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ABSTRACT 
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University of Guelph, 2019

                                                          Advisor: 

                                  Prasad Daggupati, PhD 

 

Increasing water demand compounded by climate variability has put immense pressure on 

freshwater resources, and on water security, thus threatening sustainable water management all 

around the world. Understanding the spatio-temporal variability of water security can, therefore, 

play a pivotal role in sustainable management of freshwater resources. One of the various methods 

used for analyzing the spatio-temporal variability of freshwater resources and water security is, 

classifying the freshwater resources into blue and green water and estimating water scarcity. Using 

this approach, the objective of this study is to analyze the water security situation of the Grand 

River Watershed (GRW), using the Soil and Water Assessment Tool (SWAT) under present 

(1950-2015) and future scenario (2035-2099). It was observed that freshwater resources followed 

the pattern of weather variables like precipitation and temperature. Blue water scarcity was found 

to be high in urban areas and green water scarcity reached its peak in agricultural areas.  
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CHAPTER 1 

INTRODUCTION 

Water security is defined as the capability of a community to have adequate access to sufficient 

quantity and good quality water, and to safeguard resources for the future generations. With ever-

increasing population, socio-economic development and anticipated climate change, it is under 

stress in many parts of the world (Liu et al., 2017), thus putting immense pressure on available 

freshwater resources. Water scarcity has become an emerging global concern, affecting not only 

the human population but also environment sustainability (Scherer et al., 2015). Moreover, climate 

change and its impacts on freshwater resource distribution has further elevated this stress by 

altering the precipitation patterns, melting the mountain icecap and increasing the extremities of 

floods and droughts. It has increased the competition amongst agriculture, ecosystem and humans 

for available water resources, by altering its availability in various geographical regions 

(Vorosmarty et al., 2000, Cheng et al., 2002). Thus, it has imposed a new level of uncertainty with 

respect to freshwater availability, which will, in turn, increase uncertainties regarding future water 

demands (Abbaspour et al., 2015). With ever-increasing uncertainties and constantly rising water 

scarcity in the future, humans will become more susceptible to risks associated with water quantity 

(WWAP, 2012).  

Canadian watersheds, on the other hand, have abundant water resources. But, their 

variability across the region and seasonal nature poses a hindrance to water security. Climate 

change has further increased this variability, both temporally and spatially, due to global warming. 

Thus, there is a need to quantify the available freshwater resources in Canadian watersheds and 

analyze the water security framework of the region. In this study, the water security framework of 

the Grand River Watershed (GRW) was assessed under present and future climate conditions. The 

GRW is one of the largest watersheds in south-western Ontario, Canada.  
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1.1 Research Objectives 

1.1.1 Overall objective 

The overall objective of this research is to quantify the available freshwater resources and assess 

water security situation of the GRW. 

1.1.2 Specific objectives 

The specific objectives of both the studies were to: 

1. Develop, calibrate and validate a hydrological model for GRW using the Soil and Water 

Assessment Tool and to use the output of the model to quantify blue and green water 

resources and water scarcity in the watershed. 

2. Use the already developed model to analyze the impact of climate change on freshwater 

resource components and water scarcity situation in the GRW. 

References 

Abbaspour, K.C., Rouholahnejad, E., Vaghefi, S., Srinivasan, R., Yang, H. 

Kløve, B., 2015. A continental-scale hydrology and water quality model for Europe: 

Calibration and uncertainty of a high-resolution large-scale SWAT model. Journal of 

Hydrology, 524: 733-752. DOI:https://doi.org/10.1016/j.jhydrol.2015.03.027 

Cheng, G.D., 2002. Study on the sustainable development in Heihe River watershed from the view 

of ecological economics. Journal of Glaciology and Geocryology, 24(4), pp.335-343. 

Liu, J., Yang, H., Gosling, S., Kummu, M., Florke, M., Pfister, S., Hanasaki, N., Wada, Y., Zhang, 

X., Zheng, C., Alcamo, J., Oki, T., 2017. Water scarcity assessments in the past, present 

and future, 5. DOI:10.1002/2016EF000518 

Scherer, L., Venkatesh, A., Karuppiah, R., Pfister, S., 2015. Large-Scale Hydrological Modeling 

for Calculating Water Stress Indices: Implications of Improved Spatiotemporal Resolution, 

Surface-Groundwater Differentiation, and Uncertainty Characterization, 49. 

DOI:10.1021/acs.est.5b00429 

https://doi.org/10.1016/j.jhydrol.2015.03.027
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CHAPTER 2 

REVIEW OF LITERATURE 

2.1 General  

Water is an indispensable resource required to sustain food supply chain as well as to maintain a 

productive environment for humans, animals, plants and all other forms of life on earth (Pimentel 

et al., 2004). It has been estimated that Earth has approximately 1.4 × 1018 m3 of water out of which 

approximately 97% resides in the oceans and 3% is the valuable freshwater (Shiklomanov and 

Rodda, 2004). This 3% can be approximated to 35 × 1015 m3 of the total Earth’s water. 

Furthermore, out of this total only 0.3% is held in rivers, lakes, and reservoirs and the remainder 

is stored in deep aquifers (30.1%), glaciers and permanent icecaps (68.7%) (Shiklomanov and 

Rodda, 2004; Bralower and Bice, 2018). To satisfy human water requirements we only have 0.3% 

of the total water on Earth’s surface and the remainder usable water is situated in deep aquifers.  

However, there are few problems associated with the availability of freshwater for human 

needs, listed as follows: 

1. The usable freshwater is unevenly distributed (UNEP, 2002) and located away from the 

population centers. Many of the estimated 263 large rivers of the world, run away from 

populated areas where demand is quite less, like Alaska and Amazon basin (Cosgrove et 

al., 2000).  

2. Although, Earth’s atmosphere has 13 × 1012 m3 of water stored as the source for rain, which 

might be considered renewable, but not all of it is usable (Shiklomanov and Rodda, 2004). 

The average annual rainfall in most of the countries is 700mm but its distribution is quite 

variable within the country. In addition to this spatially finite distribution of the freshwater 

resources, it is also limited temporally. Rainfall and eventually runoff occurs for a very 

short period, called the monsoon period, and is not available for the whole year unless 

stored properly (Shiklomanov and Rodda, 2004). 

3. A large share of these resources goes unused because of degradation in quality and hence 

not usable for downstream areas. In developing countries, faecal pollution is one of the 
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major cause of water-borne diseases, affecting 1.2 billion people and causing the death of 

15 million people, annually, all around the world (Cosgrove et al., 2000). 

4. The share of freshwater which is not used by humans does not go back to the sea unused. 

It is used by the terrestrial and aquatic ecosystems, like forests and wetlands. So, there is a 

significant share of water which is needed by the environment to sustain ecosystems and 

human livelihoods which are dependent on these ecosystems. 

Thus, it can be concluded that although we use a very small fraction of the freshwater resources 

globally, but regionally the percentage of usage can be as high as 80 to 90% in areas like Africa 

(Cosgrove et al., 2000). In tropical regions, although we have a lot of water coming in, annually, 

but its temporal distribution is uneven, making it necessary to store the extra water, which may 

further impact environment and population living in the nearby areas (Cosgrove et al., 2000). In 

some temperate regions, water resources are distributed evenly over the year but they are used 

extensively, which deteriorates the quality of surface and groundwater and cause scarcity of good-

quality water (Gourbesville, 2009). Even if, the distribution of water is uniform, as in some 

temperate areas, they can still be a victim of water scarcity due to extensive-use of good-quality 

water. 

By 2025, it is predicted that 2 out of every 3 people will endure water scarcity (UNEP, 2002), 

which is defined as a condition when the demand of freshwater resources by humans, agriculture 

and other related sectors, in addition to the environment, is very high, relative to the availability 

of the resources, thus causing shortage of renewable freshwater resources (Liu et al., 2017). Under 

such conditions the frequency of droughts, floods and other weather calamities is expected to 

increase (Alley et al., 2003; Oki and Kanae, 2006; Vorosmarty et al., 2000). This will further 

impact both the society and economy due to changes in the distribution of freshwater resources 

amongst various stake-holders (Veettil and Mishra, 2016). Consequently, ensuring the availability 

of freshwater resources to human population and environment for sustaining the growth of society, 

remains a challenge for the world (Damkjaer and Taylor, 2017).  

Measuring water scarcity using a suitable index and a modelling approach, can be useful in 

reducing freshwater scarcity as well as in identifying hotspot areas where the scarcity is maximum. 
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The aim to this chapter is to review various indices and modelling approaches used for estimating 

water scarcity of a region or a country. The focus of the study is on the evolution of these indices 

and methodologies over time and various assumptions and data required for their estimation. 

Additionally, limitations of certain methodologies are highlighted and characteristics which define 

a more robust metric are defined. 

2.2 Water scarcity indices 

Since the introduction of the concept of water scarcity many indices have been introduced ranging 

from very simple and straightforward ones to more complex and sophisticated approaches, to 

access the water scarcity situation around the world (Liu et al., 2017). The simple approaches 

developed in late 1980s and early 2000s were criticized for being too simplistic and missing some 

important components of hydrology like soil moisture (green water) and environment water needs, 

also known as environment flow requirements (EFR) (Liu et al., 2016b; Rijsberman, 2006; 

Savenije, 2000). 

In recent years, newer and more sophisticated indices have been developed which has 

higher spatial resolution, thus, providing more resilient information about the water scarcity 

situation of an area. The recent indices are equally focussed on soil moisture, EFR and water 

quality as much as they are on water quantity. 

2.2.1 Falkenmark indicator 

Falkenmark indicator is the most simple and extensively used indicator to measure water scarcity. 

It defines water scarcity based on the amount of freshwater available per person per year and 

expresses it as m3 of water/capita/year (Falkenmark, 1989). It requires very few inputs such as 

number of people living in the study area and amount of surface freshwater resources, also known 

as blue water resources, available in the study area. In the same context another index measuring 

the amount of people dependent on one unit of water in an area, also known as water crowding 

index, was introduced (Liu et al., 2017). Thresholds were proposed for estimating water stress and 

scarcity, which were based on per capita water usage (Falkenmark, 1989). According to this 

approach, when water availability is above 1700m3/cap/year, there is no stress in that study 

domain; when it is between 1000 and 1700m3/cap/year, water stress emerges as the competition 
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amongst various stake-holders for freshwater resources increases (Falkenmark and Rockström, 

2004); when it is between 500 and 1000m3/cap/year the area experiences high water scarcity and 

when it fall below 500m3/cap/year, the area is under absolute water scarcity.  

This indicator is based on usage of water per individual and can be used as a way to 

distinguish between climate-induced and human-induced water scarcity (Vörösmarty et al., 2005). 

This approach has been used globally to estimate water scarcity using the mean annual river runoff 

(MARR) obtained from large-scale hydrological models (Arnell, 2004; Oki and Kanae, 2006; 

Schewe et al., 2014; Wada et al., 2013). It has specifically been used for estimating country level 

water scarcity as population data and river discharge data is easily available as well as the output 

obtained from it is easy to understand (Brown and Matlock, 2011). However, the ease of usage of 

this method has been weakened by the fact that it only uses MARR or only the blue water resources 

as the available freshwater resources, thus ignoring the important green water resources or the soil 

moisture, which plays an important role in agricultural production and are a major part of global 

freshwater withdrawals (Rockström and Falkenmark, 2015). The green water resources also 

enhance or influence the amount of blue water resources (Rockström et al., 2009). 

Using MARR, hides the inter and intra annual variability of the available freshwater 

resources and this can have significant consequences in areas like sub-Saharan Africa, where these 

variabilities are prominent (McMahon et al., 2007). Also, using one average for the whole year 

masks the temporal variability of the river-flow across the year (Taylor, 2009). Hence, despite 

being very simple and easy-to-understand indicator, the Falkenmark index has few major flaws 

which does not give the complete picture of water scarcity situation in the area. 

2.2.2 Criticality ratio/ Water use to availability ratio/ Water resources vulnerability 

indices 

Instead of using a universally fixed value as a threshold for water scarcity, which was based on the 

basic human water requirements, researchers came up with another approach of using freshwater 

demand and estimating criticality ratio. The criticality ratio or water-use to availability (WTA) 

ratio is the ratio of water used across various sectors i.e. agricultural, industrial and domestic to 

the available freshwater resources (Alcamo and Henrichs, 2002). Due to the development of 
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hydrological models, water-use and availability can now be modelled very easiliy and with a high 

spatial resoulution (Hanasaki et al., 2008b; Wada et al., 2013). This approach requires water use 

which can be water consumption or withdrawal (Liu et al., 2017). Water consumption is the net 

amount of water which is taken from rivers, lakes and other freshwater resources and water 

withdrawal is the total amount of water removed from the freshwater resources, also including the 

return flow. Generally, in water scarcity assessment studies, water withdrawals are used to depict 

water-use (Alcamo et al., 2003; Oki and Kanae, 2006).  

A WTA ratio between 0.2 to 0.4 depicts that the area is water stressed while more than 0.4 

represents severe water scarcity (Alcamo et al., 2003; Raskin et al., 1996; Rijsberman, 2006). The 

threshold of 40% or 0.4 has been validated by Alcamo et al. 2003. However, this approach also 

has certain limitations. Similar to WSI, this appraoch also uses the mean annual river runoff 

(MARR) to represent the available freshwater resources, thus masking the inter and intra annual 

variability. It uses water withdrawals as water used, which is not a correct representation of water 

usage as it includes return flow as well, which varies from area to area (Rijsberman, 2006). 

2.2.3 Social water stress index 

Developed by OhIsson (2000), the Social Water Stress Index (SWSI) considers the effect of 

adaptive capacity of a country towards water shortage, as an indicator of water scarcity. As 

compared to other indices, which only include the measurement of stress from the supply side, the 

SWSI also considers the capability of a society to adapt to water scarcity, based on political 

participation, educational access and equality in distribution. To take into account the effect of all 

these social indicators, Human Development Index (HDI) was used, which involves factors like 

access to education, GDP per capita and life expectancy to estimate water scarcity situation of a 

country (Damkjaer and Taylor, 2017). To estimate SWSI of a country, the Inverted Falkenmark 

indicator (number of people dependent on one million cubic meter of freshwater resources 

annually) was first divided by the HDI and then further divided by a scalar, which, for this analysis 

was 2 (OhIsson, 2000). The SWSI was calculated for various countries by OhIsson (2000) and 

compared with the Inverted Falkenmark indicator. The results showed that many countries like 

Iran, Belgium and Peru which were assumed to be water stressed according to the WSI moved to 
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‘relative sufficiency’ if we consider the adaptive capacity of the society. And the countries like 

Nigeria, Eritrea and Niger moved from ‘relative sufficiency’ to ‘water stressed’. 

However, many considered this approach, too direct. Kovacevic (2010), called this 

approach oversimplified as HDI does not consider all the social factors and the quality of data can 

be low for less developed countries, which can pose a big problem of misrepresentation. 

2.2.4 Physical and economic water scarcity indicator 

Another indicator considering the adaptive capacity of a society was developed by the International 

Water Management Institute (IWMI), which focussed on a country’s potential towards water 

infrastructure development and irrigation efficiency (Seckler et al., 1998). It utilized the same 

approach as that of SWSI but used different indicators as proxies of the capacity of a country to 

adapt to water scarcity situation. This approach categorizes water scarcity into physical and 

economic water scarcity. Physical water scarcity is said to occur when withdrawals for agricultural, 

industrial and domestic-use are more than 75% of the available freshwater resources and the 

country can’t meet future water demands (Brown and Matlock, 2011). Economic water scarcity 

occurs when the country has sufficient water resources and withdrawals are less than 25% of the 

available freshwater resources but no infrastructure has been developed to contain or manage these 

resources in an efficient manner (Damkjaer and Taylor, 2017; Rijsberman, 2006). The IWMI used 

this indicator to access global freshwater resources and mapped areas which had ‘no or little water 

scarcity’, ‘approaching physical water scarcity’, ‘physical water scarcity’ and ‘economic water 

scarcity’ (Brown and Matlock, 2011). 

Though this approach distinguishes between physical and economical water scarcity, 

which can be considered as a better way of expressing scarcity in a region but these scarcities are 

based on expert judgement (Damkjaer and Taylor, 2017). Also, the assessment of infrastructural 

potential of a region is complex and hence time consuming (Liu et al., 2017). Futhermore, the 

relation between adaptive capacity and infrastructural potential is complicated and less intuitive, 

thus it attracts less public and policy makers (Rijsberman, 2006).  
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2.2.5 Water poverty index 

Water poverty index, originally developed by Sullivan (2002), is a tool which represents water 

scarcity based on its relationship with poverty. At the time of its formulation, there was a need to 

examine poverty and its link with various other factors like development, food, politics and water 

availability (Sullivan, 2002). Consequently, this indicator was developed which represented the 

economic factors affecting physical water availability and accessibility at household and 

community-level (Damkjaer and Taylor, 2017). In addition to those involved in the SWSI, it also 

included a component representing environment flow needs for the maintenance of various 

ecosystem services (Damkjaer and Taylor, 2017; Liu et al., 2017). Overall, it included five 

components: water availability; ease of abstraction; management of the available water resources; 

use of the available resources for domestic, agricultural and industrial purposes and environment 

flow needs (Liu et al., 2017).    

To calculate the WPI, all the above listed components are first standardised/normalised to 

make their numerical value fall between 0-100 and then their weighted average is calculated. The 

weighted average or WPI also lies between 0 and 100, zero indicating the lowest level and hundred 

indicating the highest level of water poverty index. Although this index has the advantage of 

comprehensiveness (Liu et al., 2017), but its effectiveness is hampered by various limitations. To 

start with, it uses water availablity as one of its components, which is estimated as freshwater 

available per capita, similar to WSI. Hence, similar to WSI, it masks the inter and intra-annual 

variability of flow. The results generated by using this approach are region-specific and hence 

can’t be compared with results from some other regions (Garriga et al., 2010). It was initially 

suggested by Sullivan (2002) that some standard set of parameters should be used, but it would 

hamper longitudinal studies (Fenwick, 2010). Also, a lot of information is required regarding all 

the parameters for calculating WSI, which might not be available if we want to analyze scarcity at 

a large scale. So, this approach has only been used at community/local scale (Sullivan et al., 2006; 

Fenwick, 2010; Liu et al., 2017).  
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2.2.6 Green-blue water scarcity 

This indicator was developed by Rockström et al. (2009), to incorporate green water into the water 

scarcity framework of a region. Green water is defined as the water present in the unsaturated soil 

layer (also termed as soil moisture), which is restored by precipitation (Liu et al., 2017). This part 

of the available freshwater resources is often ignored while estimating water scarcity of a region 

(Schuol et al., 2008), but it is a crucial component of agricultural production. According to 

Rockström et al. (2009), green water accounts for 90% of water-use in agriculture and 60% of food 

in the world is grown without any irrigation water needs.  

