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Abstract. 

Significant challenges in water resources management arise because of the ever-increasing 

pressure on the world’s heavily exploited and limited water resources. These stressors 

include demographic growth, intensification of agriculture, climate variability, and climate 

change. These challenges to water resources are usually tackled using a top-down 

approach, which suffers from many limitations including the use of a limited set of climate 

change scenarios, the lack of methodology to rank these scenarios, and the lack of 

credibility, particularly on extremes. The bottom-up approach, the recently introduced 

approach, reverses the process by assessing vulnerabilities of water resources systems to 

variations in future climates and determining the prospects of such a wide range of changes. 

While it solves some issues of the top-down approach, several issues remain unaddressed. 

The current project seeks to provide end-users and the research community with an 

improved version of the bottom-up framework for streamlining climate variability into 

water resources management decisions. The improvement issues that are tackled are a) the 

generation of a sufficient number of climate projections that provide better coverage of the 

risk space; b) a methodology to quantitatively estimate the plausibility of a future desired 

or undesired outcome and c) the optimization of the size of the projections pool to achieve 

the desired precision with the minimum time and computing resources. The results will 

hopefully help to cope with the present-day and future challenges induced mainly by 

climate.  

In the first part of the study, the adequacy of stochastically generated climate time series 

for water resources systems risk and performance assessment is investigated. A number of 

stochastic weather generators (SWGs) are first used to generate a large number of 

realizations (i.e. an ensemble of climate outputs) of precipitation and temperature time 

series. Each realization of the generated climate time series is then used individually as an 

input to a hydrological model to obtain streamflow time series. The usefulness of weather 

generators is evaluated by assessing how the statistical properties of simulated 

precipitation, temperatures, and streamflow deviate from those of observations. This is 

achieved by plotting a large ensemble of (1) synthetic precipitation and temperature time 

series in a Climate Statistics Space (CSS), and (2) hydrological indices using simulated 

streamflow data in a Risk and Performance Indicators Space (RPIS). The performance of 

the weather generator is assessed using visual inspection and the Mahalanobis distance 
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between statistics derived from observations and simulations. A case study was carried out 

using five different weather generators: two versions of WeaGETS, two versions of 

MulGETS and the k-nearest neighbor weather generator (knn).  

In the second part of the thesis, the impacts of climate change, on the other hand, was 

evaluated by generating a large number of representative climate projections. Large 

ensembles of future series are created by perturbing downscaled regional climate models’ 

outputs with a stochastic weather generator, then used as inputs to a hydrological model 

that was calibrated using observed data. Risk indices calculated with the simulated 

streamflow data are converted into probability distributions using Kernel Density 

Estimations. The results are dimensional joint probability distributions of risk-relevant 

indices that provide estimates of the likelihood of unwanted events under a given watershed 

configuration and management policy. The proposed approach offers a more complete 

vision of the impacts of climate change and opens the door to a more objective assessment 

of adaptation strategies.  

The third part of the thesis deals with the estimation of the optimal size of SWG realizations 

needed to calculate risk and performance indices. The number of realizations required to 

reach is investigated utilizing Relative Root Mean Square Error and Relative Error. While 

results indicate that a single realization is not enough to adequately represent a given 

stochastic weather generator, results generally indicate that there is no major benefit of 

generating more than 100 realizations as they are not notably different from results 

obtained using 1000 realizations. Adopting a smaller but carefully chosen number of 

realizations can significantly reduce the computational time and resources and therefore 

benefit a larger audience particularly where high-performance machines are not easily 

accessible. The application was done in one pilot watershed, the South Nation Watershed 

in Eastern Ontario, yet the methodology will be of interest for Canada and beyond. 

Overall, the results contribute to making the bottom-up more objective and less 

computationally intensive, hence more attractive to practitioners and researchers. 

Keywords: water resources management, risk assessment, hydrometeorology, climate 

change impacts, stochastic hydrological modelling, uncertainty analysis, climate 

sensitivity
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CHAPTER 1. Introduction 

1.1 Background  

Significant challenges in water resources management arise because of the ever-increasing 

pressure on the world’s heavily exploited and limited water resources. These stressors 

include demographic growth, intensification of agriculture, climate variability, and climate 

change. To make things more complicated, the way these stressors will evolve in the future 

is highly uncertain, leading to a lot of uncertainty of how water resources systems will 

perform in the future, and on the impact of decisions taken today. Water resource managers 

and policymakers are increasingly challenged by the need to take immediate decisions that 

will have direct impacts on the performance of the systems under their responsibility both 

in the short-term and -by extension- the long-term. Climate change has forced the research 

community to revisit the assumptions and theory behind water resources systems design 

and management. For instance, the assumption of stationarity in the hydrological cycle, 

when planning and managing water resource systems, has been extensively questioned 

with many underlying uncertainties including, among others, climate-induced variability 

(Milly et al., 2008). Yet, this assumption may no longer be valid alongside the growing 

number of catastrophic flooding disasters, mainly due to a changing precipitation regime, 

and such nonstationary extreme events must be reflected in hydrological risk studies to 

ultimately minimize profound adverse impacts on the environment and human wellbeing 

(Salas et al., 2018). Researchers and practitioners are therefore persuaded to develop 

methodologies and innovative approaches that can be streamlined into adaptation decisions 

with the available data resources.  
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There is abundant literature on the dependence between hydrological processes and the 

climate regime (e.g., Gleick, 1989; Chahine, 1992; Whitfield & Cannon, 2000; Arora & 

Boer, 2001; Frich et al., 2002; Bierkens et al., 2008). It is well established that the linkage 

between hydrologic and climatic systems are not fully captured by deterministic models. 

Rather, there is inherent uncertainty in climate and flow variables due to their stochastic 

nature and because of the lack of information about the current station of hydrologic and 

climatic systems, which lead researchers to use statistical methods to describe the behavior 

of water systems and try to manage them effectively. Hence, probabilistic or stochastic 

models can serve the purposes of generating long hydrometeorological time series (from 

rainfall and ultimately to streamflow ensembles), as random variables whose values can 

change over time and cannot be predicted with certainty. The use of synthetic weather 

generation techniques, rather than deterministic climate scenarios, to force hydrological 

models is common in water-related studies, particularly in water resources vulnerability-

driven studies (e.g., Caron et al., 2008; Bastola et al., 2012; Harris et al., 2014; Glenis et 

al., 2016; Herman et al., 2016; Borgomeo et al., 2018). The characterization of uncertainty 

in simulated discharge is rendered difficult by the fact that only a limited number of 

realizations is usually generated (Goovaerts, 1999). Stochastic models are attractive in 

concept because they can provide an endless number of outputs in the desired length. 

The notion of risk in the water resource systems planning and management fields is vital 

for safe and sustainable exploitation of water resources systems. Hydrological risk of 

receiving immoderate or highly fluctuating amounts of flow rates has direct and indirect 

effects on human livelihood. One example is the energy generation by a hydropower 

project which would be threatened by having rapid fluctuations or deficiency in water 
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supply from the source (river or reservoir), and in contrast flooding. There are also 

noticeably increasing efforts to study risks imposed upon aquatic habitat and to regulate 

minimum environmental flow requirements to sustain water quantity and quality across 

Canada and internationally and prevent any further deterioration of freshwater ecosystems, 

which are very vulnerable to climate change (e.g., Tharme, 2003; Arthington et al., 2006; 

Linnansaari et al., 2012; Pastor et al., 2014). The possible hazard of such deterioration 

sometimes does not have immediate effects, but rather some time-lagged consequences. 

Therefore, the analysis herein will also focus on the risks associated with low probability 

hydrological flow rates, or disastrous extreme events. 

The assessment of risks associated with climate variability usually comprises the analysis 

of water resource systems vulnerabilities to changes in climate variability and low 

probability extreme events (Salas et al., 2018). Climate-induced risk, and its impact on the 

hydroclimatic regime, in particular, has been a center topic of several previous studies (e.g., 

Fowler et al., 2007; Salas et al., 2018). In risk and uncertainty analysis, short or incomplete 

historical climate records, either in their length or spatial coverage, have always been a 

problematic challenge. Such a shortage can limit hydrological analyses and consequently 

make water-engineering designs more difficult (Loucks et al., 1981). Therefore, weather 

generators have been intensively used to generate long synthetic time series that are 

expected to have the same variability as the historical time series. A weather generator is a 

computer model used to simulate synthetic time series of weather data for a particular 

location by replication the statistical attributes of a local variable (such as the mean, 

variance, and autocorrelation) (IPCC, 2007), and several different algorithms with different 
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characteristics have been developed. The impact of the choice of a given weather generator 

on the estimated risk is still an open problem. 

For climate change risk assessment, on the other hand, time and resources constraints may 

force many authors to limit the number of scenarios to simulate to a manageable number, 

often only a pessimistic and an optimistic scenario. While some studies use raw outputs of 

future climate models without bias correction (e.g., Chen et al., 2011), there are concerns 

about climate change models of mismatching location-specific information. While Global 

Circulation Models or General Climate Models, (GCMs) can provide a glimpse of what 

the future climate would be, the tools, called downscaling, are used to enclose this gap and 

refine their large-scale outputs to more precise projections for local application. While the 

reduction of large-scale errors is a significant step. Two different downscaling techniques 

can yield very different risk and performance indicators, but there has been no consensus 

in the scientific community on a definitive technique to compare these downscaling 

methods. The need to reexamine such methods in the light of risk perspective is therefore 

obvious.  

A key change in perspective to deal with the aforementioned issues has been put forward 

by so-called bottom-up approaches. In contrast to “predict, then directly act” in the top-

down approach, the bottom-up approach, also referred to as climate sensitivity analysis, is 

an effective risk-based, decision-making technique that has recently emerged in 

hydroclimatic modelling aiming at overcoming many limitations encountered by 

traditional approaches used for water resources planning and project design (Brown et al., 

2012; Bouwer 2013; Weaver et al., 2013; García et al., 2014; Smid and Costa, 2018). 
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Figure 1.1 Arctic September sea-ice extent anomalies (Swart et al., 2015). 

While both are important parts of the climate system, it is not always easy, especially for 

the public, to distinguish between internal climate variability and climate changes in 

response to external forcing (either natural or anthropogenic) and considerable efforts have 

been taken to provide a better explanation for the differences (e.g., Santer et al., 2008; 

Huber et al., 2010; Holland, 2012; Frankcombe et al., 2015; Swart et al., 2015). For 

instance, Arctic September sea-ice extent showed slowness (a pause with near-zero trend) 

between 2007–2013, which in turn can be misleading about longer-term changes as 

illustrated in Figure 1.1. The key difference to note is time, as illustrated in Figure 1.2. 

Internal climate variability describes changes that occur at smaller timeframes (e.g., a 

season or a year). Known examples of internal climate variability include the El 

Niño/Southern Oscillation (ENSO), the Pacific Decadal Oscillation (PDO), the North 

Atlantic Oscillation (NAO), and the Atlantic Multidecadal Oscillation (AMO). Climate 

change, on the other hand, refers to “statistically significant variation in either the mean 

state of the climate or in its variability, persisting for an extended period (typically decades 
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or longer)” according to the Intergovernmental Panel on Climate Change (IPCC, 2014). In 

modelling internal climate variability (or noise) and climate change (or signal), 

climatologists and hydrologists may resort to averaging many synthetic realizations of the 

climate (e.g., the use of stochastic weather generators) to reduce noise levels and improves 

estimates of the true signal (Santer et al., 2008; Huber et al., 2010).   

 

Figure 1.2 An illustration of internal climate variability and external forcing 

The first part of the current work presents a new avenue to build a framework for assessing 

readily available stochastic weather generators by comparing the mapping between 

observed and generated climate states and describing statistics that are relevant to the 

problem at hand. Since a quantitative assessment of the likelihood of possible future states 

is lacking in both the traditional top-down and the alternative bottom-up approaches to 

climate change impacts assessment, the second part tackled this issue by generating a large 

number of representative climate projections using weather generators calibrated with the 

outputs of regional climate models. In both parts, a climate state, represented by a time 

series Xt, is summarized by a subset of climate statistics, 𝒱T that are relevant to the problem 

under investigation (e.g., the mean, and the standard variation of precipitation and 

temperature), calculated for a period, T as introduced by Brown et al. (2012). 𝒱T is 
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calculated for the observed time series and stochastically generated time series. A climate 

state will yield a level of risk and performance that can be measured through a set of 

indicators obtained by feeding an impact model with time series Xt. This was accomplished 

by using five stochastic weather generators to create plausible daily data series of 

precipitation and temperatures. Each one of the generated time series (i.e., realization of 

climate data) was then used as an input to a rainfall-runoff model to explore their realism 

in risk and performance indicators for an explicit accounting of streamflow. Further 

analysis is made in the third part to discuss the impact of the number of realizations in 

hydrological modeling.  

1.2 Research objectives 

Considering the aforementioned issues, the current project seeks to provide end-users and 

the research community with an improved version of the bottom-up framework for 

streamlining climate variability into water resources management decisions to cope with 

the present-day and future challenges induced mainly by climate. Improvement will come 

from contribution to issues that are yet to be adequately addressed in the bottom-up 

framework. The main research question of this work is how climate variability and change 

are reflected in a hydrological sense for risk discovery.  

1.2.1 General objective 

The core research focus of this work is to improve adaptation to climate variability and 

climate change through a better assessment of uncertainty in climate change projections. 

We will specifically examine the uncertainty in weather generators outputs, and the 

uncertainty in climate change projections, as they are the main drivers of the risk and 

performance of water resources systems. 

1.2.2 Specific objectives 

The specific objectives are: 
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 The development of a new avenue to generate a wide range of climate scenarios 

that combine climate model outputs and weather generators to capture as much as 

possible of the uncertainty in the future, 

 The demonstration that the performance of weather generators are application-

specific as each application has it own indices, and the development of a method 

for assessing the adequacy of a given stochastic weather generator for a particular 

application, 

 The use of diagnostic tools to investigate the impact of the number of SWGs 

realizations on the accuracy of specific risk and performance indicators, and the 

development of a method to limit the computational burden of the bottom-up 

approach, and 

 A showcase in the South Nation Watershed to identify potential impacts of climate 

change and climate variability and demonstrate the benefits of the proposed 

methodology. 

1.3 Novelty 

1.3.1  The proposition of a better way to assess SWG’s performance for a 

particular problem (Alodah and Seidou, 2019a) 

Stochastic weather generators are designed to produce synthetic time series that are 

commonly used for risk discovery, as they would contain rare events that can lead to 

potentially catastrophic impacts on the environment or even human lives. These time 

series are sometimes used as inputs to rainfall-runoff models to simulate the 

hydrological impacts of these rare events. This paper presents a method that evaluates 

the usefulness of weather generators by assessing how the statistical properties of 

simulated precipitation, temperatures, and streamflow deviate from those of 

observations. This is achieved by plotting a large ensemble of (1) synthetic 

precipitation and temperature time series in a Climate Statistics Space (CSS), and (2) 

hydrological indices using simulated streamflow data in a Risk and Performance 

Indicators Space (RPIS). The performance of the weather generator is assessed using 
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visual inspection and the Mahalanobis distance between statistics derived from 

observations and simulations. 

1.3.2 Development of an improved version of the bottom-up approach (Alodah 

and Seidou, 2019b) 

A quantitative assessment of the likelihood of possible future states is lacking in both 

the traditional top-down and the alternative bottom-up approaches to climate change 

impacts assessment. The issue is tackled herein by generating a large number of 

representative climate projections using weather generators calibrated with the outputs 

of regional climate models. The raw projections of Regional Climate Models (RCMs) 

are corrected using downscaling techniques. Large ensembles of future series are 

created by perturbing downscaled data with a stochastic weather generator, then used 

as inputs to a hydrological model that was calibrated using observed data. Risk indices 

calculated with the simulated streamflow data are converted into probability 

distributions using Kernel Density Estimations (KDE). The results are dimensional 

joint probability distributions of risk-relevant indices that provide estimates of the 

likelihood of unwanted events under a given watershed configuration and management 

policy. The proposed approach offers a more complete vision of the impacts of climate 

change and opens the door to a more objective assessment of adaptation strategies. 

1.3.3 Determination of the minimum number of realizations of an SWG to 

estimate a given risk statistics with a predefined accuracy (Alodah and 

Seidou, 2019c) 

While Stochastic Weather Generators (SWGs) are used intensively in climate and 

hydrological applications to simulate hydroclimatic time series and estimate risks and 

performance measures linked to climate variability, there have been few investigations into 

how many realizations are required for a robust estimation of these measures. Given the 

computational cost and time necessary to force climate-sensitive systems with multiple 

realizations, the estimation of the optimal number of synthetic time series to generate with 

a particular SWG for a predefined accuracy when estimating a particular risk or 

performance measure is particularly important. In this paper, the required number of 
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realizations of five SWGs coupled with a SWAT model (the Soil and Water Assessment 

Tool) in order to achieve a predefined Relative Root Mean Square Error is investigated.  

1.4 Thesis organization 

Apart from this introductory (Chapter 1), the thesis is broadly organized into seven 

chapters, as illustrated in Figure 1.3. A list of published works is provided at the end of this 

chapter. Chapter 2 provides a quick glance at some backgrounds and past literature. As 

this thesis consists of a series of articles in Chapters 3, 4, and 5, each of these chapters (i.e., 

papers) comprises an introduction, materials and methodology, results and discussion, a 

conclusion, and the related references. Chapter 3 presents a thorough discussion of the 

methodologies applied to examine the adequacy of weather generators for risk discovery. 

The following Chapter 4 presents a new avenue to combine weather generator outputs and 

downscaled climate models’ outputs to generate more scenarios driven from global 

circulation models. Subsequent Chapter 5 presents the use of diagnostic tools to investigate 

impact of number of stochastic realizations for hydrologic applications. Chapter 6 aims to 

demonstrate the added value of the methodology developed by comparing the information 

that a decision-maker can get from traditional approaches and the proposed approach.  

Lastly, Chapter 7 provides a synthesis and a global conclusion that integrates the main 

points addressed in the articles and identifies areas for suggested further research.  
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1.5 Peer-reviewed Publications 

The following is a list of works prepared by the author during the course of the doctorate:  

 Alodah, A., & Seidou, O. (2017). The realism of stochastic weather generators in 

risk discovery. WIT Transactions on Ecology and the Environment, 220, 239-

249. 

 Seidou, O., & Alodah, A. (2018). From top-down to bottom-up approaches to 

risk discovery: a paradigm shift in climate change impacts and adaptation 

studies related to the water sector. In Proceedings of the Annual Conference of 

the Canadian Society for Civil Engineering (CSCE2018), Fredericton, NB, 

Canada (pp. 13-16). 

 Alodah, A., & Seidou, O. (2019a). The adequacy of stochastically generated 

climate time series for water resources systems risk and performance 

assessment. Stochastic environmental research and risk assessment, 33(1), 

253-269. 

 

Figure 1.3 Major components of the thesis. 
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 Alodah, A., & Seidou, O. (2019b). Assessment of Climate Change Impacts on 

Extreme High and Low Flows: An Improved Bottom-Up 

Approach. Water, 11(6), 1236. 

 Alodah, A., & Seidou, O. (2019c, under review). Influence of the Output Size 

of Stochastic Weather Generators on the Accuracy of Common Climate and 

Hydrologic Statistical Indices. 
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CHAPTER 2. Literature Review 

2.1 Stochastic climate generation 

A large number of environmental and hydrological applications, where hydro-ecological variables 

are simulated to evaluate alternative designs and policies especially for long-term, climate-

sensitive water infrastructures (Brocca et al., 2013), cannot be satisfactorily carried out with 

sufficient observed hydro-climatic records. Instead, modellers resort to stochastic weather 

generators to generate long and gap-free time series of atmospheric variables using available 

historical climate data. To overcome a fundamental limitation of dealing with complex dynamics 

and thermodynamics of the atmospheric variables using physical models, weather generators are 

appealing approaches that are less demanding in terms of computational requirements (Peleg et 

al., 2017). The synthetically generated outputs ideally have the same characteristics as 

observations (e.g., mean or variance) and used to assess the impacts of climate variability (Ailliot 

et al., 2015; Guo et al., 2017). The implications of using such outputs as inputs to a hydrological 

model are investigated in this work.  

Despite the excessive use of different weather generators to address water resources issues, their 

performance, however, has been repeatedly criticized (Fowler et al., 2007; Wilby & Fowler, 2011; 

Kim et al., 2013). Their drawbacks include their poor performance when modelling inter-annual 

variability of monthly means, although some recent rainfall generation models (e.g., Kim et al., 

2013) were presumably able to overcome this issue by incorporating more information about the 

observed precipitation. They also suffer notoriously from their strictly site-specific nature (Fowler 

et al., 2007), which limits the usefulness of their results and makes them difficult to transferable 

to other locations and climates. Nevertheless, weather generators are practical for some 
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applications, such as reproducing the number of wet spells and estimating monthly precipitation 

levels for hydrological applications in developing countries (Wilby & Fowler, 2011). In the face 

of the recent advances in weather generators, the accuracy of generated weather data has not 

always been adequately justified. Precise meteorological data cannot be expected from weather 

generators considering the stochastic uncertainties involved, making any decision for or against 

the use of a certain weather generator in a decision or design framework particularly challenging. 

Therefore, the credibility of a given weather generator should be deliberated by quantifying their 

suitability for a specific field or climate zone. 

With the multitude of numerous available approaches, this work focuses on three weather 

generators that apply different methodologies and techniques, namely: WeaGETS, MulGETS, and 

𝑘-nn. The WeaGETS model (Chen et al., 2012) is an extension to the WGEN model (Richardson 

and Wright, 1984). Unlike WGEN, however, WeaGETS provides a spectral correction approach 

for a better estimation of low-frequency component and consequently improved simulation of 

monthly and interannual variability. Yet, WeaGETS is rather more suited to small watersheds 

wherein a single station can be used to represent the entire watershed (Chen et al., 2012), and is 

thus of limited use for modelling multi-site watersheds within large basins (Mehrotra et al., 2006). 

The selection of weather generators in this study is not exhaustive but since the objective is to 

present a framework to evaluate weather generators, the choice is made to work on a small 

ensemble of models. 

The so-called Multi-site weather Generator (MulGETS) has been introduced by Chen et al., (2014) 

to provide a weather generator with the capability to account for the spatial attributes of climate 

data. For generation of precipitation amounts, the best-fit probability distribution function of 

precipitation amounts is well documented in the scientific literature. The gamma distribution 
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function has been traditionally the most preferred to wet-day daily precipitation (e.g., Thom, 1951; 

Buishand, 1978; Geng et al., 1986; Şen and Eljadid, 1999). Moreover, other distributions have 

been recommended such as exponential (e.g., Woolhiser and Roldan, 1982; Wilks, 1998; 

Burgueño et al., 2005), Weibull (e.g. Burgueñoet al., 2005). Hanson and Vogel (2008) 

recommended the Pearson Type-III (P3) distribution to be applied to the full record of daily 

precipitation data. Beside WeaGETS and MulGETS, the K-nearest neighbor scheme (𝑘-nn) is used 

for precipitation sequences applying the model by Goyal et al. (2012) while the method by Sharif 

and Burn (2007) was implemented for the generation of temperature sequences. 𝑘-nn is a broadly 

used non-parametric procedure to simulate daily weather variables with no assumptions of the 

probability distributions. Its principal concept is to stochastically reshuffle the values from the 

observed records by looking for a similar pattern to the day of interest (Yates et al., 2003).  

