to identify drought 
vulnerable regions. Overall, central and southern 
regions are found highly drought vulnerable compared 
to the northern regions, which are associated with less 
frequent droughts in the future. For the trivariate case, 
only one region is found to be highly vulnerable to 
droughts. The projected changes in joint probabilites 
(increases for the southern parts and decreases for the 
northern parts of the study area) for the future period 
are found statistically significant for the majority of the 
RCM_AOGCM pairs. Multivariate joint occurrence 
probabilities from the multivariate drought distribu-
tion can describe drought events perhaps closer to the 
reality and therefore can reveal their properties more 
objectively and comprehensively. This type of infor-
mation could serve as a reference for regional drought 
defense and agricultural resources management pur-
poses.

The results from different models show remarkable 
influence of the driving AOGCM on the magnitude and 
sign of the projected change. Perhaps, a single regional cli-
mate model cannot describe fully the complex natural cli-
mate system, no matter how complex the model itself is. 
Therefore, combined information from several models can 
be superior to a single-model output. Besides, according 
to Tebaldi and Knutti (2007), combining models gener-
ally increase the skill, reliability and consistency of model 
projections. Therefore, it is advisable to consider cli-
mate change simulations from numerous models in future 
drought risk analysis studies in order to derive climate 
change related information in a robust manner.

The southern parts of the study area are famous for 
agricultural activities as they support about 80 % of the 
Canadian agricultural production. These activities are 
susceptible to extreme climate events like droughts. The 
economic impacts of droughts can vary depending on how 
significantly crop production is affected. A mild drought 
might reduce yields modestly, whereas a more severe 
drought could produce a total failure of crop produc-
tion (Wandel et al. 2009). The future climate projections 

presented in this study suggest droughts will become 
increasingly common and severe, driven primarily by an 
increase in PET. Therefore, appropriate adaptation strate-
gies at the watershed and regional levels will be required 
to cope with the drought consequences and aid agricul-
tural managers and water resource planners in their day-
to-day activities.
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