This indicator is estimated by comparing the total available freshwater-use in a region with 

the global average consumption of 1300m3/cap/year of green and blue water (Rockström et al., 

2009). A region is said to be water-scarce if the available freshwater resources are less than the 

global average of 1300m3/cap/year. Gerten et al. (2011) improved this indicator by adding a 

component depicting local water needs, hence taking into consideration the spatial variations 

amongst various regions. Local water needs could be as low as 650m3/cap/year for countries like 

North America and Europe and as high as 2000m3/cap/year for countries like Africa (Kummu et 

al., 2014). This indicator, despite of having advantage of considering green water resources, lacks 

consistency (Liu et al., 2017). For calculating the green-blue water scarcity, blue water is assumed 

to be equal to the total runoff occuring in that given location irrespective of its accessibility, while 

green water resources are quantified as the total evapotranspiration occuring from agricultural 

areas. But a large amount  of evapotranspiration can also occur from non-agricultural resources. 

This results in under-representation of green water resources (Liu et al., 2017). 

2.2.7 Cumulative abstraction to demand ratio 

One flaw which is observed in various water scarcity indicators is that they mask seasonal 

variability of available renewable resources (Liu et al., 2017). In a year, there are some dry days 

and some wet ones. Water scarcity is very high during the dry period, which is generally not 

highlighted by the water stress indicator as the analysis is done on yearly basis. Thus, the temporal 

variations are not considered in this analysis. Some studies did try to incorporate seasonal 

variability as done by Alcamo and Henrichs (2002), where they considered low flows for 
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estimating water stress. Similary, the concept of cumulative abstraction to demand ratio (CAD) 

was introduced by Hanasaki et al. (2008b), where they used global hydrological models to predict 

river flows and abstractions at daily time step. This indicator is estimated as the ratio of cumulated 

daily river flow abstractions and cumulated potential water-demand which included demand of 

water by agricultural, domestic and industrial sectors (Hanasaki et al., 2008b). If the value of CAD 

is below 1 for an area then it is said to be water scarce.  

This approach can be successfully used for climate change studies as well (Liu et al., 2017). 

In some climate change studies, total discharge from a watershed is expected to increase and if we 

use classical indicators, we will end up neglecting the dry period and again mask the seasonal 

variability. This indicator gives us the real picture of how water scarcity is varying across the year 

(Haddeland et al., 2011; Hanasaki et al., 2013). But the large amount of data required, and 

complexity involved in the calculation of this indicator limits its use for water scarcity assessment 

studies. 

2.2.8 LCA-based water stress indicator 

To address the potential impacts of consumptive water-use on environment, human health and 

resources, water footprint concept was introduced in life cycle assessment (LCA) studies (Berger 

et al., 2014; Pfister et al., 2009). LCA methodology involves two groups of indicators; mid-point 

indicator, which assumes that water scarcity occurs because of problems on the resource side, and 

end-point indicator, which considers the impact of consumptive water-use on human health and 

the ecosystem (Kounina et al., 2013). LCA-based water stress indicator considers the mid-point 

approach for estimation of water scarcity. This method utilizes the WSI and calculates it using 

various functions like exponential and logistic (Kounina et al., 2013). This method calculates the 

ratio of consumptive water-use to the water availability and weighs it or adjusts it using logistic 

transformation to obtain continuous values between 0 and 1. Also, a variation factor is calculated 

to separate out all the watersheds which have strongly regulated flows, where the precipitation 

changes at monthly or annual level strongly alters water stress during specific periods. The 

indicator value of 0.1 states that the watershed has moderate scarcity, 0.5 indicates severe water 

scarcity and a value of 0.9 indicates extreme water scarcity. Though this indicator is used as 
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screening indicator or characterisation factor for consumptive water-use but it has not been used 

independently in any water scarcity assessment study (Liu et al., 2017). 

2.2.9 Water footprint-based assessment 

The water footprint, introduced by Hoekstra et al. (2011), is defined as the amount of water used 

to produce goods and services for human use. This water-use can be direct as in direct withdrawal 

from a water body, or indirect as used for agricultural production. Hoekstra et al. (2009), noted 

few problems in previously developed indicators. First one was of excluding the return flow and 

using withdrawal as water consumption. Using water withdrawal is not a good method to evaluate 

water scarcity at watershed level. Another problem he noted was that of environment flow needs. 

Whatever water was available in rivers, lakes and other fresh water bodies, whole of it was 

considered as available water for calculating water scarcity, thus ignoring the environment water 

needs for maintaining ecosystem services. Also, he argued that the water scarcity estimation at 

annual level is not a good indication of scarcity as it masks the temporal variation of water 

consumption and availability.  

Hence, Hoekstra et al. (2012) developed this concept of water-footprint based accessment 

of blue and green water scarcity. Blue water scarcity is the ratio of blue water consumption or blue 

water footprint to the available blue water resources, after subtracting the environment flow needs, 

also called Environment Flow Requirement (EFR). Similarly, green water scarcity is the ratio of 

green water consumption (evapotranspiration) to green water available i.e soil moisture. These 

water scarcity indicators can point out the areas where current level of water consumption is high 

enough to cause water shortages and harm the intricate ecological balance in the river basin 

(Hoekstra et al., 2012).  

2.2.10 Quantity-quality-environment flow requirement indicator 

Zeng et al. (2013) developed a water scarcity indicator which considered both water quantity and 

quality. This indicator is estimated as the sum of quantity-induced water-stress indicator and 

quality-induced water-stress indicator. The quantity component is  based on the criticality ratio 

which is the ratio of water withdrawals and total available freshwater resources and quality 

component is the ratio of grey water footprint to total available freshwater resources. Grey water 
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footprint, according to Hoekstra et al. (2011), is defined as the amount of freshwater utilized to 

assimilate pollutant loads in order to meet the exsisting water quality standards. This approach has 

been successfully used in China (Zeng et al., 2013) and it indicated that northern parts of China 

had quantity-induced and southern parts had quality-induced water scarcity.  

Later, EFR was also added in this indicator developed by Zeng and hence called the 

quantity-quality-EFR (QQE) water scarcity indicator (Liu et al., 2016a). The value of the indicator 

is expressed as Squantity(EFR)ǀSquality. This indicator was first tested in Huangqihai River watershed 

of China and it resulted in an indicator value of 1.3 (26%)ǀ14.2, reflecting that the watershed has 

both quantity and quality induced water scarcity as the value for Squantity was 1.3 which was more 

than the threshold value of 1 and Squality was 14.2 which was far higher than the threshold of 1, at 

a EFR value of 26%. This indicator is a very comprehensive appproach to estimate water scarcity 

and provides a clear and complete picture of the water resource situation in the watershed. But it 

has a limitation of complexity to understand as it involves both quantity and quality terms which 

needs some professional knowledge to understand and interpret (Liu et al., 2017). 

Water scarcity indices evolved over time from the very simplistic Falkenmark index which 

provided thresholds for water availability per capita, to the SWSI which included a component of 

adaptive capacity to finally, the QQE indicator which distinguished the environmental water needs 

and water quality. The use of appropriate indicator to estimate water scarcity can help us manage 

the available freshwater resources effectively. All the indices have advantages and disadvantages 

associated with their use. While, the more simplistic ones were not able to explain the water 

scarcity situation explicitly, ignoring various important components like green water resources and 

EFR, the more complex ones like QQE indicator, were found to be data-intensive. But, in the case 

of water-footprint-based water scarcity indicator, it was observed that merits overweighed 

demerits. It incorporated all the important components like green water resources and EFR while 

analyzing the water scarcity situation of a watershed. In addition to that, it also acknowledged 

temporal variation of water scarcity. For using this indicator, water demand data obtained from a 

suitable source has to be combined with water availability data obtained from a suitable 

hydrological model. The next section discusses in detail various kinds of models available for 

estimating water availability.  
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2.3 Hydrological models used for estimating water availability 

Many methods have been developed to analyze the affect of consumptive water-use on available 

freshwater resources (Scherer et al., 2015). These methods involve obtaining the water availability 

data from hydrological model, combining it with the water-use data or population data obtained 

from various sources and using a suitable indicator to estimate water scarcity. All the methods 

employed for estimating water scarcity, mostly follow similar procedure, with the only difference 

in the type of model used to obtain the available freshwater resources and the type of water scarcity 

index used. Various hydrological models are available to estimate the water availability statistics, 

ranging from global hydrological models (GHMs) (e.g. WaterGAP (Verzano, 2009)) which are 

focussed on water balance and lateral movement of water, to the Land Surface Models (LSMs) 

(e.g. JULES (Best et al., 2011)) which are concentrated on energy balance and describe the vertical 

movement of water, to the Catchment-scale Hydrological Models (CHMs) (e.g. SWAT (Arnold et 

al., 1998)) which work at finer resolutions. The next section briefly explains all these different 

kind of models and gives an overview of some studies which utilised these models in their analysis.  

2.3.1 Global Hydrological Models 

GHMs are widely used and very important tools for estimating various water balance components 

like, surface runoff and evapotranspiration at global scale (Beck et al., 2017). These models have 

emerged in the last two decades and are comparitively newer, but lately, increased development 

has been seen in this field (Sood and Smakhtin, 2015). The availability of finer datasets and 

incorporation of various functionalities by coupling the GHMs with other models have made them 

more complex and purposeful (Döll et al., 2008). Although, the availability of data has made it 

feasible to apply some global models at various scales, but these are not a preferred choice for a 

watershed-scale simulation as these simulations require explicit representation of water resources 

in the basin (Gosling et al., 2011). Nevertheless, these models provide important estimates 

regarding the spatial and temporal variation of water resources. GHMs perform far better than 

those techniques which are based on statistical estimation from ground based observations, which 

can be a source of uncertainty in the model (Rodda, 1995; Sood and Smakhtin, 2015).  Also, the 

use of GHMs becomes more resolute when they are used in combination with other models like 

the ones used to  
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Table 2.1: Fifteen GHMs arranged in chronological order. For the model name acronyms please refer to 

the list of abbreviations 

S. No Model Name Year of development Reference 

1. HDTM 1.0 1989 Vörösmarty et al. (1989) 

2. Macro-PDM 1998 Arnell (1999) 

3. MPI-HM 1998 Hagemann and Dümenil (1998) 

4. GWAVA 1999 R. Meigh et al. (1999) 

5. VIC-WB 2001 Nijssen et al. (2001) 

6. LAD 2002 Milly and Shmakin (2002) 

7. PCR-GLOBWB 2004 Van Beek and Bierkens (2009) 

8. LPJml 2007 Bondeau et al. (2007) 

9. WASMOD-M 2007 Widén-Nilsson et al. (2007) 

10. WaterGap 3.0 2009 Verzano (2009) 

11. ISBA-TRIP 2010 Alkama et al. (2010) 

12. W3RA 2010 Van Dijk (2010) 

13. LISFLOOD 2013 Burek (2013) 

14. SWBM 2015 Orth and Seneviratne (2015) 

15. HBV-SIMREG 2016 Beck et al. (2016) 

   

describe global economy, trade, energy balance, climate change and crop growth (Sood and 

Smakhtin, 2015).  

A plethora of hydrological models are available which can be used for estimating water 

availability. An investigation of relevant literature reveals that there are atleast 15 GHMs available, 

presently (Table 2.1).  

2.3.2 Land Surface Models 

In addition to GHMs, the LSMs can also be successfully used to estimate the spatial and temporal 

distribution of available water resources. LSMs are physically based hydrological models, built on 

the solution of both the water and energy balance, and describe in detail, the vertical exchanges of 
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water, heat and sometimes carbon (Beck et al., 2017; Haddeland et al., 2011). These models work 

at hourly or sub-hourly time-steps and consider multiple soil and snow layers, as compared to a 

small number of soil layers or a single snow layer in GHMs (Beck et al., 2017). 

In the LSMs, the streamflow simulations are not only based on the accurate representation 

of the water balance processes but also the land surface processes, for instance, evapotranspiration. 

However, the GHMs employ statistical or empirical techniques to estimate evapotranspiration 

from temperature (Hurkmans et al., 2008), which incorporates a lot of uncertainty into the model. 

This uncertainty, then ultimately propagates to streamflow estimation (Koster et al., 2000). LSMs 

as compared to the GHMs estimates evapotranspiration by solving both water and energy balances 

(Famiglietti and Wood, 1994; Liang et al., 1994). These are also able to use other inputs like wind 

speed, relative humidity and solar radiations provided by various climate change models and can 

better partition various hydrological components i.e. surface runoff, streamflow, soil moisture and 

evapotranspiration (Hurkmans et al., 2008). But the need of various inputs, large number of 

parameters, complexity of model structure and longer computation time (Hurkmans et al., 2008) 

make its use limited. Originally LSMs were developed to represent the land surface in climate 

change modelling (e.g.Koster et al. (2000), Dai et al. (2003), Zeng et al. (2002)) but now these 

have been successfully used for streamflow simulations as well (e.g.Wood et al. (2005)). Table 2.2 

provides a list of 6 LSMs which have been recently used for streamflow simulation or estimating 

water availability.  

Various studies have attempted to compare these modelling approaches for water 

availability. Beck et al. (2017) evaluated the runoff estimates from 10 different GHMs and LSMs 

and found considerable differences between the performance of the models. In the same vein, 

Haddeland et al 2011 compared a set of five LSMs and six GHMs under the Water Model 

Intercomparion Project (WaterMIP) and found significant differences in the prediction of water 

balance components from all the models, which brings to light the difficulty in large-scale 

hydrological modelling. Also, many global studies, utilised or deliniated the study area into small 

number of very large-area watersheds which resulted in poor assessment of spatial variation of 
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Table 2.2: Overview of six LSMs. For the model name acronyms please refer to the list of abbreviations 

S. No. Model Name Model time-step Year Reference 

1. HTESSEL 1 h 2009 Balsamo et al. (2009) 

2. H08 6 h 2008 Hanasaki et al. 

(2008a) 

3. JULES 1 h 2011 Best et al. (2011) 

4. MATSIRO 1 h 2003, 

2010 

Takata et al. (2003), 

Koirala (2010) 

5. Orchidee 15 min 2005 Krinner et al. (2005) 

6. VIC Daily/3 h 1994 Liang et al. (1994) 

 

water resource components (Beck et al., 2017). To resolve this issue of not-so-good representation 

of spatial variation of water resources, another type of models, called the catchment-scale models 

(CHMs) were used to estimate water availability. The CHMs estimate water resources at more 

finer resolution and at basin-scale. Modelling using CHMs is advantageous as compared to GHMs 

and LSMs due to better representation of spatial variation of various surface and sub-surface 

components of the hydrological cycle (Beck et al., 2017). Few examples of these models are 

SLURP (Kite, 1995; Thorne, 2011), Pitman (Hughes et al., 2011), SWAT (Arnold et al., 1998) 

and Cat-PDM (Arnell, 2003). These models have also been used for large-scale simulations such 

as in Iran, Canada, United States and Africa (Daggupati et al., 2016; Daggupati et al., 2015; 

Faramarzi et al., 2009; Schuol et al., 2008), where the catchment scale model SWAT was used to 

estimate blue and green water resource availability.  

2.3.3 CHM-SWAT for estimating water scarcity 

Amongst the various CHMs, the most used model for estimating water resource availability and 

eventually calculating water scarcity is SWAT (Arnold et al., 1998). SWAT is a semi-distributed, 

physical based, catchment-scale hydrological model which can be used to study water quantity, 

quality, crop-growth and various other processes related to the hydrology of a watershed (Veettil 

and Mishra, 2016). The model has been successfully used for small as well as large watershed 

simulations (Cibin et al., 2012; Daggupati et al., 2016; Daggupati et al., 2015; Faramarzi et al., 
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2009; Giri et al., 2014; Schuol et al., 2008). Also, the model has performed reasonably well in 

estimating freshwater resource components and water scarcity indices in the watersheds 

(e.g.Rodrigues et al. (2014), Veettil and Mishra (2016), Scherer et al. (2015)). Schoul et al. (2008) 

highlighted various advantages of SWAT over other CHMs and GHMs, like, CropWat and 

CropSyst (Confalonieri and Bocchi, 2005), WaterGAP (Alcamo et al., 2003; Döll et al., 2003) and 

GIS based Erosion Productivity Impact Calculator (GEPIC) (Liu et al., 2007), which lacked 

explicit representation of either the crop growth component or the hydrology component, whereas 

SWAT could explain both the crop growth and hydrological processes equally well (Schuol et al., 

2008). 

The very first attempt to use SWAT to estimate water resource availability or freshwater 

resource components (blue and green water resources) was done by Schoul et al. (2008). They 

modelled blue and green water resources in Africa using SWAT at sub-basin level with monthly 

time step. An additional feature of the study was uncertainty analysis done using SUFI-2 algorithm 

in SWAT-CUP (Abbaspour et al. 2011). Similar studies were carried out in Iran by Faramarzi et 

al. (2009), in Europe by Abbaspour et al. (2015) and in Brazil by Rodrigues et al. (2014). 

Abbaspour et al. (2009) assessed the impact of climate change on blue and green water resources 

by using SWAT in combination with the Canadian Global Coupled Model (CGMC 3.1) in Iran. 

Multiple watershed-scale studies, to estimate the impact of climate change and human activities 

on blue and green water resources in Iraq, were carried out by Abbas et al. (2016a) and Abbas et 

al. (2016b). 

The outputs from SWAT were used to estimate water scarcity indicators in various watersheds. 

Faramarzi et al. (2017), utilised SWAT to estimate dynamic freshwater scarcity in Alberta, 

Canada. In this study, water demand data and modelled water supply data was used to estimate 

WSI. Veettil and Mishra (2016) and Rodrigues et al. (2014) used SWAT to estimate water scarcity 

using the water footprint concept. Veettil and Mishra (2018) compared three methodologies to 

estimate water scarcity and analysed the impact of climate change and human activities on the 

water scarcity. Giri et al. (2018) also investigated water scarcity in present and future scenario by 

loosely coupling hydrological model SWAT with an agent-based probabalistic model to see the 
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Table 2.3: Studies which used SWAT to estimate freshwater resource components and/or water scarcity   

S.No. Study Region 

1. Schuol et al. (2008) Africa 

2. Abbaspour et al. (2009) Iran 

3. Faramarzi et al. (2009) Iran 

4. Zang et al. (2012) Heihe river basin, China 

5. Xu and Zuo (2014) Wei river basin, China 

6. Rodrigues et al. (2014) Cachoeira river basin, Brazil 

7. Abbaspour et al. (2015) Europe 

8. Rodrigues et al. (2015) Cachoeira river basin, Brazil 

9. Abbas et al. (2016c) Al-Adhaim river basin, Iraq 

10. Abbas et al. (2016d) Khabour , Iraq 

11. Abbas et al. (2016b) Diyala river basin, Iraq 

12. Abbas et al. (2016a) Greater Zab, Iraq 

13. Faramarzi et al. (2017) Alberta, Canada 

14. Karabulut et al. (2016) Danube river watershed, Europe 

15. Veettil and Mishra (2016) Savannah river basin, USA 

16. Veettil and Mishra (2018) Savannah river basin, USA 

 

affect of land-use change on water scarcity. Table 2.3 lists some major studies which used SWAT 

to estimate freshwater resource components and water scarcity in a watershed. 