2.2 Dealing with a nonstationary environment  

Hydrological systems are mainly climate-driven and changes in climate patterns are significantly 

altering global water resources. It is of primary importance to inspect the unavoidable challenges 

in the future that are likely to occur in water resources systems attributed to the accumulated 

greenhouse gas emission (GHG), mainly long-lived CO2 emissions (the dominant 

anthropologically-generated GHGs) (Stocker et al., 2013; Salas et al., 2018). There is incredibly 

large published literature across dispensaries on how significant changes are in future temperature 

and precipitation, especially for the North Hemisphere, and their hydrological impacts. Changes 

in mean temperature of the North Hemisphere (Figure 2.1), for instance, are affecting the timing 

of the thaw period as well as evapotranspiration patterns contributing to abnormally high heavy 

precipitation and consequently enhance hydrological cycle (Frich et al., 2002). Alfieri et al., 

(2016) implied a strong correlation between the increase in atmospheric temperature and future 
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flood risk at a global scale. For the particular case of Europe (Alfieri et al., 2016), flood is predicted 

to occur more frequently under a changing climate. Recent variations in climate and hydrology 

across North American river basins have been heavily investigated (e.g., Whitfield and Cannon, 

2000; Adamowski & Bocci, 2001; Frich et al., 2002; Widmann et al., 2003; Brown et al., 2011; 

Seidou et al., 2012; Chen et al., 2013). 

However, the extent of potential climate change projected by GCMs hinges heavily on the choice 

of GHG emission scenario and consequently the radiative forcing (or climate forcing). GCMs play 

a critical role by linking the effect of GHGs on current and future climate regime at global and 

regional scales. Climate scenarios are approximation means used to serve the purposes of 

estimating changes in the climate patterns of the 21st century and beyond defined by underlying 

key metrics and assumptions (including socio-economic, demographic and technological changes) 

to obtain future GHG emissions in the atmosphere (Goosse et al., 2010). The latest set of scenarios, 

adopted by IPCC AR5 (2014), is known as Representative Concentration Pathways (RCPs), 

depending on estimated radiative forcing levels of 8.5, 6.0, 4.5, and 2.6 W/m² by the end of 21st 

century for RCP8.5, RCP6, RCP4.5 and RCP2.6, respectively.  
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Figure 2.1 The median temperature anomalies in the North Hemisphere relative to 

1961-1990 based on HadCRUT4 dataset (Ritchie and Roser, 2017). 

There is an increasing agreement to consider the role of these projected changes in water 

management decisions. However, an example of a challenge in hydroclimatic modelling of climate 

change is estimating the magnitude of Earth’s response to the projected increase in GHGs in this 

century, which is still uncertain. Representative concentration pathways, the state-of-art scenarios, 

are estimated based on climate sensitivity (which is another source of uncertainty) to radiative 

forcing. Climate sensitivity is an indication, frequently used in climate change studies, of how 

sensitive the climate system is to a given forcing perturbation either by natural cause (e.g., volcanic 

eruptions, or solar output) or by anthropologically generated GHGs. Simply put, it is a key measure 

of how much warming (ΔT) resulted from a certain increase (usually doubling CO2 from pre-

industrial levels of 280 ppm) in atmospheric carbon dioxide, or in a unit change in radiative 

forcing.  
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Amongst some objective estimates of climate sensitivity range (Figure 2.2), there are no consensus 

approximations of climate response to a doubling of atmospheric carbon dioxide (to a 

concentration of 560 ppm) although initially proposed estimation by National Academy of 

Sciences (1979) to be in the range of 1.5-4.5 °C still adopted by IPCC recent reports (2007, 2014). 

Nevertheless, Annan and Hargreaves (2006) rule out exaggerated climate sensitivity exceeding 

6°C and IPCC (2014) considers it very unlikely to be less than 1.5 °C. However, a recent 

comprehensive work by Andrews et al. (2018) suggested that response in global temperature might 

be greater and more uncertain than previously estimated bounds, specifically at the upper end. 

Therefore, it is obvious given these estimates how difficult to quantify possible impacts of 

projected future climate change considering these underlying processes. 

 

Figure 2.2 Estimations by different studies of the equilibrium climate sensitivity median and 

5-95% confidence interval to a doubling of atmospheric carbon dioxide levels and the Earth’s 

radiative response. 
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Given the very large range of uncertainty involved when addressing climate change, as illustrated 

by Wilby & Dessai (2010), and because of the limited number of climate-change scenarios used 

in the traditional approach, some risks may be overlooked. Time and resource constraints forced 

many authors to limit the number of scenarios being simulated to a manageable number— often 

only a pessimistic and an optimistic scenario; sometimes an ensemble of scenarios. As a result, the 

ability to fine-tune adaptation strategies was lost. Obviously, the optimistic and pessimistic 

scenarios alone would not translate into the upper and lower bounds of the possible impact. For 

risk-based management, analysis of large datasets employing data mining technologies is 

encouraged to provide local decision-makers with the likelihood of a large range of outcomes.  

The traditionally used top-down approaches for assessing climate risk and vulnerability, which has 

been adopted by the vast majority of researchers, start often by looking into the possible changes 

in climate conditions in the future based on predetermined scenarios that are parameterized in 

large-scale models. This is done by downscaling a considerably few scenarios/projections and 

testing the impacts on a local hydrological system employing rainfall-runoff models. Wilby et al., 

(2004) refer to these methods as “unintelligent downscaling” approaches. However, hydrological 

impact models (distributed models in particular) are distinctly sensitive to small-scale climate 

variations (or even point-scale climate observation) that might be underestimated by large-scale 

models (Wilby et al., 2004). A non-exhaustive list of issues that arise from the use of this approach 

is presented here. The limited number of RCM projections available to modelers and the lack of 

methodology to rank RCM outputs were identified as one of the major limitations to the application 

of the top-down approach. The increasingly growing disastrous extreme hydrological events 

intensify the urgency to analyze risk associated with climate change on water resource systems 

differently. A generalized methodology that counts for risk assessment and management 
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implementing additional levels of post-processing to trace out water system’s vulnerability to 

climate sensitivity deems tremendously needed (Prudhomme et al., 2010). 

A key change in perspective to deal with the aforementioned issues has been put forward by so-

called bottom-up approaches. In contrast to “predict, then directly act” or top-down approach, the 

bottom-up approach, also referred to as climate sensitivity analysis, is an effective risk-based, 

decision-making technique that has recently emerged in hydroclimatic modelling aiming at 

overcoming many limitations encountered by traditional approaches used for water resources 

planning and project design (Figure 2.3; Brown et al., 2012; Bouwer 2013; Weaver et al., 2013; 

García et al., 2014; Smid and Costa, 2018). Such approach in the water sector is meant to explore 

not just outputs from downscaling GCMs for climate adaptation, but rather to achieve a resilient 

system particularly due to the relatively high uncertainty mainly by climate sensitivity. It uses 

basically different direction to begin the assessment. To assess the effects of climate change on 

water resources, for example, bottom-up approach simply reverses the process by assessing 

vulnerabilities of water resources systems to variations in future climates and determining robustly 

the prospects of such wide range of changes. The conceptual base for bottom-up approaches was 

discussed in detail by García et al. (2014).  
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Figure 2.3 Comparison between top-down (traditional approach) and bottom-up (decision-scaling 

approach) climate change risk assessment (García et al., 2014). 

2.2.1 Coping with uncertainties in GCMs (better projections or Stochastic climate change 

projections) 

There is a growing focus on risk assessments in the context of climate change for the identification 

of appropriate planning and operating policy. However, the known limitations of climate change 

models and their predictions make it very difficult to favour one Global Climate Model 

(GCM)/Regional Climate Model (RCM) over the others. A significant portion of uncertainties in 

GCMs comes from underlying physical and social assumptions, as we remain unsure about the 

future possibility of human population, industry and technology developments. Lenderink et al. 

(2007) and Hayhoe (2010) indicated that a simple method, such as delta method, utilized to refine 

the raw simulations from the current generation of GCMs would significantly lead to better 

estimations. That is due to certain inherited systematic errors (known as bias) in GCMs, and their 

lack of accuracy locally despite the many efforts to refine their outputs (Reichler and Kim, 2008). 

Overall, such simple correction methods based on the observed data allow for better hydrological 
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simulations and consequently impact studies compared to using raw RCM data (Chen et al., 2013). 

Yet, this method is not fully capable of correcting the future projections as it prognosticates the 

same variability of the future climate compared to the historical variability. 

More and more climate models and scenarios are made available to impact modellers through 

collaborative international efforts such as the Coupled Model Intercomparison Project (CMIP5: 

Taylor et al., 2012), and the Coordinated Regional Climate Downscaling Experiment (CORDEX: 

Giorgi et al., 2009). However, even large multi-model, multi-scenario ensembles, such as 

CORDEX and CMIP5, only provide the lower bounds on the maximum range of uncertainty rather 

than providing forecasts or bounds on uncertainty (Brown et al., 2011; Stainforth et al., 2007). 

There is, therefore, a risk of overlooking risky possibilities when the outputs of GCMs/RCMs are 

the sole imputes to risk discovery. Other limitations of GCM/RCMs include lack of credibility on 

extremes, even after downscaling and/or bias correction (Seidou et al., 2012), lower performance 

at lower temporal and spatial scales (Knutti 2008; Reichler and Kim 2008; Seidou et al., 2012), 

and a lack of consensus on how to assign probabilities to scenarios that result in a situation of deep 

uncertainty (Kasprzyk et al., 2013; Lempert and Groves 2010; Lempert et al., 2003). These 

limitations led several authors to resort to stochastic or parametric methods to generate a large 

number of climate scenarios that include but are not constrained by the range of GCM projections 

(Brown et al., 2011; Brown and Wilby 2012; Prudhomme et al., 2010). To make the computations 

more efficient, a climate response function is created to relate climate states (described by relevant 

climate statistics) to risk and/or performance indicators (Brown et al., 2012; Prudhomme et al., 

2010). The plausibility of potential climate states that are discovered in the process is then 

estimated using GCMs or stochastically generated projections (Brown et al., 2012). An unresolved 

issue is that the weighting of the scenarios is still up to the modeller's judgment. Brown et al. 
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(2012) recommend the development of new stochastic methods combined with robust signals from 

GCM but have not attempted to do so. A premise of this thesis is that the development of a 

stochastic method that would start from an initial ensemble of GCM/RCMs-derived climate 

change scenarios and generate a super-ensemble of scenarios that would cover the range of 

variability of observed in the historical period would address (or at least mitigate) the above-

mentioned issues of ensemble size and scenario probability estimation. Such super-ensemble 

would be obtained by cloning and perturbing the scenarios in the initial ensemble employing a 

probabilistic approach. The development of that stochastic method is a key sub-objective in the 

present thesis. 

2.3 Representation in stochastic climate generation 

SWGs are often employed for hydrological applications to study impacts of climatic variations 

based on a single realization, for instance in rainfall-runoff simulations (e.g., Dubrovský et al., 

2004), erosion simulations (e.g., Zhang and Garbrecht, 2003), the simulation of extreme 

precipitation events (e.g., Furrer and Katz, 2008; Semenov, 2008) and in climate change studies 

(e.g., Kilsby et al., 2007; Kim et al., 2007; Al-Mukhtar et al., 2014). Yet unlike observed weather 

data which provide only one realization, one can generate unlimited number of weather 

realizations, and statistically it is very improbable that any two realization will be identical. In 

general, multiple stochastically-generated time series can provide a broad range of weather 

possibilities to serve detailed sensitivity analysis (Dubrovský et al., 2004) such as recently-

introduced vulnerability-based methods (e.g., bottom-up approaches) to evaluate uncertainty in 

projected climate change impacts (e.g., Brown et al., 2011; Steinschneider & Brown, 2013; 

Mukundan et al., 2019; Alodah & Seidou, 2019b). An ensemble of multiple realizations is 

recommended to adequately characterize the whole range of variability of climate data and to 
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realistically estimate mean values and variances of meteorological variables (Alodah and Seidou, 

2019a; Guo et al., 2018; Mehrotra et al., 2006; Anyah and Semazzi, 2006; Dubrovský et al., 2004). 

Multiple realizations of climate series, however, are increasingly becoming the adopted modeling 

approach in evaluating the variability of the complex climate system and in order to account for 

rare occurrences of climate variables (Anyah & Semazzi, 2006). This is done by considering an 

arbitrary (and commonly limited) number of realizations (ranged from 10 to 1000). Examples of 

some recent works for different applications that utilized multiple runs of weather generators are 

presented in Table 2.1. It is also common to use SWGs to produce a longer time series than 

observed ones (e.g., Kou et al., 2007; Caron et al., 2008; Chen et al., 2012; Eames et al., 2012) 

although this might lead to biases resulted from insufficient sampling of the distribution (Mithen 

and Black, 2011). Therefore, it is recommended (Dubrovský et al., 2004; Guo et al., 2018) to use 

multiple realizations with the same length as the training set. However, the use of multiple 

realizations particularly when used along with a subsequent impact application requires high-

performance computational resources. For example, Gitau et al. 2012 run a SWAT model 250 

times for each of the 172 management scenarios (a total of 43,000 runs) using an extremely large 

network of computers. They stated, however, that their work could have taken up to 3.3 years to 

be completed by traditional desktop computer workstations. Thus, given the acknowledged 

limitations of the prohibitive time and computational expenses, the question related to the required 

number of realizations to fairly characterize the hydrological space is still open. 

Such prolonged process, in particular for large watersheds, may be overcome with the help of 

expensive supercomputers (which are not always accessible/affordable) or alternatively by 

identifying the sufficiently representative number of outputs that can capture the random 

component hydrological modeling and ultimately to reduce the computations. Guo et al. (2018) 
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carried out an investigation to identify the numbers of realizations that can satisfactorily capture a 

number of statistical characteristics of meteorological variables (i.e., precipitation, and minimum 

and maximum temperature) synthetically generated by CLIGEN, LARSWG, and WeaGETS. They 

analyzed increasing discrete numbers of realizations (1, 25, 50, and 100) and concluded that a 

weather generator would well reproduce essential climate characteristics by 25 realizations. The 

current work generally builds on their ideas. However, the statistics considered in their work 

belong only to climatic data space (precipitation and temperature variables), thus the 

generalizability of such findings to be applicable also to hydrological variables can be problematic 

due to the non-linearity of hydrologic response in rainfall-runoff transformation. A variety of 

diagnostic tools will be applied in chapter five to identify the optimal number of realizations 

needed for both climatic and hydrologic variables. 
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Table 2.1 Examples of some recent works that used an ensemble of multiple realizations of 

weather generators. 

Weather Generator(s) 
Number of 
realizations 

Timeseries 
length 

Hydrological 
impacts? 

Reference 

Met&Roll 30 30-year SAC-SMA Dubrovský et al. (2004) 

WEGN & WeaGETS 30 300-year HSAMI Caron et al. (2008) 

MNHMM 100 22-year Sacramento  Kwon et al. (2011) 

WGEN 100 30-year 
Several 

conceptual model 
Bastola et al. (2012) 

Unique SWG 200 25-year 
HEC-HMS & 

VisualBALAN 
Candela et al. (2012) 

WXGEN 250 28-year SWAT Gitau et al. (2012) 

WeaGETS, MulGETS 

& KNN 
1000 41-year SWAT Alodah & Seidou (2019a) 

MulGETS 250 30-year SWAT Alodah & Seidou (2019b) 

Unique Stochastic 

Model 
1000 42-year 

Crop simulation 

models 
Hansen & Ines (2005) 

WGEN, SIMMETEO 

& SWG 
100 71-year 

Crop simulation 

models 
Apipattanavis et al. (2010) 

HMM, KNN, Wilks 100 43-year Only climate Mehrotra et al. (2006) 

Simple resampling 

method 
20 30-year Only climate 

Räisänen and Ruokolainen 

(2006) 

CLIGEN 10 20-year Only climate Elliot & Arnold (2001) 

MMLR 50 40-year Only climate Jeong et al. (2012) 

Improved KNN 50 62-year Only climate 
Steinschneider & Brown 

(2013) 

CLIGEN, LARS-WG 

& WeaGETS 
50 50-year Only climate Mehan et al. (2017) 

TripleM 30 30-year Only climate  Breinl et al. (2017) 

AWE‐GEN‐2d 50 30-year Only climate Peleg et al. (2017) 

LARS-WG 50 50-year Only climate Gitau et al. (2018) 

CLIGEN, LARS-WG 

& WeaGETS 
100 50-year Only climate Guo et al. (2018) 
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CHAPTER 3. 

 
The Adequacy of Stochastically Generated Climate 

Time Series for Water Resources Systems Risk and 

Performance Assessment* 
 

Abstract. 
Stochastic weather generators are designed to produce synthetic time series that are 

commonly used for risk discovery, as they would contain rare events that can lead to 

potentially catastrophic impacts on the environment, or even human lives. These time series 

are sometimes used as inputs to rainfall-runoff models to simulate the hydrological impacts 

of these rare events. This paper presents a method that evaluates the usefulness of weather 

generators by assessing how the statistical properties of simulated precipitation, 

temperatures, and streamflow deviate from those of observations. This is achieved by 

plotting a large ensemble of (1) synthetic precipitation and temperature time series in a 

Climate Statistics Space (CSS), and (2) hydrological indices using simulated streamflow 

data in a Risk and Performance Indicators Space (RPIS). The performance of the weather 

generator is assessed using visual inspection and the Mahalanobis distance between 

statistics derived from observations and simulations. A case study was carried out on the 

South Nations Watershed, located in Ontario, Canada, using five different weather 

generators: two versions of WeaGETS (Weather Generator, École de Technologie 

Supérieure), two versions of MulGETS (Multisite Stochastic Weather Generator, École de 

Technologie Supérieure) and the K-Nearest Neighbour weather generator (k-nn). Results 

show that the MulGETS model often outperformed the other weather generators for that 

particular study area because: a) the observations were well centered within the cloud of 

points, representing the synthetic time series in both spaces, and b) the points generated 

using MulGETS had a smaller Mahalanobis distance to the observations than those 

generated with the other weather generators. The 𝑘-nn weather generator performed 

particularly well in simulating minimum and maximum temperatures, but was the worst 

for precipitation and streamflow statistics. 

 

Keywords: Weather generator assessment; Stochastic Hydrological modelling; Risk and 

performance indicators. 

____________________________________________________________________________ 

 

* This chapter has been published in the journal of Stochastic Environmental Research and Risk 

Assessment (SERRA) as “Alodah, A., & Seidou, O. (2019). The adequacy of stochastically 

generated climate time series for water resources systems risk and performance assessment. Stoch 

Env Res Risk A., 33(1), 253-269.” 
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3.1 Introduction 

Short or incomplete historical records, either in their length or spatial coverage, can limit hydrological 

analyses and consequently make water engineering designs more difficult (Loucks et al., 1981). A large 

number of environmental and hydrological applications where hydro-ecological variables are simulated to 

evaluate alternative designs and policies (Brocca et al., 2013) cannot be satisfactorily carried out with 

sufficient observed hydro-climatic records. Instead, modellers resort to stochastic weather generators to 

generate long and gap-free time series of atmospheric variables using available historical climate data. The 

synthetically generated outputs ideally have the same characteristics as observations (e.g., mean or 

variance) and used to assess the impacts of climate variability (Ailliot et al., 2015; Guo et al., 2017). The 

implications of using such outputs as inputs to a hydrological model are investigated in this paper.  

A number of weather generators since the 1980s has been put forward to address climate, agricultural, and 

hydrological problems (e.g., Richardson, 1981; Kavvas and Herd, 1985; Govindaraju and Kavvas,1991), 

and more recently, also for climate change impact assessment (e.g., Kim et al., 2007; Hashmi et al., 2011; 

Forsythe et al., 2014; Camera et al., 2017). Interestingly, Let-It-Rain (Kim et al., 2017), for example, is a 

new stochastic weather generator that provides end user with high temporal resolution synthetic rainfall 

time series easily online. Weather generators are computationally inexpensive tools, designed to produce 

synthetic time series of weather data for a particular location, by replicating the statistical characteristics of 

a meteorological variable (Ailliot et al., 2015). Weather generators are typically utilized to produce 

precipitation (PCP), minimum temperature (Tmin) and maximum temperature (Tmax), as well as solar 

radiation data (Brissette et al., 2007) based on a calibration data set but similar sequences of observed 

climate events are not likely to occur (Wilby & Fowler, 2011). Baigorria and Jones (2010) divided weather 

generators, based on their structure and mathematical algorithms, into three classes: (1) parametric based 

on random sampling from parametric distributions (e.g., Wilks, 1998; Brissette et al., 2007), (2) non-

parametric based on resampling from observations (e.g., Rajagopalan et al., 1997; Wilby et al., 2003; Sharif 
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and Burn, 2007), and (3) hybrid approaches (e.g., Palutikof et al., 2002; Fowler et al., 2005; Shao et al., 

2015). 

The performance of weather generators, however, has been repeatedly criticized. Their drawbacks include 

their poor performance when modelling inter-annual variability of monthly means, although some recent 

rainfall generation models (e.g., Kim et al., 2013) were presumably able to overcome this issue by 

incorporating more information about the observed precipitation. They also suffer notoriously from their 

strictly site-specific nature (Fowler et al., 2007), which limits the usefulness of their results and makes them 

difficult to transferable to other locations and climates. Nevertheless, weather generators are practical and 

useful for some applications, such as reproducing the number of wet spells and estimating monthly 

precipitation levels for hydrological applications in developing countries (Wilby & Fowler, 2011). In the 

face of the recent advances in weather generators, the accuracy of generated weather data has not always 

been adequately justified. Precise meteorological data cannot be expected from weather 

generators considering the stochastic uncertainties involved, making any decision for or against the use of 

a certain weather generator in a decision or design framework particularly challenging. Therefore, the 

credibility of a given weather generator should be deliberated by quantifying their suitability for a specific 

field or climate zone. 

The present paper proposes a new avenue to build a framework for assessing weather generators realizations 

by comparing the mapping between observed and generated climate states, and describing statistics that are 

relevant to the problem at hand. A climate state, represented by a time series Xt, is summarized by a subset 

of climate statistics, 𝒱T that are relevant to the problem under investigation (e.g., the mean, and the standard 

variation of precipitation and temperature), calculated for a period, T (41 years in the present case) as 

introduced by Brown et al. (2012). 𝒱T is calculated for the observed time series and stochastically generated 

time series. A climate state will yield a level of risk and performance that can be measured through a set of 

indicators obtained by feeding an impact model with time series Xt. This was accomplished by using five 

stochastic weather generators to create plausible daily data series of precipitation and temperatures. Each 
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one of the generated time series (i.e., realization of climate data) was then used as an input to a rainfall-

runoff model to explore their realism in risk and performance indicators for an explicit accounting of 

streamflow.  

With the multitude of numerous available approaches, this paper focuses on three weather generators that 

apply different methodologies and techniques, namely: WeaGETS, MulGETS, and 𝑘-nn. The WeaGETS 

model (Chen et al., 2012) is an extension to the WGEN model (Richardson and Wright, 1984). Unlike 

WGEN, however, WeaGETS provides a spectral correction approach for a better estimation of low-

frequency component and consequently improved simulation of monthly and interannual variability. Yet, 

WeaGETS is rather more suited to small watersheds wherein a single station can be used to represent the 

entire watershed (Chen et al., 2012), and is thus of limited use for modelling multi-site watersheds within 

large basins (Mehrotra et al., 2006). The selection of weather generators is not exhaustive but since the 

objective of the paper is to present a framework to evaluate weather generators, the choice is made to work 

on a small ensemble of schemes. 