2.4 Conclusions 

Water is a vital resource for the survival of human race. Although, earth’s surface has enough 

water to sustain human and environmental water requirements but its uneven spatial distribution 

and temporal variation makes the access to safe quality water difficult in many parts of the world. 

Thus, there is a need to investigate the spatial and temporal variation of available freshwater 

resources and quantify water scarcity.  
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Several indices are available to estimate water scarcity but each one has some pros and 

cons associated with their use. The selection of a proper water scarcity indicator method plays a 

pivotal role in water scarcity assessment studies. As such, water footprint indicator seems to be 

the most suitable one for this study as it incorporates all the essential components like green water 

resources, EFR and also acknowledge temporal variation of the available freshwater resources. 

Also, it isn’t data-intensive. 

In addition to selecting a suitable indicator, we also need to focus on selecting a suitable 

hydrological model to estimate available freshwater resources to analyse the spatial and temporal 

variation of available freshwater resources. While, certain models are good in solving water 

balance, others are based on energy balance. SWAT, a CHM, is found to be a suitable model for 

this study as it works at finer resolution and incorporates all the important hydrological and crop 

growth processes.  
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CONNECTING TEXT 

Water scarcity is an emerging issue affecting the economies of various nations. Although, 

Canadian watershed have a lot of water, still they can also become a victim of water scarcity. To 

better understand the situation of water scarcity in a Canadian watershed, the following study 

investigated the spatial and temporal pattern of the freshwater resources and water scarcity in the 

Grand River Watershed (GRW), in south-western, Ontario, Canada. 
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CHAPTER 3 

WATER SECURITY ASSESSMENT OF GRAND RIVER 

WATERSHED IN SOUTH-WESTERN ONTARIO, CANADA 

Abstract:  

Water security is the capability of a community to have adequate access to sufficient quantity and 

good quality water, and to safeguard resources for the future generations. Understanding the 

spatial and temporal variability of water security can play a pivotal role to sustainable 

management of the fresh-water resources. In this study, a long-term water security analysis of the 

Grand River Watershed (GRW), Ontario, Canada was carried out using Soil and Water 

Assessment Tool (SWAT). Analyses on blue and green water availability and water security were 

carried out by dividing the GRW into eight drainage zones. As such, both anthropogenic as well 

as environmental demand were considered. In particular, while calculating blue water scarcity, 

three different methods were used in determining the environmental flow requirement, namely, 

the presumptive standards method, the modified low stream-flow method and the variable 

monthly flow method. Model results showed that the SWAT model could simulate streamflow 

dynamics of the GRW with ‘good’ to ‘very good’ accuracy with an average Nash-Sutcliffe 

Efficiency, R2, and PBIAS being 0.75, 0.78 and 8.23%, respectively. The Sen’s slope calculated 

using data of over 60 years confirmed that the blue water, and green water flow and storage, had 

an increasing trend. The presumptive standards method and the modified low stream-flow 

method, respectively, was found to be the most and least restrictive method in calculating 

environmental flow requirement. While both green (0.4-1.1) and blue water scarcity (0.25-2.0) 

showed marked temporal as well as spatial variability, the blue water scarcity was found to be 

the maximum in urban areas on account of higher water use and less blue water availability. 

Similarly, the green water scarcity was found to be maximum at zones with higher temperature 

and intensive agricultural practices. We believe that know-how of green and blue water security 

situation would be helpful in sustainable water resources management of the GRW and 

identifying hotspots which need immediate attention. 

Keywords: Water security; Blue Water; Green Water; Grand River Watershed; SWAT 
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3.1 Introduction 

Water security is the capability of a community to have adequate access to sufficient quantity and 

good quality water, and to safeguard resources for the future generations (WWAP, 2012). The 

seemingly implacable rise in water demand, limited water supply, demographic changes, high 

standards of living and uneven distribution of water resources are some of the factors which led to 

a rise in water security issues all around the world (Hoekstra et al., 2012). Many rivers around the 

world are running dry for considerable part of the year, before merging into the sea. Not only the 

surface water resources but also the ground water is being overly exploited with pumping rate 

more than replenishment, thus increasing threats to availability of freshwater resources for 

irrigation, human consumption, energy production and environmental sustainability (Abbaspour 

et al., 2015; Hoekstra et al., 2012; Veettil and Mishra, 2016). It has been reported that 1.8 billion 

people are likely to be exposed to high risk of water scarcity by 2025 (WWAP, 2012; WWAP, 

2015). Thus, a thorough understanding of the spatial and temporal variability of water security is 

required to sustain the available fresh water resources (Faramarzi et al., 2017). 

Canada, on the other hand, is one of the most bestowed countries with respect to water 

availability, with around 7.6% of its area under water resources (Tate, 1978). It ranks high in river-

flow, as well, with Canadian rivers discharging nearly 9% of the world’s water supply (NRCAN, 

2017). But, this aggregated data is a little deceiving. Being a large landmass, Canada encounters 

huge spatial and temporal variability of climatic conditions, distribution of water resources and 

associated water availability, which is considered to be the essence of water scarcity. In this study, 

we modelled the Grand River Watershed (GRW), which is one of the largest watersheds in south-

western Ontario, Canada. The GRW encompasses an area of 6700 km2 and has a population of 

about 1 million which is expected to increase beyond 1.5 million by 2051 (WMP, 2014). In 1800’s, 

during European settlements, land-use in some areas was converted to agricultural and urban areas 

which led to 65% wetlands being completely lost and considerable deforestation. Consequently, 

the river flow became uncontrollable and flashy, causing floods during spring and severe droughts 

during summer (Wong and Boyd, 2014). Since then, many improvements have been made after 

the formation of Grand River Conservation Commission (GRCC) in 1932, but no study has been 

done to analyze water resource variability and water scarcity in the river basin. Furthermore, the 
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GRW has some rapidly growing cities in Ontario which includes Kitchener, Waterloo, Cambridge, 

Guelph and Brantford. Increase in population and industrialization coupled with climate 

uncertainty have increased concerns about the ecological impacts and the ability of surface and 

groundwater to sustain the increasing demand (Jyrkama and Sykes, 2007). Therefore, it is 

important to know how freshwater resources are distributed and used in the watershed to better 

understand its variability and assess the impact of human activities on the watershed hydrology.  

One method for dealing with water security issues is classifying the freshwater resources 

into blue and green water (Veettil and Mishra, 2016) and estimating water footprint for quantifying 

the water security situation in the watershed. Blue water (BW) is generally considered as the water 

flowing on the surface and through sub-surface courses, stored in rivers, lakes and deep aquifers, 

while green water (GW) is characterized as the water stored in unsaturated soil layer and water 

moving to the atmosphere through transpiration and evaporation (Hoekstra et al., 2011; Rodrigues 

et al., 2014). Green water plays a critical role in agricultural crop production and accounts for 

nearly 80% of the total water used for global crop production (Liu et al., 2009). In tropical regions 

where rain-fed agriculture plays a major role, primary water usage is that of green water. Knowing 

the quantity and specific consumption of available blue and green water, can help in sustainable 

management of these water resources.  

Water footprint defines the link between human water use and growing population (Veettil 

and Mishra, 2016). Blue water footprint is the consumptive use of surface and ground-water 

resources for producing goods and services and green water footprint is the green water 

consumption (evapotranspiration) which directly or indirectly (agriculture) benefits humans. 

Water security status of a region defines the disparity between water-use and available water, and 

it can be characterized by various methods (i.e. shortage, stress and scarcity). One of the globally 

used methods is of estimating water scarcity (Hoekstra et al., 2011; Rodrigues et al., 2014; Veettil 

and Mishra, 2016) which is assessed as the ratio of water footprint to available water. Assessment 

of water scarcity is one of the pre-requisites for various researches and it justifies the global 

analysis of food security, human and economic development, poverty and environmental health 

(Hoekstra et al., 2012). Quantification of water scarcity can play a critical role for locating hot-

spot regions and help in decision-making for planning and management purposes. 
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One of the critical issues in water and natural resource management is to satisfy human 

needs without compromising the environmental stability (Pastor et al., 2013). However, human 

activities such as excessive withdrawal, overfishing and water pollution have damaged the 

ecological balance and impaired freshwater biodiversity (Dudgeon, 2009; Pastor et al., 2013). 

Many studies have been conducted to assess global water security (Arnell, 2004; Hoff et al., 2010; 

Rockström et al., 2009) but most of them overlooked the water requirement for environmental 

sustainability, also known as Environmental Flow Requirement (EFR), with only a limited number 

of studies including the environment flow component (Gleeson et al., 2012; Hoekstra and 

Mekonnen, 2011; Smakhtin et al., 2004). So, there is a need to deliver certain share of available 

freshwater for environmental sustainability and evaluate the same using suitable methods. 

Hence, the primary aim of this study is to quantify available water resources in the GRW 

to estimate water security which led to several specific objectives: (a) to built-up, calibrate and 

validate and perform sensitivity as well as uncertainty analysis of a SWAT model of the GRW; (b) 

to assess spatial and temporal variability of blue and green water resources of the GRW; and (c) 

to assess water security situation at different zones of the GRW using green and blue water 

footprint. To our knowledge, this is the first study of this kind in which the GRW has been assessed 

for its fresh-water resources and a robust analysis of water security situation has been carried out. 

We believe that availability of a calibrated and validated SWAT model and know-how of long-

term trend of fresh-water resources and water security of the GRW help water resources managers 

and planners to manage the GRW in a more sustainable way. 

3.2 Materials and Methods 

The Grand River watershed (GRW) is one of the largest watersheds in southwestern Ontario, 

Canada (Figure 3.1). The Grand River, along its 310 km long route, starting from the headwaters 

in Dundalk Highlands to the outlet at Port Maitland into Lake Eerie, picks up its major tributaries, 

the Conestoga, the Nith, the Eramosa and the Speed Rivers (Zhang et al., 2018). Maximum area 

in the GRW is under agriculture (43%), followed by pastures and range-grasses (26.92), forests 

(12%) and small fragments of urban areas (9.29%) and wetlands (1.8%) (Figure 3.2). The weather 

in the GRW is moderate to cool temperate (average annual precipitation ranging between 800-900 
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mm and temperature between 8-10°C (NRCAN, 2018) and the watershed experiences four main 

seasons including winter, which is cool and dry, and summer, which is hot and humid. If the winter 

is warm, then the watershed will experience moderate spring flow and if it is cold, then the spring 

flow could be high enough to cause floods in the downstream areas (GRCA, 2008), as were caused 

in Brantford in 2018. The Brantford floods were the worst floods, that the area experienced in the 

last decade, which caused around 4900 residents to move from their homes to safer places (Shum, 

2018). 

 

Figure 3.1: The Great Lakes (inset) with the Grand River Basin and a Digital Elevation 

Model (DEM). Also shown are the six gauging stations and the river network derived 

from the DEM 

The precipitation is fairly uniform with short but intense rainfall events in summer and spring, 

and steady rainfall events in autumn and snowfall in winters. Maximum area of the watershed is 

under the soil type Guelph (14%) followed by Huron (13%), Brantford (12%) and Perth (8%). The 

elevation of the GRW ranges from 173 m near the outlet to Lake Erie and 535 m near the 

headwaters. The watershed is divided into 8 zones (Figure 3.3) based on the rivers draining them.  
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Figure 3.2: Land-use and Soil depth map of the GRW 

3.2.1 The soil and water assessment tool (SWAT) 

Soil and Water Assessment Tool (SWAT) (Arnold et al., 1998) is a physically-based and semi-

distributed hydrological model which operates on a daily time-step. The model simulates various 

eco-hydrological and anthropogenic processes, using the water balance equation and considers 

processes such as precipitation, infiltration, percolation, surface runoff, evapotranspiration and 

lateral flow. The model has been used widely for simulating snow, standing water, crop growth, 

water quality and quantity (Grusson et al., 2015; Liu et al., 2016; Shrestha and Wang, 2018). 

SWAT simulates the watershed in two phases, land phase and routing phase (Arnold et al., 2012). 

The land phase controls the discharge, nutrient, pesticide and sediment loading from each sub-

basin and the routing phase controls the movement of the water from sub-basins to the main outlet. 

The watershed is divided into sub-basins, which are further divided into Hydrological Response 

Units (HRUs), based on similar land-use, topography and soil characteristics. It simulates all the 
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Figure 3.3: Eight different zones in the GRW 

processes at HRU level, adds them up to get the flow at sub-basin level and routes the flow through 

reaches to the main watershed outlet (Arnold et al., 1998). Figure 3.4 shows a flow chart of the 

methodology that uses the SWAT model to assess water security using blue and green water 

footprint concept in Grand River Watershed which is described in detail in the following sections. 

3.2.2 Model build-up, sensitivity analysis, calibration and validation, and uncertainty 

analysis 

A SWAT model requires various spatial, land and crop management, hydro-meteorological 

dataset. Table 3.1 briefly summarizes the data used, their sources and spatial and temporal 

resolution. 

A DEM of 30×30m spatial resolution obtained from Ontario Ministry of Natural Resources 

and Forestry (OMNRF, 2015) was used to discretize the watershed in smaller sub-basins. 

Moreover, it was used to obtain a slope map which was further divided into three slope classes 

with breaks at 2% and 4%. A soil map of resolution 1:1 million was obtained from Soil Landscapes 

of Canada (SLC), version 3.2. Similarly, a land-use map was prepared using crop data layers  
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Figure 3.4: Modelling framework using SWAT model outputs for water security 

assessment 

Table 3.1: Input data used for the SWAT model of the GRW 

Data Source Resolution 

Topography (Digital 

Elevation Model – DEM) 

Ontario Ministry of Natural Resources and Forestry 

(OMAFRA) 
30×30 m 

Soil Soil Landscapes of Canada (SLC), version 3.2 1:1 million 

Land-use  Agriculture and Agri-Food, Canada (AAFC) 30×30 m 

Crop management Agriculture and Agri-Food, Canada 30×30 m 

Tile drainage 
Ontario Ministry of Agriculture, Food and Rural 

Affairs (OMAFRA) 
30×30 m 

Precipitation Natural Resources Canada (NRCAN, 2018) Daily (mm) 

Maximum and Minimum 

Temperature 
Natural Resources Canada (NRCAN, 2018) Daily (oC) 
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(CDL) for the years 2014, 2015 and 2016, obtained from Agriculture and Agri-Food, Canada using 

the procedure documented by Daggupati et al. (2016) and Srinivasan et al. (2010). Furthermore, 

this spatial layer was merged with tile drainage layer obtained from Ontario Ministry of 

Agriculture, Food and Rural Affairs (OMAFRA) and to derive a land-use/ land cover map of 30 

m resolution. Thresholds of 5% each for land-use, soil and slope was used to delineate HRUs 

which resulted into a total of 2679 HRUs, distributed over 85 sub-basins. The characteristics (e.g., 

location, operation period, and physical and structural characteristics) of four reservoirs: the 

Guelph dam, Luther dam, Conestoga dam and Shand dam, were implemented in the model as they 

would affect the streamflow dynamics of the GRW. We have used the simulated target release 

option to mimic the operations such as storing spring floods and releasing them in summer months. 

In addition, minimum monthly outflows were also allocated based on measured streamflow data 

downstream of reservoir so that the real-world reservoir operations are reasonably represented. 

Long-term (1950-2015) weather data of resolution 10×10 km and at daily time interval was 

obtained from Natural Resources Canada (NRCAN, 2018). Soil Conservation Services (SCS) 

curve number method was used for runoff estimation while Hargreaves method (Hargreaves et al., 

1985) was used for estimating evapotranspiration.  

Agricultural crop growth is another essential factor which affects the hydrological cycle. 

Moreover, the crop/land management operations involved such as irrigation and fertilization affect 

the hydrology and water quality, too. Therefore, a three-year crop rotation, as typically used in 

Ontario, where corn, soybean and winter-wheat rotation and their common management operations 

such as plantation, fertilizer application and harvesting, etc. were taken from Liu et al. (Liu et al., 

2016) and was implemented in the model. While a robust calibration of crop yield was not the 

focus of the study, we, however tuned crop yield related parameters to match the simulated crop 

yield with those obtained from OMAFRA, for proper and accurate hydrological representation of 

the watershed.  

Multi-site calibration and validation technique as recommended by Daggupati et al. (2015) 

was used considering monthly streamflow at six different flow gauging stations (Figure 3.1). As 

such, the total time period (1950-2015) was divided into warm-up period (1950-1952), validation 

periods (1970-1981 and 2008-2015), and calibration (1982-2007) period. As, streamflow data for 

the period 1953-1969 was not available, so calibration and validation was done in the period 1970-
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2015. The purpose of choosing two validation periods was to include both dry as well as wet years, 

which was validated using standard normal variate (z-score) of annual precipitation. To facilitate 

multi-site calibration and validation as well as sensitivity and uncertainty analysis, we used the 

SWAT-CUP (Abbaspour et al., 2004) and its Sequential fitting program (SUFI-2) algorithm.  

In order to evaluate the performance of the model, we followed the recommendations of 

Moriasi et al. (2015). As such, coefficient of determination (R2), Nash-Sutcliffe Efficiency (NSE), 

Percentage of Bias (PBIAS) were selected, and one of the four qualitative ratings (very good, good, 

satisfactory and unsatisfactory) was assigned based on the range of the value of the chosen 

goodness-of-fit statistics. For uncertainty analysis, two indices: the p-factor, which is the 

percentage of measured data bracketed by the 95% predictive uncertainty (PPU) band, and r-factor, 

which is the measure of average width of the band (Abbaspour et al., 2004), were used. The p-

factor has an optimal value as 1, which means 100% of the observed data is bracketed in the 

uncertainty band while for the R-factor, lower the value, more certain is the model results. 

Additionally, various time-series plots and scatter plots were also used for the analysis.  