The so-called Multi-site weather Generator (MulGETS) has been introduced by Chen et al. (2014) to 

provide a weather generator with the capability to account for the spatial attributes of climate data. For the 

generation of precipitation amounts, a considerable amount of literature has been published on the best-fit 

probability distribution function of precipitation amounts. The gamma distribution function has been 

traditionally the most preferred to wet-day daily precipitation (e.g., Thom, 1951; Buishand, 1978; Geng et 

al., 1986; Sen and Eljadid, 1999). Moreover, other distributions have been recommended such as 

exponential (e.g., Woolhiser and Roldan, 1982; Wilks, 1998; Burgueño et al., 2005), Weibull (e.g. 

Burgueño et al., 2005). Hanson and Vogel (2008) recommended the Pearson Type-III (P3) distribution to 

be applied to the full record of daily precipitation data. Beside WeaGETS and MulGETS, the K-nearest 

neighbor scheme (𝑘-nn) is used for precipitation sequences applying the model by Goyal et al. (2012) while 

the method by Sharif and Burn (2007) was implemented for the generation of temperature sequences. 𝑘-nn 

is a broadly used non-parametric procedure to simulate daily weather variables with no assumptions of the 
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probability distributions. Its principal concept is to stochastically reshuffle the values from the observed 

records by looking for a similar pattern to the day of interest (Yates et al., 2003).  

The hydrological response to the synthetic climate series is a key component for impact assessments. This 

was evaluated in the Soil and Water Assessment Tool (SWAT-2012). SWAT is a semi-distributed, basin-

scale hydrologic model, which has been widely used by hydrologists to address complex water quality and 

quantity issues and appropriate decisions on water resource management (Srinivasan and Arnold. 1994; 

Arnold et al., 1998; White and Chaubey, 2005; Neitsch et al., 2011; Tuppad et al., 2011; Arnold et al., 

2012; Santhi et al., 2014). The main physically based input that governs the transformation of precipitation 

into runoff in SWAT, is weather information (Arnold et al., 2012). SWAT’s comprehensive physical-

process parameterizations strengthen its capability to provide sufficient information for adequate watershed 

management decisions. To deal with spatial variations in a watershed of interest, a watershed is divided 

into a number of hydrologic response units (HRUs), each within its own sub-basin. Beside land cover and 

soil type, each HRU has its own characteristics, such as weather, groundwater, plant growth, land-use, and 

soil type (Neitsch et al., 2011). 

The next section introduces briefly the study area and the data used before describing the study 

methodology. Subsequent sections present the results and a discussion of the main findings, and lastly, a 

summary of the main points and identifying areas for further research in the conclusion.  

3.2 Study Area, and Hydroclimatic Data 

3.2.1 Study Area 

An example case study was conducted on the South Nation Watershed (Figure 3.1), located in 

Eastern Ontario, Canada, covering an area about 4000 km 2  between 75°43´ W - 74°22´ W 

longitude and 44°40´ N - 45°38´ N latitude. The South Nation River, which drains the Watershed, 

runs northeast from Brockville for 175 km towards Plantagenet. The Watershed is relatively flat 

as the river has a low topographic gradient of just 80m between its headwaters and the confluence 
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with the Ottawa River. As a result, the South Nation Watershed is poorly drained, which in turn 

maximizes the flood risk and boosts the erosion of riverbanks and of topsoil on the agricultural 

lands. 

 

Figure 3.1 The location of the South Nation Watershed and the meteorological gages.  

3.2.2 Hydroclimatic Data 

Meteorological data were obtained from four gauges over a period of 41 years with locations 

chosen to be representative of the entire South Nation Watershed (cf., Figure 3.1 and Table 3.1). 

These stations have complete data series for the period of 1971–2011, namely; St. Albert, Russell, 

Morrisburg, and South Mountains. On average, the area receives approximately 985mm of 

precipitation annually, and its annual mean maximum and minimum temperatures are 11.5 and 

1.2°C, respectively (Environment Canada, 2012). For the simulations with the weather generators, 

days with a minimum precipitation of 1mm are considered wet as defined by earlier studies (e.g., 
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Frich et al., 2002; Sun et al., 2006; Klein Tank et al., 2009; Polade et al., 2014) to neglect small 

traces of moisture present in the air (i.e., by dew, or fog) (Benestad et al., 2012). The length of the 

generated data set is chosen to match the length of the observed time series.  

Table 3.1 Meteorological stations details. 

Meteorological 

Station 
CI* 

Latitude  

(N) 

Longitude 

(W) 

Elevation 

(m) 

Precipitation ** 
  

    Tmax ** 
 

Tmin ** 

Mean Stdev   Mean Stdev  Mean Stdev 

Russell 6107247 45° 15' 46" 75° 21' 34" 76.2 2.63 5.97 
 

11.50 12.54 
 

1.20 11.75 

South 

Mountain 
6107955 44° 58' 00" 75° 29' 00" 84.7 2.64 6.07 

 
11.64 12.44 

 
1.46 11.66 

Morrisburg 6105460 44° 55' 25" 75° 11' 18" 81.7 2.77 6.17 
 

11.73 12.42 
 

1.21 11.79 

St. Albert 6107276 45° 17' 14" 75° 03' 49" 80 2.77 6.06 
 

11.29 12.55 
 

0.79 11.87 

* Climate Identifier (CI) refers to the station number assigned by the Meteorological Service of Canada (MSC). 

** Daily statistics. 

3.3 Methodology 

The main components of the methodology are illustrated in Figure 3.2. A number of weather 

generators are first used to generate 1000 realizations of precipitation and temperature time series. 

Each realization of the generated climate time series is then used individually as an input to a 

hydrological model to obtain streamflow time series. The number of realizations was set to 1000 

in order to ensure that the confidence intervals of statistics in the Climate Statistics Space (CSS) 

and Risk and Performance Indicators Space (RPIS) are calculated with precision. Guo et al. (2017) 

looked into the numbers of realizations that can satisfactorily capture a number of statistical 

characteristics of precipitation, and maximum and minimum temperatures using three weather 

generators: CLIGEN, LARSWG, and WeaGETS. They analyzed increasing numbers of 

realizations (1, 25, 50, and 100) and concluded that a weather generator would well reproduce 

essential statistical characteristics with 25 realizations. However, the statistics considered in their 

papers only belong to the CSS. Given that the calculation of statistics in the RPIS involves highly 
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nonlinear rainfall-runoff transformation, it is speculated that a higher number of realizations would 

be needed. It was therefore decided to use a number of realizations that is two orders of magnitude 

higher than the one recommended by Guo et al. (2017). A number of statistics (i.e., moments) of 

the simulated climate as well as SFSD (Simulated Flow using Synthetic data) time series are 

compared to those of observed climate as well as SFOD (Simulated Flow using Observed data) 

time series to assess how good the weather generators are. Further, the autocovariance structure of 

streamflow is analyzed as well. Autocorrelation function measures the stochastic component in a 

time series by reflecting how the observations in a time series are related to each other. Flow 

autocorrelation is important factor also for reservoir operation studies. 

The different algorithms and submodels applied in the methodology are described in the following 

sections. 

 

Figure 3.2 A Schematic diagram illustrating the methodology. 
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3.3.1 Stochastic Weather Generators 

The present approach is examined in, but not limited to, several weather generators that apply 

different methodologies and schemes to generate climatic series. The generation of temperatures 

in weather generators is relatively simple as it takes a continuous range of values and can be 

described by a normal distribution (Chen and Brissette, 2014) whereas simulation of precipitation 

may be an intricate challenge. The stochastic nature of precipitation process is typically simulated 

in a two-step process for precipitation occurrence and amounts. It is a common practice to use 

Markov chain (Markov, 1906) models (i.e., precipitation states, wet or dry, of a given day based 

on the previous state) for daily precipitation occurrence while some weather generators use the 

alternative renewal process such as LARS-WG (Semenov and Barrow, 2002). The basic input data 

for tested weather generators in this study include observed precipitation as well as maximum and 

minimum temperatures data (Figure 3.2).  

WeaGETS (version 1.6) provides three orders of Markov chains to precisely account for wet and 

dry spells (two-state Markov chain with first-, second- and third-order models) and for 

precipitation amounts (exponential, gamma, skewed normal and mixed exponential distributions) 

based on a bi-weekly time scale. In this study, daily precipitation sequences are generated using a 

third-order Markov model without parameter smoothing coupled with exponential (herein called 

‘WE’) and gamma (herein called ‘WG’) distributions with a minimum precipitation threshold of 

0.1mm. A higher-order Markov model, which increases the number of parameters, is chosen to 

adequately predict lengths of consecutive dry/wet days (Bastola et al., 2011). This selection was 

adopted routinely by previous works (e.g., Wilks, 1998; Lennartsson et al., 2008; Chen et al., 

2012, Ailliot et al., 2015). WeaGETS temperature variables are generated conditional to each other 

using a normal distribution. The model uses first-order linear auto-regression coupled with 

constant lag-1 auto correlation and cross correlation to synthetically generate maximum and 
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minimum temperatures. WeaGETS implements Finite Fourier series with two harmonics to model 

seasonal cycles.  

MulGETS (version 1.2) is a multisite, multivariate weather generator developed by Chen et al. 

(2014) to simulate daily precipitation (based on Brissette et al., 2007) and temperature. However, 

unlike WeaGETS, MulGETS constructs random values that are spatially correlated but temporally 

independent. This is achieved following a distribution-free approach (Iman and Conover 1982) 

coupled with an optimization algorithm described by Brissette et al. (2007). For precipitation 

occurrence process, a first-order Markov chain with Cholesky factorization is applied. Wet-day 

precipitation sequences were reproduced from MulGETS using a multi-Gamma distribution (a 

combination of several gamma distributions) (herein called 'MG') and multi-Exponential 

distribution configuration (herein called 'ME'). In terms of generating temperature variables, 

MulGETS is WeaGETS-like, yet the generation of spatially correlated temperature variables 

(Tmax and Tmin) is achieved following a distribution-free approach and using a first-order linear 

autoregressive model.  

A simple 𝑘-nearest neighbor resampling model as proposed by Goyal et al. (2013) is used to 

generate precipitation sequences. The later seemingly allows producing of unprecedented values 

in the calibration data set. The procedure involves taking into account the spatial correlation by 

computing the regional means of precipitation. Some 𝑘-nn models that use gamma kernel 

approaches can prevent producing unrealistic values of less than zero but consequently affect the 

mean value overall. However, Goyal et al. (2013) approach implements gamma kernel 

perturbation following Salas and Lee (2010) wherein a random value, for a certain day, is perturbed 

from the kernel density after placing one of the 𝑘 nearest neighbors to the current value 𝑋 at the 

center of a gamma kernel. For precipitation, the temporal window 𝑤 and the number of nearest 
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neighbors 𝑘 are chosen to be 7 days and 13 neighbors. The method by Sharif and Burn (2007) was 

implemented for the generation of temperature sequences, with no underlying probability 

distribution assumptions. This approach is based on a traditional autoregressive model, but a 

random component is added to the individual resampled data points in order to reproduce values 

that are not in the historical records. For temperature variables, the temporal window and the 

number of nearest neighbors 𝑘 are arbitrarily chosen to be 14 days and 7 neighbors. The two 𝑘-nn 

approaches are presumably capable of generating realistic precipitation and temperature 

sequences. However, since Tmax and Tmin were modeled independently from the precipitation 

status while they are coextensive with each other in real-world cases, this could affect their 

efficiency (i.e., by not preserving the correlations between precipitation and temperature). Yet, this 

should not constrain their individual ability to simulate univariate interannual variability 

accurately.  

Wet-day precipitation sequences were reproduced from WeaGETS and WeaGETS using Gamma 

and Exponential set-up. The probability density distribution (pdf) of gamma is given by: 

f(x)=
(x β⁄ )α-1 ex p[− x β⁄  ]

β Γ(α)
 Eq. 3.1 

where α and β are the shape and scale parameters respectively, and Г(α) denotes the gamma 

function calculated at α. The two parameters (𝛼 and 𝛽) required in order to use the gamma 

distribution are directly linked to the mean (𝜇) and the standard deviation (𝜎). They are defined as 

follows: 

𝜇 = 𝛼/𝛽 Eq. 3.2 

𝜎 =  √𝛼/𝛽 Eq. 3.3 
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Chen et al. (2012) indicated that exponential distribution is easier to calculate but has less 

performance compared to the gamma distribution. The probability density function (pdf) of the 

exponential distribution is given by: 

f(x)= λ𝑒−𝜆𝑥  Eq. 3.4 

where x is the daily precipitation amount and its parameter λ equals 1/mean.  The multi-

exponential distribution combines several exponential distributions, which each has its own 

parameter.  

3.3.2 Hydrological Modelling 

The Soil and Water Assessment Tool (SWAT-2012) is used to evaluate the hydrological response 

of the watershed to the synthetically generated climate series. In order to adequately simulate the 

spatial distribution of hydrological processes, the South Nation Watershed was divided into a total 

of 31 distinct sub-basins, using precipitation and temperature data from the four selected stations 

representing the Watershed (cf. Figure. 3.1) as well as streamflow data. Calibration based on local 

conditions was done with SWAT-CUP (Abbaspour et al., 2007) using the SUFI-2 (sequential 

uncertainty fitting ver. 2) optimization algorithm to reduce the prediction uncertainty. 

A set of statistical metrics was used to assess the performance of the calibrated model: the Nash–

Sutcliffe efficiency, the RMSE-observations standard deviation ratio, and the percent bias and the 

criteria by Liew et al. (2007) and Moriasi et al. (2014) were adopted to evaluate model accuracy. 

The Nash–Sutcliffe efficiency coefficient (NS), as proposed by Nash and Sutcliffe (1970), is vastly 

used as an indicator of the hydrological model’s efficiency, which can range from - ∞ to 1. The 

closer NS is to 1, the better the agreement between observations and simulations. The NS can be 

computed as:  
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NS=1- [
∑  (Oi- Pi)

2n
i=1

 ∑  (Oi- O̅)
2n

i=1

] 

Eq. 3.5 

where O stands for observed and P for predicted values, and O̅ is the mean of the observed values.  

The RMSE-observations standard deviation ratio (RSR) was used whenever RMSE (root-mean-

square error) values were less than half the standard deviation of the observed data (Singh et al., 

2005). RSR can be calculated as: 

RSR=
RMSE

SRDEVobs

=

[√∑  (Oi- Pi)
2n

i=1  ]

[√∑  (Oi- O̅)
2n

i=1  ]

  Eq. 3.6 

The percentage of bias (PBIAS) compares the simulated discharge to observed values, yielding 

positive/negative values for over-/underestimations, respectively, but ideally a percentage close to 

zero (Gupta et al., 1999). PBIAS percentages are computed as: 

PBIAS=
∑  (Oi- Pi) * 100n

i=1

 ∑  (Oi)
n
i=1

   Eq. 3.7 

3.3.3 Performance spaces (CSS and RPIS) 

In the present approach, the abovementioned stochastic weather generators have been run for one 

thousand times (i.e., realizations) for a better chance on capturing essential statistical 

characteristics of the climate (Hansen and Ines 2005; Guo et al., 2017). Similar to observations in 

length, 41-year synthetic observed-like weather series were generated for each station. Each 

realization was represented by its statistics (𝒱T) in the confidant interval figures. The objective is 

to discover how popular an observation event to occur in the cluster of experiments or closer the 

mean of a cloud of points representing the synthetic time series in the CSS. In other words, the 

observation event is tested against the normal pattern of synthetic weather generator data, using an 
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adopted threshold. Synthetic climate and streamflow data of a well-behaved weather generator 

should preserve the observed climate and streamflow statistical moments, namely the mean (𝜇), 

standard deviation (𝜎), skewness (𝛼3), and kurtosis (𝛼4). Nonetheless, the proposed approach is 

not limited to these statistics and further investigation may be necessary to address other 

characteristics that are relevant to the problem at hand. For example, more analysis based on cross-

correlation or log-odd ratios between all stations is suggested to explore the usefulness of multisite 

modeling of weather generators.  

Furthermore, we investigate whether proximity with observations in the CSS translates into 

proximity in the RPIS. The calibrated SWAT model was forced with each one of the thousand 

synthetically-generated climate realizations for each weather generator, each realization comprises 

precipitation, maximum and minimum temperatures data. Other meteorological inputs, such as 

wind speed, relative humidity, and solar radiation data, were kept constant using observational 

data. We then compared a set of one thousand simulated streamflow ensemble to simulated 

streamflow using observed climate data, in order to examine the model performance and their 

realism in RPIS. The streamflow attributes, or measures of central tendency, were used to evaluate 

the degree to which a weather generator could reproduce the measured streamflow distributions. 

When examining the distributions of the mean versus the key attributes, including the standard 

deviation, skewness, and kurtosis of the observed and stochastically produced climate, the 

atmospheric variables should be reproduced correctly in a distributional sense.  

Given the stochastic nature of streamflow, it is often in the interest of hydrologists to examine flow 

extremes using statistical models (probability distribution based) in order to assess risk associated 

with the extreme hydrological events. Two sets of hydrologic risk indicators were used to compare 

the performance of each weather generator in the RPIS including the traditional case of annual 
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maxima (AM series) and the low flows frequency. The AM series was fitted to the three-parameter 

Generalized Extreme Value (GEV) distribution (Cunnane, 1989), while the three-parameter 

Weibull (WBL) distribution (Pilon, 1990), also referred to as the Gumbel Type III distribution, 

was applied to the annual 7-day minima flow (7Q), implementing the maximum likelihood 

estimates (MLE) for parameter distributions. The 7-day minima flow, computed on an annual basis 

over the smallest flow of 7-consecutive days. The 7Q10, for example, is the single most commonly 

employed low flow index with a 10-year return period, and has a non-exceedance probability of 

10%. 

3.3.3.1 Assessing Similarity in the CSS and RPIS 

As stated by Kovalchuk et al. (2017), the quality of ensemble-based simulations can be estimated 

using the relative distance of a group of simulation outputs to its corresponding observations. 

Kovalchuk et al. (2017) listed several potential distance measures such as the Euclidian distance 

or the Mahalanobis distance. Given the multitude of competitive techniques, the Mahalanobis 

distance (MD), also known as the generalized squared distance, is the selected probabilistic metric 

in order to compare observed-to-ensemble of realizations in the CSS and RPIS because of its less 

sensitive to the differences of magnitudes of the statistics. MD is a tool frequently applied for the 

detection of anomalous, or for a discriminant analysis to find the probability of a certain sample 

belonging to a certain group (Huber and Ronchetti, 2009; Fritsch et al., 2012; Wang and Zwilling, 

2014). The Mahalanobis distance is the quadratic distance of a pre-selected point 𝑥𝑖 ∈  ℝP (an 

event representing observations) from the origin 𝜇 (the centre of a cloud representing ensemble 

realizations), governed by a covariance matrix Σ (a shape parameter), given by the quantity: 

MD (𝑥𝑖⃗⃗⃗  , μ⃗ )= (𝑥𝑖⃗⃗⃗   - μ⃗ )
 T Σ

 -1
(𝑥𝑖⃗⃗⃗   - μ⃗ ) Eq. 3.8 
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 Moreover, the problem of possible inter-correlation between the original variables is solved 

through components analysis, which reduces the number of variables to the most relevant.  

The set of points that are determined by invariant Mahalanobis distances will form an ellipse 

(bivariate) or ellipsoid (multivariate) about the mean vector, μ. The orthogonal axes of such an 

ellipse and their lengths are governed by the eigenvectors (Φ) of the covariance vector (Σ), and the 

eigenvalues (Λ), respectively. The smaller the MD value, the closer a sample is positioned to a 

mean value (i.e., a focus) of the ellipse. Outliers can be identified as having large MD values. 

However, it is important to bear in mind that especially for multi-dimensional multi-variates, an 

ordinary sample could be falsely identified as an outlier if one attribute is considerably biased. The 

definition of a particular threshold distance to identify outliers should, therefore, be performed 

with caution, as it depends on the particular application and type of sample. In theory, the 

Mahalanobis squared distance describes the distance of a point from the group mean, in units of 

standard deviation; thus, as dictated by the three-sigma rule, a point with an MD value of 3 or less 

lies within the boundary of 99% of all data. A tested weather generator is called a good-fit 

candidate, when the reference point of observations (represented by two of its probability 

moments) falls within a reasonable distance from the investigated data centre. 

The joint density function of two random variables x (μ
x
 and σx) and y (μ

y
 and σy) that 

hypothetically have a bivariate normal distribution as: 

f (x,y,ρ)=
1

 2π σxσy √ 1-ρ2
 exp {

-1

2(1-ρ2)
[(

x-μx

σx
)

2

-2ρ (
x-μx

σx
) (

y-μy

σy
)+ (

y-μy

σy
)

2

]  } 
Eq. 3.9 

where ρ is the correlation coefficient of x and y (=
σxy

σxσy
). An ellipse is formed, centred on the means 

(μ
x
 and μ

y
), representing a plane of density surface, parallel to the x and y coordinates at a certain 
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height K. If the data is dependent (𝜌 ≠ 0), the resulting error ellipse will not be axis aligned. The 

integral over an ellipse with centre at (μ
x
, μ

y
) is: 

∬ (σxσy)
−1𝑓 (

𝑥 − μ
x

σx

,
𝑦 − μ

y

σy

, ρ)𝑑𝑥 𝑑𝑦
𝐴

= 1 − 𝑒−𝛼2 2⁄  Eq. 3.10 

where the equation that describes its area (A) can be parameterized with σx , σy and ρ as follows 

(Abramowitz and Stegun, 1972): 

(
𝑥 − 𝜇𝑥

𝜎𝑥
)
2

− 2𝜌 (
𝑥 − 𝜇𝑥

𝜎𝑥
)(

𝑦 − 𝜇𝑦

𝜎𝑦
) + (

𝑦 − 𝜇𝑦

𝜎𝑦
)

2

= (1 − 𝜌2)𝛼2 Eq. 3.11 

where  

𝛼2 = 𝑙𝑛[4 𝜋2𝐾2σy
2σx

2(1 − 𝜌2)]
−1

 Eq. 3.12 

is constant.  

The resulting ellipses of constant density (i.e., constant Mahalanobis distance) will not be axis 

aligned and the rotated new coordinate system is following the principal axes of the ellipse, which 

are the eigenvectors of the data’s covariance matrix. The first principal component lies in the 

direction of the highest variance in the data. The data projected onto the principal axes (𝑥̀ and 𝑦̀) 

of the ellipse-shaped cloud are now independent (when 𝜌 is zero), and a point of observations 𝑋̅ 

and 𝑌̅ is within a constant probability ellipse if, 

(
𝑋̅

σx

)

2

+ (
𝑌̅

σy

)

2

≤ 𝛼2 Eq. 3.13 

The random variable U = (
𝑋̅

σx
)

2

+ (
𝑌̅

σy
)

2

follows a chi-square (χ2) distribution with the number of 

degrees of freedom (df) equivalent to the number of independent variables (Hardin and Rocke, 

2005). Therefore, its probability to lie within a certain ellipse is: 



 

54 

 

𝑃[𝑈 ≤ 𝑐2] =  ∫
𝑒−𝑢 2⁄

2

𝑐2

0

𝑑𝑢 = 1 − 𝑒−𝑐2 2⁄  Eq. 3.14 

For example, 50% and 99% of samples in a bivariate normal distribution (df =2) lie within ellipses 

that have critical values of the χ2 distribution of 1.386 and 9.210, respectively. In the current 

approach, a weather generator is considered a good candidate if the observed data fall within its 

99% Confidence ellipse. Caution is advised as certain intervals tend to be larger than others if their 

variability is large (Helsel and Hirsch, 1992). Graphical representations in combination with a 

visual examination may, therefore, be useful to obtain a better grasp of the data. 