3.2.3 Spatial and temporal quantification of blue water and green water resources 

As already depicted, the GRW was divided into eight spatial zones based on the rivers draining to 

the Grand River (Figure 3.3) and will be used to quantify freshwater resources and water security 

analysis. Blue water constitutes the total water yield from the watershed and the deep aquifer 

recharge (Rodrigues et al., 2014). The total water yield is the amount of water leaving the HRU, 

flowing into the main channel and groundwater storage is the water moving downwards from the 

sub-surface to a deep aquifer (Rodrigues et al., 2014). Both, water yield and deep aquifer recharge 

can be found from SWAT HRU output tables. Green water resources include green water flow i.e. 

water flowing through evapotranspiration and green water storage i.e. water stored in the soil as 

soil moisture (Schuol et al., 2008). Evapotranspiration and soil moisture content can also be 

obtained from SWAT output table at HRU spatial scale. In addition to spatial analysis, the 

freshwater resources (obtained from SWAT output files) were also analyzed for their temporal 

variations using Sen’s slope method (Sen, 1968) and z-variate analysis for the period 1953-2015. 

In the Sen’s slope method, the trend is deduced by calculating the median of all pairwise slope of 

alternate values in the dataset. Moreover, monthly and seasonal variation of blue and green water 
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resources was analyzed. Uncertainty in these freshwater resources’ components were represented 

with a 95% PPU, as calculated using the SWAT-CUP.  

3.2.4 Quantification of blue water scarcity 

Blue water scarcity was computed as the ratio of consumptive use of blue water and the total blue 

water available. The blue water-use, as discussed earlier, was obtained from the report – Water 

Use Inventory Report for the Grand River Watershed (Wong, 2011). The water-use was divided 

into agricultural, municipal, recreational, dewatering, industrial and for remediation purposes. The 

major water use sector was municipal (60.83%), followed by water needed for dewatering (6.07%), 

agricultural (4.47%) and agricultural livestock (4.41%). The blue water availability (Eqn. 3.1) is 

the finite amount of water which can be abstracted for human consumptive-use without sacrificing 

environmental stability (Veettil and Mishra, 2016). It can be computed as the stream flow minus 

the EFR (Aldaya et al., 2012) which is the amount of water required to sustain the ecosystem. In 

the GRW, a significant amount of water demand is also met by groundwater in addition to surface 

water (Wong, 2011), accordingly, ground water storage/deep aquifer recharge (DAR) was also 

considered while calculating blue water availability. 

BW(available)(x,t) = Q(x,t)– EFR(x,t) + DAR(x, t)     (3.1) 

where EFR(x,t) is the environment flow requirement for drainage area ‘x’ at time ‘t’, DAR(x,t) is the 

deep aquifer recharge at the same drainage area ‘x’ and time ‘t’ and Q(x,t) is the corresponding 

stream-flow in m3/s. 

3.2.4.1 Different Methods to calculate Environment Flow Requirement (EFR) 

To assess the feasibility of an area to sustain and increase agricultural production or any other 

water-intensive job, we must acknowledge the fact that environment is also a water-user and that 

to maintain eco-hydrological balance, limits must be set to withdraw water in time and space 

(Pastor et al., 2014). In this study, three different hydrological based methodologies were used to 

compute EFR which will be described in following sections.  
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3.2.4.1.1 Presumptive Standards method 

This approach was proposed by Richter et al. (2012) and Hoekstra and Mekonnen, (2011), and it 

states that only 20% of the flow is available for use and rest 80% is the EFR. However, it does not 

mean that 80% of the flow is unavailable for use. In reality, 100% of the flow is available for use, 

but no more than 20% of the flow should be depleted by consumptive water-use. It has been used 

in various water security studies such as Veettil and Mishra, (2016), Rodrigues et al. (2014), 

Aldaya et al. (2012) and Hoekstra et al. (2012). This method is a precautionary approach and is 

generally used where site-specific estimation of EFR can’t be made and detailed local studies can’t 

be completed in the near term (Richter et al., 2012).  

EFR(x,t)= 0.8Qmean(x,t)        (3.2) 

where EFR(x,t) is the environment flow requirement for drainage area ‘x’ at time ‘t’ and Qmean(x,t) 

is the long-term monthly mean streamflow in m3/sec. 

3.2.4.1.2 Modified Low Streamflow method (Q7,10) 

The Q7,10 is the average annual seven-day minimum flow that is expected to be exceeded in 9 out 

of 10 years or it’s the 10th percentile of the distribution of seven-day monthly minimum flow 

(Reilly and Kroll, 2003). The original low streamflow method does not consider intra-annual 

variability, as such, for some months the EFR could be so high that only a small amount of water 

was left for use which in turn could increase the blue water scarcity. Therefore, the method was 

modified by estimating Q7,10 value at monthly scale to consider intra-annual variability and 

different EFR values were computed for different months. The data-set was adjusted close to 

normality by using the lognormal transformation (Chow et al., 1988). 

3.2.4.1.3 Variable Monthly Flow (VMF) method 

It is a parametric method of EFR estimation, and was proposed by Pastor et al. (2014). This method 

considers the natural variability of the flow by considering EFR at seasonal level. It classifies the 

flow into three classes:  

• low flow (MMF ≤ 40% of the mean annual flow (MAF)) 

• intermediate flow (40% of MAF < MMF < 80% of MAF) 
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• high flow (MMF> 80% MAF)  

where, MMF stands for Mean Monthly Flow for a particular month. 

Different criteria is used for each class to estimate the EFR, as listed below: 

• For, low flow, EFR = 0.6 MMF                 (3.3) 

• Intermediate flow, EFR = 0.45 MMF                (3.4) 

• High flow, EFR = 0.3 MMF      (3.5) 

Once the blue water scarcity is estimated for each EFR method, four qualitative ratings were 

assigned following (Hoekstra et al., 2012): 

• Low blue water scarcity, with scarcity value less than 1 

• Moderate blue water scarcity with scarcity value between 1 and 1.5 

• Significant blue water scarcity, with scarcity value between 1.5 and 2 

• Severe blue water scarcity, with scarcity value more than 2 

3.2.5 Freshwater Provision Indicator 

The Freshwater provision indicator (FWPIquantitative) is used to compare the effects of the three EFR 

methods described above and used in this study. This indicator was proposed by (Logsdon and 

Chaubey, 2013). The FWPIquantitative describes the freshwater provision services based on the 

quantity of water provided. Its value is based on the natural reasons, such as drought, due to which 

EFR levels are violated and it measures the risk in terms of the frequency of average monthly flow 

being less than the EFR. Its value equal to one denotes that EFR is met throughout the time period 

and value less than one means EFR is not met.  

FWPI𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑎𝑡𝑖𝑣𝑒 =  
Qmean(x,t)/EFR(x,t)

(Qmean(x,t)/EFR(x,t))+(qnet/nt)
     (3.6) 

where FWPIquantitative stands for freshwater provision indicator for the zone ‘x’ and time ‘t’, qnet 

stands for the number of months for which the FWPIquantitative values are less than EFR and nt stands 

for total number of months considered. 

3.2.6 Quantification of green water scarcity  

In this study, green water scarcity was used to evaluate green water security in the watershed. 

Green water scarcity was calculated as the ratio of green water (GW) footprint i.e. 
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evapotranspiration, to the amount of water available for use i.e. soil water content (Aldaya et al., 

2012). As already depicted, we chose the Hargreaves method (Hargreaves et al., 1985) while 

running the SWAT for simulating evapotranspiration (ET) and SWAT simulates the ET at HRU 

spatial scale.  We used initial soil water content (SWin), as available green water, which was again 

obtained from SWAT HRU output files. Available green water is the amount of water available to 

sustain the plant growth and to fulfil the evapotranspiration need/consumptive need of the plant 

system, and it is calculated as total water present in the root zone minus water content at wilting 

point (Rodrigues et al., 2014; Veettil and Mishra, 2016), which is also the minimum water required 

for sustainable growth of the plant. Hence, green water scarcity can be estimated as (Eqn. 3.7):  

GWscarcity= 
𝐺𝑊𝑓𝑜𝑜𝑡𝑝𝑟𝑖𝑛𝑡 (𝑥,𝑡)

𝐺𝑊𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 (𝑥,𝑡)
       (3.7) 

Where GWfootprint (x,t) is the amount of green water consumed or evapotranspiration in zone ‘x’ 

during the time ‘t’ and GWavailable (x,t) is the initial soil water content present in zone ‘x’ for time 

‘t’.  

3.3 Results and Discussion 

3.3.1 Performance evaluation of SWAT model results 

A total of 17 SWAT parameters (Table 3.2) were subjected to calibration based on the sensitivity 

analysis performed using the SWAT-CUP’s global sensitivity analysis. While the calibration was 

carried out using a wider range of parameter values, a final parameter range is shown in Table 3.2. 

We found the SCS curve number for moisture condition II (CN2) to be the most sensitive 

parameter followed by the baseflow recession constant (ALPHA_BF). The ground water delay 

time (GW_DELAY) completed the top three list. Two snow related parameters: snowfall 

temperature (SFTMP) and snowmelt temperature (SMTMP) were also in top five list which was 

indeed expected as the GRW lies in the cold climate region. The sensitiveness of the parameters 

are fairly comparable to that reported in other studies conducted in similar regions (Shrestha et al., 

2017; Shrestha and Wang, 2018; Troin and Caya, 2014). 

Table 3.3 shows the values of goodness of fit statistics for the calibration and validation as 

well as sensitivity analysis of streamflow results at six gauging stations, and Figure 3.5 shows the 
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Table 3.2: Sensitive parameters obtained from SWAT-CUP used for model development 

Sensitive 

Parameters 
Description Default 

Minimu

m 

Maximu

m 

r_CN2.mgt 
SCS curve number for moisture condition II 

(-) 
HRU* -10% 15% 

v_ALPHA_BF.gw Baseflow recession constant (-) 0.048 0.4 0.7 

v_GW_DELAY.gw Groundwater delay time (days) 31 10 100 

v_SFTMP.bsn Snowfall temperature (°C) 1 -3 1 

v_SMTMP.bsn Snow melt base temperature (°C) 0.5 0 5 

v_ESCO.bsn Soil evaporation compensation factor (-) 0.95 0.9 1 

v_EPCO.bsn Soil uptake compensation factor (-) 1 0.7 1 

v_GWQMN.gw 
Threshold depth of water in shallow aquifer 

required for return flow to occur (mm) 
1000 500 1500 

v_GW_REVAP.gw Groundwater revap. Coefficient (-) 0.02 0.1 0.2 

v_REVAPMN.gw 
Threshold depth of water in shallow aquifer 

for revap to deep aquifer to occur (mm) 
750 650 850 

r_SOL_K.sol Soil hydraulic conductivity (mm/hr) 
soil 

type** 
-10% 10% 

r_SOL_AWC.sol 
Available water capacity of soil layer 

(mm/mm) 

soil 

type** 
-10% 10% 

v_CH_N2.rte Manning’s n value for the main channel (-) 0.14 0.03 0.2 

v_CH_K2.rte 
Effective hydraulic conductivity in main 

channel alluvium (mm/hr) 
0 10 100 

v_ALPHA_BNK.rt

e 

Baseflow alpha factor for bank storage 

(days) 
0 0.2 0.6 

v_TIMP.bsn Snow pack temperature lag factor (-) 1 0.5 1 

v_SMFMX.bsn 
Melt factor of snow on June 21 (mm 

H2O/°C-day) 
4.5 2 6 

*depends on the HRU, **depends on the soil type 

r_: relative change with the value with respect to the original (default) value 

v_: replaced by the given value 

 

graphical comparison of observed and simulated streamflow with 95% uncertainty band. Graphical 

plots show that the model, in general, has represented the trend of observation and that most of the 

observations fell within the 95% uncertainty band. The values of chosen goodness of fit statistics 

and both p- and r-factors indeed reflect that. For all six stations, the uncertainty band encapsulated 

at least 81% (as p-factor ranged between 0.81-0.93, in the calibration period) of observations. 

Moreover, the r-factor, which indicates the thickness of band, is also less than the generally 

accepted value of 1.5 (Abbaspour et al., 2015) (0.81 to 1.24, case in calibration period). It should 
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be noted that a higher p-factor could have been obtained by increasing the r-factor, but a 

compromise has to be made not to introduce further uncertainty in the model results (Abbaspour 

et al., 2004). The qualitative ratings, calculated based on the recommendation of Moriasi et al. 

(2015) indicated a range of accuracy (unsatisfactory to very good), varying as per the goodness-

of-fit statistics and gauging stations. In general, the model simulated streamflow dynamics of 

downstream stations with better accuracy as compared to those at tributaries. A slightly lower 

accuracy has been observed for the validation period when compared to those in  

Table 3.3: Goodness-of-fit statistics obtained from calibration (1982-2007) and validation 

(1970-1981; 2007-2015) at six gauging stations 

Flow 

Station 

Calibration results Validation results 

p-

factor 

r-

factor 
NSE R2 

PBIAS 

(%)  

p-

factor 

r-

factor 
NSE R2 

PBIAS 

(%) 

Grand at 

Marshville 
0.83 0.81 

0.82 

(G) 

0.83 

(G) 

8.60 

 (G) 
0.71 0.67 

0.83 

(G) 

0.86 

(V) 

19.8 

(U) 

Eramosa at 

Guelph 
0.85 1.33 

0.66 

(U) 

0.68 

(U) 

0.40  

(V) 
0.77 1.2 

0.69 

(U) 

0.79 

(S) 

9.30 

(G) 

Grand at 

Brantford 
0.81 0.99 

0.83 

(G) 

0.85 

(V) 

11.4  

(S) 
0.91 1.14 

0.8 

(G) 

0.86 

(V) 

18.8 

(U) 

McKenzie 

at 

Caledonia 

0.84 0.99 
0.74 

(S) 

0.74 

(S) 

1.60 

(V) 
0.88 0.96 

0.57 

(U) 

0.62 

(U) 

18.1 

(U) 

Fairchild at 

Brantford 
0.87 0.99 

0.76 

(S) 

0.76 

(S) 

-0.80 

(V) 
0.76 0.88 

0.63 

(U) 

0.67 

(U) 

3.40 

(G) 

Nith at 

Canning 
0.93 1.24 

0.87 

(V) 

0.87 

(V) 

5.90 

(G) 
0.83 0.98 

0.81 

(G) 

0.82 

(G) 

2.30 

(V) 

V: very good; G: Good; S: satisfactory; U: unsatisfactory as per recommendation of Moriasi et al. (2015) 

 

calibration period which is indeed expected as model tend to underperform in validation period 

due to obvious reasons. The results of the model were also found to be comparable with the result-

statistics calculated in other cold regions in Canada (Ahl et al., 2008; Faramarzi et al., 2015; 

Grusson et al., 2015; Shrestha et al., 2017; Shrestha and Wang, 2018; Troin and Caya, 2014). 

3.3.2 Spatiotemporal variability of the fresh-water resources 

The blue water yield showed marked spatial variability and as expected, high correlation with 

variability of the annual average precipitation (Figure 3.6). Blue water varied from 222 mm in 
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south-eastern part of the watershed to 430 mm in western part of the watershed. Sub-basins located 

at the western parts of the basin (upstream parts of Conestoga and Nith sub-watersheds) have 

highest blue water yield. Particularly, a sub-basin in western part of the watershed showed an 

extremely high value of blue water (430 mm) as compared to the watershed average of 301 mm 

which was mainly due to the presence of Brookston clay soil which is a poorly drained soil. This 

resulted in limited infiltration, and as such, higher blue water flow. Amongst different zones, the 

Fairchild Creek sub-watershed (Zone F) has contributed the least which can be directly related to 

the lower amount of precipitation it receives when compared to other parts of the watershed. 

The inter-annual variability based on long-term (63 years: 1953-2015) assessment of the 

blue water showed an interesting trend (Figure 3.7 and 3.8). While blue water yield showed an 

increasing trend using the Sen’s slope analysis, a kind of cyclic pattern with increasing values in 

some years (positive Z-value, Figure 3.8 in years 1975-1980) and decreasing (negative Z- values, 

Figure 3.8 in years 1960-65) in others is evident. Despite a higher rate of temperature increase, the 

blue water resources have increased steadily which can be attributed mainly to increase in 

precipitation. Hence, inter-annual variability in precipitation, as expected, exerted higher control 

on the inter-annual variability of blue water than that of temperature. As evident in Z-score plot, 

an increase or decrease in precipitation had similar effect on different zones (A to H) of the 

watershed as indicated by same colored blue water yield Z-score values, highlighting consistent 

response to precipitation fluctuations among the considered eight zones of the GRW. 

Figure 3.7 also shows the uncertainty band (95% PPU). It should be noted that a thicker band 

(with band thickness varying from 200 mm to over 400 mm) was obtained for blue water resources 

when compared to the same for green water resources, which implied higher variation in the blue 

water resources and hence higher uncertainty. This higher uncertainty was evident from the fact 

that the blue water is sensitive to more parameter as compared to other freshwater components 

(Schuol et al., 2008) such as green water flow, which is primarily dependent on diurnal temperature 

fluctuations. A small change in precipitation can more quickly affect the blue water flow as it can 

to green water flow and storage.  
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Figure 3.5: Time series plot showing the observed and simulated monthly flow for six 

gauging stations: (a) Grand River at Marshville, (b) Eramosa and Speed River at Guelph, 

(c) Nith River at Canning, (d) Fairchild Creek near Brantford, (e) Grand River at 

Brantford, (f) Mckenzie Creek near Caledonia 
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Figure 3.6: Spatial distribution of Average Annual Precipitation and Blue Water Flow 

As for the green water, it is evident that both green water flow and green water storage were seen 

to be associated with temperature (Figure 3.9). The green water flow varied from 425 mm/year in 

upstream sub-basins, where the temperature was low, to 575 mm/year in the downstream 

temperature where the mean annual temperature was higher (more than 9°C). The spatial analysis 

of the green water flow (Figure 3.9) showed lesser variation as compared to the blue water flow. 

The reason for this is that soil has a limited amount of water storage to compensate for green water 

flow needs of the vegetation (Schuol et al., 2008). It should be noted that in the northern parts of 

the watershed, there was a small sub-basin with extremely high green water flow (Figure 3.9), 

although it was in a lower temperature region. The reason for this was higher evaporation occurring 

from this sub-basin as it had maximum area under water and wetlands. A dam (the Luther dam) is 

situated in this small sub-basin, which caused higher green water flow. Similarly, the green water 

storage or the available soil water also showed marked spatial variability. It is indeed true that 

green water storage is dependent on various soil properties such as depth of the soil layer, hydraulic 
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conductivity, porosity, etc. In our study, the major influencing factor was the soil depth (Figure 

3.9 & Figure 3.2).  

 

Figure 3.7: Trend analysis using Sen's Slope method, of Average Annual Precipitation, 

Temperature, Blue Water, Green Water Flow and Green Water Storage 
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Figure 3.8: Z-variate analysis of Average Annual Precipitation, Temperature, Blue 

Water, Green Water Flow and Green Water Storage at zonal level 
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Figure 3.9: Spatial distribution of Average Annual Temperature, Green Water flow and 

Green Water Storage 

Furthermore, the spatial variability in green water storage is also related to variability in 

precipitation. However, an opposite pattern was observed, especially for the western parts of the 

GRW. In these areas, while precipitation was the highest, the green water storage was not.  

The inter-annual temporal and uncertainty analysis for a period of 63 years (1953-2015) 

showed an increasing trend of both green water flow and storage with a narrow uncertainty band 

(Figure 3.7 and 3.8). As both precipitation and temperature trends showed increasing trends 

(Figure 3.7), and their effects on green water storage being compensating, it is evident that the 

green water storage trend have milder slopes than that of precipitation and temperature. A higher 

precipitation would obviously allow more infiltration and more green water storage. At the same 

time, a higher temperature would mean higher rate of green water flow. Moreover, a consistent 

pattern has been observed amongst the different zones of the GRW, as indicated by the same color 

pattern (vertical axis) in the Z-score plot for a particular year. As we proceed in horizontal axis in 

Z-score plot, temporal variations are evident such as higher green water storage in the years 1980-

1985 and lower green water storage in the years 1960-1965. An interesting trend in the Z-score 

plot of green water flow has been observed in the years of 1960-1965. While green water flow 

showed a mixed pattern in that period, the pattern of green water storage is more similar to that of 
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precipitation despite opposite pattern of temperature. This indicates that variability in precipitation 

can explain variability in green water storage. 

The intra-annual variability of the freshwater components was also analyzed using monthly 

average plots at zonal level. The precipitation was found to be more or less uniform throughout 

the year, but blue water was maximum in March and April. The peaks were the result of snowmelt 

contribution to the total yield in the GRW. Moreover, there was a little rise in blue water in 

November and December which might be because of slightly more precipitation in those months. 

Green water flow was found to be highest from May to July, because of higher temperature and 

more evapotranspiration in these months. Green water storage also decreased during summer 

months from May to July, owing to more evapotranspiration in those months. 

3.3.3 Blue water security status using different EFR methods 

Results showed that each of the EFR methods attributed different amount of blue water for human 

consumptive use. The modified Q7,10 method attributed 13% ± 5% to the EFR requirement while 

the VMF method raised the contribution to 35% ± 2%. The presumptive standards method, on the 

other hand was the most restrictive and maximum conservative, which attributed 80% of the 

discharge to the EFR. As such, it is evident that the modified Q7,10 method was the least restrictive 

and conservative, while the opposite is true for presumptive standards method.. The difference in 

the EFRs was more prominent in the beginning of summer (June) as compared to the end of 

summer (August) and beginning of fall (September) because variation in the streamflow was the 

least during the latter months.  

The FWPI (quantitative) was also calculated to compare the EFR methods amongst 

themselves. As already stated, the FWPI estimates the frequency of streamflow being less than the 

EFR. It was found that the average annual FWPI for the period of 63 years and for the whole 

watershed was 0.26 ± 0.04 using modified Q7,10 method, 0.59 ± 0.14 using VMF method and 0.93 

± 0.03, and when using presumptive standards method for EFR calculation (Table S1). The FWPI 

values helped to build a restrictiveness scale with presumptive standards being the most restrictive 

and modified Q7,10 method being the least. It also can help to estimate the natural reasons like 

droughts for violation of the EFR (Rodrigues et al., 2014). This analysis can help to select any 

EFR method based on conservation requirements. 
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The annual average blue water scarcity (Figure 3.10) clearly demonstrates the marked variability 

across different zones. Furthermore, use of different methods while calculating the EFR resulted 

in different blue water scarcity values. Since, modified Q7,10 and VMF methods showed lower 

restriction in terms of the EFR, it was observed that blue water scarcity values were less than 0.6 

(low blue water scarcity) for all the zones. Alternatively, presumptive standards method showed 

decreased blue water availability and gave higher values for blue water scarcity, some as high as 

1.75 (significant blue water scarcity). Precisely, the Eramosa and Speed river sub-watershed (Zone 

D) was found to have the maximum blue water scarcity using all the EFR methods and it had low 

green water availability as well (refer next section), further highlighting the effect of urban 

development in this zone. Water-use or blue water footprint was very high for the Central Grand 

sub-watershed (Zone G) and Nith River sub-watershed (Zone E) due to the presence of urban 

centers (Kitchener and Waterloo, Paris and New Hamburg, respectively) in these zones, but the 

higher blue water availability under all EFR scenarios compensated for the higher water-use and 

hence resulted in lower blue water scarcity. 

 

Figure 3.10: Spatial distribution of Blue Water Scarcity (using all three methods for EFR 

calculation) for year 2008 
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Figure 3.11: Monthly variation of Blue Water Scarcity and its indicators at zonal level. 

The graphs show the monthly variation of Blue Water and Precipitation on the primary 

axis and the Blue Water Scarcity for the year 2008, using all three EFR calculation 

methods on the secondary axis. 

In the monthly temporal scale, even more significant variability in blue water scarcity existed, 

depending on the method used for the calculation of the EFR, different zones and months (Figure  

3.11). For instance, the blue water scarcity was highest in the summer months (May to August), 

and was consistent in all zones. This is due to higher water-use in these months. Furthermore, 

another peak in blue water scarcity was observed in the month of October for all the zones and 

using all the EFR methods, on account of lower blue water availability. The blue water scarcity 

varied between 0.004 (low) and 0.973 (low) for modified Q7,10 method, between 0.005 (low) and 

1.31 (moderate) for VMF method and 0.017 (low) and 3.27 (severe) blue water scarcity for the 

presumptive standards.  

3.3.4 Green water security status 

As observed for the blue water scarcity, the green water scarcity plots (Figure 3.12 for annual, 

Figure 3.13 for monthly time scales), also showed marked spatial and temporal variability. The 
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average annual green water scarcity for the whole watershed was found to be 58.82%. Higher 

values of green water scarcity were seen in the Southern Grand and Mckenzie Creek sub-watershed 

(Zone H), on account of higher temperature (Figure 3.9), more area under agriculture and pastures 

resulting in higher green water flow. Lower green water scarcity was observed in the Eramosa and 

Speed river sub-watershed (Zone-D) because of relatively low temperature, higher elevation and 

hence less green water flow and more green water storage (Figure 3.9). Even in zones with higher 

green water flow and lower green water storage, the green water scarcity at annual level remained 

less than 1.1 (110%), indicating that green water shortage is not a serious problem in the GRW. 

 

 

Figure 3.12: Spatial distribution of Average Annual Green Water Scarcity 
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Figure 3.13: Monthly variation of Green Water Scarcity and its indicators at zonal level. 

The graphs show the monthly variation of Precipitation, Green Water Flow and Storage 

on the primary axis and Green Water Scarcity on the secondary axis. 

On the other hand, the intra-annual variability in the green water scarcity showed further 

variability (Figure 3.13). Almost all the zones became an environmental hotspot during summer 

and beginning of fall (from June to August). This might be attributed to more crop growth and 

hence higher evapotranspiration in these months. In the worst case, the green water scarcity 

approaching to a value of 3 (300%). Such monthly and seasonal analysis of green water scarcity 

can be helpful for planning agriculture and to use available water in a more sustainable manner. 

3.4 Conclusions 

In this study, a hydrological modelling framework, using the Soil and Water Assessment Tool 

(SWAT), was applied to evaluate the spatial and temporal variability of blue and green water 

resources and water security in the Grand River Watershed (GRW), Canada. The SWAT model of 

the GRW incorporated both natural and human factors influencing the hydrology of the watershed, 

and model calibration, validation and uncertainty analysis showed ‘good’ to ‘very good’ quality 
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of streamflow results. With the calibrated and validated model, we made further analysis on blue 

and green water resources and security and, in overall, we arrived at the following conclusions: 

• Spatial and temporal variability in the blue water resources can be explained by variability in 

climate factors, i.e. precipitation. Long-term analysis showed that the western sub-basins of the 

GRW have the highest blue water resource. 

• The green water flow, on the other hand, was found to be associated with both temperature and 

precipitation and with land-use/land-cover. Higher the temperature and more intense the 

agriculture, higher was the green water flow, as was observed for southern sub-basins of the 

GRW. Green water storage is found to be associated with various soil properties and was seen 

to be influenced by elevation or depth of soil, thereby, higher green water storage in the northern 

part of the watershed. 

• Blue water security analysis showed contrasting results for different EFR methods used. The 

presumptive method was found to be the most restrictive and conservative when compared to 

others. The blue water was scarce in some regions of the GRW and in specific period was found 

to be severe, especially for the Eramosa and Speed river sub-watershed and in summer months, 

on account of higher percentage of urban area, more water-use and less blue water availability.  

• Green water security analysis showed that the basin has no severe green water scarcity and that 

it is adequate enough for practicing rain-fed agriculture in spring and fall season. It was found 

to be maximum in the Southern Grand River sub-watershed, because of higher temperature, 

more green water footprint and lower green water availability.  
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CONNECTING TEXT 

After analyzing the results for the present scenario or the base-period (1950-2015), in Chapter 3, 

it was found that freshwater resources, as well as water security vary both spatially and temporally. 

With the changing climate affecting both, the spatial and temporal patterns of precipitation and 

other weather variables, it would be beneficial to analyze the impact of climate change on the 

freshwater resources and water security. The aim of the next study is, thus, to analyze the impact 

of climate change on water security situation of the GRW. 
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CHAPTER 4 

ASSESSING THE IMPACT OF CLIMATE CHANGE ON WATER 

SECURITY STATUS OF THE GRAND RIVER WATERSHED IN 

SOUTH-WESTERN ONTARIO 

Abstract: 

Climate change poses a threat to socio-economic development and water security of a region 

causing changes in the precipitation patterns and other weather variables which affect streamflow 

or freshwater availability. Understanding the impact of climate change on spatial and temporal 

variability of water security can play an important role in sustainable management of fresh-water 

resources in a region. In this study, a previously developed hydrological model using the Soil and 

Water Assessment Tool (SWAT), for the GRW, was used. For the analysis of blue and green water 

availability and water security the GRW was divided into eight drainage zones. Future predictions 

from three GCMs (Global Circulation Models) under two different IPCC Representative 

Concentration Pathways (RCPs) scenarios, downscaled using two different downscaling methods, 

were input to the already developed model to analyze the impact of climate change on available 

freshwater resources under two future periods, 2035-64 and 2070-99. Future water demand 

projections were based on population predictions by the SSP 2 (Shared Socioeconomic pathways: 

medium scenario) for both the future periods. Water demand and EFR were then used to determine 

water security in terms of water scarcity. Environmental Flow Requirement (EFR) was estimated 

using the variable monthly flow method. The ensemble results predicted a warmer and wetter 

future for the GRW. Precipitation in the future period is projected to primarily include intense-

short duration storms and temperature would increase more or less uniformly over the GRW. Blue 

water (BW) and Green Water Flow (GWF) projected an overall increase and Green Water Storage 

(GWS) projected an overall decrease. BW scarcity increased drastically in the future period as 

compared to green water scarcity which increased moderately. GW scarcity in some regions 

highlighted the need of irrigation in the future period. 

Keywords: Blue water, Climate Change, Green water, SWAT, Water scarcity 
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4.1 Introduction 

Freshwater availability is an important requirement for the growth and development of a nation. It 

is not only a basic human amenity but also a primary input for agricultural and industrial 

development and societal well-being. The amount of these resources that humans require to fulfil 

their daily needs is far less relative to the amount of resources available in the world (Schewe et 

al., 2014), still in many regions, the basic water needs of humans are not satisfied (Ohlsson and 

Turton, 1999). Water resources are abundant in several parts of the world, but their non-availability 

in certain other parts pose a constraint to the development of those nations (Faramarzi et al., 2013). 

Various water-intensive jobs like irrigation in agriculture and hydropower generation in industries 

are critical to the availability of freshwater resources (Wallace, 2000). Water scarcity poses a threat 

to development of these activities and hence affect the socio-economic prosperity of the region as 

a whole (Kummu et al., 2010). This problem is further aggravated by increased water demand due 

to population growth and dwindling water resources due to changing climate (Faramarzi et al., 

2013; IPCC, 2007). 

Climate change poses a threat to socio-economic development and water security of a 

region causing changes in the precipitation patterns and other weather variables which affect 

streamflow or freshwater availability (Alcamo et al., 2007; Arnell, 2004; Schewe et al., 2014; 

Vorosmarty et al., 2000). While, it affects water security, it also influences the ability of a region 

to harness water for enhancing food security (Faramarzi et al., 2013; Vorosmarty et al., 2000). 

Henceforth, it is necessary to seek for some innovative options to meet the challenges posed by 

climate change. One method could be to quantify the available freshwater resources spatially and 

temporally and analyze the water scarcity situation of the region (Veettil and Mishra, 2016) for 

various future scenarios. If this analysis is performed at finer resolutions, spatio-temporally, then 

it can guide various climate change adaptation and alleviation operations as well (Faramarzi et al., 

2013). 

The effect of climate change on available freshwater resources is highly uncertain (Arnell, 

2004; IPCC, 2007). While, the Global Climate Models (GCMs) predictions are consistent in the 

context of global average changes, these differ significantly in the magnitude of change at regional 
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scale. Not only does these projections differ in magnitude but also in the sign or direction of 

change, particularly for precipitation patterns (Meehl et al., 2007; Schewe et al., 2014). These 

changes in the precipitation patterns further translate to the change in streamflow or available 

freshwater resources. The way these effects transfer to freshwater availability is subject to the 

characteristics of the region and the hydrological model used, which further adds a new level of 

uncertainty (Haddeland et al., 2011; Hagemann et al., 2011). To deal with this aspect of 

uncertainty, many previous studies used more than one or an ensemble of GCMs to attain more 

confidence in their results (Abbaspour et al., 2009; Gaiser et al., 2011; Schewe et al., 2014; Tao et 

al., 2009; Thornton et al., 2009). The results showed significant reduction in bias by using a set of 

GCMs instead of using just one.  

Previous studies which assessed the impact of climate change on water security mainly 

focused on quantifying the freshwater resource components (blue and green water) (Abbas et al., 

2016a; Abbas et al., 2016b; Abbas et al., 2016c; Abbas et al., 2016d; Faramarzi et al., 2013; 

Gosling et al., 2011), but only a few of them projected the water scarcity situation of the region 

(Schewe et al., 2014; Veettil and Mishra, 2018). Schewe et al. (2014) estimated water scarcity 

under various climate change scenarios using the simple Falkenmark indicator (Falkenmark, 

1989). Veettil and Mishra (2018) estimated the influence of climate variable on water security 

using three approaches to calculate water scarcity, namely, blue and green water scarcity (Hoekstra 

and Mekonnen, 2011), Falkenmark indicator (Falkenmark, 1989) and freshwater provision index 

(Logsdon and Chaubey, 2013) for 2 different periods 1992 to 2001 and 2001 to 2013. It was 

observed that the studies which used more refined indicator such as blue and green water scarcity 

to estimate water scarcity (Veettil and Mishra, 2018) did not project future climate change impact 

on the freshwater resources. While, the studies which did project future climate change impacts 

(Schewe et al., 2014) did not use a complete indicator which incorporated green water resources 

and EFRs.  

Thus, the main aim of the study is to project the impact of climate change on the freshwater 

resources and water scarcity situation in the Grand River Watershed (GRW) in south-western 

Ontario, Canada using a suitable water scarcity indicator i.e. water-footprint-based scarcity 

indicator. To achieve the goal of the study, a hydrological model SWAT (Soil and Water 



71 

 

 

 

Assessment Tool) has been used, incorporating downscaled and bias-corrected input data from 

three GCMs, under two different RCP (Representative Concentration Pathway)(IPCC, 2014) 

scenarios and for two different time periods; mid-century (2035 to 2064) and end century (2070 to 

2099). But it should be noted that the estimates of climate change impacts not only depend on the 

assumed scenario but also on the projected population or the projected water demand for that future 

scenario. For this purpose, population projections were obtained from SSPs (Shared Socio-

economic Pathways) (Riahi et al., 2017) and incorporated into the analysis. The results can form 

a base over which various climate change adaptation and mitigation strategies can be built which 

could guide various water management and policy decisions.  

The SWAT model of the GRW, used in this study was developed in the previous chapter. 

The model was calibrated and validated over a period of 66 years with uncertainty analysis using 

SUFI-2 algorithm in SWAT-CUP (Abbaspour, 2013).  

4.2 Materials and Methods 

4.2.1 SWAT model 

The Soil and Water Assessment Tool (SWAT) (Arnold et al 1998) was used in this study to 

simulate hydrological balance of the GRW. SWAT is an integrated, process-based and semi-

distributed hydrological model which comprises of a plant-growth simulation module and works 

on a daily time-step (Arnold et al., 1998; Schuol et al., 2008). SWAT has been used by various 

researchers all around the world (Gassman et al., 2007) to study water quality (nutrients and 

sediments), water quantity (water availability) and crop growth in large watersheds having varying 

soils, land-covers and management practices. Various climate change impact assessment studies 

have also successfully used SWAT for their analysis, (Faramarzi et al., 2013; Veettil and Mishra, 

2018; Shrestha and Wang et al., 2018) based on the fact that it describes various processes like the 

effect of CO2 concentration, temperature and precipitation on the growth of plants and simulates 

various other important hydrological components like runoff, snow and evapotranspiration 

(Eckhardt and Ulbrich, 2003; Stonefelt et al., 2000). The model is capable of handling long-term, 

continental-scale data because of its Arc-GIS interface (Faramarzi et al., 2013). It has been used 
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by various water scarcity studies as well to quantify the blue and green water resources at varying 

scales (Abbaspour et al., 2015; Kaur et al., 2019; Veettil and Mishra, 2016; Zang et al., 2012). 

The model operates on the soil and water balance equation (Arnold et al., 1998). In this 

study, spatial parametrization was accomplished by delineating the watershed into 85 sub-basins 

which were further divided into 2679 Hydrologic Response Units (HRUs) based on their soil type, 

topography and land-cover. SCS curve number method (Boughton, 1989) was chosen for 

simulating runoff and Hargreaves method (Hargreaves et al., 1985) for potential 

evapotranspiration. The model was used for simulating climate change impacts by overwriting the 

baseline (1950-2015) weather inputs (precipitation and temperature) by climate change inputs 

obtained from the three GCMs. The model was run 24 times for a combination of 3 GCMs, 

downscaled using 2 different methods, under 2 RCP scenarios (RCP 4.5 and RCP 8.5) and 2 future 

periods (mid-century-2035 to 2064 and end-century-2070 to 2099).  