3.3.4 Flow autocovariance 

Storage-related statistics are particularly important for water resources reservoir simulation, and 

these are generally functions of the variance and autocovariance structure of the generated time 

series (Sveinson et al., 2007). Flow autocorrelation is important for reservoir operation studies. 

Reservoirs are less sensitive to instantaneous extremes such as low and high flow, but their 

simulation is sensitive to the persistence of low or high values, hence to correlations in flow time 

series.  

For a time series 𝑦1, 𝑦2..., 𝑦𝑇 and a sample mean 𝑦̅, the lag-h correlation between 𝑦𝑡 and  𝑦𝑡+1 is 

given by 

𝜌̂ℎ =
∑ (𝑦𝑡 − 𝑦̅)(𝑦𝑡+1 − 𝑦̅)𝑇

𝑡=ℎ+1

∑ (𝑦𝑡 − 𝑦̅)2𝑇
𝑡=1

 Eq. 3.15 

Where h=1,2,…,N-1, 

The standard error SEρ and the approximate 95% confidence intervals CI95 are estimated as 
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𝑆𝐸𝜌  = √(1 + 2 ∑ 𝜌̂𝑖
2

ℎ−1

𝑖=1

) /𝑁 Eq. 3.16 

𝐶𝐼95 = 𝜌̂ℎ± 1.96 𝑆𝐸𝜌 Eq. 3.17 

In this paper, a visual comparison of the autocorrelation functions was drawn at of observed and 

simulated monthly flows will be used to assess the performance of the weather generators under 

investigation. A good weather generator is expected to have most of its autocorrelations estimates 

within the 95% confidence interval bounds. 

3.3.5 Dimensions of the CSS and RPIS 

Ideally, the CSS and RPIS will have a dimension for each statistic that is of interest to the analysis. 

Obviously, the number of potential dimensions is potentially unlimited, and it is not obvious to 

draw a line between meaningful statistics and the others for a particular problem. Furthermore, 

visual comparison and interpretation of results in a space with more than three dimensions are 

tricky. For the sake of simplicity and ease of interpretation, only two-dimensional CSS and RPIS 

are discussed in this paper. We also restricted ourselves to the mean, standard deviation, skewness 

and kurtosis in the two spaces. The mean controls the magnitude of the variable and is particularly 

important in hydrological analyses where water volumes are used for reservoir design. The 

standard deviation is a quantification of the spread about the mean and describes the predictability 

of a particular variable. The skewness and kurtosis play a crucial role in the distribution of extreme 

values and impacts the design of flood and drought control structures. Additional dimensions can 

be added to the CSS and RPIS is the problem at hand warrants it, but the interpretation of the 

results becomes more difficult with spaces of higher dimensions. 



 

56 

 

3.4 Results and Discussion 

The comparisons between observed and weather generator-driven data, in the CSS and RPIS, allow 

for quantifying the performances of these weather generators. The relative positions of the mean, 

standard deviation, skewness, and kurtosis of simulated annual precipitation, maximum and 

minimum temperature were compared to the ones estimated using observations in the CSS. A 

similar comparison was carried out for streamflow data in the RPIS space. All statistics were found 

to be stable in the CSS earlier than those in the RPIS. As an example, the plot of the mean annual 

precipitation and mean monthly streamflow is shown in Figure 3.3 as a function of the number of 

realizations. It shows that 25 realizations, as recommended by Guo et al. (2017), seem shorter than 

desired, particularly in the RPIS, to construct robust confidence intervals. These results comforted 

us in the choice of 1000 for the number of realizations for each weather generators, despite the 

high computational demand. 
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Figure 3.3. Impact of the number of realizations on the accuracy of calculated statistics in the 

CSS and RPIS. 

3.4.1 Climate Statistics Space (CSS) 

The analysis of the stochastically generated climatic daily sequences, compared to the reference 

data, is demonstrated here using lumped approach by averaging the climate data over all locations. 

The statistics of observed precipitation are shown along with elliptically-shaped confidence 

intervals from each weather generator dataset, representing 99% and 50% of the data (Figure 3.4). 

Chen et al., 2012 stated that generating precipitation amounts using the gamma distribution 

performed reliably better than with the exponential distribution. Yet, Figures 3.4 and 3.5(a) suggest 

that the two distributions are comparable in the CSS. The generated precipitation amounts, using 

the exponential distribution in MulGETS, are slightly better than those produced with the gamma 
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distribution, in terms of retaining observed attributes in the CSS with MD of observed point of 

0.45 and located within 9% confident interval of 𝜎 and 𝛼3 and located acceptably in 59% of 𝛼4. 

These findings are partially consistent with the work by Wilks (1998) where the exponential 

distribution was a better fit than the gamma distribution. The MulGETS no matter the distribution 

used for precipitation outperformed the WeaGETS where MD of standard deviations of ME, MG, 

WE and WG, were found to be 0.45, 1.03, 8.4 and 7.2, respectively (Figure 3.6). That possibly 

indicates the importance of preserving the cross-correlation structure between all stations. 

Nevertheless, the skewness and kurtosis of both models were within 99% confidence interval.  

Compared to other weather generators considered in this study, the k-nearest neighbor approach 

performed less efficiently in reproducing precipitation attributes, where all precipitation statistics 

were way above the MD threshold of three. In terms of temperature variables, 𝑘-nn appears 

superior to the other four models in reproducing synthetic temperatures sequences while 

preserving the statistical features of observed data (Figure 3.5 (b and c), Figure 3.6). These 

differences in the obtained results can be explained, in part, by differences in the underlying 

numerical data assimilation algorithms for the land–ocean–atmosphere relations (Warner, 2010). 

An additional factor may be an inherent limitation of certain weather generators for certain climatic 

or topographic conditions, depending on the dominant weather systems. Fowler et al. (2007) also 

criticized weather generators for being strictly localized, which implies that they may not be useful 

in any region or climate. Also, further investigation of weather generators’ ability of estimating 

extreme values of climate variables, as done for rainfall extremes by Ramesh et al. (2018), is 

warranted. 
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Figure 3.4 Statistics comparison of observed precipitation data (OBS) with 1000 realizations 

from each weather model, represented as ellipsoidally-shaped clouds around their 

centers with isolines of the 50% and 99% confidence intervals. 
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a) 

   

b) 
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c) 

   

d) 

   

Figure 3.5 Scatter plots of the statistics for the five weather generators for (a) precipitation, 

(b) maximum temperature, (c) minimum temperature and (d) streamflow. 

3.4.2 Risk and Performance Indicator Space (RPIS) 

As reflected in the high NS value (0.79), coupled with the low values obtained for PBIAS (3%) 

and RSR (0.45), the SWAT model fed with observed meteorological information was very capable 

in simulating monthly streamflow in accordance with the Liew et al. (2007) and Moriasi et al. 

(2014) criterions. The lower and upper bounds for the most sensitive parameters, together with the 
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best fit values from within the prediction uncertainty band, that were then adopted during the 

subsequent analyses, are provided in Table 3.2.  

Table 3.2 Description of SWAT2012 most sensitive parameters calibrated for the South 

Nation Watershed. 

 

Parameter name* Description 
Initial range Final selection 

(the calibrated 

model values) Min Max 

r__CN2.mgt Curve number for moisture condition II -0.2 0.2 -0.06 

v__ALPHA_BF.gw Baseflow alpha factor 0.1 0.9 0.70 

v__GW_DELAY.gw Groundwater delay time 1 499 206.65 

v__RCHRG_DP.gw Deep aquifer percolation fraction 0.01 1 0.64 

r__SOL_AWC.sol Soil available water storage capacity -0.4 0.4 -0.06 

r__SOL_BD.sol Moist bulk density (Mg/m3
 
or g/cm3) -0.3 0.3 0.12 

v__EPCO.hru Plant uptake compensation factor 0.01 1 0.34 

v__SNOCOVMX.bsn Minimum snow water content that corresponds to 

100% snow cover, SNO100, (mm H2O).  

1 499 381.74 

v__SFTMP.bsn Snowmelt temperature -19 19 3.18 

v__SMFMN.bsn Melt factor for snow on 21 December 1 20 13.75 

* v__: specifies that the default parameter is replaced by a given value, while r__ specifies that the existing 

parameter value is multiplied by (1 + a given value) (Abbaspour et al., 2007).  
 

One of the main objectives of the current work was to determine how the simulated flow using 

observed climate data (SFOD) comes to lie within the modelled data cluster obtained by feeding 

SWAT with synthetic data (SFSD). There is an infinite number of potential indicators (such as 

annual, seasonal, and daily indicators) that can be studied, but obviously only a few can be 

presented herein, and annual data are considered in the analysis. The MulGETS-Gamma set-up 

appears to be the best weather generator for our study area, in that it preserves the basic SFOD 

statistics (Figures 3.5 (d) and 3.6), followed by the MulGETS-Exponential configuration. 

Streamflow driven by the MulGETS-Gamma configuration appears to be satisfactorily consistence 

with the SFOD with MD values of 0.85, 0.3 and 0.32 respectively for 𝜎, 𝛼3 and 𝛼4, respectively. 

The MulGETS-Exponential configuration performed less efficiently, yet within the adopted 

threshold of 3 MD. However, the WeaGETS, implementing both distributions for precipitation 

generation, as well as the 𝑘-nn models were not capable of maintaining the SFOD statistics, in 

particular the higher moments (𝛼3 and 𝛼4) (Figure 3.6).  
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Figure 3.6. Level of adequacy of weather generators using Mahalanobis distance from the 

observed statistics to the cloud’s center of the generated PCP, Tmax, Tmin and SFSD 

(compared to SFOD) statistics. 

The performances of the weather models in terms of reproducing extreme flow are presented in 

Figure 3.7. Besides the 7-day dry spells (2-, 5-, 10- and 20-year for 7Q2, 7Q5, 7Q10 and 7Q20, 

respectively), high return period floods (2-, 5-, 10- and 50-year) from the annual maximum series 

(AM2, AM5, AM10, and AM50, respectively) were achieved. No apparent differences were found 

in the low-flow frequency results, as all tested weather generators performed quite well except for 

7Q2 of 𝑘-nn (Figure 3.7). The high-flow frequency results, on the other hand, were indicative of a 

convincing performance by the MulGETS models, where all tested recurrence intervals were 

satisfactorily reproduced with less than two units of standard deviation, as defined by MD. That 

indicates that they are interesting weather generation models where proximity with observations 

in the CSS translates very well into proximity in the RPIS. Such results were mainly driven by the 

accurate generation of streamflow statistics, especially the skewness and kurtosis as indicated 

previously. The performance of the MulGETS models is not surprising as they are the only ones 
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with account for spatial dependence between climate variables at different stations. It is well 

known that the reproduction of hydrologic extremes is dependent of such spatial dependence (i.e., 

a flood is generally the result of simultaneous high precipitation at various locations; low flow 

events are more likely to be triggered by low precipitation at several locations). 

 

Figure 3.7 The performance of the low and high streamflow indicators of the SFSD compared 

to the SFOD based on Mahalanobis distance. 

The auto-covariance structures of observed and simulated streamflow are shown in Figure 3.8. All 

weather generators had their autocorrelation within the 95% confidence interval. The reproduction 

is reasonable but not perfect as the observed autocorrelation is in the interquartile range of the 

simulated time series only for lags 0 to 3. Visual inspection did not show clear differences in 

performance in reproducing the autocorrelation function between weather generators.  
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Figure 3.8 Flow autocorrelation of the five weather generators.  

The above results show that the choice of a particular weather generator for water resources 

assessment can have an impact on key statistics of the simulated time series, hence on the estimated 

level of risk and the selection of management strategies. It is also shown that a given weather 

generator will perform differently on different variables. In the five weather generators, KNN 
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would be the recommended weather generator for risks related to temperature (e.g. heat and cold 

waves, changes growing season, etc.) while MulGETS would be the best for precipitation and 

streamflow, presumably because of its multisite features. This study is not exhaustive as there are 

a large number of other weather generators available to the modellers, as well as an infinite number 

of potential risk indicators. Our recommendation is that for each particular risk assessment 

problem, once the indicators are selected, the modellers should assess the performance of the 

weather generators available to them, or at least assess the performance of the weather generator 

they intend to use. 

3.5 Conclusions 

In this study, the comparisons between observed and weather generator-driven data, in the CSS 

and RPIS, allowed for quantifying the performances of these weather generators. The delineated 

approach was developed to provide a statistical baseline to examine how the observational data 

come to lie within the modelled data cluster. An explicit accounting of risk and performance 

indicators was considered to assess uncertainties associated with stochastically generated weather 

data. Weather generator-derived sequences were compared with the observed climate by training 

both data series through a calibrated SWAT model. The high NS coefficient, coupled with low 

values obtained for PBIAS and RSR, implied that the SWAT forced with observed meteorological 

information was able to predict observed streamflow very satisfactorily. Apart from the k-nn 

approach, we utilized the Matlab-based stochastic weather generators MulGETS and WeaGETS 

to generate maximum and minimum temperatures, as well as precipitation intensities and 

occurrences, implementing exponential and gamma distributions for the selected watershed. The 

current study has examined five families of weather generators, coupled with a hydrological 

model, while involving more models would lead emphatically to a better comprehensive decision.  
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A large number of sequence samples (1000 synthetic time-series) was vetted in the CSS and RPIS 

spaces. Generally, the CSS results demonstrated that MulGETS-models were often the better-

performing weather generators for the South Nation area, followed by its counterpart the single 

site WeaGETS model, and the k-nearest neighbour approach. The statistics of simulated 

streamflow using observed climatic data were found to lie mostly outside a predefined set of 

normal behaviour for the WeaGETS and k-nn models. The MulGETS model, in its gamma and 

exponential configurations, thus considered the preferred choice candidates for risk analysis and 

discovery, mainly due to this model’s ability to incorporate covariance for several stations. Low 

and high flow frequency analyses were conducted on each dataset to examine risk indices. The 

observed differences between examined weather generators in terms of low flow index results 

were not statistically significant, and further studies with a particular focus on how low flow 

indices reproduced by weather generators data are recommended. 

While there cannot be a binary black-and-white classification of weather generators, it is possible 

to quantify their suitability for a specific field or geographical area, based on their individual 

strengths and weaknesses. The current work should appeal to end users of climate products, to 

facilitate the appropriate pick of the right weather generators, conditioned on the relevant CSS and 

RPIS information. It would also be worth looking into verifying these results by versatile models, 

such as economical, ecological, electricity demand, or crop-yield models.  
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CHAPTER 4. 
 

Assessment of Climate Change Impacts on Extreme 

High and Low Flows: An Improved Bottom-Up 

Approach* 

Abstract. 

A quantitative assessment of the likelihood of possible future states is lacking in both the 

traditional top-down and the alternative bottom-up approaches to climate change impacts 

assessment. The issue is tackled herein by generating a large number of representative 

climate projections using weather generators calibrated with the outputs of regional 

climate models. A case study is performed on the South Nation Watershed, Ontario, 

Canada using climate projections generated by four climate models and forced with 

medium- to high-emission scenarios (RCP4.5 and RCP8.5) for the future 30-year period 

(2071-2100). These raw projections are corrected using two downscaling techniques. 

Large ensembles of future series are created by perturbing downscaled data with a 

stochastic weather generator, then used as inputs to a hydrological model that was 

calibrated using observed data. Risk indices calculated with the simulated streamflow 

data are converted into probability distributions using Kernel Density Estimations 

(KDE). The results are dimensional joint probability distributions of risk-relevant indices 

that provide estimates of the likelihood of unwanted events under a given watershed 

configuration and management policy. The proposed approach offers a more complete 

vision of the impacts of climate change and opens the door to a more objective assessment 

of adaptation strategies. 

 

Keywords: hydrological risk assessment, extreme hydrologic events, climate change impacts, 

downscaling, uncertainty, ensembles, water resource systems 

 

____________________________________________________________________________ 

 

* This chapter has been published in Water journal as “Alodah, A., & Seidou, O. (2019). 

Assessment of Climate Change Impacts on Extreme High and Low Flows: An Improved Bottom-

Up Approach. Water, 11(6), 1236.” 
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4.1 Introduction 

Climate change has forced the research community to revisit assumptions and theories used 

for the design, planning, and management of water resource systems (Stocker et al., 2013). 

Hydrological processes depend to a great degree on the climate regime (Manabe, 1969; Gleick, 

1989; Arora and Boer, 2001; Frich et al., 2002; Bierkens et al., 2008). Perturbing the climate 

regime inevitably results in a perturbed hydrological regime which in turn affects water-related 

risk and water resource system performance. Numerous researchers and practitioners have been 

working intensely to develop methodologies to identify future climate change impacts and viable 

adaptations strategies (e.g., Panagoulia, 1991, 1992; Panagoulia et al., 2008). 

The most frequently used approach in climate impact assessments is the top-down approach, 

which is constrained by the availability of Global Circulation Models (GCM) and Regional 

Climate Models (RCM). Typically, it considers possible future changes in climatic conditions 

based on predetermined scenarios that are parameterized in large-scale models. This is achieved 

by downscaling a distinctly few projections to be able to determine the impacts on the local 

hydrological system. However, a critical limitation of this approach is that it ignores plausible 

risks by not covering all possible future conditions despite using multi-model and multi-scenario 

projections. For example, while multidecadal GCM simulations are the main derive of climate 

projections, they poorly account for many natural climate forcing, such as volcanic eruptions, 

which leads to added uncertainty, particularly when estimating local and regional impacts (Pielke 

et al., 2012). Also, all downscaled scenarios are equally likely which makes it impossible to 

choose one scenario over another. 

 The alternative bottom-up approach uses a wide range of possible conditions to assess the 

sensitivity of water resource systems to climate change and identify potentially risky situations 

(García et al., 2014). This approach was only recently introduced to the field of climate 
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adaptations in water research where it has been gaining traction, particularly in risk assessment 

and planning (Alodah and Seidou, 2017; Guo et al., 2017; Culley et al., 2016; Bhaye et al., 2014; 

Wilby, 2011). However, the bottom-up approach creates large and uncertain vulnerability 

domains that are inconvenient for decision-maker. In addition, both approaches suffer from the 

limited availability of GCM/RCM projections at a given watershed and there is no existing 

methodology to rank their outputs (Panagoulia et al., 2008). These limitations are real hindrances 

when considering such projections in a decision or design framework and need to be improved.  

By using modelled climate data, precipitation-runoff models are frequently used to simulate 

hydrological processes, quantify potential impacts of climate change, and identify water 

availability issues, particularly under extreme conditions. There are two common types of 

extreme streamflow that are usually considered in impact studies: peak events (causing flooding) 

using frequency analysis (FA) and low streamflow indices (causing drought) (Panagoulia, 2006; 

Sapač et al., 2019). Extreme high and low flow indicators based on return periods are used for 

efficient and safe engineering designs. The importance of an engineering structure and 

consequences of its potential failure determine the choice of the return period (e.g., dams are 

designed based on a 1000-year return period). Besides the use of low-flow information in typical 

water sector applications such as energy, irrigation, and navigation, there are also noticeably 

increasing efforts to study risks imposed upon aquatic habitat and to regulate minimum 

environmental flow requirements and sustain water quantity and quality (e.g., Tharme, 2003; 

Arthington et al., 2006; Linnansaari et al., 2012; Pastor et al., 2014). Also, low-flow indices are 

used to prevent deterioration of freshwater ecosystems, which are very vulnerable to climate 

change. 

In order to address the aforementioned unresolved issues, this paper proposes a methodology 

to generate a large number of climate change projections by combining the outputs of stochastic 
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weather generators and regional climate models to create an ensemble of projections with 

quantifiable probabilities. This new set of projections provides better coverage of the risk space 

and can facilitate the implementation of a bottom-up approach by considering the plausibility of 

risk which may lead to informed decisions and robust adaptation plans. 

4.2 Materials and Methods  

One of the major limitations of the top-down approach is that the number of scenarios is too 

low to fully explore the climate-related risk space. The problem can be partially mitigated by 

cloning projections generated by corrected climate models and slightly perturbing them through 

a stochastic weather generator to obtain a larger set of scenarios that cover the same statistical 

space as the synthetic time series. Here is a brief explanation of the ‘ensemble generation 

process’ used herein for risk discovery. We firstly used downscaling methods to correct biased 

(i.e., raw) regional climate model data. Secondly, using corrected (i.e., downscaled) climate data, 

the stochastic weather generator (MulGETS) was utilized to generate 30 years of daily 

precipitation and minimum and maximum temperature data. The second step is repeated to 

generate a large number of climate projections (i.e., we run MulGETS 250 with each corrected 

RCM data). Thirdly, the calibrated SWAT model was forced with these climate projections 

individually to generate "ensemble" of streamflow projections. Subsequently, the newly-

generated ensemble will be utilized to determine the risk space that is largely overlooked by top-

down methods. This is done to consider the inherent randomness of hydroclimatic variables. 

Figure 4.1 presents a schematic representation of all datasets used in this study and relationships 

between different time series in the proposed framework.  
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Figure 4.4  Schematic representation of the proposed approach. 

4.2.1 Study Area 

The South Nation Watershed (SNW) of about 4000 in Eastern Ontario is used as a showcase. 

It is characterized by multigauge climatic data (from St. Albert, Russell, Morrisburg, and South 

Mountains metrological stations) and downstream daily discharge data (collected at Plantagenet 

gauging station (ID: 02LB005)) (Figure 4.2). Hydrogeological investigations have indicated that 

an impermeable overburden watershed and a lack of streambed gradients in parts of the South 

Nation River pose a prominent flooding risk (Chin et al., 1980). The average maximum and 

minimum air temperatures are 11.5 and 1.2, respectively, with a mean annual precipitation of 

around 1000 mm. A more detailed description of the watershed has been presented previously 

(Alodah and Seidou, 2019).  
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Figure 4.5  Map of the South Nation Watershed. 

4.2.2 Regional Climate Model Data 

The availability of daily climatic variables at fine spatial scales is essential for hydrological 

impact studies (Semenov, 2007). The gridded daily data of precipitation, maximum near-surface 

air temperature, and minimum near-surface air temperature were extracted from the NA-

CORDEX project archive (North American domain of Coordinated Regional Climate 

Downscaling Experiment) driven by state-of-the-art GCMs as part of the CMIP5 experiment (the 

Coupled Model Inter-comparison Project Phase 5) (Table 4.1). The CORDEX project was 

initiated by the World Climate Research Program (WCRP) to provide reliable predictions of 

regional future climate change. The four independent models are forced with medium- to high-

emission scenarios RCP4.5 and RCP 8.5 (resulting in 8 different projections). They are originally 

based on outputs from the CanESM2 and EC-EARTH Global Circulation Models, whose outputs 

are downscaled with three Regional Climate Models: CanRCM4, RCA4, and HIRHAM5. The 

horizontal spatial resolution was chosen to be 0.44° or approximately 50 km (NAM-44). 
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Table 4.2 List of Regional Climate Models used in the study. 

Global Circulation 

Models (GCM)  

(Driver) 

Regional Climate 

Model (RCM) 

Grid 

(spatial 

resolution) 

Representative 

Concentration 

Pathways 

Variables 

Second-generation 

Canadian Earth System 

Model (CanESM2) 

Canadian Regional 

Climate Model 

(CanRCM4) 

NAM-44 

(0.44 deg) 

RCP4.5 

RCP8.5 

pr  

tasmax  

tasmin 

Second-generation 

Canadian Earth System 

Model (CanESM2) 

Rossby Centre 

Regional 

Atmospheric Climate 

Model (RCA4) 

NAM-44 

(0.44 deg) 

RCP4.5 

RCP8.5 

pr  

tasmax  

tasmin  

European Earth System 

Model (EC-EARTH) 

Danish Climate 

Centre model 

(HIRHAM5) 

NAM-44 

(0.44 deg) 

RCP4.5 

RCP8.5 

pr  

tasmax  

tasmin 

European Earth System 

Model (EC-EARTH) 

Rossby Centre 

Regional 

Atmospheric Climate 

Model (RCA4) 

NAM-44 

(0.44 deg) 

RCP4.5 

RCP8.5 

pr  

tasmax  

tasmin 

4.2.3 Downscaling Methods 

Downscaling is a procedure undertaken to reconcile the large-scale data representativeness 

of observations and produce climate change data at a finer resolution. This study makes use of 

two statistical downscaling techniques, namely Change Factors (CF) and Quantile-Quantile 

transformation (QQ), to produce more reliable station-level climatic information to be used later 

as inputs to a distributed impact model. 

The linear correction method applied in this study, namely CF, requires three time series: 

observations (or synthetic climate series), historical and future raw RCM data. The primary 

assumption in this method is that the relationship between historical and future projections is the 

same as the relation between historical RCM data and observed time series. However, the 

Quantile-Quantile method applies a different concept that is based on the distribution of raw 

simulations and observations. For a given variable, downscaling is conducted using a monthly 

time-step. Observed precipitation and temperature variables of 30 years (1981 to 2010) were 
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used to define a reference climatology and to spatially downscale the coarse-scale climate data 

in the future (2071–2100).  

4.2.3.1 Change Factor Method 

The Change Factors (CF) method is a commonly used approach to linearly downscale a 

variable (e.g., precipitation) by calculating the difference between the control and future GCM 

simulations before scaling the baseline observations accordingly (Lenderink et al., 2007). Yet, 

the conventional CF method is usually used a top-down approach and as such not always reliable. 

Nevertheless, it has been used excessively in recent climate change assessments (Luo et al., 

2018; Hansen et al., 2017; Harris et al., 2014; Lafon et al., 2013; Teutschbein and Seibert, 2012; 

van Roosmalen et al., 2011; Mpelasoka and Chiew, 2009; Diaz-Nieto and Wilby, 2005). The CF 

approach lacks the ability to correct future projections as it predicts the same variability for the 

future climate by keeping the same historical temporal structure, which is unrealistic (Hayhoe, 

2010; Lenderink et al., 2007; Diaz-Nieto and Wilby, 2005). One of its limitations is that it 

produces the exact same temporal structure of wet days (occurrences) in the future (Seidou et 

al., 2012), which is by no means certain for a stochastic variable such as precipitation. 

Furthermore, extreme events that are vital in risk assessments cannot be adequately corrected by 

such a method when using only one observational dataset. To alleviate these disadvantages, we 

employ stochastic weather generators as they are capable of capturing climate variability. We 

explore the potential risks by producing a new set of weather data and applying factors of change 

obtained from raw daily RCM outputs between the reference period and the future. 

Each climate station is perturbed using the simplest version of the CF method, i.e., we apply 

the following deterministic transformation to downscaled climate model outputs: 
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PCPt
 RCM, CF =PCPt

OBS AVGhistorical(PCPt
 RCM)

AVGfuture(PCP t
RCM)

, 
Eq. 4.1  

 

where PCPt
 RCM, CF 

 is the perturbed RCM output, PCP t
RCM

 is the original RCM output, and 

PCPt
 OBS

 denotes the observed data. Analogously for temperature, we use:  

TMPt
 RCM, CF= TMPt

 OBS + [AVGfuture(TMP t
RCM) - AVGhistorical(TMPt

 RCM)], Eq. 4.2 

where TMPt
 RCM, CF

 is the perturbed RCM output, TMP t
RCM is the original RCM output, and 

TMPt
 OBS is the observed climate. The expectation is that after transformation, the means of 

PCPt
 RCM, CF

 and TMP t
RCM, CF

 will each be closer to the respective means of PCPt
 OBS

 and 

TMPt
 OBS over the reference period. 

4.2.3.2 Quantile-Quantile Transformation 

Quantile-Quantile (QQ) transformation is an empirical routine applied to correct systematic 

errors in regional climate models (Maraun, 2016; Lafon et al., 2013; Themβel et al., 2010). The 

raw RCM outputs typically do not have the same distribution as the observations (Sarr et al., 

2015) and both distributions must be reconciled. It is more sophisticated than mean-based 

methods and its procedure includes remapping the probability density function (PDF) of 

uncorrected RCM data onto the PDF of observations. Corrected RCM simulations, XCORR , of 

the future are produced by applying the following transformation to their cumulative distribution 

functions (F): 

XCORR =  F OBS
-1  (FRCM (XRCM) ), Eq. 4.3 

where XRCM  refers to the climate variable extracted from raw RCM data. This technique has 

been proven to be more accurate for reproducing a valid agreement between the corrected and 

observed PDFs than the linear method discussed earlier (Angelina et al., 2015; Sarr et al., 2015; 

Themβel et al., 2010; Lenderink et al., 2007). However, one of the main drawbacks of the QQ 
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technique is its inability to predict values beyond the original range of historic extremes (Wilby 

and Fowler, 2011) which may ultimately affect risk analysis. 

4.2.4 Generating an Ensemble of Corrected-RCM-Like Realizations 

 The Change Factors and Quantile-Quantile downscaling methods lack the ability to produce 

more than one possible future state and underestimates the impact variability (Wilks, 1998). The 

variability issue is tackled in this paper by generating an ensemble of corrected-RCM-like 

realizations, as illustrated in Figure 4.1, which consists of multiple runs (the number of 

realizations is 250) of a given stochastic weather generator fed with corrected future climate for 

a 30-year period. This produces a total of 2000 unique future climate projections (=250*4*2) for 

each downscaling method (=2000*2). Methods involving stochastic weather generators are 

generally capable of creating a limitless number of sequences of weather data with novel 

scenarios which helps with the uncertainty analysis (Hansen et al., 2017). The selection of an 

adequate stochastic weather generator is crucial to efficiently explore a wide range of climate 

risk scenarios for water resource systems (Sapač et al., 2019).  

This study made use of MulGETS (Multi-site weather Generator of École de Technologie 

Supérieure) (Chen et al., 2014), a multisite, multivariate weather generator that correctly 

reproduced historical climatic and hydrological characteristics for the SNW (Alodah and Seidou, 

2019). Wet-day precipitation sequences were reproduced using a multi-Gamma distribution (a 

combination of several gamma distributions). MulGETS can account for the coherency among 

multiple climate variables. Climatic data and MulGETS configuration have been presented in 

Alodah and Seidou (2019). The final result is a super-ensemble combining all ensembles 

containing a large number of scenarios (hereafter the “ensemble”) that inherit the trends 

projected by climate models while covering the range of variability from the historical period. 
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Given that the variability range of the historical period is matched, the assumption that all 

scenarios are equally probable will now be more defendable. 

4.2.5 Hydrological Response 

Ultimately, the development of such new future-climate scenarios, essentially driven by 

corrected GCM/RCM projections, enables us to discover the risks presented by changing 

hydrology using altered flows at a local scale. The Soil and Water Assessment Tool (SWAT-

2012) was used to simulate hydrological variables and utilizing the semi-automated SUFI-2 

optimization algorithm (sequential uncertainty fitting ver. 2) to evaluate the most accurate 

simulation based on an uncertainty analysis routine (Abbaspour et al., 2007). SWAT is a semi-

distributed, watershed-scale hydrological model that has been extensively utilized to address 

water quality and quantity issues (Neitsch et al., 2011). Hydrologists, conservationists, and 

policy makers have extensively used SWAT to predict a variety of water-related issues and their 

environmental impacts (e.g., Tan et al., 2019; Arnold et al., 2012; Neitsch et al., 2011; Tuppad 

et al., 2011; White and Chaubey, 2005; Santhi et al., 2001; Arnold et al., 1998; Srinivasan and 

Arnold, 1994). Weather information is the main physically based input that controls the 

transformation of precipitation into runoff in SWAT (Abbaspour et al., 2007). 

The SNW was partitioned into 31 different Hydrologic Response Unit (HRU), each HRU 

has its land, management, and soil characteristics. A detailed description of the SWAT model 

configuration and parameterization used in this study has been presented previously (Alodah and 

Seidou, 2019). A set of different statistic measures was used to assess the goodness of fit of the 

calibrated model, including the Nash–Sutcliffe efficiency, the RMSE-observations standard 

deviation ratio, and the percent bias (Table 4.2). Hydrological impact models, distributed models 

in particular (e.g., SWAT), are particularly sensitive to small-scale climate variations that might 
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be underestimated by large-scale models (Wilby et al., 2004), and it could be reasonably argued 

that relying on a selected few models, either in a top-down or bottom-up approach, cannot be 

adequately justified. 

Table 4.2 Goodness-of-Fit metrics used for SWAT model performance evaluation. 

Statistic Measure Formula 1 

The Nash–Sutcliffe efficiency coefficient (NSE) NSE = 1-
  ∑  (Oi - Pi)

2 n
i = 1

 ∑  (Oi - O̅)
2 n

i = 1

 

The RMSE-observations standard deviation ratio (RSR) RSR = 
 √∑  (Oi - Pi)

2 n
i = 1

√∑  (Oi - O̅)
2 n

i = 1

 

The percentage of bias (PBIAS) PBIAS =
 ∑  (Oi - Pi ) × 100 n

i = 1

 ∑  (Oi)
 n
i = 1

 

1 where Oi stands for observed and Pi for predicted values; O̅ is the mean of the observed values. 

4.2.6 Quantifying the Risk Spaces  

Because the goal is to build on the bottom-up approach, the same framework as Brown et 

al. (2012) is adopted. A climate state represented by a time series is summarized by subsets of 

climate and hydrological statistics that are relevant to the problem under investigation. These 

subsets can be calculated for any observational time series, or downscaled climate model outputs. 

A climate state will yield a level of risk and performance that is measured by a set of 

risk/performance indicators. These indicators are obtained by feeding SWAT with the perturbed 

time series data, each of which is unique. We placed a greater focus on hydrological risks due to 

their direct impacts on the watershed systems. This includes analyzing extreme values based on 

statistical models and investigating the timing and intensity of peak spring flow.  

4.2.6.1 Extreme Value Statistical Probability Models (AM and 7Q) 

The 3-parameter Generalized Extreme Value (GEV) and 2-parameter Weibull (WBL) 

distribution functions were fitted to the annual maximum streamflow (AM) and minimum 

extreme events (the lowest 7-day average flow, or 7Q), respectively, based on seven time-
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intervals (2, 5, 10, 20, 50, 100, and 500 years). The cumulative distribution functions (CDFs) of 

the GEV and WBL models are (Jenkinson, 1955): 

FGEV (x) = exp {- [1 + ξ (
  x - μ  

σ
)]

-1 ξ⁄

}  , where [1+ξ (
  x - μ  

σ
)] > 0, Eq. 4.4 

FWBL(x) = 1- exp { - [
 x 

 σ
]

  ξ

 }   Eq. 4.5 

where ξ, μ, and σ are the shape, location, and scale parameters, respectively. Maximum 

likelihood (ML) estimators, as recommended by Das et al. (2013), are used to compute the 

parameters of these statistical models based on 95% confidence intervals ( =0.05). 

4.2.6.2 Spring Flow Timing and Intensity 

Another important phenomenon with significant impacts on the hydrology of many river 

systems in temperate regions is the timing of the annual snowmelt and changes to river-ice 

conditions. In the SNW, the most common flooding events are caused by snowmelt-driven 

runoff. Hence, future changes in the spring snowmelt and river-ice breakup, particularly at 

high latitudes or in large mountain regions, seem inevitable. These changes in river-ice 

processes are useful indicators of climate change because of their sensitivity to air 

temperature (Karl et al., 1993; Huntington et al., 2003). Warmer winters may promote 

dramatic alterations in discharge patterns and in the severity and timing of the snowmelt. A 

threshold amount of energy, including the mean daily temperature and soil heat flux, as well 

as the areal coverage of snow are critical in controlling the release of the stored water. In 

the SWAT model, the snowmelt starts when the daily maximum temperature (SMTMP) is 

above 0 C° and its uniformly released water is considered as precipitation (Neitsch et al., 

2011). For simplicity, the peak spring flow is defined as the event of maximum daily flow 

in the spring season from January 1 to May 31. 
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4.2.7 Likelihood Estimation Using KDE 

It is assumed that the synthetically generated time series will be a fair representation of the 

natural climate variability. Using all sample data, we employ a nonparametric density estimation 

function, or the kernel density estimator (KDE) to build a continuous probability density function 

(PDF) without making any a priori assumptions with regard to the underlying distribution. This 

approach involves exploring the extent of possible changes to hydroclimatic variables in the 

context of climate change. This includes analyzing the main characteristics of hydrological 

variables. The kernel density estimator of a sample of a d-variate random vector (x1, x2, …, xn), 

drawn from an unknown distribution, is given by: 

f̂
h
(x) = 

1

n 
∑ K( x - xi)

n
i = 1 , Eq. 4.6 

where K is a non-negative kernel smoothing function, and h the non-negative bandwidth. 

The bivariate kernel density estimation in this study was based on a diagonal bandwidth matrix 

and a Gaussian kernel (Botev et al., 2010). 

4.3 Results 

4.3.1 SWAT Calibration and Validation 

The results of the proposed method for the South Nation Watershed under changing climate 

conditions using a stochastic data-oriented approach are presented. Applying the two 

downscaling methods described above to different CORDEX data, corrected daily time series of 

precipitation, maximum and minimum temperature from four RCMs under the conditions of 

RCP4.5 and RCP8.5 emission scenarios were generated for every metrological station. The 

SWAT model was calibrated with 15 years of observed streamflow at a monthly resolution for 

the period from Jan. 1981 to Dec. 1995 and validated on the period from Jan. 1996 to Dec. 2005. 
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Tables 4.3 provides results of a set of statistics that show a satisfactory agreement between 

observed and simulated streamflow in both periods. 

Table 4.3 SWAT model performance in the calibration and validation periods. 

Statistic measure Preferred Ranges* 
Period 

Calibration Validation 

The Nash–Sutcliffe efficiency 

coefficient (NSE) 
NSE ≥ 0.75 0.90 0.81 

The RMSE-observations 

standard deviation ratio (RSR) 
RSR ≤ 0.5  0.31 0.43 

The percentage of bias (PBIAS) −10% ≤ PBIAS ≤ 10% -10.0% -8.3% 

* According to Liew et al. (2007) and Moriasi et al. (2010). 

4.3.2 Time Series Generation for the Reference and Future Periods 

The weather generator, MulGETS, was used to generate 250 30-year climate datasets for 

each climate scenario. Then, the SWAT model, calibrated on historical climate data, was forced 

with the corrected future climate information to investigate hydrological changes. This resulted 

in 4000 realizations of future daily streamflow sequences, each consisting of 30 years of 

predictions. The exact number of simulations is presented in Table 4.4. To account for 

uncertainties, the total of 480,000 years of predictions are summarized using extreme-streamflow 

indicators that describe the associated risks and allow for comparisons against observations. 

Table 4.3 Details of models and number of future projections used in the study. 

Downscaling 

methods 
RCMs RCPs 

Variables 

(daily) 

Weather 

Generator 

Hydrological 

model 

Period 

length  

Change Factor 

(CF) 

Quantile-

Quantile (QQ) 

CanRCM4 

RCA4 

HIRHAM5 

RCA4 

RCP4.5 

 

RCP8.5 

PCP 

TMAX 

TMIN 

Streamflow 

MulGETS SWAT 

30 (yrs) 

(2071-

2100) 
Total 

(yrs) 

Total = 2 4 2 4 250* 1 30 = 480,000 

* Number of realizations used. 
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4.3.3 Representation of the Sensitivity Space 

4.3.3.1 Flood and Drought Indicators 

Hydrologically-based extreme streamflow metrics simulated by SWAT, including the 

design flood and 7-day low flow based on selective return periods, were analyzed. These results 

are compared to the equivalent SWAT-estimated extreme indices on the historical period to 

quantify possible changes (Figure 4.3). The isolines in Figure 4.3 depict the intensity of 

projections as the probability scale is given by the colour varying smoothly from yellow (higher 

intensity) to blue (less intensity). Results of the ensemble (Figure 4.3e) imply significant 

decreases in the annual maximum flows and increasing summer minimum flows by mostly all 

data configurations (i.e., RCMs, RCPs, and downscaling methods). 

 

(a) 
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(b) 

  
 

(c) 
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(d) 

 
(e) 

 
Figure 4.6  Bivariate kernel density estimations of the 50-year flooding event 

(AM50) and the 7-day low flow of 10-year return period (7Q10) based on (a) RCP4.5 and 

(b) RCP8.5 scenarios, derived from ensembles of downscaled climate data using (c) QQ 

method, (d) CF method, and (e) the ensemble of all simulations. Each point represents a 

hydrological response to a climate-change realization (projection) and isolines represent 

their probability where isoline-values coded by color from yellow (higher intensity) to 

blue (less intensity). Results are compared to observed data (red square). 

Further analysis was conducted on extreme values by combining all simulations by each 

downscaling method, resulting in 30,000 years of simulated streamflow data. Drought indices 
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(7Q) and design floods (AM) of these time series were compared to observed ones (Figure 4.4). 

The comparison indicates that higher air temperatures lead to reduced summer low-flows and 

less intense high flows. The ensemble results indicate similar trends in both indices, i.e., fewer 

droughts and extreme flooding events. 

 

Figure 4.7  Estimations of future drought indices (7Q) and design floods (AM) based 

on RCP4.5 and RCP8.5 constructed from prolonged corrected climate time series, compared 

to observed and ensemble series.  

4.3.3.2 Spring Flow Variability  

Increasing temperatures have a direct effect on the hydrology of the watershed by changing 

to the snowmelt-driven runoff that occurs in late winter/early spring. Shorter duration of 

snowpack and an increase in stream flow in the winter are projected, triggered by a warming 

winter, particularly in cold regions. This is predicted by most models and scenarios with some 

variations in timing and magnitude of the largest flow with more substantial warming occurring 
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in the winter months. Figure 4.5 shows the disparity between the timing of the largest flow in 

the historical period and in the late-21st century. Between 1981 and 2010, the median date of the 

largest spring flow was March 12th (red dashed line in Figure 4.5b). The domination of most of 

the models and downscaling methods suggests that the peak spring flow will occur earlier, which 

is consistent with an earlier spring warming. As a result, the intensity of the annual spring flow 

at the outlet of the SNW is expected to significantly decrease by up to 60% (Figure 4.5a). The 

ensemble results suggest a 50% decrease in the quantity and the occurrence of the peak spring 

flow to be before the month of March.  

 

Figure 4.8  Estimations Projected changes in (a) the magnitude (%) and (b) timing of 

the peak spring flow event at the outlet of the SNW using two downscaling methods (Change 

Factor {CF}, and Quantile-Quantile method {QQ}) and forced with two climate scenarios 

(RCP4.5 {45} and RCP8.5 {85}). “Ensemble” represents all simulations combined and 

compared to the range of variability observed in the reference period (MG-OBS).  
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4.4 Discussion 

The main contribution of this paper is to represent the variability of future outcomes through 

ensembles of realizations of climate time series that are converted into an ensemble of impacts. 

The spread of these ensembles is a representation of the uncertainty in future climate and 

impacts. The uncertainty comes from the fact that there is no consensus approximation of climate 

response to a doubling of atmospheric carbon dioxide (or climate sensitivity) although the initial 

estimation by National Academy of Sciences (1979) to be in the range of 1.5-4.5 °C is still 

adopted by the recent reports of the Intergovernmental Panel on Climate Change (IPCC) (2007, 

2014). Andrews et al. (2018) suggested that the response of global temperature might be greater 

and more uncertain than previously estimated, specifically at the upper end. The ensemble also 

covers the range of variability observed during the baseline period. The spread of the ensemble 

depends on the climate model, emission scenario and the choice of downscaling methods. The 

following sections discuss the impacts of these factors on the results.  

4.4.1 Comparison of Downscaling Methods 

By comparing downscaling methods in Figures 4.3 and 4.5, it becomes apparent that the QQ 

technique outperformed the mean-based CF by correcting the distributions of RCM data rather 

than a single statistic. The cloud of points is denser (yellow-contours) where the probability is 

higher. QQ outcomes have a tendency to consistent clouds representing different climate models 

and scenarios. Indeed, the convergence in the projected QQ results across RCMs with different 

parameterization and climate sensitivity may suggest a more refined and skillful representation 

of future climate and hydrological systems, especially in the estimation of extreme daily 

precipitation (Sarr et al., 2015). However, in the context of risk analysis, Daniels et al. (2012) 

stated that one cannot utterly exclude an outlier scenario as it may characterize some underlying 

physical processes that were missed by other models or scenarios. 
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The mean-based downscaling method used in this study provides more diverse results 

(Figure 4.3). Results, however, are scattered, suggesting that the choice of the downscaling 

method will greatly affect the estimated impacts and thus adaptation strategies. In the absence 

of evidence that one method is better than another, the safest approach is to use all available 

methods. Several researchers or practitioners use one downscaling method without justification, 

neglecting that their results will be tainted by that choice. Research is needed to assess the 

relative credibility of downscaling methods in order to choose the most reliable approach. 

4.4.2 Sensitivity Domains Assessment 

Based on the probabilistic assessment of climate change, the 7-day mean annual minima and 

annual maxima indices suggested positive changes in the future period compared to the reference 

period. While low streamflow is a product of a complex combination of several factors in the 

physical processes, a possible reason of such projected changes in low flow is attributed to 

enhanced evapotranspiration (due to increased air temperature) from the wet-land surfaces of the 

watershed in summer (Abdel-Fattah and Krantzberg, 2014) which leads to increased 

precipitation frequency through more intense convective storms and consequently increasing 

flows during the summer months. These projected changes of volume in low flows would be 

welcome especially in terms of their impacts on aquatic habitat and water quality.  