4.2.2 Model set-up, calibration and validation in the base-period: 

The hydrological model developed in the previous chapter was used in this study. Input data 

required for setting up the model included digital elevation model (DEM) of resolution 30×30m 

obtained from Ontario Ministry of Natural Resources and Forestry (OMNRF, 2015), soil map of 

1:1 million resolution obtained from Soil Landscapes of Canada (SLC) version 3.2 and land cover 

map was obtained from crop data layers (CDL) for the year 2014, 2015 and 2016 from Agriculture 

and Agri-Food, Canada. Long-term weather data for the time period 1950-2015 was obtained from 

Natural Resources, Canada (NRCAN, 2018). Five major reservoirs which affected streamflow 

dynamics of the GRW were also incorporated into the model. Simulated target release option was 

used to mimic the actual reservoir operation. In addition to that minimum monthly flow data was 

also allocated to the reservoirs based on the minimum flow obtained in the downstream areas to 

represent close-to-actual situation. Furthermore, a three-year crop rotation, typical to Ontario, for 

instance, corn-soybean-winter-wheat, were also incorporated into the model to simulate 

agricultural crop growth.  

The model was calibrated and validated using Sequential Uncertainty Fitting Program 

(SUFI-2) in SWAT-CUP (Abbaspour, 2011). The calibration period was from 1982 to 2007 and 



73 

 

 

 

validation was done for 1970-1981 and 2008 to 2015. Calibration and validation were performed 

at six different stations using multi-site calibration and validation technique (Daggupati et al., 

2015). The purpose of doing multi-site calibration was to represent the intra-watershed processes 

and decrease equifinality in the model.  

Three different goodness-of-fit indicators namely, coefficient of determination R2, Nash-

Sutcliffe Efficiency (NSE) and Percentage of Bias (PBIAS) were used to evaluate the performance 

of the model. Two other indices: p-factor, which estimates the percentage of data which lie in the 

95% prediction uncertainty band and r-factor, which defines the width of the band, were used for 

uncertainty analysis. Overall, the results of the model showed a range of accuracy and varied from 

‘unsatisfactory’ to ‘very good’ according to the qualitative ratings, given by Moriasi et al. (2015). 

The uncertainty band was able to bracket at least 81% of the streamflow values as given by the p 

factor (0.81-0.93, in calibration period) and the r factor was also lower than the normally accepted 

value of 1.5 (0.81 to 1.24), in calibration period. The calibrated and validated model was then used 

to quantify the blue and green water resources and study water scarcity in the GRW for the period 

of 1953 to 2015, which is considered base-period for this study. 

4.2.3 Global Climate Change Models (GCMs) 

According to Gosling et al 2011, there are four major steps involved in any climate change impact 

assessment study. The first stage involves choosing a suitable greenhouse gas emission forcing to 

drive the climate model to obtain future climate projections. The second stage is to select a suitable 

GCM for the study and project the future climate. The selection of a suitable GCM for climate 

change impact assessment studies is not a simple task (Shrestha and Wang, 2018). Generally, 

GCMs represent certain processes explicitly, while over-simplifying some other processes 

(Gosling et al., 2011). This oversimplification varies from model to model based on the structural 

setting of the model and the institution which built that model, thus, giving rise to climate model 

structural uncertainty. One of the solutions which Gosling et al. (2011) suggested was to use more 

than one GCMs instead of using just one model to provide a series of impact predictions which 

can then be compared for further analysis. The third stage which he suggested was to downscale 

the future climate data to finer resolution for local scale studies, due to the advantages associated 
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with the use of finer resolution data in process-based models like SWAT (Berg et al., 2012). The 

final stage is to feed this finer resolution data to a suitable hydrological model. The next two sub-

sections briefly explain the first 3 stages.  

4.2.3.1 RCPs 

Emission scenarios are used to provide possible explanation on how the future would be and will 

evolve as affected by a range of aspects like change in emissions of greenhouse gases, 

technological change, land-use change, energy and socio-economic change and air pollutant level 

change (Van Vuuren et al., 2011a). These emission scenarios are used as input to climate change 

models and a basis to assess the impact of climate change and mitigation options. The newly 

developed, Representative Concentration Pathway (RCP), as used by IPCC for its 5th Assessment 

Report (Allen et al., 2014), shows the greenhouse gases concentration pathway and is defined by 

the total (peak) radiative forcing of the scenario reached by end of 21st century (IPCC, 2014). It is 

a successor of the previously developed SRES (Special Report on Emission Scenarios 

(Nakicenovic et al., 2000)) predictions, published in 2000.  

The greenhouse gas emissions are mainly a derivative of energy-use, land-cover, 

population size, technological advancement, economic growth and climate policy. Based on these 

factors, for making projections of future climate-data, the RCPs describes 4 different pathways for 

greenhouse gas emissions. These include RCP 2.6, RCP 4.5, RCP 6 and RCP 8.5. The number 

here depicts the peak radiative forcing expected to reach in 21st century. RCP 2.6 is very optimistic 

mitigation scenario which aims to restrict the global mean temperature change to 2˚C above the 

preindustrial temperatures (IPCC, 2014; Van Vuuren et al., 2011a). RCP 4.5 is a medium 

stabilization scenario, which aims at stabilizing the radiative forcing at 4.5 W/m2 by the year 2100 

and restricting the global mean temperature between 1.1˚C and 2.6˚C (IPCC, 2014; Van Vuuren 

et al., 2011b). RCP 6 is another intermediate stabilization scenario which estimates the increase in 

global mean temperature between 1.4˚C and 3.1˚C (IPCC, 2014). RCP 8.5 is a very high emission 

pessimistic scenario which assumes high population growth and low-income growth with high 

energy demand and greenhouse gas emission. It assumes a global mean temperature rise between 

2.6˚C and 4.8˚C (IPCC, 2014; Van Vuuren et al., 2011a).  
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In this study, for depicting the variation of climate change impacts on freshwater resources, 

two RCP scenarios were chosen, one assuming stabilized emission till the end of 21st century 

(RCP4.5) and another assuming high emission scenario (RCP 8.5).  

4.2.3.2 Model selection and input climate-data 

To evaluate the effect of climate change on freshwater resources in the GRW, the climate-data was 

obtained from Pacific Climate Impact Consortium (PCIC, 2014) at a gridded resolution of 300 arc-

seconds (approximately 10 km), from the projections of Coupled Model Intercomparison Project 

Phase 5 (Taylor et al., 2012). For the Eastern North America (ENA) region, Murdock et al 2013 

investigated the prediction accuracy of all the 26 GCMs involved in CMIP5 and came up with a 

list of top 12 GCMs. These GCMs initially projected the future climate-data at coarser resolution 

(close to 100 km) so the projections were downscaled by PCIC (2014) to a finer resolution using 

gridded downscaling methods. 

In this study, we used the bias-corrected and spatially downscaled, daily precipitation, 

minimum and maximum temperature data for the top three GCMs, selected from the list of 12 

GCMs recommended by Murdock et al 2013. The three chosen GCMs were MPI-ESM-LR 

(developed by Max Planck Institute for Meteorology) (Giorgetta et al., 2013), inmcm4 (developed 

by Institute of Mathematics of the Russian Academy of Sciences Climate Model) (Volodin et al., 

2010) and CNRM-CM (developed by National Centre for Meteorological Research) (Voldoire et 

al., 2013). As, this study included analyzing the climate change impact under different emission 

scenarios, the data corresponding to two selected emission scenarios (RCP 4.5 and RCP 8.5) was 

considered. In addition to that, to assess the impact of climate change in different time periods, 

two periods; mid-century (2035-2070) and end-century (2070-2099), were also considered. 

Downscaling methods are designed based on two approaches, namely, statistical and 

dynamical downscaling. The first approach, i.e. statistical downscaling uses empirical statistical 

relationships to relate local and global conditions (Hanssen-Bauer et al., 2005; Kim et al., 1984; 

Wilby and Wigley, 2000) but its deficiency in projecting extreme weather events limits its use 
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(Lim et al 2007). The dynamic downscaling method, on the other hand, can reproduce meso-scale 

events very well, which play an important role in regional studies (Lee et al., 2014).  

In this study, the coarse-resolution input data was downscaled by PCIC, 2014 using two 

statistical techniques: Bias-Correction Spatial Disaggregation (BCSD) and Bias Correction 

Analogues with Quantile mapping reordering (BCCAQ). BCSD produces downscaled grids of 

finer resolution by using quantile mapping for bias correction and relating the GCM prediction 

quantiles to historical patterns and then disaggregating to daily time-step (Maurer and Hidalgo, 

2007; Wood et al., 2004). This method was used with certain modifications to incorporate 

minimum and maximum monthly temperatures instead of mean monthly temperature (Bürger et 

al., 2012) and an improved quantile mapping technique, as suggested by Bürger et al. (2013), was 

used. BCCAQ, on the other hand, is a hybrid tool which aggregates the results obtained from Bias 

Corrected Constructed Analogues (BCCA) (Maurer et al., 2010) and quantile mapping 

(Gudmundsson et al., 2012). BCCA uses similar methodology as is used in BCSD but it obtains 

the spatial information for each grid by combining the historical analogues linearly.  

The downscaled GCM projections were calibrated using historical data from 1950 to 2005 

(PCIC, 2014). The gridded climate-data obtained from these GCM was then fed to the previously 

developed SWAT model for the GRW. The outputs obtained from the hydrological model were 

then used to estimate the spatial and temporal trend of blue and green water resources and water 

scarcity. As, the study included 2 RCP scenarios for 3 GCMs, downscaled using 2 different 

techniques and for 2 time periods, so the hydrological model was run, in total, 24 times to estimate 

the freshwater resources and water scarcity for the ensemble.     

4.2.4 Spatial and temporal quantification of blue water and green water resources under 

future scenarios 

For this study as well, the GRW was discretized into eight spatial zones depending on the river 

draining to the Grand River. Hydrological components like evapotranspiration, water yield, deep 

aquifer recharge and available soil water, obtained from SWAT output, were used to estimate the 

variability of freshwater resources and assess the water scarcity situation of the watershed (Veettil 

and Mishra, 2016). As discussed in the previous chapter, blue water is the combination of water 



77 

 

 

 

yield and deep aquifer recharge from a particular sub-basin (Rodrigues et al., 2014). Water-yield 

was obtained from SWAT sub-basin outputs and is defined as the total amount of water leaving a 

sub-basin and entering a waterbody nearby. Deep-aquifer recharge was extracted from the HRU 

output files and is defined as the amount of water that moves from land surface or vadose zone to 

recharge the saturated zone of the soil (deep aquifer) (Nimmo, 2009) . Green water resources are 

a combination of green water flow (evapotranspiration) and green water storage (soil moisture) 

(Schuol et al., 2008). Both evapotranspiration and soil moisture content were obtained from SWAT 

output table at sub-basin scale.  

4.2.5 Quantification of blue and green water scarcity under future scenarios 

Blue water scarcity, as discussed in the previous chapter, is the ratio of consumptive use of blue 

water and the available blue water. For estimating consumptive-use of blue water under climate 

change scenarios, future water-use data was required. Since this data was not readily available and 

needed a lot of complex statistical analysis, thus it was roughly estimated from future population 

growth data obtained from Shared Socio-economic Pathway (SSP) (Riahi et al., 2017). SSPs are 

developed by the climate change research community to support the integrated analysis of climate 

change impacts, adaption and alleviation. There are five SSP storylines or scenarios which describe 

various alternative socio-economic development pathways. For this study, SSP2 or the 

intermediate scenario was chosen which assumed middle-of-the-road scenario, consistent with 

past development patterns (Figure 4.1).  

Various studies in the literature supported the notion that domestic or municipal water-use 

rises proportionally with the population if the per capita use remains the same (Eden and Megdal, 

2006; Miro et al., 2018; Statcan, 2013) while, the commercial, industrial and residential water-use 

may increase at a higher rate than population (Statcan, 2013). As the major water-use sector in the 

GRW was municipal which accounted for around 61% of the water used, so it was assumed that 

water demand rose approximately at the same rate as population. Population growth-rate data was 

obtained from SSP2 database (Samir and Lutz, 2017) for Canada at every five-year interval from 

2035 to 2099, and same percent rise was assumed for water-use. The base for predicting the future 
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water-use data was, the past data available for the year 2008 (same data used in Chapter 3) from 

the report-Water Use Inventory Report for the Grand River Watershed (Wong, 2011).   

 

Figure 4.1: Percentage increase in population predicted by SSP2 scenario 

Available blue water (BWavailable) is the amount of water which can be extracted from a 

water body without affecting its ecological balance. To maintain ecological balance, certain share 

of water in the water bodies has to be saved for environment water needs (EFRs). Various 

approaches are available to estimate the share of environment in the waterbody. In the previous 

chapter three different methods were compared to estimate the EFR. The three methods included 

presumptive standards method (Richter et al., 2012), variable monthly flow (Pastor et al., 2014) 

and modified low stream flow (Q7,10) method (Reilly and Kroll, 2003). The presumptive standards 

method, which attributed 80% of the streamflow for EFRs and 20% for human needs, was found 

to be the most restrictive and maximum conservative, while the Q7,10 method which assumed 

average annual seven day minimum flow, which is expected to be exceeded in 9 out of 10 years 

as the EFR, was found to be least restrictive and conservative. In this study, the variable monthly 

flow method was used to estimate EFR as it was moderately restrictive and the blue water 

availability values ranged in between the values predicted by presumptive standards and Q7,10 

method. 

BW(available)(x,t) = Q(x,t) – EFR(x,t)                                                                         (4.1)                                                                          

where, EFR(x,t) is the environment flow requirement for drainage area ‘x’ at time ‘t’ and Q(x,t) is 

the corresponding stream-flow in m3/s. 
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Green water scarcity, as mentioned in the previous chapter, is the ratio of green water 

footprint (evapotranspiration) to the available green water (soil moisture). Both, the green water 

footprint and available green water were obtained from SWAT output files for various scenarios. 

Hargreaves method was used for simulating evapotranspiration. 

GWscarcity= GW𝑓𝑜𝑜𝑡𝑝𝑟𝑖𝑛𝑡 (𝑥,)/GW𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 (𝑥,)                                                        (4.2) 

where GWfootprint(x,t) is the amount of green water consumed or evapotranspiration in zone ‘x’ 

during the time ‘t’ and GWavailable (x,t) is the initial soil water content present in zone ‘x’ for time 

‘t’. 

4.3 Results and Discussion 

4.3.1 Climate change projections 

The climate change impacts were assessed at zonal level, sub-basin level and watershed-level 

(Figure 4.2 and 4.3, Table 4.1 and 4.2). The analysis was based on the comparison of the 

projections for two time periods (mid-century and end-century), two downscaling methods 

(BCCAQ and BCSD), two emission scenarios (RCP 4.5 and RCP 8.5) and three selected GCMs, 

with the results obtained in the base-period (1950-2015). Table 4.1 shows the variation of change 

in precipitation over the eight spatial zones. It was found that relative to the base-period, the 

weather in the GRW, in the future period is expected to be wetter and warmer. Mainly, the high 

emission scenario (RCP 8.5) in the late century was found to be the wettest and warmest, using 

both the downscaling methods (Table 4.1). However, significant spatial and temporal variability 

was observed in the projections across the GRW and noticeable differences in the projections of 

different models were observed. The climate change impacts were climate-model, emission-

scenario and chosen-downscaling-method-specific. On annual basis, the projections based on the 

MPI-ESM-LR and CNRM-CM were wetter as compared to inmcm4 in both the scenarios and 

using both the downscaling methods. MPI-ESM-LR projected a percentage increase of 21-29% in 

the mid-century, which further decreased to 16-23% in the end-century period under RCP 4.5 

emission scenario. Under RCP 8.5 emission scenario the end-century change in the precipitation 

was higher as compared to mid-century. CNRM-CM based projections also showed a similar trend, 



80 

 

 

 

with a decreasing percentage change under the RCP 4.5 scenario and an increasing percentage 

change in RCP 8.5 emission scenario. However, the projections based on inmcm4 were 

significantly different from the other two models. Although, the values followed the same trend of 

decreasing precipitation change under RCP 4.5 scenario and increasing trend under RCP 8.5, but 

the values of percentage change of precipitation were significantly lower as compared to the other 

two models. The GCM inmcm4 projected a percentage change of 5-15% in the mid-century which 

decreased to 8-13% under the RCP 4.5 emission scenario and increased to 14-19% under RCP 8.5 

emission scenario. The highest precipitation increase was projected by MPI-ESM-LR in end-

century period under RCP 8.5 scenario and the lowest by inmcm4 in mid-century period under 

RCP 8.5 scenario. The projected percentages changes were consistent with other climate change 

studies done in other cold-climate Canadian watersheds e.g. Shrestha and Wang, 2018 and 

Shrestha et al., 2017. 

Similarly, the temperature increments projected by the three models also showed marked 

variability but followed same trend (Table 4.2). The GRW was projected to be the hottest in the 

end-century period under RCP 8.5 emission scenario. Relative to the base period, the annual 

average temperature was projected to increase by 1.13-2.42˚C under RCP 4.5 emission scenario 

and 1.61-3.42˚C under RCP 8.5 emission scenario in the mid-century period. Further, temperature 

values were projected to increase up to 1.72-3.30˚C and 3.31-6.02˚C in end-century period. Similar 

to precipitation, the MPI-ESM-LR and CNRM-CM5 predicted a warmer future for the GRW as 

compared to the GCM inmcm4. MPI-ESM-LR based projections predicted an increase of 2.24-

2.42 across the basin (Table 4.2) in the mid-century period and 2.80-3.19˚C in the end-century 

period,  under RCP 4.5 emission scenario. Under high emission scenario, the projected increment 

was further higher and increased up to 3.36˚C in the mid-century period and 6.06˚C in the end-

century period. Similar pattern of, higher temperature increments under higher emission scenario, 

was seen amongst the predictions based on CNRM-CM5. However, the projections based on 

inmcm4 were colder relative to the other two model’s projections. Even though, the trend was the 

same, but the prediction of temperature increment was lower as compared to other models.  
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Figure 4.2: Percentage change in average monthly precipitation between the base-period and 

two future period, using two downscaling methods and two emission scenarios 
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Figure 4.3: Absolute change of monthly average temperature between the base-period and two 

future period, using two downscaling methods and two emission scenarios 
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Figure 4.4: Percentage change in monthly precipitation and absolute change in monthly 

temperature between the base-period and two future periods under two emission scenarios 

Warmest future was predicted by MPI-ESM-LR in end-century and under RCP 8.5 

emission scenario and relatively lowest increment was projected by inmcm4 in the mid-century 

under RCP 4.5 emission scenario. For assessing the impact of climate change on freshwater 

resource components and water scarcity, it is a pre-requisite to first analyze the monthly variation 

of future precipitation and temperature. Figure 4.4 shows a comparative analysis of the percentage 

change in precipitation under mid-century and end-century period under both emission scenarios 

at monthly scale. It was observed that significant intra-annual variability existed in the climate 

change projections across the GRW. The ensemble results projected a higher precipitation 

increment in winter months and lower increment in summer months, under both the emission 

scenarios. Similarly, for temperature, the increments were higher in winter months and relatively 

lower in summer and fall. Consequently, GRW can expect early snowmelt caused by warmer 

winters as a result of global warming. Similar trend was observed by Shrestha and Wang (2018) 

in Athabasca river basin in Alberta, Canada.  
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Table 4.1: Percentage change of precipitation in two future periods under two emission scenarios, 

relative to the base-period. Results are averaged for two downscaling methods. The color variation 

from green to red color shows the decreasing trend of values from 28% to 6%. 