Higher values of future low flows compared to the baseline period due to increased rainfall 

intensity in North America were reported by Shrestha et al. (2019) based on SWAT simulations 

forced by data from ten GCMs from CMIP5 archives in response to RCP 4.5 and RCP 8.5 

scenarios in a river located in southwest Ohio, USA. Similar conclusions of extremely low flow 

conditions to occur less frequently in the future were reported by modeling studies applied to 

different watersheds across Europe (Laaha et al., 2016; Gunawardhana et al., 2012) and Asia 
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(Tian et al., 2017; Gain et al., 2011). In fact, these projections are also in agreement with 

previously reported findings of upward trends in observed low flow values across Canada 

(Ehsanzadeh and Adamowski, 2007; Yue et al., 2003). For example, Khaliq et al. (2008) 

investigated observed values of 1-, 7-, 15-, and 30-day annual low-flow indicators in some 

Canadian rivers and found significantly increasing trends in southern Ontario. Similarly, Moore 

et al. (2007) found a statistically large positive trend in streamflow during low flow season in 

southwest British Columbia. Moreover, Novotny and Stefan (2007) found 7-day low flows to be 

increasing at a significant rate in three major river basins of Minnesota during both the summer 

and winter. In general, both low- and high-flows have been investigated in various regional 

studies with no consistent conclusions in terms of how they will be altered by climate change 

(Sapač et al., 2019). Rather, it is believed that such extremes are very localized and dependent 

on the selected GCMs and hydrological models; thus, results cannot be simply generalized.  

On the other hand, spring peak flow is generally a product of average air temperature and 

snowmelt runoff. Most of the ensemble data suggest an early occurrence of peak spring flow. 

This result is consistent with the finding of Gunawardhana and Kazama (2012), who projected 

an early occurrence of peak spring flow in Italy by approximately 12 days during the 2080s in 

comparison to the baseline period. Also, it is supported by observed and projected changes in 

spring streamflow-timing across parts of western North America (Stewart et al., 2004). An 

advance in the timing of spring peak flow could negatively affect water supply, ecosystem and 

reservoirs’ storage management (Stewart et al., 2004). However, such change in timing implies 

a reduction in snowmelt runoff severity (and hence the magnitude of the largest daily mean flows 

in spring), and the economic impacts will be apparent particularly in Canada (Beltaos, 2000). 

These findings can likely explain the projected reduction in annual maxima values in a mainly 

snowmelt dominated river, where typically the highest flow occurs in early spring each year 
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caused by snowmelt-generated runoff. These results are also consistent with previous works 

done in some Canadian watersheds that detected the same behaviour in the past such as Zhang 

et al. (2001). 

When multiple RCMs and downscaling approaches are used, the best hydrological estimate can 

be constructed based on weighting of combined results of rainfall-runoff modelling. By adopting 

the versatile methodology considered herein, it is believed that the risk of extremes and their 

consequent losses under an uncertain climate can be significantly reduced, as risk cannot be 

completely eliminated. Ideally, further improvement to the super-ensemble can be achieved by 

considering more stochastic weather generators, climate-change models, and downscaling 

methods to ensure a thorough evaluation. To overcome the high computational requirements to 

construct the super-ensemble, further research is needed to determine the optimal length of the 

chain containing realizations needed to represent observed data in climatic and hydrological 

modelling. 

4.5 Conclusions 

This paper proposed a novel approach to associate a credibility measure to the climate and 

sensitivity measure in a bottom-up approach by combining synthetically generated climate series 

with downscaled climate model output to populate the climate and sensitivity spaces. The large 

number of projections allowed us to quantify future uncertainties and provided better coverage 

of the risk space based on a probabilistic assessment of climate change. Furthermore, the 

likelihood measure provides a more practical assessment of the plausibility of future risks to 

serve infrastructure design and allow more confidence in water-related management decisions. 

Ideally, the generation of such ensembles should contain - to a feasible extent - as many 

uncertainty elements as possible. Given that the choice of climate models, downscaling 

techniques, and weather generator affects the results, a super-ensemble of future climate series 
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was used to derive flooding and drought indices, while bearing in mind the uncertainties inherent 

in the extreme value modelling under a changing climate at regional scales. The results of the 

modelled risk analysis on the South Nation Watershed located in Ontario, Canada, indicate a 

marginal increase in the 7-day low flow, whereas design floods will noticeably weaken. A shorter 

and warmer winter is expected to result in an earlier disappearance of accumulated winter snow 

cover, early onset of snowmelt and consequently an earlier and less intensive peak spring flow. 

While an application was centered in one pilot watershed, the methodology delivers new insights 

into hydrological processes under changing climate conditions in general and will be of interest 

for Canada and beyond. The need is also manifest for examining a broader range of hydrologic 

indicators. Finally, the broader natural uncertainty posed by climate change and land-use, and 

their implicit disruptions to various agro-socioeconomic and water sectors at an operational 

level, may constitute an interesting and worthwhile extension of this study. 
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CHAPTER 5. 

 

Influence of the Output Size of Stochastic 

Weather Generators on the Accuracy of 

Common Climate and Hydrologic Statistical 

Indices* 

Abstract. 
While Stochastic Weather Generators (SWGs) are used intensively in climate and 

hydrological applications to simulate hydroclimatic time series and estimate risks and 

performance measures linked to climate variability, there have been few investigations into 

how many realizations are required for a robust estimation of these measures. Given the 

computational cost and time necessary to force climate-sensitive systems with multiple 

realizations, the estimation of the optimal number of synthetic time series to generate with 

a particular SWG for a predefined accuracy when estimating a particular risk or 

performance measure is particularly important. In this paper, the required number of 

realizations of five SWGs coupled with a SWAT model (the Soil and Water Assessment 

Tool) needed in order to achieve a predefined Relative Root Mean Square Error is 

investigated. The statistical indices used are the mean, standard deviation, skewness, and 

kurtosis of four hydroclimatic variables: precipitation, maximum and minimum 

temperature, and annual streamflow. While the results vary somewhat across SWGs and 

indicators, they overall show that the marginal improvement decreases dramatically after 

25 realizations. The results also indicate that the benefit of generating more than 100 

realizations of climate and streamflow data is very minimal. 

 

Keywords: stochastic weather generators; stochastic hydrological modeling; 

hydrometeorology; hydrological risk assessment; climate ensemble; climate sensitivity; climate 

realizations; hydrological realizations 
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*  This chapter is currently under consideration.  
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5.1 Introduction 

Stochastic weather Generators (referred to as SWGs hereafter) are numerical tools that are used 

broadly to simulate the statistical characteristics of observed climate variables and generate 

random time series that can be used as inputs for climate-sensitive hydrological models (Wheater 

et al., 2005). The variability in the input translates into variability in the generated hydrological 

time series. The risk associated with and performance of the modeled water system is assessed by 

estimating the statistics for the simulated variables. The use of SWG outputs in such studies is 

convenient, as SWGs can generate long and gap-free synthetic sequences based on historical 

observations and can be used for water resources planning and management (Vu et al., 2018). A 

large ensemble of long and gap-free time series is assumed to represent the internal variability of 

hydroclimatic variables, consisting mostly of precipitation, maximum temperature, minimum 

temperature, solar radiation, and relative humidity (Santer et al., 2008) at different spatial and 

temporal scales (Ailliot et al., 2015). According to Guenni (1994), SWGs are mainly useful in: (1) 

extending insufficient or incomplete records that constrain the modeling approach (e.g., Fodor et 

al., 2013; Fatichi et al., 2016), (2) developing datasets for ungauged sites via spatially interpolating 

model parameters from adjacent areas with sufficient records (e.g., Baffault et al., 1996; Fodor et 

al., 2013), and, recently, (3) accounting for the uncertainty that arises from natural variability along 

with anthropogenic forcing in climate-change simulations (e.g., Räisänen and Ruokolainen, 2006; 

Minville et al., 2008; Deser et al., 2012; Thompson et al., 2015).  

SWGs were introduced initially for hydrological applications requiring long sequences of daily 

weather data (Gabriel and Neumann, 1962; Todorovic and Woolhiser, 1975) and have since been 

used consistently in various applications, such as the assessment of anthropogenic climate change 

impacts (e.g., Zwiers, 1996; Eames et al., 2012; Kilsby et al., 2007; Candela et al., 2012), crop 
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yield estimates (e.g., Vesely et al., 2019), ecosystem and food security models (e.g., Stevens and 

Madani, 2016), and in streamflow simulations (e.g., Zhang and Garbrecht, 2003; Dubrovský et al., 

2004; Alodah and Seidou, 2019a) mainly to characterize internal atmospheric variability (or 

climate noise) (Räisänen and Ruokolainen, 2006; Santer et al., 2008; Deser et al., 2012). The use 

of observed climate data in hydrological modeling is always preferable; however, SWGs provide 

a suitable alternative, as some localized risky events that are not covered fully in the observed set 

can be underestimated (Räisänen and Ruokolainen, 2006; Ivanov et al., 2007; Santer et al., 2008; 

Vu et al., 2018).  

SWGs are often employed to study the impacts of climatic variations based on a single realization, 

for instance, in rainfall-runoff simulations (e.g., Dubrovský et al., 2004), erosion simulations (e.g., 

Zhang and Garbrecht, 2003), simulations of extreme precipitation events (e.g., Furrer and Katz, 

2008; Semenov, 2008), and in climate-change studies (e.g., Kilsby et al., 2007; Kim et al., 2007; 

Al-Mukhtar et al., 2014). Yet, unlike observed weather data which provide only one realization, 

an unlimited number of weather realizations can be generated (Kim et al., 2018; Vu et al., 2018), 

and it is very improbable statistically that any two realization will be identical (i.e., uncorrelated 

data from a realization to the next one). In general, multiple stochastically-generated time series 

can provide a broad range of weather possibilities for a detailed sensitivity analysis (Dubrovský et 

al., 2004; Santer et al., 2008), such as the recently introduced vulnerability-based methods (e.g., 

bottom-up approaches) for evaluating uncertainty in projected climate change impacts (e.g., 

Brown et al., 2011; Steinschneider and Brown, 2013; Mukundan et al., 2019; Alodah & Seidou, 

2019b). An ensemble of multiple realizations is recommended in order to characterize the 

variability in climate data adequately and estimate realistic mean values and variances of 
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meteorological variables (Alodah and Seidou, 2019a; Guo et al., 2018; Mehrotra et al., 2006; 

Anyah and Semazzi, 2006; Dubrovský et al., 2004). 

Multiple realizations of climate series are increasingly becoming the adopted modeling approach 

when evaluating the variability of complex climate systems in order to account for rare occurrences 

of climate variables (Anyah and Semazzi, 2006). Typically, an arbitrary (and commonly limited) 

number of realizations (ranged from 10 to 1000) are used. Examples of some recent publications 

utilizing multiple runs of weather generators are presented in Table 5.1. It is also common to use 

SWGs to produce a time series that is longer than observed ones (e.g., Kou et al., 2007; Caron et 

al., 2008; Chen et al., 2012; Eames et al., 2012), although this might lead to biases due to an 

insufficient sampling of the distribution (Mithen and Black, 2011). Therefore, it is recommended 

that multiple realizations with the same lengths as the training set be used (Dubrovský et al., 2004; 

Guo et al., 2018). However, the use of multiple realizations requires high-performance 

computational resources, especially when used in conjunction with a complex impact model. For 

example, Gitau et al. (2012) analyzed 172 management scenarios and ran a SWAT model 250 

times for each of them, for a total of 43,000 runs, using an extremely large computing Condor 

framework. However, they stated that their work could have taken up to 3.3 years to complete via 

a traditional desktop computer workstation. Thus, given the acknowledged limitations imposed by 

time and computational expenses, the question related to the required number of realizations to 

characterize the hydrological space fairly is still open. 

This prolonged process, particularly for large watersheds, may be overcome with the help of 

expensive supercomputers or by identifying a sufficiently representative number of outputs needed 

to capture the random component of the hydrological model and ultimately reduce the 

computations. Guo et al. (2018) investigated identifying the numbers of realizations necessary for 
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capturing several statistical characteristics of meteorological variables satisfactorily (i.e., for 

precipitation, and minimum and maximum temperature) generated synthetically by CLIGEN, 

LARSWG, and WeaGETS. They analyzed increasing discrete numbers of realizations (1, 25, 50, 

and 100) and concluded that a weather generator would reproduce essential climate characteristics 

well by 25 realizations. The current work builds generally on their ideas. However, the statistics 

considered in their work belong to the climatic data space only (precipitation and temperature 

variables); thus, their findings may not be applicable for hydrological variables, especially due to 

the non-linearity of the hydrologic response in rainfall-runoff transformations. 

Table 5.1 Some recent publications using an ensemble of multiple realizations 

Stochastic Weather 

Generator(s) 

Number of 

realizations 

Time series 

length 

Hydrological 

impacts? 
Reference 

Met & Roll 30 30-year SAC-SMA Dubrovský et al. (2004) 

WEGN & WeaGETS 30 300-year HSAMI Caron et al. (2008) 

MNHMM 100 22-year Sacramento  Kwon et al. (2011) 

WGEN 100 30-year 
Several conceptual 

models 
Bastola et al. (2012) 

Unique SWG 200 25-year 
HEC-HMS & 

VisualBALAN 
Candela et al. (2012) 

WXGEN 250 28-year SWAT Gitau et al. (2012) 

WeaGETS, MulGETS, 

& KNN 
1000 41-year SWAT Alodah & Seidou (2019a) 

MulGETS 250 30-year SWAT Alodah & Seidou (2019b) 

Unique Stochastic 

Model 
1000 42-year 

Crop simulation 

models 
Hansen & Ines (2005) 

WGEN, SIMMETEO, 

& SWG 
100 71-year 

Crop simulation 

models 
Apipattanavis et al. (2010) 

CLIGEN 10 20-year Climate only Elliot & Arnold (2001) 

HMM, KNN, &Wilks 100 43-year Climate only Mehrotra et al. (2006) 

Simple resampling 

method 
20 30-year Climate only 

Räisänen & Ruokolainen 

(2006) 

MMLR 50 40-year Climate only Jeong et al. (2012) 

Improved KNN 50 62-year Climate only 
Steinschneider & Brown 

(2013) 
CLIGEN, LARS-WG, 

& WeaGETS 
50 50-year Climate only Mehan et al. (2017) 

TripleM 30 30-year Climate only  Breinl et al. (2017) 

AWE‐GEN‐2d 50 30-year Climate only Peleg et al. (2017) 

LARS-WG 50 50-year Climate only Gitau et al. (2018) 

CLIGEN, LARS-WG, 
& WeaGETS 

100 50-year Climate only Guo et al. (2018) 

AWE-GEN 100 30-year Climate only Kim et al. (2018) 
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Frequently, synthetically generated climate sequences are fed to hydrological models and used 

thereafter to examine some risk spaces. This study aims to analyze how the accuracy of the 

estimates of key statistics evolves with the number of realizations of SWGs. Five SWGs were used 

to generate ensembles of daily precipitation occurrences and amounts (PCP) and daily maximum 

(Tmax) and minimum (Tmin) temperatures coupled with a hydrological model (SWAT) to 

simulate streamflow. A variety of diagnostic tools were then applied to identify the optimal number 

of realizations needed for both the climatic and hydrologic variables. 

5.2 Materials and methods  

5.2.1 Study area and available hydro-climatic data 

The study area is the South Nation Watershed (SNW), located in Eastern Ontario, Canada. The 

SNW has a relatively flat area of about 4000 km 
2
 between 74°22´ to 75°43´ W longitude and 

44°40´ to 45°38´ N latitude. The watershed is drained by the South Nation River, which runs 

northeast for 175km towards Plantagenet, with a low topographic gradient of only 80m between 

its headwaters and the confluence with the Ottawa River. This characteristic maximizes the flood 

risk and boosts the erosion of riverbanks and agricultural topsoil. Climate data were collected for 

a 41-year period, based on the availability and consistency of the observed data, between 1971 and 

2011 at four metrological stations, namely, Russell Station (Climate Identifier (CI): 6107247, 

Latitude: 45° 15' 46"N, Longitude: 75° 21' 34"W, Elevation: 76.2m), South Mountain Station (CI: 

6107955, Latitude: 44° 58' 00"N, Longitude: 75° 29' 00", Elevation: 84.7m), Morrisburg Station 

(CI: 6105460, Latitude: 44° 55' 25"N, Longitude: 75° 11' 18"W, Elevation: 81.7m), and St. Albert 

Station (CI: 6107276, Latitude: 45° 17' 14"N, Longitude: 75° 03' 49"W, Elevation: 80m). In 

addition, the observed downstream daily discharge data were collected at the Plantagenet Gauging 

Station (ID: 02LB005, Latitude: 45° 31' 01'' N, Longitude: 74° 58' 41'' W). There was no missing 
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data in either dataset for the reference period. A detailed description of the observed hydroclimatic 

data has been presented previously in Alodah and Seidou (2019a). 

5.2.2 Stochastic Weather Generators 

The observed 41-year climate series for maximum air temperature, minimum air temperature, and 

precipitation from the four metrological stations were fed into five SWGs, namely, the WeaGETS 

implementing multi-Gamma (referred to as WG hereafter) and multi-Exponential (referred to as 

WE hereafter) distributions for wet-day sequences (Chen et al., 2012), MulGETS implementing 

multi-Gamma (referred to as MG hereafter) and multi-Exponential (referred to as ME hereafter) 

distributions for wet-day sequences (Chen et al., 2014), and k-nearest neighbor resampling models 

(Sharif and Burn, 2007; Goyal et al., 2013). WeaGETS, a uni-site weather generator from the 

École de Technologie Supérieure (ÉTS), is a multivariate parametric model that simulates 

temperature variables conditional to each other based on a normal distribution and using first-order 

linear auto-regression coupled with constant lag-1 autocorrelation and cross-correlation. It also 

considers seasonal cycles with the help of Finite Fourier series with two harmonics. The 

MulGETS, a multi-site weather generator also from ÉTS, is an extension of WeaGETS and has 

the ability to take into account the spatial attributes of climate data, which is crucial in most 

hydrological models. For the simulation of a precipitation occurrence, MulGETS uses a two-state 

(dry or wet) first-order Markov chain with Cholesky factorization, whereas WeaGETS uses a third-

order Markov model without parameter smoothing. A higher-order Markov model is used in 

WeaGETS since it is recommended for better predicting long dry and wet spells (Bastola et al., 

2012; Chen et al., 2012), whereas a first-order Markov chain is the only option in MulGETS. Both 

models (WeaGETS and MulGETS) were used twice to simulate the daily wet-day precipitation 

sequences while implementing two probability distribution functions: a multi-Gamma distribution 



 

 113 

(a combination of several gamma distributions) and multi-Exponential distribution. The 

probability distribution functions (PDFs) of the Gamma and Exponential models are: 

𝑓𝐺𝑎𝑚𝑚𝑎 (x)=
(x β⁄  )α-1 ex p[− x β⁄  ]

β Γ (α)
 Eq. 5.1 

𝑓𝐸𝑥𝑝(x)= λ𝑒−𝜆𝑥 Eq. 5.2 

The k-nearest neighbor resampling model (KNN) is a daily generator that applies different 

methodologies based on the nonparametric resampling of an observed climate dataset. Since it is 

nonparametric, KNN has the advantage of being able to generate unprecedented values in the 

historical period but within the sampled values. For further information, the reader is referred to a 

previous paper (Alodah and Seidou, 2019a) for a full description of the configurations of the 

abovementioned stochastic models and their performances.   

5.2.3 Rainfall-runoff model 

The Soil and Water Assessment Tool (SWAT) is a well-known hydrological model that has been 

used widely for many applications, including the simulation of sediment and nutrient flow but 

mainly for streamflow simulations (Neitsch et al., 2011). SWAT is a semi-distributed watershed-

scale model that relies on hydrologic response units (HRUs) of uniform land and climate 

characteristics. The SWAT model for this study was first calibrated and validated with the 

observed climate data using a daily time step and based on the Nash-Sutcliffe efficiency (NSE), 

the RMSE-observations standard deviation ratio (RSR), and the percent bias (PBIAS). The results 

of the calibration and validation of the model indicate a good fit between the observed and 

simulated flows (Metric: Calibration, Validation; NSE: 0.90, 0.81; RSR: 0.31, 0.43; PBIAS: 

−10.0%, −8.3%). The reader is referred to Alodah and Seidou (2019a) for an enhanced description 

of the SWAT configuration and parameter selection. Next, synthetic climate time series were fed 

independently into the SWAT model to generate synthetic daily streamflow time series. To 
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examine the hydrological responses to various synthetic climate scenarios, all SWAT parameters 

were kept unchanged except for the climate input when synthetic climate time series replaced the 

observed ones, enabling the effect of climate variability on hydrological variables to be tracked.  

5.2.4 Definitions and notations 

For additional clarity, the definitions of some terms used herein are given below: 

 A realization is a random output generated by running a SWG (climate) or the SWAT 

model with synthetic climate data (streamflow) for a number of years (a 41-yr cycle 

herein), where all realizations are considered equally plausible for a given SWG (the terms 

“realization”, “run”, and “scenario” are frequently interchangeable in the literature).  

 A cloud is an ensemble of separately-generated realizations (i.e., one thousand herein) of 

climate (or streamflow) time series generated by running a given SWG (coupled with 

SWAT) 1000 sperate times.  

 A sample is a set of N realizations (for example: a 10-realization sample), where this set 

of length N is reproduced randomly 10,000 times from the cloud.   

The following sections provide a more enhanced description of the main steps involved in the 

integrated framework: (a) the generation of multiple realizations of climate and streamflow data, 

and (b) the evaluation criteria used to define the number of realizations needed in hydrological 

simulations. A schematic illustration of the overall modeling framework is presented in Figure 5.1. 
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Figure 5.1 Schematic representation of the current work, where N ranges from 1 to 1000 unique 

realizations. 

To ease comprehension, the following notations are adopted:  

 Index s goes from 1 to S and represent the metrological stations listed below: 

1. Russell 

2. South Mountain  

3. Morrisburg  

4. St. Albert  

where, S is the number of stations (4).  

 T is the length in years of all climatic and hydrological time series (41-yr series). 

 The observed climate and flow time series are denoted as: 
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o  PCPt
 obs,s

, t=1,…,T; s=1,.., S, which represents the observed precipitation at time t at 

meteorological station s 

o Tmaxt
 obs,s

, t=1,…,T; s=1,.., S, which represents the observed maximum temperature at 

time t at meteorological station s 

o Tmint
 obs,s

, t=1,…,T; s=1,.., S, which represents the observed minimum temperature at 

time t at meteorological station s 

o Q
t

 obs
, t=1,…, T, which represents the observed discharge (OBS Flow) at time t at the 

outlet for the SNW. 

 The flow time series at the outlet for the SNW obtained by forcing the SWAT model using observed 

climate data, called Simulated Flow using Observed Climate, is denoted as: 

o SFOCt, t=1,…,T.  

5.2.5 Climate and flow cloud generation 

In this work, 41 years of records (1971-2011) are used for the definitions of the observed climate 

and streamflow from which the deviations are calculated. While 30 years of weather means 

comprise the standard definition of a climatic mean, reproduced synthetic precipitation and 

temperatures data were produced fora 41-year period to permit an adequate risk analysis to be 

conducted (Semenov and Barrow, 1997; Elliot and Arnold, 2001). Each stochastic model was run 

1000 separate times to generate a total of 5000 41-year realizations of weather sequences 

(matching the length of the observed climate data) at daily temporal resolutions. That is, a total of 

205,000 synthetic weather years were generated (5 SWGs x 41 yrs x 1000 realizations). Similarly, 

the SWAT model was run 5000 separate times, with each run producing a unique 41-year 

realization of the climate. The choice of 1000 for the number of realizations for each weather 

generator, despite the excessive computational demand, particularly for the hydrological 

modeling, was done in order to form a dense cloud of realizations and thus identify a satisfactory 

number of realizations. The 1000 synthetic time series for precipitation, minimum temperature, 
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and maximum temperature generated using SWGs and representing the climate at station s 

(referred to as the climate cloud hereafter) are denoted: 

o PCPt
 i,s

, t=1,…,T; s=1,.., S  for the precipitation time series, 

o Tmaxt
 i,s

, t=1,…,T; s=1,.., S for the maximum temperature time series, 

o Tmint
 i,s

, t=1,…,T; s=1,.., S for the minimum temperature time series. 

The 1000 streamflow time series obtained by forcing the SWAT model with the synthetic climate 

time series (referred to as the flow cloud hereafter) are each called Simulated flow using synthetic 

climate (SFSC) and denoted as: 

o SFSCt, SWG
 i

 , t=1,…,T; i=1,…,1000, SWG ∈ {ME, MG, WE, WG,  KNN}. 

5.2.6 Estimation of a statistic V using N realizations  

The following algorithm is used to estimate a statistic V using N realizations. For k between 1 and 

10,000: 

 Sample without repetition from a subset of size N of indices between 1 and 1000, i.e., 

 k

N

kk jjj ,...,, 21
. 

 A kth estimate of the mean value of a statistic V is, 

,
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1

1
m

T
j s

tN
t

k

m

V

N T
 



 
 
 
 
 
 


  Eq. 5.3 

The more variability in  10000,...,1, kk , the less precise the estimate. The variability in these 

estimated means can be illustrated using a boxplot graph. The deviations from Yref  quantify the 

biases of the estimates.  
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5.2.7 Evaluation criteria 

Given that a series of samples generated by the SWGs will not be identical, the impact of such 

variations between the samples is investigated visually using time series graphs of the simulated 

sequences, such as sequence plots, running mean plots, and boxplots of the samples at a certain 

number of realizations, following the methodology presented by Guo et al. (2018).  

5.2.7.1 Visual convergence assessment 

An examination using proper graphical techniques can produce a general idea concerning the 

variable of interest (Ott and Longnecker, 2015). Plots of each parameter and the running mean are 

used to examine the simulation process as the number of realizations increases. A time series plot 

of the running mean is simple and easy to implement and used to check when a new stochastic 

generation of flow data is no longer deviating significantly from the mean of previous realizations. 

The running mean is computed as the mean of all sampled values up to and including the current 

realization. The plot then shows whether the running mean stabilizes at a realization (randomly 

ordered) against the mean of all realizations (Smith 2007). These plots will eventually converge to 

a constant value, which is the mean of all realizations according to the Central Limit Theorem. 

These visual evaluations should provide general insights, yet they are not sufficient indicators and 

further statistical analyses must be conducted.  

5.2.7.2 Quantitative assessment 

The four key statistics to be estimated from the time series are the mean (μ), standard deviation 

(𝜎), and the skewness ( 3 ) and kurtosis ( 4 ) coefficients of the climate or flow variable of 

interest. For the sake of simplicity, Y will be used herein to indicate any of the estimates of the 

above statistics. The statistical measures considered are the Relative Error (RE) and the Relative 
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Root Mean Squared Error (𝑅𝑀𝑆𝐸𝑟). The relative error (RE) refers to the magnitude of the 

difference between an experimental (sample) value (𝑌𝑖) and the known or accepted value (𝑌𝑟𝑒𝑓): 

RE(%) = (
Yref − Yi

Yref

)X 100 
Eq. 5.4  

The root mean squared error (RMSE), also called root-mean-square deviation, is one of the most 

common metrics used to measure the accuracy of continuous variables via measuring the average 

magnitude of the error. It is a negatively-oriented score that has a range between 0 to ∞, meaning 

that values closer to 0 are preferable. This metric is particularly useful when a large error cannot 

be tolerated, as the errors are squared when computing it. The RMSE and relative RMSE (RMSE𝑟) 

are computed as: 

𝑅𝑀𝑆𝐸 =  √
1

𝐾𝑁
∑∑(𝑌𝑟𝑒𝑓 − 𝑌𝑗)

2

  𝑁

𝑖=1

𝐾

𝑗=1

 Eq. 5.5  

𝑅𝑀𝑆𝐸𝑟(%)  =  (
𝑅𝑀𝑆𝐸

𝑌𝑟𝑒𝑓
)  𝑋 100, Eq. 5.6 

where 𝑌̂𝑖 and 𝑌𝑚 are, respectively, the sample and accepted (cloud) means from the training set, 

and n is the number of samples in the set of data being examined. The improvement in the 𝑅𝑀𝑆𝐸𝑟 

value obtained by adding one more realization (𝑅𝑀𝑆𝐸𝑟,   𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡) and the marginal 

improvement (𝑅𝑀𝑆𝐸𝑟,   𝑚𝑎𝑟.  𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡) are defined as: 

𝑅𝑀𝑆𝐸𝑟,   𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡  =  𝑅𝑀𝑆𝐸𝑟,𝑛−1 − 𝑅𝑀𝑆𝐸𝑟,𝑛 Eq. 5.7 

𝑅𝑀𝑆𝐸𝑟,   𝑚𝑎𝑟.  𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 = 𝑅𝑀𝑆𝐸𝑟,𝑛=1 − 𝑅𝑀𝑆𝐸𝑟,𝑛 , Eq. 5.8 

where n=2, 3, …., N, and N=1000.  

For any given statistic, several reference statistics can be used to calculate both the RE and the 

RRMSE. The three reference values for the key climate statistics are: 
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o The statistics calculated from observations (𝑉𝑟𝑒𝑓,𝑌,𝑂𝐵𝑆), and  

o The average of the statistics calculated from the 1000 realizations in the synthetic 

climate (𝑉𝑟𝑒𝑓,𝑌,𝑆𝐶). 

The three reference values for the key flow statistics are: 

o The estimates of statistics V calculated with observations, denoted by (𝑉𝑟𝑒𝑓,𝑂𝐵𝑆 ); 

o The estimates of statistics V calculated from the time series simulated via SWAT using 

the observed climate, denoted by (𝑉𝑟𝑒𝑓,𝑆𝐹𝑂𝐶 ); and 

o The average of statistics V calculated from the 1000 realizations in the flow cloud, 

denoted by (𝑉𝑟𝑒𝑓,𝑆𝐹𝑆𝐶 ). 

5.3 Results and discussion 

The results are presented and discussed in two parts: first, a visual assessment of the synthetically 

generated climate and flow time series is presented using graphical methods. Second, the effect of 

the number of SWGs realizations on the accuracy of basic annual climatic indices is assessed. 

Variability is presented via boxplots and graphics of the running mean, the RMSEr, and the RE, 

where the x-axis in each case represents the number of realizations, which goes from 1 to 1000. 

The same analysis is performed for each climate and flow variable, each performance index, and 

each reference value. 

5.3.1 Visual convergence assessment 

Figures 5.2 and 5.4 show that the mean annual precipitation estimated via the MulGETS and 

WeaGETS realizations is reasonably close to the mean of observed values (𝜇ref, PCP, OBS), but that 

the observed values are underestimated by KNN. However, the WeaGETS models (WE and WG) 

and KNN underestimated the standard deviation 𝜎ref, PCP,OBS of the annual precipitation, while both 

the MulGETS models (ME and MG) were able to capture 𝜎 adequately (Figure 5.2). The kurtosis 



 

 121 

coefficients for the synthetic annual precipitation were consistently higher than those for the 

observed precipitation (Figure 5.2). Thus, the results are consistent with the findings of Chen and 

Brissette (2014), who reported that the kurtosis coefficient of the mean annual precipitation is 

poorly reproduced by SWGs. The differences among the five models in terms of generating 3 for 

the synthetic annual precipitation were not notable.  

 

Figure 5.2 Plots of the precipitation statistics generated by five SWGs, where the observed 

climate values are indicated by the black lines. The mean values of all realizations are shown in 

the side boxes. 



 

 122 

 

Figure 5.3 Plots of mean annual streamflow statistics generated by five SWGs. The observed 

flow and SFOC values are shown by the black and blue dashed lines, respectively. The mean 

values of all realizations are shown in the side boxes and compared to reference data.  

The interannual 𝜎’s of SFSCWE  and SFSCWG were underestimated compared to the observed flow 

and –to a lesser degree– the SFOC (Figure 5.3). The inter-annual variability of SFSCKNN closely 

matched that of SFOC, while SFSCME and SFSCMG were between the two reference datasets 

(mostly underestimated the observed flow but overestimated the SFOC). Interestingly, the SFSCs 

of all SWGs performed similarly in well reproducing the 3 of the OBS Flow and overestimating 

the 3 of the SFOC. Similar to precipitation results, the poor performance (overestimation) of most 

outputs of the tested SWGs in replicating the 4 of the annual streamflow was observed when 

compared to both the OBS Flow and SFOC data (Figure 5.3). In general, it is fairer to compare the 
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SFSC to the SFOC than to the observed flow, as the first two were both simulated by SWAT and 

inherited the biases within the model itself.  

The annual precipitation and streamflow statistics are plotted as a function of the number of 

realizations in Figures 5.4 and 5.5. The running mean plots demonstrate the mean of previous 

realizations up to and including each iteration displayed on the x-axis. Such figures show how the 

running mean highly fluctuates at the beginning of the sequence, making it difficult to construct 

robust confidence intervals. The statistics for the outputs of the five weather generators, however, 

do not differ much after 100 realizations. That is, almost all parameter estimates appear to stabilize 

around 100 realizations. Biases caused by the stochastic generation of the cloud are clearly 

outweighed eventually by the increased number of realizations, as stated in Räisänen and 

Ruokolainen (2006).  
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Figure 5.4 Running mean plots for the mean annual precipitation statistics generated by five 

SWGs in which the order of the realizations is random. The black dashed lines indicate the 

observed climate values. 
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Figure 5.5 Running mean plots for the annual streamflow statistics generated by five SWGs in 

which the order of the realizations is random. The observed flow (SFOC) values are represented 

by the black (blue dashed) lines.  

5.3.2 Variations in the spread, RMSEr’s, and REs for key statistics as a function of the 

number of realizations 

5.3.2.1 Climate space 

As explained in the methodology section, the spread of the estimates was visualized using 

boxplots. As expected, the variability in each of the indicators decreases as the number of 

realizations increases (Figures 5.6, 5.7, and 5.8). The use of a single realization is obviously not 

recommended due to the high error expected, particularly for applications that depend heavily on 

higher moments, such as an assessment of extremes. For instance, the precision when estimating 

the 3 of the annual precipitation using one realization can be off by more than 500%. Once the 
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number of realizations increases, the expected error decreases dramatically. This decrease in the 

expected error is particularly clear for higher moments at 25 realizations and higher. Moreover, 

the use of more than 100 realizations seems very unnecessary.  

 
Figure 5.6  Boxplots of the relative errors (%) of the main annual precipitation statistics for 

the N-realization samples used to estimate these statistics from the cloud; an N-

realization sample is derived from 10,000 different randomly selected sets, with 

the symbol “+” indicating outliers. 
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Figure 5.7 Boxplots of the relative errors (%) of the main annual maximum temperature 

statistics for the N-realization samples used to estimate these statistics from the cloud; an N-

realization sample is derived from 10,000 different randomly selected sets, with the symbol 

“+” indicating outliers. 
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Figure 5.8 Boxplots of the relative errors (%) of the main annual minimum temperature 

statistics for the N-realization samples used to estimate these statistics from the cloud; an N-

realization sample is derived from 10,000 different randomly selected sets, with the symbol 

“+” indicating outliers. 
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The marginal improvements in the RMSEr’s of PCP, Tmax, and Tmin as the number of 

realizations increases are shown respectively in Figures 5.9, 5.10, and 5.11, where the synthetic 

climate using N realizations (relative to using N-1 realizations) is compared to the two reference 

datasets: the climate cloud (synthetic climate) and the observed climate. Tables 5.2, 5.3, and 5.4 

present a similar comparison for the three climate variables but relative to results of just a single 

realization. These results are consistent with the previous findings suggesting that after 100 

realizations, the marginal improvement in the RMSEr becomes insignificant (e.g., less than a 0.21 

(1.09)% improvement across SWGs in μ
Tmax

 (σTmax) when adding 900 realizations). Also, 25 

realizations appear to be reasonably adequate, particularly for the first two moments (e.g., less than 

a 0.46 (2.34)% improvement across SWGs in μ
Tmax

 (σTmax) when adding 975 realizations). The 

results are very similar for the temperature variables, whereas precipitation indicators require even 

fewer realizations.  
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Figure 5.9 The improvement in the RMSEr’s of the main annual precipitation statistics for the N-

realization samples generated by the five SWGs versus the counterparts generated by 

two time series: the synthetic and observed climates. The N-realization samples are 

derived from 10,000 different randomly selected sets. Scattered markers represent 

actual results for which the lines are slightly smoothed by moving averages with spans 

of 3. 
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Figure 5.10 The improvement in the RMSEr’s of the main annual maximum temperature statistics 

for the N-realization samples generated by the five SWGs versus the counterpart 

generated by two time series: the synthetic and observed climates. The N-realization 

samples are derived from 10,000 different randomly selected sets. Scattered markers 

represent actual results for which the lines are slightly smoothed by moving averages 

with spans of 3. 
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Figure 5.11  The improvement in the RMSEr’s of the main annual minimum temperature statistics 

for the N-realization samples generated by five SWGs versus the counterparts generated 

by two time series: the synthetic and observed climates. The N-realization samples are 

derived from 10,000 different randomly selected sets. Scattered markers represent 

actual results for which lines are slightly smoothed by moving averages with spans of 

3. 

5.3.2.2 Hydrological space 

For the streamflow data, Figure 5.12 presents the REs of the key annual streamflow statistics, 

including the mean, standard deviation, skewness, and kurtosis. The variability of each RE as a 

function of different numbers of realizations (1, 5, 10, 25, 50, 100, and 1000) is represented using 

boxplots, each of which is based on ten thousand N-realization samples randomly taken from the 

cloud containing all SFSC time series. Figure 5.12 clearly confirms that a sole realization is not 
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sufficient for representing SWGs in hydrological modeling. Similar to the situation for the climate 

variables, 100 realizations seem very adequate, with very low relative errors across different 

statistics. 
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Figure 5.12 Boxplots of the relative errors (%) of the main annual streamflow statistics for the 

N-realization samples used to estimate these statistics from the cloud; an N-

realization sample is derived from 10,000 different randomly selected SFSC sets, 

with the symbol “+” indicating outliers. 

 

 

 
Figure 5.13 The improvement in the RMSEr’s of the main annual streamflow statistics of the 

N-realization samples generated by five SWGs versus the counterparts generated by 

three datasets: the simulated flow using a synthetic climate (SFSC), simulated flow 

using the observed climate (SFSC), and observed flow (OBS Flow). The N-

realization SFSC sample is derived from 10,000 different randomly selected SFSC 

sets. Scattered markers represent actual results for which lines are slightly smoothed 

by moving averages with spans of 3. 
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The marginal improvements in the RMSEr’s of the streamflow statistics are plotted in Figure 5.13, 

and Table 5.5 lists these improvements as functions of the number of realizations. In Figure 5.13, 

the estimates are compared to the three reference values (SFSC, SFOC, and OBS Flow). In Table 

5.5, the estimate is compared to the estimate obtained using a single realization. The results are 

consistent with the previous findings, which suggest that after 100 realizations, the marginal 

improvement in the RMSEr becomes insignificant (e.g., less than a 0.55% improvement for all 

three reference datasets and across all SWGs for μ when compared to the μ calculated from 1000 

realizations). Also, 25 realizations appear to be reasonably adequate, particularly for the first two 

moments (e.g., less than a 1.78% improvement for all three reference datasets and across the SWGs 

for μ when compared to the μ calculated from 1000 realizations). 

5.3.3 Discussion 

The main finding of this work is that, while a larger number of realizations provides a better 

representation of climate variability, the use of a limited number of realizations can provide robust 

estimates of key risk statistics. In this particular application, the marginal improvements in the 

RMSEr’s of all statistics (climatic and hydrological variables) are not substantial after 25 

realizations, particularly for the first two moments (i.e., μ and 𝜎) and to a lesser extent for higher 

moments (i.e., 3 and 4 ). The findings also demonstrate that going beyond 100 realizations is 

unnecessary, as the improvement afterward is very minimal even for higher moments. 

An interesting finding is that there are systematic biases contained within the weather generators 

that lead to the SFSC and SFOC to be different from the OBS Flow. Additionally, increasing the 

number of realizations cannot reduce these biases. That is, repeated runs of a given SWG that tends 

to misestimate a particular variable will not be useful in obtaining a correct characterization of the 

observed variable. A few ways to decrease such biases include improving the SWGs, selecting an 
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SWG with minimal bias, and/or improving the rainfall-runoff model. Alternatively, one can 

consider generating a large dataset of realizations and then select a number of realizations that 

better represents the observed set, as suggested by Gitau et al. (2018). However, the latter approach 

still presents a challenge, as it can be a computationally expensive and time-consuming process. 

The simplest of these solutions is to use the methodology presented herein to select the number of 

realizations that leads to an acceptable RMSEr or RE for the problem at hand. Alternative methods 

for assessing SWGs include statistical tests of significance, such as the t-test and F-test (e.g., Min 

et al., 2011, Chen and Brissette, 2014); χ 2 goodness-of-fit test (e.g., Semenov et al., 1998); 

nonparametric tests, such as the Wilcoxon rank-sum test, the Kolmogorov–Smirnov (K–S) test, 

and Mann–Whitney test (e.g., Zhang and Garbrecht, 2003; Qian et al., 2004; Chen et al., 2010); 

the RMSEs of various statistics of interest (e.g., Mehrotra et al., 2006); measures of effect size, 

such as Cohen's d metric (e.g., Mehan et al., 2017); and employing distance techniques, such as 

the Mahalanobis distance between statistics derived from observations and simulations (e.g., 

Alodah and Seidou, 2019a).  

One limitation of the present work is that the results are specific to a particular hydrological model 

on a particular watershed and to particular SWGs. However, the methodology can be applied to 

any case in which weather generators are screened and the number of realizations just enough for 

the variable of interest is selected, for saving time and computational resources. The current 

application required 5,000 runs (scenarios) of the SWAT model, and the computation time required 

to complete these scenarios was almost a month on a typical desktop computer workstation (Intel 

Core i7-4790 Processor @ 3.60GHz (8 CPUs), 16GB (2x8GB) RAM, 1TB disk), exclusive of the 

subsequent time spent in the post-processing of the output.rch files using a MATLAB code. The 

time involved could even be higher for larger watersheds or a longer simulation period. Thus, the 
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use of an adequately representative number of realizations, as determined herein, can minimize the 

computational challenge and reduce the simulation time significantly without losing much 

information (e.g., it would take less than a day for 25 realizations on a 3.60GHz Intel Core i7 CPU 

with a 16GB RAM machine). Furthermore, the methodology presented in this paper has the 

advantage of making a straightforward link between the number of realizations and common 

statistical indicators and is more likely to appeal to practitioners. 

 It can also be argued that other risk parameters, such as high quantiles of flow, and hydrological 

parameters, such as sediments, would perform differently. Therefore, the results of this work can 

be further extended to include such parameters. It is believed also that this domain can be further 

explored by incorporating more hydrological models since the results may vary when applying 

different algorithms to generate streamflow time series, perhaps in such a way as to be of use in 

different climate-sensitive decision contexts. 

5.4 Conclusions 

The required number of realizations of five SWGs, each coupled with a SWAT model, are used to 

generate multiple time series for four hydroclimatic variables at four climatic stations and one 

hydrometric station on the South Nation Watershed located in Ontario, Canada. The investigated 

variables are precipitation, maximum and minimum air temperature, and streamflow. Four risk 

and performance indicators, namely, the mean, standard deviation, skewness, and kurtosis of these 

variables were estimated using both synthetic time series and observations. The number of 

realizations required to reach a predefined Relative Root Mean Square Error is then investigated. 

Using the two error metrics, namely, RE and RMSE, it was shown that when the number of 

realizations is high, the considered five weather generators perform somewhat similarly in terms 

of reproducing the risk and performance indicators. Overall, the results indicate that there is no 
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very major benefit from generating more than 25 realizations in hydrological modeling. 