 

 

 

 

Zones Models RCP 4.5 (Mid) RCP 4.5 (End) RCP 8.5 (Mid) RCP 8.5 (End)

A MPI-ESM-LR 27 23 23 28

inmcm4 14 12 10 18

CNRM-CM5 26 20 20 24

B MPI-ESM-LR 26 21 21 25

inmcm4 12 10 8 16

CNRM-CM5 24 19 17 22

C MPI-ESM-LR 25 20 21 25

inmcm4 11 10 7 15

CNRM-CM5 24 18 17 22

D MPI-ESM-LR 25 20 22 26

inmcm4 12 11 7 16

CNRM-CM5 25 18 18 23

E MPI-ESM-LR 24 18 20 24

inmcm4 11 9 6 14

CNRM-CM5 23 17 16 21

F MPI-ESM-LR 23 17 20 25

inmcm4 11 9 6 15

CNRM-CM5 23 17 16 23

G MPI-ESM-LR 23 18 20 24

inmcm4 11 9 6 14

CNRM-CM5 23 17 16 21

H MPI-ESM-LR 22 17 21 25

inmcm4 12 9 6 15

CNRM-CM5 23 18 16 24

Watershed All models 20 16 15 21
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Table 4.2: Absolute change of temperature in two future periods under two emission scenarios, 

relative to the base-period. Results are averaged for two downscaling methods. The color variation 

from green to red color shows the increasing trend of values from 1.14 to 6.04º C. 

 

Zones Models RCP 4.5 (Mid) RCP 4.5 (End) RCP 8.5 (Mid) RCP 8.5 (End)

A MPI-ESM-LR 2.26 2.87 3.22 5.89

inmcm4 1.19 1.79 1.70 3.43

CNRM-CM5 1.89 3.07 3.02 4.96

B MPI-ESM-LR 2.36 2.99 3.34 6.00

inmcm4 1.28 1.88 1.78 3.50

CNRM-CM5 1.98 3.13 3.11 4.99

C MPI-ESM-LR 2.30 2.88 3.27 5.93

inmcm4 1.21 1.81 1.72 3.42

CNRM-CM5 1.93 3.08 3.06 4.95

D MPI-ESM-LR 2.23 2.81 3.20 5.85

inmcm4 1.14 1.75 1.66 3.36

CNRM-CM5 1.88 2.89 3.00 4.91

E MPI-ESM-LR 2.42 3.04 3.39 6.04

inmcm4 1.32 1.92 1.83 3.51

CNRM-CM5 2.06 3.19 3.18 5.03

F MPI-ESM-LR 2.35 2.93 3.32 5.95

inmcm4 1.25 1.86 1.78 3.44

CNRM-CM5 2.02 3.17 3.13 5.01

G MPI-ESM-LR 2.39 2.96 3.36 6.00

inmcm4 1.29 1.89 1.81 3.49

CNRM-CM5 2.04 3.19 3.15 5.03

H MPI-ESM-LR 2.31 2.87 3.28 5.88

inmcm4 1.21 1.81 1.73 3.38

CNRM-CM5 1.98 3.12 3.09 4.93

Watershed All models 1.85 2.62 2.71 4.79
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Figure 4.5: Spatial variation of percentage change in precipitation relative to the base-period, in two future periods and under two 

emission scenarios 
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Figure 4.6: Spatial variation of absolute change in temperature relative to the base-period, in two future periods and under two 

emission scenarios 
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The spatial representation of climate change impact projections, for all 24 scenarios for the 

GRW is shown in figure 4.5 and 4.6. It was observed that for a given GCM and emission scenario 

the percentage increment in precipitation was approximately the same across the GRW, with a 

very little inter-zonal variation (4-5% across the whole GRW). The precipitation increment 

decreased while moving from upstream zones (Zone A and B) to the downstream ones (Zone F 

and H). Similarly, the variation in the temperature increment across the GRW was also very less 

(<0.5-1˚C) for a given GCM and emission scenario. Higher temperature increments were observed 

in the Nith river sub-watershed (Zone E). 

4.3.2 Climate change impact on BW resources 

Figure 4.7(a) and 4.7(b) shows the monthly variation of BW resources for the 8 zones. At monthly 

and zonal-scale, it was observed that the variation in BW resources was dependent on climate 

change projections of precipitation and temperature and the effect of precipitation and temperature 

can be synergetic or offsetting (Shrestha et al., 2017). In winter months, as the models projected a 

relatively greater temperature increment (Figure 4.4), it was observed that the snowmelt period 

and hence the peak-flow would be obtained earlier as compared to the base-period. Due to this 

shifting of peak-flow to winter months, the volume of spring-flow would decrease. Hence, the BW 

availability would be projected to increase in the winter months, as evident from the spread of the 

BW resources available (Figure 4.7(a) and 4.7(b)) in winter months and eventually decrease in the 

later months, despite of a projected increase in precipitation. This also implied that precipitation 

and temperature would have a synergetic effect in winter and spring months. In summer months, 

although the precipitation and temperature were expected to increase, but both these components 

seemed to have an offsetting effect, thus projecting relatively same amount of BW as obtained in 

the base-period. The offsetting effect implied that the increment in temperature, in the future 

period, affected the BW availability more as compared to the increment in precipitation, also 

resulting in increased green water flow. The months of September to December were projected to 

experience slightly higher BW availability as a result of increase in precipitation.  
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Figure 4.7 (a): Monthly variation of BW relative to the base-period in all 8 spatial zones in mid-

century and end-century period under two emission scenarios. The dotted red line shows the 

ensemble mean for RCP 4.5 emission scenario, the solid green line shows the BW resources for 

RCP 8.5 emission scenario and the solid blue line represents the BW resources in the base-period. 
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Figure 4.7 (b): Monthly variation of BW relative to the base-period in all the 8 spatial zones in 

mid-century and end-century period under two emission scenarios. The dotted red line shows the 

ensemble mean for RCP 4.5 emission scenario, the solid green line shows the BW resources for 

RCP 8.5 emission scenario and the solid blue line represents the BW resources in the base-period.
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Table 4.3: Percentage change of available BW resources in two future periods under two emission 

scenarios, relative to base-period. Results are averaged for the two downscaling methods. The 

color variation from green to red color shows the decreasing trend of values from 62 to -1%. 

 

 

Zones Models RCP 4.5 (Mid) RCP 4.5 (End) RCP 8.5 (Mid) RCP 8.5 (End)

A MPI-ESM-LR 62 45 45 38

inmcm4 36 31 26 29

CNRM-CM5 61 37 41 36

B MPI-ESM-LR 50 35 35 31

inmcm4 27 22 16 22

CNRM-CM5 49 32 30 29

C MPI-ESM-LR 51 34 35 30

inmcm4 26 21 13 21

CNRM-CM5 50 32 30 29

D MPI-ESM-LR 61 42 44 38

inmcm4 37 31 22 29

CNRM-CM5 60 41 39 39

E MPI-ESM-LR 32 16 17 11

inmcm4 12 6 -1 5

CNRM-CM5 32 15 12 12

F MPI-ESM-LR 41 21 25 16

inmcm4 21 12 2 8

CNRM-CM5 43 20 18 19

G MPI-ESM-LR 50 33 36 33

inmcm4 25 20 12 20

CNRM-CM5 49 31 29 33

H MPI-ESM-LR 35 16 22 13

inmcm4 17 8 -1 5

CNRM-CM5 39 17 15 19

Watershed All models 40 26 23 24



92 

 

 

 

 

 

 

 

 

Figure 4.8: Spatial variation of percentage change in available BW resources relative to the base-period, in two future periods and 

under two emission scenarios 
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The projected BW resources showed significant variability both spatially and temporally 

and these variations, similar to precipitation and temperature, were model and emission scenario 

specific. Also, significant spatial variations were observed in the projections of BW resources, 

obtained for the GRW at zonal-level. MPI-ESM-LR and CNRM-CM5 projected similar results 

and predicted an increase of 41-68% and 43-65%, respectively, for the mid-century period and low 

emission scenario, which were further expected to decrease to 20-46% and 21-43% in the end-

century period. Similar trend was observed in the high emission scenario as well (Table 4.3). The 

GCM inmcm4 predicted the same pattern of decreasing increment in the BW resources from mid-

century to end-century period. In some zones (Zone E and H), even a negative increment was 

projected by inmcm4. The highest BW percentage increase was projected by MPI-ESM-LR in the 

mid-century under RCP 4.5 or low emission scenario and the lowest by inmcm4 in mid-century 

under RCP 8.5 emission scenario. 

Maximum BW increment was projected in the Grand River Headwaters sub-watershed 

(Zone A) (Figure 4.8 and Table 4.3) as temperature increment was lower and percentage of 

increase in precipitation was higher in this zone. Similar BW availability was projected for 

Conestoga River sub-watershed (Zone B). The Speed and Eramosa River sub-watershed (Zone D), 

observed maximum percentage increase in the BW resources due to maximum percentage increase 

of precipitation observed in this zone, which offset the effect of temperature increment. A negative 

percentage increment or a decreasing trend was observed for the Nith River sub-watershed (Zone 

E), due to maximum incremental temperature change and minimum percentage change of 

precipitation observed in the zone. The southern sub-watersheds (Zone F and G), showed lower 

increment and decreasing trend in some parts of the zone, due to the over-powering effect of higher 

temperatures in these zones.  

As, the BW resources are largely dependent on precipitation (Chiew et al., 2009), an overall 

increase in the precipitation in the GRW led to an overall increase in BW resources in the 

watershed. However, the increase in BW resources was far higher than the increase in the 

precipitation. This, according to Majone et al. (2010), was because of the non-linear and complex 

relationship between these BW resources and precipitation. Comparing the increasing trend of blue 
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water resources with the decreasing trend of green water storage, it is evident that a large part of 

projected increment in precipitation, translated into surface runoff. This means that most of the 

precipitation increments were due to intense-short-duration storm events which led to an increase 

in surface runoff and hence the BW resources. 

4.3.3 Climate change impact on green water flow and storage 

Figures 4.9(a), 4.9(b), 4.10(a) and 4.10(b) shows the monthly variation of GWF and GWS 

projected by all the models in mid-century and end-century period. At monthly scale, it was 

observed that in summer months, the GWF reached its peak and the GWS, on the other hand, 

reached its minimum value. The peak of GWF would be more or less attributed to incremental 

change in temperature in the summer months. Also, in the month of May, the seeds sown would 

have barely grown in the agricultural lands (as most of the crops are sown in April-end or in the 

beginning of May), thus exposing the bare surface of soil and enhancing the rate of soil evaporation 

as well. These combined affects would also be seen on GWS, as the demand of water by the crops 

would increase, which could only be satisfied by the available soil moisture or the GWS, as most 

of the agriculture in GRW is rain-fed. Consequently, the amount of GWS would be expected to 

decrease in the summer months. The GWS was projected to reach its minimum near August, when 

the GWF was also projected to decrease. The reason could be that the crop would have reached 

their mature stage by this time and have used up all the soil-water they could, to fulfil their ET 

needs, thus bringing GWS to its minimum value. GWF, on the other hand, was projected to drop 

after the month of July due to dropping temperatures. In the fall and winter months, the GWF was 

projected to reach its minimum and GWS was expected to reach its maximum due to precipitation 

increment. 

The projected GWS and GWF showed significant variation across different models and emission 

scenarios (Table 4.4 and 4.5). For GWF, the pattern projected was similar to that of temperature 

with value increasing from the mid-century period to the end-century period, for both the 

scenarios. Also, maximum percentage increase was observed in the high-emission scenario for all 

the models. The GCMs MPI-ESM-LR and CNRM-CM5 projected similar percentage increments 

of 6-18% and 5-18%, respectively, in the mid-century period and 8-18% and 7 to 19%,  
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Figure 4.9 (a): Monthly variation of GWF relative to the base-period in all the 8 spatial zones in 

mid-century and end-century period under two emission scenarios. The green and the blue bands 

are the bands showing the variation in the projections by different models in RCP 4.5 and RCP 8.5 

emission scenario, respectively and the thick red line shows the base-period values. 



96 

 

 

 

 

Figure 4.9 (b): Monthly variation of GWF relative to the base-period in all the 8 spatial zones in 

mid-century and end-century period under two emission scenarios. The green and the blue bands 

are the bands showing the variation in the projections by different models in RCP 4.5 and RCP 8.5 

emission scenario, respectively and the thick red line shows the base-period values. 

 



97 

 

 

 

 

Figure 4.10 (a): Monthly variation of GWS relative to the base-period in all the 8 spatial zones in 

mid-century and end-century period under two emission scenarios. The green and the blue bands 

are the bands showing the variation in the projections by different models in RCP 4.5 and RCP 8.5 

emission scenario, respectively and the thick red line shows the base-period values. 
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Figure 4.10 (b): Monthly variation of GWS relative to the base-period in all the 8 spatial zones in 

mid-century and end-century period under two emission scenarios. The green and the blue bands 

are the bands showing the variation in the projections by different models in RCP 4.5 and RCP 8.5 

emission scenario, respectively and the thick red line shows the base-period values. 
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Table 4.4: Percentage change of available GWF in two future periods under two emission 

scenarios, relative to base-period. Results are averaged for the two downscaling methods. The 

color variation from green to red color shows the increasing trend of values from 2 to 29%. 

  

Zones Models RCP 4.5 (Mid) (%) RCP 4.5 (End) (%) RCP 8.5 (Mid) (%) RCP 8.5 (End) (%)

A MPI-ESM-LR 12 14 15 28

inmcm4 5 6 5 15

CNRM-CM5 10 13 12 22

B MPI-ESM-LR 9 10 12 22

inmcm4 3 3 3 12

CNRM-CM5 8 10 9 17

C MPI-ESM-LR 8 9 11 20

inmcm4 2 3 2 11

CNRM-CM5 7 9 8 16

D MPI-ESM-LR 11 12 14 24

inmcm4 4 5 3 13

CNRM-CM5 10 11 11 19

E MPI-ESM-LR 16 17 19 29

inmcm4 10 10 10 18

CNRM-CM5 16 18 17 24

F MPI-ESM-LR 12 12 15 24

inmcm4 6 6 6 14

CNRM-CM5 13 13 13 20

G MPI-ESM-LR 11 11 13 21

inmcm4 5 5 4 13

CNRM-CM5 11 12 10 17

H MPI-ESM-LR 12 12 14 22

inmcm4 7 7 7 14

CNRM-CM5 12 14 13 19

Watershed All models 9 10 10 19
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Table 4.5: Percentage change of available GWS in two future periods under two emission 

scenarios, relative to base-period. Results are averaged for the two downscaling methods. The 

color variation from green to red color shows the decreasing trend of values from 2.5 to -16.4%. 

 

Zones Models RCP 4.5 (Mid) (%) RCP 4.5 (End) (%) RCP 8.5 (Mid) (%) RCP 8.5 (End) (%)

A MPI-ESM-LR -4.2 -6.7 -7.8 -10.4

inmcm4 -5.0 -7.5 -7.4 -9.1

CNRM-CM5 -4.5 -8.2 -7.8 -10.0

B MPI-ESM-LR 1.5 -1.2 -2.4 -4.8

inmcm4 0.5 -2.3 -2.3 -3.9

CNRM-CM5 1.4 -2.5 -2.8 -4.6

C MPI-ESM-LR 1.8 -0.9 -2.4 -5.4

inmcm4 0.8 -2.1 -2.1 -4.4

CNRM-CM5 1.5 -3.1 -2.7 -5.1

D MPI-ESM-LR 0.9 -1.4 -3.2 -7.0

inmcm4 0.9 -2.6 -2.0 -5.2

CNRM-CM5 1.3 -3.8 -2.9 -5.8

E MPI-ESM-LR -5.6 -7.9 -9.5 -12.4

inmcm4 -6.5 -9.9 -9.9 -11.5

CNRM-CM5 -5.4 -10.0 -10.0 -12.0

F MPI-ESM-LR -8.4 -10.0 -12.3 -16.4

inmcm4 -8.1 -12.1 -11.9 -14.0

CNRM-CM5 -8.0 -13.3 -12.4 -15.1

G MPI-ESM-LR 0.9 -1.4 -2.9 -6.2

inmcm4 0.8 -3.4 -3.0 -5.6

CNRM-CM5 2.5 -3.4 -2.7 -5.2

H MPI-ESM-LR -1.5 -3.2 -4.3 -7.0

inmcm4 -0.8 -5.2 -5.0 -6.4

CNRM-CM5 -0.8 -5.0 -4.8 -7.0

Watershed All models -1.8 -5.3 -5.6 -8.1
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Figure 4.11: Spatial variation of percentage change in available GWF relative to the base-period, in two future periods and under two 

emission scenarios 
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Figure 4.12: Spatial variation of percentage change in available GWS relative to the base-period, in two future periods and under two 

emission scenarios 
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respectively, in the end-century period under low emission scenario. Under the high-emission 

scenario, the increment exhibited a high range between 11-20% and 9-18% in the mid-century and 

moving up to 29% and 25%, respectively, in the end-century period. The GCM inmcm4 followed 

the same pattern of increasing trend as we move to the end century through mid-century period, 

but projected lower percentage increments over the whole watershed, ranging between 12-20% for 

end century period under high-emission scenario. The maximum incremental increase was 

projected by MPI-ESM-LR in the end-century period under RCP 8.5 emission scenario. For GWS, 

an overall percentage decrease was observed over the whole watershed, with few exceptions in the 

low-emission scenario and the mid-century period. The maximum percentage decrease was 

observed in the high emission scenario and the end-century period, for all the models. MPI-ESM-

LR, inmcm4 and CNRM-CM5 projected similar percentage decrements of 1-8%, 0.5-8% and 2-

8%, respectively, in the mid-century period and 0.5-10%, 2-13% and 2.5-13% in the end-century 

period, under the low-emission scenario. Few spatial zones even showed percentage increments in 

the GWS amounts ranging from 0.5-3%. Under the high-emission scenario, the values decreased 

further to -16%, -14% and -15%, respectively, for the three models in the end-century period. The 

maximum percentage decrement was observed in the end-century period, under high-emission 

scenario and projected by the GCM MPI-ESM-LR and lowest percentage decrement or highest 

percentage increase was projected in the mid-century period, under low-emission scenario by the 

same GCM MPI-ESM-LR. Figure 4.11 and 4.12 shows the spatial variation of the percentage 

change in GWF and GWS, respectively, in the GRW. As observed in the figures, the maximum 

percentage increase in GWF and the maximum percentage decrease in GWS was observed in the 

Nith River sub-watershed (Zone E).  