Applications requiring more precision (e.g., analysis of hydro-climatic extreme events) can use 

100 realizations, as the results obtained from 100 realizations are not notably different from those 

obtained using 1000 realizations. Adopting a small, but carefully chosen, number of realizations 

can reduce the computational time and resources needed significantly and therefore benefit a larger 

audience, particularly when high-performance machines are not easily accessible.  
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Table 5.2 Marginal mprovements in RMSEr (𝑅𝑀𝑆𝐸𝑟,   𝑚𝑎𝑟.  𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡) of two precipitation reference 

datasets obtained by using N realizations relative to a single realization 

SWG  N 

Synthetic Climate (PCP) Observed Climate (PCP) 

μ 𝜎 3  
4  μ 𝜎 3  

4  

ME 

5 0.58 6.27 142.48 13.57 1.69 18.23 205.77 31.08 

10 0.71 7.83 176.22 16.87 2.02 22.43 244.79 34.62 

25 0.84 9.12 206.82 19.84 2.31 25.01 274.30 37.75 

50 0.90 9.79 222.73 21.36 2.41 25.98 286.04 38.50 

100 0.95 10.27 233.46 22.37 2.46 26.54 291.13 38.88 

1000 1.05 11.36 258.24 24.77 2.51 27.06 295.82 39.30 

MG 

5 0.63 6.28 126.99 13.11 1.86 12.79 205.97 28.18 

10 0.78 7.78 156.70 16.12 2.25 15.16 244.57 31.63 

25 0.92 8.99 182.07 18.86 2.55 15.96 273.10 34.15 

50 0.99 9.68 195.74 20.26 2.67 16.40 284.33 35.16 

100 1.04 10.16 205.83 21.24 2.74 16.61 290.43 35.34 

1000 1.15 11.20 226.93 23.47 2.80 16.75 294.98 35.72 

WE 

5 0.47 6.41 285.88 12.95 0.99 0.93 175.79 26.54 

10 0.58 7.79 356.21 15.78 1.14 0.93 207.24 29.59 

25 0.68 9.11 417.09 18.59 1.25 1.08 226.50 32.37 

50 0.73 9.80 448.82 19.97 1.29 1.10 232.03 33.13 

100 0.76 10.27 472.18 20.91 1.31 1.13 236.06 33.69 

1000 0.84 11.34 521.60 23.08 1.32 1.13 239.04 33.95 

WG 

5 0.49 6.13 226.69 13.12 0.73 0.93 177.44 29.27 

10 0.62 7.60 283.24 15.99 0.83 1.00 207.32 32.51 

25 0.72 8.91 330.35 18.76 0.89 1.08 227.91 35.48 

50 0.78 9.58 356.13 20.20 0.91 1.12 235.86 35.97 

100 0.82 10.05 373.48 21.16 0.93 1.11 240.65 36.19 

1000 0.90 11.11 412.88 23.38 0.94 1.14 243.46 36.65 

KNN 

5 0.52 6.51 191.85 11.95 0.31 0.84 163.73 24.35 

10 0.64 7.93 234.66 14.67 0.35 1.14 196.25 27.17 

25 0.74 9.28 275.80 17.17 0.36 1.33 215.33 29.15 

50 0.80 9.98 296.28 18.49 0.37 1.30 220.19 30.11 

100 0.84 10.47 311.13 19.43 0.37 1.30 223.98 30.65 

1000 0.92 11.56 343.50 21.46 0.37 1.33 227.40 30.77 
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Table 5.3 Marginal mprovements in RMSEr (𝑅𝑀𝑆𝐸𝑟,   𝑚𝑎𝑟.  𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡) of two maximum 

temperature reference datasets obtained by using N realizations relative to a single 

realization 

SWG  N 

Synthetic Climate (Tmax) Observed Climate (Tmax) 

μ 𝜎 3  
4  μ 𝜎 3  

4  

ME 

5 0.42 6.42 1351.87 12.17 1.34 2.11 74.70 29.94 

10 0.53 7.90 1657.07 15.19 1.67 2.46 83.22 35.15 

25 0.62 9.23 1944.42 17.84 1.95 2.73 90.18 38.34 

50 0.67 9.95 2089.46 19.21 2.09 2.85 92.18 39.41 

100 0.70 10.48 2190.06 20.17 2.18 2.94 92.34 40.07 

1000 0.77 11.57 2418.07 22.30 2.32 2.94 93.52 40.46 

MG 

5 0.43 6.20 18012.49 12.88 1.36 2.28 70.78 33.29 

10 0.54 7.56 22297.20 15.77 1.69 2.75 82.49 37.84 

25 0.63 8.94 26099.98 18.56 1.98 3.02 87.79 41.25 

50 0.67 9.59 27944.27 19.86 2.12 3.02 90.34 42.44 

100 0.70 10.05 29327.05 20.82 2.23 3.05 91.42 42.77 

1000 0.78 11.12 32349.77 22.96 2.44 3.08 92.27 43.36 

WE 

5 0.22 5.92 7365.25 13.16 0.49 0.43 72.32 35.22 

10 0.27 7.43 9071.86 16.28 0.57 0.51 85.17 40.58 

25 0.32 8.67 10584.92 19.14 0.62 0.47 90.27 43.46 

50 0.34 9.33 11364.65 20.67 0.64 0.48 92.55 45.00 

100 0.36 9.82 11947.48 21.70 0.65 0.49 93.55 45.71 

1000 0.40 10.87 13177.97 24.02 0.66 0.49 94.41 46.19 

WG 

5 0.19 6.19 2852.45 13.17 0.47 0.35 77.10 35.97 

10 0.24 7.72 3521.50 16.13 0.55 0.36 88.91 40.25 

25 0.28 9.01 4121.78 18.84 0.61 0.44 94.49 43.68 

50 0.30 9.67 4424.45 20.22 0.63 0.43 96.81 44.85 

100 0.31 10.16 4651.55 21.20 0.64 0.41 97.93 45.32 

1000 0.35 11.23 5136.53 23.36 0.65 0.43 99.02 45.86 

KNN 

5 0.07 1.18 6.41 2.15 0.23 3.45 19.76 6.16 

10 0.09 1.47 7.87 2.67 0.29 4.17 24.01 7.42 

25 0.11 1.71 9.19 3.13 0.33 4.66 27.24 8.36 

50 0.11 1.83 9.90 3.37 0.36 4.84 28.69 8.71 

100 0.12 1.93 10.39 3.54 0.38 4.95 29.54 8.89 

1000 0.13 2.12 11.48 3.92 0.41 5.04 30.36 9.08 
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Table 5.4 Marginal mprovements in RMSEr (𝑅𝑀𝑆𝐸𝑟,   𝑚𝑎𝑟.  𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡) of two minimum 

temperature reference datasets obtained by using N realizations relative a single realization 

SWG  N 

Synthetic Climate (Tmin) Observed Climate (Tmin) 

μ 𝜎 3  
4  μ 𝜎 3  

4  

ME 

5 5.03 6.31 2108.35 12.04 14.53 2.02 69.78 38.38 

10 6.26 7.76 2585.52 14.99 17.84 2.40 77.83 47.41 

25 7.31 9.15 3034.60 17.70 20.25 2.65 84.66 54.45 

50 7.84 9.85 3241.87 18.94 21.10 2.62 86.21 57.09 

100 8.23 10.35 3408.78 19.90 21.65 2.70 86.95 58.78 

1000 9.08 11.44 3762.85 21.99 22.12 2.70 88.16 60.46 

MG 

5 5.11 6.11 5881.90 12.33 15.25 2.03 67.72 39.32 

10 6.35 7.48 7281.93 15.14 18.78 2.54 77.99 47.48 

25 7.41 8.85 8495.20 17.83 21.39 2.78 81.76 54.88 

50 7.95 9.51 9083.50 19.09 22.41 2.81 83.99 57.90 

100 8.36 9.97 9537.18 20.04 23.06 2.84 85.11 59.57 

1000 9.24 11.03 10523.34 22.11 23.72 2.84 86.01 61.27 

WE 

5 2.87 6.10 2627.83 12.91 3.95 0.40 71.97 40.98 

10 3.54 7.54 3268.96 16.08 4.48 0.39 80.42 50.31 

25 4.12 8.83 3840.86 18.87 4.71 0.43 86.16 57.61 

50 4.45 9.46 4126.73 20.20 4.83 0.43 88.24 60.29 

100 4.66 9.96 4342.01 21.20 4.91 0.45 89.38 61.95 

1000 5.13 11.00 4799.23 23.46 4.92 0.44 90.39 63.59 

WG 

5 2.25 6.23 6879.67 12.30 1.20 0.16 70.64 39.40 

10 2.77 7.68 8491.17 15.24 1.38 0.20 80.76 48.17 

25 3.25 8.99 9922.20 17.88 1.43 0.24 85.73 55.20 

50 3.50 9.67 10678.55 19.16 1.45 0.23 88.08 57.95 

100 3.67 10.15 11216.60 20.11 1.47 0.21 89.14 59.54 

1000 4.06 11.22 12401.88 22.17 1.48 0.23 90.22 61.25 

KNN 

5 0.72 1.07 8.59 3.11 2.29 3.18 27.18 9.70 

10 0.90 1.32 10.71 3.87 2.85 3.86 33.68 11.96 

25 1.05 1.54 12.51 4.52 3.31 4.40 38.80 13.80 

50 1.12 1.67 13.42 4.86 3.55 4.61 41.10 14.55 

100 1.18 1.75 14.10 5.09 3.73 4.71 42.52 15.08 

1000 1.31 1.93 15.57 5.63 4.05 4.83 43.96 15.58 
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Table 5.5 Marginal mprovements in RMSEr (𝑅𝑀𝑆𝐸𝑟,   𝑚𝑎𝑟.  𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡) of three reference datasets 

obtained by adding N realizations relative to a single realization 

SWG  N 

Streamflow (SFOC) Streamflow (SFSC) Streamflow (OBS Flow) 

μ 𝜎 3  
4  μ 𝜎 3  

4  μ 𝜎 3  
4  

ME 

5 7.30 25.31 119.37 42.59 2.58 11.26 150.92 16.40 4.70 14.91 351.84 45.39 

10 8.75 27.55 134.23 49.14 3.18 13.90 185.64 20.42 5.38 17.73 430.93 52.83 

25 9.96 29.1 146.16 52.81 3.75 16.2 217.89 23.73 5.94 19.40 498.71 57.12 

50 10.35 30.31 149.08 53.81 4.01 17.49 233.76 25.55 6.07 19.58 529.46 58.41 

100 10.61 30.27 151.01 54.69 4.22 18.36 245.21 26.78 6.17 20.04 547.96 59.39 

1000 10.79 30.67 152.53 55.25 4.66 20.26 271.34 29.57 6.22 20.19 569.54 60.06 

MG 

5 8.25 22.32 114.69 42.13 2.63 10.90 157.65 16.49 6.62 19.32 344.81 45.42 

10 10.13 25.09 131.59 48.60 3.23 13.44 194.66 20.31 7.72 22.30 421.20 52.85 

25 11.7 26.5 139.3 52.87 3.80 15.67 226.5 23.8 8.56 24.3 484.2 57.87 

50 12.53 27.00 143.07 54.30 4.07 16.78 244.01 25.71 8.85 24.97 513.25 59.59 

100 13.01 27.43 144.61 55.02 4.27 17.59 255.97 26.95 8.99 25.21 529.91 60.44 

1000 13.56 27.65 146.05 55.63 4.72 19.42 282.57 29.77 9.13 25.55 547.54 61.19 

WE 

5 2.41 7.97 133.42 42.32 1.44 10.84 316.82 16.37 1.35 1.23 336.25 45.35 

10 2.78 9.13 153.59 49.63 1.79 13.54 391.76 20.56 1.54 1.43 403.62 53.63 

25 2.96 9.93 166.7 54.0 2.09 15.78 457.2 24.0 1.61 1.63 451.17 58.76 

50 3.03 9.98 171.59 55.88 2.25 16.99 492.42 25.89 1.65 1.57 470.14 60.79 

100 3.08 10.12 173.30 56.29 2.35 17.81 517.44 27.17 1.68 1.60 481.07 61.37 

1000 3.11 10.23 175.37 56.84 2.61 19.67 570.76 30.07 1.70 1.63 490.04 62.06 

WG 

5 4.66 11.46 139.17 44.84 1.48 10.82 295.18 16.53 2.73 2.12 337.98 47.66 

10 5.84 12.56 162.17 51.57 1.86 13.47 366.79 20.80 3.16 2.09 406.53 55.57 

25 6.78 13.67 173.4 55.76 2.18 15.7 427.75 24.5 3.48 2.36 457.92 60.6 

50 7.24 13.98 178.00 57.76 2.34 16.81 460.04 26.43 3.57 2.41 477.91 62.86 

100 7.54 14.08 180.45 58.16 2.45 17.67 483.34 27.69 3.61 2.40 488.35 63.44 

1000 7.92 14.18 182.23 59.04 2.72 19.53 533.48 30.73 3.65 2.41 498.54 64.46 

KNN 

5 1.73 21.30 152.63 43.95 1.56 9.19 314.20 17.24 1.06 1.72 371.78 46.04 

10 2.09 24.88 175.37 50.85 1.92 11.23 384.80 21.32 1.32 1.97 443.76 53.51 

25 2.16 27.81 186.7 55.4 2.24 13.25 449.5 24.9 1.34 2.30 503.8 58.45 

50 2.24 28.82 192.81 56.13 2.41 14.24 484.70 26.75 1.40 2.40 526.45 59.39 

100 2.24 29.25 196.46 56.78 2.53 14.96 508.68 28.11 1.39 2.39 536.67 60.13 

1000 2.27 29.69 198.02 57.60 2.79 16.53 560.89 31.08 1.41 2.42 548.85 61.02 
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CHAPTER 6. Case Study 

The case study presented in this chapter aims to demonstrate the added value of the methodology 

developed by comparing the information that a decision-maker can get from a) the traditional top-

down approach that has been used by the vast majority of climate change adaptation studies, b) 

the traditional bottom-up approach as proposed by Brown et al. (2012) and García et al. (2014), 

and c) the improved bottom-up approach proposed in this thesis. We will be using the outputs of 

4 RCMs and 2 RCPs obtained from the CORDEX project and the SWAT model used in this thesis 

to generate that information. The outputs of the RCMs were downscaled using Quantile-Quantile 

mapping (QQ) and Change Factor method (CF).  

6.1 Problem statement 

Consider a hypothetic decision-maker who is overseeing the South Nation Watershed. Assume 

that there is a particularly flood-prone area that is flooded every 10 years under the current climate 

(1981-2010), which is estimated to be AM10obs = 763.86 cms; Assume that there is also a 

wastewater treatment plant designed for the 10 years 7 days low flows in the current climate, which 

is estimated to be 7Q10obs = 8.8 cms. The decision-maker is aware that the hydrological regime 

will probably change because of global warming and is worried about two particular hydrologic 

extreme events in the future (2071-2100): 

- Event A of having more extreme low flow events (i.e., 7Q10 ≤ 8.8 cms), and  

- Event B of having more extreme high flow events (i.e., AM10 ≥ 763.86 cms). 
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 The decision-maker would like to know the likelihood of Event A, Event B, Events A and B 

occurring simultaneously in the same year, and Events A or B occurring in the same year, for the 

period between 2071 and 2100. 

6.2 Traditional top-down approach 

In the traditional top-down approach, the following steps are followed: 

1. The outputs of the four climate models run under RCP4.5 and 8.5 are downscaled to 

obtain local information 

2. 7Q10 and AM10 are calculated for each of the eight time-series 

3. The results of such exercise are presented in the table below (Table 6.1). 

Table 6.1 Typical results of the traditional top-down approach 

Climate Model 

GCM (RCM) 
RCP 

7Q10 (cms) AM10 (cms) 

CF QQ CF QQ 

CanESM2 (CanRCM4) 

RCP4.5 
 12.58 
(>7Q10obs) 

15.94 

(>7Q10obs) 

412.63 

(<AM10obs) 

357.43 

(<AM10obs) 

RCP8.5 
12.37 

(>7Q10obs) 

18.09 

(>7Q10obs) 

348.26 

(<AM10obs) 

415.48 

(<AM10obs) 

CanESM2 (RCA4) 

RCP4.5 
14.85 

(>7Q10obs) 

15.25 

(>7Q10obs) 

638.41 

(<AM10obs) 

385.18 

(<AM10obs) 

RCP8.5 
16.81 

(>7Q10obs) 

17.23 

(>7Q10obs) 

530.90 

(<AM10obs) 

403.96 

(<AM10obs) 

ECEARTH (HIRHAM5) 

RCP4.5 
13.46 

(>7Q10obs) 

15.13 

(>7Q10obs) 

768.51 

(>AM10obs) 

374.85 

(<AM10obs) 

RCP8.5 
16.66 

(>7Q10obs) 

18.32 

(>7Q10obs) 

661.86 

(<AM10obs) 

418.30 

(<AM10obs) 

ECEARTH (RCA4) 

RCP4.5 
12.21 

(>7Q10obs) 

14.70 

(>7Q10obs) 

622.14 

(<AM10obs) 

374.91 

(<AM10obs) 

RCP8.5 
14.95 

(>7Q10obs) 

16.76 

(>7Q10obs) 

535.25 

(<AM10obs) 

390.20 

(<AM10obs) 
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Looking at the data in Table 6.1, the decision-makers will conclude that 100% probability of seeing 

a decrease in AM10 and 15/16 chance to see a decrease in AM10; however, given the limited 

number of points (16), the estimate is highly uncertain, and there may be up to 2/16 chance to see 

an increase in AM10 (event A), and 1/16 chance to see a decrease in 7Q10 (event B); depending 

on the risk aversion of the manager and the values at risk, these numbers can be perceived as high, 

and a better precision in the estimation of the probabilities would have been appreciated. 

Furthermore, the estimates of P(A∩B) and P(AUB) are even more imprecise. 

6.3 Traditional bottom-up approach 

In the traditional bottom-up approach, the following steps are followed: 

1. The observed temperature is gradually increased from 0.5 to 9 °C (16 ΔT), and the 

precipitation from –5% to 20% (25 ΔP), and both 7Q10 and AM10 are calculated 

2. A surface plot of the relationship between 7Q10 and AM10 is generated 

3. Points representing the 8 scenarios are added to the two graphs below (Figure 6.1). 

 

 

Figure 6.1 Typical results of the traditional bottom-up approach using two indices (AM10 and 7Q10). 
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Looking at Figure 6.1, the manager can have a sense of the order of magnitude and variability to 

expect for 7Q10 and AM10, but once again cannot associate them with a probability; hence, it 

lacks practical applicability. From the graph, one can infer that there is almost no chance for event 

A or event B to happen. 

6.4 Improved bottom-up approach 

In the improved bottom-up approach, 250 30-year climate time series were generated using 

MulGETS weather generator where precipitation amounts were generated by mixed Gamma 

distribution. The use of this particular model was based on its performance as demonstrated in 

Chapter 4. 7Q10 and AM10 will be the two dimensions of the CSS. The methodology developed 

in Alodah and Seidou (2019) is used to generate the probability of any point in the CSS. P(A), 

P(B), P(A∪B) and P(A∩B) are represented by shaded areas in Figure 6.2. 

a. 
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b. 

 

c. 

 

d. 

 

Figure 6.2 Examples of unwanted events applying the improved bottom-up approach, 

where shaded regions present the four extreme conditions: a. P(A), b. P(B), 

c. P(A∪B), and d. P(A∩B). 
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The estimated probabilities of the two independent events, AM10 and 7Q10, are obtained after 

integration of the probability under the shaded areas: 

a. Event A alone: P(A) = 6.614 x10-4 

b. Event B alone: P(B) = 0.0534 

c. Events A or B: P(A∪B) = 0.0540 

d. Event A and B: P(A∩B) = 1.499 x10-5 

These results show that the possibility of event A is relatively small, but may of interest to the 

manager if the impacts of A are significant (e.g., loss of life). The probability of event B is rather 

significant (5%) and deserves the attention of the manager. This case study shows the benefits of 

the proposed approach versus the top-down approach: 

- Better coverage of the RPIS unlike top-down where only a subset of all possible climate 

futures is considered, hence less probability of overlooking risky possibilities, 

- Quantitative estimation of the probability of any event linked to the variables of the RPIS. 

This case study also shows the benefits of the proposed approach compared to the traditional 

bottom-up:  

- the proposed approach has the advantage of providing quantitative results that cannot be 

obtained by the traditional bottom-up, 

- it is not based on simplistic Delta (Change Factors) method, 

- it allows for multivariable analysis; the joint probability of unwanted events can be 

estimated, and  

- less computational resources lost to calculate indices in low probability spaces (the cloud 

points are concentrated in areas that represent most likely events) by a better selection of 

the vulnerability range. 
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Yet, some limitations still need to be addressed. A limitation shared by the top-down, the 

traditional bottom-up, and the proposed approach is linked to uncertainty/bias in RCMs/GCMs 

even after downscaling raw climate change data and the addition of stochastically generated 

climate data. Impact models are well known for involving highly nonlinear rainfall-runoff 

transformation and a small bias could dramatically affect their results. These uncertainties have 

less impact on the traditional bottom-up approach as only the delta-change in precipitation and 

temperature are used, and the estimates of such changes from RCM outputs is relatively robust 

compared to the projection of other climate statistics. Despite these limitations, the proposed 

methodology is considered promising and may lead to better identification of risks associated with 

climate change, and better adaptation decision. A list of differences between the top-down, bottom-

up, and improved bottom-up approaches are presented in Table 6.2. 

Table 6.2 Summary of the differences between the top-down, bottom-up, and improved bottom-up 

approaches. 

Criteria 
Top-down 

approach 

Bottom-up 

approach 

Improved Bottom-

up approach 

Dependence on RCM outputs? Yes Partial Partial 

Coverage of the RPIS? No Partial Yes 

Quantitative estimation of the 

probability of any event? 
No No Yes 

Based on simplistic Delta method 

(ΔT and ΔP)? 
No Yes No 

Multivariable analysis? No No Yes 

Reasonable selection of the 

vulnerability range? 
N/A No Yes 

Ability to evaluate the credibility 

of a given projection scenario? 
No Partial Yes 
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CHAPTER 7. Conclusions and Recommendations 

7.1 Summary and Conclusions 

The main objective of the present study was to develop an improved version of the bottom-up 

framework for streamlining climate variability into water resources management decisions to cope 

with the present-day and future challenges induced mainly by climate. The proposed approach 

consists of a combination of three major components: the performance of stochastic weather 

generators assessment, the development of a new avenue to generate a wide range of climate 

scenarios, and the number of stochastic weather generators realizations component to minimize to 

computational time and cost. The feasibility of the suggested approach was tested on the South 

Nation Watershed in Eastern Ontario using different datasets including observed daily climate and 

streamflow data, synthetically generated climate and streamflow data, and climate change data 

extracted from RCM models. The main findings of the thesis include: 

 It was demonstrated in this thesis that the performance of weather-generators varies 

according to the variable of interest. Their performance in the CSS does not necessarily 

translate in the RPIS. In the case of the South Nation Watershed, results demonstrated 

that MulGETS-models were often the better-performing weather generators for the South 

Nation area, followed by its counterpart the single site WeaGETS model, and the k-

nearest neighbour approach. The statistics of simulated streamflow using observed 

climatic data were found to lie mostly outside a predefined set of normal behaviour for 

the WeaGETS and k-nn models. The MulGETS model, in its gamma and exponential 

configurations, thus considered the preferred choice candidates for risk analysis and 

discovery, mainly due to this model’s ability to incorporate covariance for several stations 

 A methodology was developed to generate a large number of climate projections using 

RCMs and stochastic weather generators. This large ensemble allowed the quantification 

of better coverage of the RPIS in the bottom-up approach, and the calculation of the 

probability of any point inside. The calculated likelihood measure provides a more 
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practical assessment of the plausibility of future risks to serve infrastructure design and 

allow more confidence in water-related management decisions. Ideally, the generation of 

such ensembles should contain - to a feasible extent - as many uncertainty elements as 

possible. Given that the choice of climate models, downscaling techniques, and weather 

generator affects the results, a super-ensemble of future climate series was used to derive 

flooding and drought indices, while bearing in mind the uncertainties inherent in the 

extreme value modeling under a changing climate at regional scales.  

  The 10-year 7-day low flow on the South Nation River at Plantagenet will marginally 

increase in the future, whereas flood magnitude will noticeably weaken. A shorter and 

warmer winter is expected to result in an earlier disappearance of accumulated winter 

snow cover, early onset of snowmelt and consequently an earlier and less intensive peak 

spring flow. 

 Using the two error-metrics (RE and RMSE), it was shown that when the number of 

realizations is high, the considered five weather generators perform somehow similarly 

in terms of reproducing the risk and performance indicators. Results generally indicate 

that there is no major benefit of generating more than 100 realizations as they are not 

notably different from results obtained using 1000 realizations. Adopting a small but 

carefully chosen number of realizations can significantly reduce the computational time 

and resources and therefore benefit a larger audience, particularly where high-

performance machines are not easily accessible.  

7.2 Recommendations for Future Work 

Below are some recommendations for future research that could be of general interest to the water 

resources community: 

 Develop a case study where the impact of adaptation policies on the likelihood in the 

RPIS is estimated, and propose a framework for policy selection. The effects of various 

watershed practices and the likelihood of unwanted events may be investigated by 
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following the same approach presented in Chapter 5. Their usefulness as adaptation 

strategies may be investigated. 

 Considering RPIS of dimensions larger than 2. For practical reasons, the RPIS in this 

thesis were bidimensional, but the framework can apply to d-dimensional spaces. The 

challenge would be the number of points to estimate probabilities in these spaces. 

 Apply the improved bottom-up approach to regions with different climate conditions 

(e.g., hot and dry) and other hydrological applications.  

 Apply the improved bottom-up approach using more complete impact models, such as 

economic, ecological, or electricity demand models. 

 While applications in this thesis were centered in one pilot watershed, the methodologies 

presented deliver new insights into hydrological processes under different climate 

conditions in general and will be of interest to Canada and beyond. The need is also 

manifest for examining a broader range of hydrologic indicators. 

 Further improvement to the super-ensemble can be achieved by considering more 

stochastic weather generators, climate-change models, and downscaling methods to 

ensure a thorough evaluation and facilitate knowledge-driven decision. 

 