Lower GWS and higher GWF in this sub-watershed further translates into lower BW 

availability, as discussed in the previous section. Minimum increment in the GWF was observed 

in the Conestoga River sub-watershed (Zone B), Grand Conestoga to Shand sub-watershed (Zone 

C) and in some parts of Speed and Eramosa River sub-watershed (Zone D). In the same sub- 

watersheds, GWS was projected to have minimum decrement or even some increment under the 

low-emission scenario. This increase in GWS was quite evident from the fact that GWF was 

showing minimum increment in these regions, thus allowing more water to get stored as GWS in 
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the soil layers. Also, soil depth was more in these regions (Figure 3.2, in Chapter 3), which further 

enhances the amount of GWS, as seen in previous chapter. While assessing the impact of climate 

change projections in southern portion of the watershed, it was observed that a small part of the 

Southern Grand River sub-watershed (Zone H), showed decrease in the both GWF and GWS 

amounts. This small part of the sub-watershed also showed higher increment in BW availability, 

thus increasing our confidence in the speculation made in the earlier section regarding intense-

storm events to occur in the future. 

The GRW is an agriculture-dominated watershed (46%), with all the agriculture being rain-fed, 

but the future projections of GW resources highlighted the need to invest in irrigation or to shift 

the sowing dates of the crops to decrease water stress. The reason for this increased water stress in 

future period was the overall decrease in the GWS and increase in GWF in the summer months 

(June-August). As discussed in the previous section, the precipitation increments were expected 

primarily in the form of intense-storm-events which would contribute to BW resources only as the 

precipitated water would not find enough time to infiltrate in the soil (Shrestha et al., 2017). This 

would further reflect in the amount of green water storage and flow in the watershed. The GWF, 

as projected by different models, increased across the watershed due to temperature and 

precipitation changes and the GWS was projected to decrease due to combined effect of soil profile 

properties, and temperature and precipitation. 

4.3.4 Climate change impact on blue water scarcity 

The climate change models predicted an overall increasing trend of BW scarcity, under all the 

emission scenarios. As, in this study, water-footprint concept was used to estimate water scarcity, 

so increasing BW scarcity here suggests increasing stress due to both supply and demand side. The 

supply side stress indicates the stress due to variation in BW availability and demand side stress is 

the stress due to variations in water-use, which is further related to population change and socio- 

economic development (Schewe et al., 2014). At finer spatial and temporal resolution, BW scarcity 

showed marked heterogeneity. The month of maximum BW scarcity was projected to shift from 

July (base-period, 2008) to September, in the future period. This behavior could be attributed to    

the minimum percentage increase in the precipitation in the month of September, which further 
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affects the available BW in the month. Another BW scarcity peak which was observed in March 

in the base-period, would be flattened out in the future because of early spring-flow and hence 

increased flow in the winter (Figure 4.13(a) and 4.13(b)). Minimum BW scarcity was observed in 

the month of April, which can be attributed to both early spring-flow and high precipitation 

incremental change. 

Also, significant inter-model variability was observed in the projections of BW scarcity, as 

is evident from the Table 4.6. Table shows percentage increase in BW scarcity as is predicted by 

various models under different emission scenarios. In general, an increasing trend of BW scarcity 

was observed. The GCMs MPI-ESM-LR and CNRM-CM5 projected an increase of 294-341% and 

157-292%, respectively, in the mid-century and 227-413% and 268-549% in the end century, in 

the low-emission scenario. Using the high emission scenario, the BW scarcity was projected to 

increase by 135-302% and 286-588% in the mid-century and 214-545% and 442-756% in the end-

century period. The GCM inmcm4 followed a similar trend in low-emission scenario of increasing 

trend as we move to end century period through mid-century, but an opposite or a decreasing trend 

was observed in the high-emission scenario. The scarcity values projected an overall decrease in 

the RCP 8.5 scenario using the model inmcm4. The trend of the scarcity values could be attributed 

to the BW availability, which, in general, had an overall decreasing trend from mid-century to end-

century period, but using the GCM inmcm4 showed an increasing trend under the high-emission 

scenario for the whole GRW. Consequently, high BW availability decreased the BW scarcity 

values from the mid-century to the end-century period, using the GCM inmcm4. 

Figure 4.14 shows spatial variation of BW scarcity in the future period. Every model, using 

both the emission scenarios, projected highest or extreme BW scarcity in the Speed and Eramosa 

River sub-watershed (Zone D) due to high urban development in the basin and low BW 

availability. Although, the percentage increase in available BW resources was the highest in this 

sub-watershed, but it was offset by its lower availability in the base-period and high urban 

development in the future. Another sub-watershed which projected high BW scarcity was the Nith 

River sub-watershed (Zone E), on account of lower GWS, higher GWF and hence, lower available 

BW. It also had significant urban-development as evident from the land-use map (Figure3.2, in  
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Figure 4.13 (a): Monthly variation of BW scarcity relative to the base-period in all the 8 spatial 

zones in mid-century and end-century period under two emission scenarios, RCP 4.5 (blue) and 

RCP 8.5 (green). The area under the curve shows BW availability under the two emission scenarios 

and the thick black line shows the baseline BW scarcity values. 
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Figure 4.13 (b): Monthly variation of BW scarcity relative to the base-period in all the 8 spatial 

zones in mid-century and end-century period under two emission scenarios, RCP 4.5 (blue) and 

RCP 8.5 (green). The area under the curve shows BW availability under the two emission scenarios 

and the thick black line shows the baseline BW scarcity values. 
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Table 4.6: Percentage change of available BW scarcity in two future periods under two emission 

scenarios, relative to the base-period. Results are averaged for two downscaling methods. The 

color variation from green to red color shows the increasing trend of values from 97 to 714%. 

 

Zones Models RCP 4.5 (Mid) (%) RCP 4.5 (End) (%) RCP 8.5 (Mid) (%) RCP 8.5 (End) (%)

A MPI-ESM-LR 272 433 269 430

inmcm4 422 536 330 192

CNRM-CM5 292 519 532 694

B MPI-ESM-LR 271 366 265 418

inmcm4 304 590 297 119

CNRM-CM5 250 456 532 710

C MPI-ESM-LR 317 393 223 459

inmcm4 348 587 322 154

CNRM-CM5 272 515 513 714

D MPI-ESM-LR 250 420 247 498

inmcm4 359 530 301 172

CNRM-CM5 270 569 588 701

E MPI-ESM-LR 187 331 177 246

inmcm4 280 394 208 90

CNRM-CM5 207 293 363 502

F MPI-ESM-LR 178 301 148 219

inmcm4 278 277 189 123

CNRM-CM5 181 293 286 448

G MPI-ESM-LR 222 294 181 327

inmcm4 245 414 217 123

CNRM-CM5 205 373 403 543

H MPI-ESM-LR 156 240 132 259

inmcm4 195 313 239 97

CNRM-CM5 157 280 313 412

Watershed All models 255 405 303 360
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Figure 4.14: Spatial variation of percentage change in available BW scarcity relative to the base-period, in two future periods and 

under two emission scenarios 
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Chapter 3). The Central Grand River sub-watershed, which had the highest urban-development 

and therefore, highest water-demand also faced some minor water-scarcity issues, but they were 

offset by high BW availability in the sub-watershed. 

4.3.5 Climate change impact on Green water scarcity 

Similar to BW scarcity, GW scarcity was also projected to increase in the future period, but the 

percentage increase was not as high as BW scarcity (Table 4.7), due to the static nature of available 

GW i.e. GWS. At finer temporal resolution, it was observed that GW scarcity was maximum in 

the month of July, which can be attributed to high GW footprint i.e. GWF and low available GW 

i.e. GWS, in this month. Its minimum value was achieved in winter months when the GWS was 

the maximum and GWF minimum (Figure 4.15 (a) and 4.15(b)). 

A moderate inter-model variability was observed from the projections of various models 

under different emission scenarios (Table 4.7). An overall increasing trend of GW scarcity values 

was observed with a few decreasing values in the low emission scenario. The percentage increase 

of GW scarcity followed the exact pattern of percentage change in the GWS. The decreasing values 

of GW scarcity were observed in the same sub-watersheds, in which an increasing trend of GWS 

was observed. The GCMs MPI-ESM-LR and CNRM-CM5 predicted almost similar increases in 

GW scarcity, ranging between 2-24% and 1-21%, respectively, in the mid-century period and 8-

32% and 6-30%, respectively, in the end-century period, under low-emission scenario. Using the 

high-emission scenario, the percentage increase in values ranged between 9-32% and 6-30% for 

the mid-century period and 22-48% and 14-39%, respectively, for the end-century period. The 

GCM inmcm4 projected a little lower percentage increments for both the emission scenarios, 

ranging between 1-25% in the mid-century period and 7-31% in the end-century period, under the 

high emission scenario. 

Figure 4.16 shows the spatial variation of GW scarcity in the base-period and the 

percentage change observed using various models and different emission scenarios in different 

time-periods. Maximum percentage increase was observed in the Nith River sub-watershed (Zone 

E) and the Fairchild Creek sub-watershed (Zone F) on account of the highest percentage increase  
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Figure 4.15 (a): Monthly variation of GW scarcity relative to the base-period in all the 8 spatial 

zones in mid-century and end-century period under two emission scenarios, RCP 4.5 and RCP 8.5. 

The area under the curve shows GWF (orange) and GWS (green) under the two emission scenarios 

and the thick black line shows the baseline GW scarcity values. 
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Figure 4.15 (b): Monthly variation of GW scarcity relative to the base-period in all the 8 spatial 

zones in mid-century and end-century period under two emission scenarios, RCP 4.5 and RCP 8.5. 

The area under the curve shows GWF (orange) and GWS (green) under the two emission scenarios 

and the thick black line shows the baseline GW scarcity values. 
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Table 4.7: Percentage change of available GW scarcity in two future periods under two emission 

scenarios, relative to base-period. Results are averaged for two downscaling methods. The color 

variation from green to red color shows the increasing trend of values from -4 to 49%. 

 

Zones Models RCP 4.5 (Mid) (%) RCP 4.5 (End) (%) RCP 8.5 (Mid) (%) RCP 8.5 (End) (%)

A MPI-ESM-LR 13 20 21 37

inmcm4 6 13 11 21

CNRM-CM5 10 18 17 29

B MPI-ESM-LR 4 10 10 24

inmcm4 -2 4 3 10

CNRM-CM5 1 8 8 17

C MPI-ESM-LR 2 9 9 23

inmcm4 -4 2 1 9

CNRM-CM5 0 7 6 15

D MPI-ESM-LR 7 15 14 32

inmcm4 -2 6 3 14

CNRM-CM5 4 11 10 20

E MPI-ESM-LR 24 33 32 49

inmcm4 16 26 24 32

CNRM-CM5 20 30 28 40

F MPI-ESM-LR 17 25 24 38

inmcm4 10 20 17 25

CNRM-CM5 15 24 22 31

G MPI-ESM-LR 10 22 19 39

inmcm4 0 11 7 21

CNRM-CM5 4 17 13 28

H MPI-ESM-LR 10 19 16 29

inmcm4 3 14 11 18

CNRM-CM5 7 16 15 23

Watershed All models 7 16 14 26
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Figure 4.16: Spatial variation of percentage change in available GW scarcity relative to the base-period, in two future periods and 

under two emission scenarios  
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of GWF and the lowest percentage decrease of the GWS in these sub-watersheds. Also, the 

Conestoga River sub-watershed (Zone B) and the Grand Conestoga to Shand sub-watershed (Zone 

C) experienced a decrease in the GW scarcity, which can be attributed to increase in GWS in the 

respective sub-watersheds. Thus, only the Conestoga River (Zone B) and the Grand Conestoga to 

Shand sub-watersheds (Zone C) will be able to sufficiently sustain rain-fed agriculture. The Nith 

River (Zone E) and the Fairchild Creek sub-watersheds (Zone F) will either require irrigation 

support or will have to shift the sowing dates of crops to decrease water stress. 

4.4 Conclusions 

In this study, an already developed, calibrated and validated hydrological model of GRW was used 

to analyze the impact of climate change on blue and green water resources and the water security 

framework of the GRW. Climate change projections from three different GCMs under two 

different RCP emission scenarios, downscaled using two different techniques were obtained for 

two different time periods to quantify the impact of climate change on the hydrology of the 

watershed. Overall, the ensemble results projected a wetter and warmer future for the GRW. Some 

specific conclusions are as follows: 

• Precipitation in the future period would primarily include intense-short duration storms as 

in some sub-watersheds the GWS increment was significantly low, even when the 

precipitation increment was high and the GWF increment was low. Temperature was 

expected to increase more or less uniformly over the GRW, with somewhat higher 

increment in the Nith River sub-watershed (Zone E). 

• The ensemble results projected an overall increase for BW resources, with the increment 

values decreasing from mid-century to end century under both the emission scenarios. 

• The ensemble projected an overall increase for GWF and an overall decrease for GWS. 

Due to these conditions, irrigation support might be needed, or the farmers may need to 

shift the sowing dates of the crops in the Nith River sub-watershed (Zone E) and the 

Fairchild Creek sub-watershed (Zone F).  
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• BW scarcity also showed an overall increase in the future period as compared to the base-

period. Urban areas (Zone D) were subject to maximum scarcity conditions. The Nith River 

sub-watershed, which had lowest BW increment in the future also experienced significant 

BW scarcity. 

• GW scarcity was also projected to increase in the future period, but the increase was not as 

high as in the case of BW scarcity. The incremental change was projected to be highest in 

the Nith River sub-watershed (Zone E) on account of its GWF and GWS conditions. The 

Fairchild Creek sub-watershed (Zone F) also experienced significant GW scarcity. Few 

sub-watersheds even projected an overall decrease in the GW scarcity under low emission 

scenario, due to higher GWS available. 
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CHAPTER 5 

SUMMARY, CONCLUSIONS AND LIMITATIONS 

Water scarcity is an emerging issue affecting development of various nations, posing a threat to 

both human and environmental sustainability. Therefore, it is necessary to quantify it and analyze 

its spatial and temporal variability using a suitable approach, so that it can help water policy makers 

to ensure steady future development. Various approaches are available to estimate water scarcity. 

In this research, water footprint concept was used to quantify blue and green water resources and 

assess water scarcity in present as well as future climate scenarios.   

The first objective of the research was to develop a hydrological model for the GRW using 

SWAT. The model was calibrated and validated using SUFI-2 algorithm in SWAT-CUP. Both 

natural and anthropogenic factors affecting the hydrology of the basin were considered while 

estimating water scarcity. Model calibration and validation results ranged from ‘good’ to ‘very 

good’ qualitative ratings of the streamflow results. The outputs obtained from the model were then 

using to quantify blue and green water resources and estimate water scarcity. It was observed that 

spatial variation of BW was similar to the precipitation pattern over the watershed. GWF or ET 

was observed to be following the temperature pattern, and GWS, which was related to soil 

properties was found to follow the trend of soil depth. BW scarcity estimations also incorporated 

the EFR component and three different methods were used to estimate EFR. It was found that 

presumptive standards method was most restrictive followed by variable monthly flow method 

and the low streamflow method was found to be the least restrictive. Spatially, BW scarcity was 

found to be maximum in urban areas and where the BW availability was low. The Speed and 

Eramosa River sub-watershed was found to most scarce follow by the Nith River sub-watershed. 

GW scarcity was maximum in the Southern Grand River sub-watershed due to high GWF or ET 

and low GWS. 

The second objective of the study was to use the already developed hydrological model for 

the GRW to estimate the impact of climate change forcings on the spatial and temporal variation 

of BW and GW resources and water scarcity. Three different GCMs were, under two different 
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emission scenarios, downscaled using 2 different techniques were used in two different time-

periods. The ensemble results predicted a wetter and warmer future for the watershed. BW 

resources were projected to increase in the watershed as compared to base-period, but the 

percentage increments were decreasing from mid-century to end-century period. Similarly, GWF 

was also projected to increase as compared to the base-period and even the increments were 

increasing from mid-century to end-century period. GWS on the other hand, decreased in the 

future. BW and GW scarcity also projected an overall increase, with BW scarcity very high in 

September due to lower BW availability and GW scarcity high in July, due to higher GWF and 

lower GWS. The highest percentage increment of GWF and the lowest percentage decrement of 

GWS, were both observed in the Nith River Watershed, thus highlighting the need of irrigation or 

shifting the sowing dates of the crops to decrease water stress. BW scarcity was again found to be 

the highest in urban area, the Speed and Eramosa river sub-watershed where in addition to urban 

development, the blue water availability was also low. 

5.1 Limitations 

Such a modelling approach can be used in other Canadian watersheds as well, but due to various 

uncertainties and empirical relations involved, there is some room for improvement, such as:  

(a) Ground-water needs to be accounted more effectively in blue water security estimation. 

(b) Water-use data used in the first study needs to be more refined and is needed for longer 

timespan, in order to do inter-annual analysis of blue water security as well as for green water 

security. 

(c) Available soil moisture data of good resolution can also be used for calibrating the green 

water resources.  

(d) As water-use data was not available for future so a rough estimate of the data was made 

using population change data. Water-demand prediction models could be used to better predict 

water demand or use. 

(e) In the climate change study, uncertainties are inevitable and to decrease those to a certain 

extent three climate models were used. The number of models could to be increased, to further 

decrease uncertainties. 

In the shape of a future work, these limitations will be effectively acknowledged.  
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Appendix 

Supplementary Table 

Table S1: Attribution of blue water for environmental flow requirement using different methods 

Zones Modified Q7,10 Variable Monthly Flow (VMF) Presumptive Standard 

A 10% 36% 79% 

B 8% 34% 79% 

C 14% 35% 80% 

D 19% 34% 78% 

E 10% 35% 79% 

F 10% 32% 77% 

G 14% 36% 80% 

H 21% 35% 80% 

Mean 13% 35% 79% 

Std. 5% 2% 1% 

 

 

 

 


