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ABSTRACT 

Water resources are indispensable for the sustainable development of the human 

society. A variety of hydrological modeling and water resources management tools based 

on simulation and optimization have been developed to address the current water issues 

worldwide. However, there are many challenges arising from climate change, human 

disturbances and enormous uncertainties and complexities. Thus, there is a global need for 

advanced methodologies that can support the modeling and management of water resources 

systems in an effective and efficient way.  

In this dissertation research, a spectrum of methods have been developed to deal with 

the stochastic modeling and risk-based management problems for water resources systems. 

These methods include: (i) a Stepwise Clustered Hydrological Inference (SCHI) model that 

can establish the complex nonlinear relationships between climatic conditions and 

streamflow for hydrological forecasting; (ii) a flexible and effective hydro-climatic 

modeling framework based on the Providing Regional Climates for Impacts Studies 

(PRECIS) modeling system and stepwise cluster analysis for hydrological modeling under 

the changing climatic conditions; (iii) a Stepwise-cluster-analysis-based Probabilistic 

Collocation Expansion (SPCE) method for the stochastic simulation and forecast of 

hydrologic time series; (iv) a hydrologic frequency analysis framework based on change 

point analysis and Bayesian parameter estimation to deal with the nonstationarity and 

uncertainties in hydrological risk analysis; (v) an Interval-parameter Two-stage Fuzzy 

Stochastic Integer Programming (ITFSIP) model for risk-based flood diversion 

management under multiple uncertainties. The proposed methods have been applied to the 
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Xiangxi River Watershed in China and the Grand River Watershed in Canada, in order to 

demonstrate their capabilities and performances in precipitation-runoff modeling, climate 

change impact analysis, uncertainty quantification, frequency analysis, and systematic 

water resources and risk management.  

The major contribution of this research lies in the development of innovative 

approaches for tackling various uncertainties and complexities in the hydrological cycle 

and water resources systems. This research can provide scientific and practical bases for 

robust hydrological modeling and reliable water resources management.  
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CHAPTER 1  

INTRODUCTION 

1.1. Background 

Water resources are indispensable to almost all economic activities (Gleick, 1993; 

Loucks and da Costa, 2013). According to the United Nations, water use increased at more 

than twice the rate of population growth during the 20th century. In recent years, water 

issues have caused unprecedented pressures on human society, due to the population 

growth and economic development. The National Geographic Society estimates that, by 

2025, 1.8 billion people will live in areas plagued by water shortage and two-thirds of the 

world's population will live in water-stressed regions. Water resources are crucial to the 

sustainable development of human society, and there is a global need for effective water 

resources management tools (Hosaka et al., 2016).  

An essential task of water resources management is hydrological modeling, which 

has been a challenge for many decades (Bedient and Huber, 1988; Raudkivi, 2013). It 

involves highly complex water, soil and energy processes, where extensive complexities 

exist (Renn, 1998; Refsgaard et al., 2007; Guse et al., 2014). It can be a daunting task to 

quantify the diverse relationships and uncertainties in hydrological systems and enhance 

model performances (Beven, 1993; Bosshard et al., 2013). Meanwhile, climate change has 

triggered more challenges to hydrological modeling by changing the frequency and 

severity of extreme weather events, such as heat/cold waves, storms, floods and droughts 

(Kay and Davies, 2008; Teutschbein and Seibert, 2012; Kramer and Soden, 2016).  
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Moreover, water resources management also involves the characterization and 

optimization of water systems, where most components are associated with various 

uncertainties (Wurbs, 1993; Davijani et al., 2016; Tsoukalas et al., 2016). The traditional 

optimization approaches have some drawbacks in reflecting multiple system uncertainties 

and complexities (Li et al., 2013; Miao et al., 2014; Soltani et al., 2015). The multi-element, 

multi-stage, multi-level, and multi-objective features of water resources systems lead to 

countless difficulties, and they may impair the management of water resources and the 

associated risks (Cai et al., 2003; Sarewitz, 2004; Li et al., 2014).  

In general, hydrological modeling and water resources management involve with 

many challenges arising from climate change, human disturbances and enormous 

uncertainties and complexities. Advancing the methodologies to accurately model 

hydrological processes and effectively manage water resources risks is an international 

challenge with increasing concerns. It is thus desired to propose innovative methods and 

techniques for precipitation-runoff modeling, system analysis, uncertainty quantification, 

assessment of climate change impacts, and integrated risk analysis and management. 

 

1.2. Challenges in Hydrological Forecasting 

To support water resources management, the first step is to forecast the water 

availability in response to external environment (Chiew et al., 2003; Georgakakos et al., 

2012; Sene, 2016). In the past decades, various hydrological models have been developed 

to describe precipitation-runoff processes and to support water availability forecasting (Shi 

et al., 2013; Gao and Yang, 2014; Adamovic et al., 2016).  
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Currently, there are two major types of hydrological models: process-based models 

and data-driven models (Sivapragasam and Liong, 2005). Process-based models describe 

the runoff generating mechanisms realistically, using partial differential equations based 

on the physics governing the path of water (Beven, 1989; Chen et al., 2013). One drawback 

of such models is that the representation of physical processes is often too crude and a 

sound parameterization on the scales used in the models is rather difficult (Adamovic et al., 

2016). The complicated model structure, crude representation of the physical precipitation-

runoff processes, and relatively high computational requirement often impedes the process-

based models’ application in risk analysis and management (Beven and Binley, 1992; 

Solomatine and Ostfeld, 2008). 

As an alternative approach for hydrological prediction, the data-driven model is 

becoming a popular approach for large-scale and complex problems due to its flexibility 

and simplicity in terms of model structure (Franco-Lopez et al., 2001; Valipour et al., 2012). 

Due to their flexible data requirements, relative simplicity and reliable performance, 

approaches such as regression models, linear discriminant analysis, time-series models and 

non-parametric statistical techniques have been commonly used as practical tools to 

calculate surface runoff (Hsu et al., 1995; Gobena and Gan, 2009; Paudel et al., 2009; 

Moradkhani and Meier, 2010; Kornelsen and Coulibaly, 2012). However, the variables in 

a hydrological system can be either continuous or discrete, and the relations among them 

can be either linear or nonlinear, thus the assumptions for statistical models may not always 

hold in real-world problems (Regonda et al., 2013). There are also studies focusing on 

using sophisticated machine-learning methods such as artificial neural networks and 

genetic algorithm for flow forecast. Nevertheless, there is certain skepticism about whether 
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it is adequate to build these machine-learning models without an understanding of the 

underlying processes (Gaume and Gosset, 2003; Solomatine and Ostfeld, 2008; Xu et al., 

2010). Besides, the runoff process is usually involved with huge uncertainties and 

complexities, which cannot be reflected by the traditional deterministic models and would 

most likely bring about difficulties in formulating further analyses. Thus, efficient and 

robust methods for hydrological prediction and uncertainty analysis are greatly needed. 

 

1.3. Challenges in Climate Change Impact Studies 

Recently, climate change has posed a significant challenge for water resources 

systems (Milly et al., 2008; Cai et al., 2015; Li et al., 2016). It can alter hydrological cycles, 

and thus has complex implications for the management of water resources and the 

associated risks (van Vliet et al., 2013; La Jeunesse et al., 2016). The effects of climate 

change are becoming more evident in recent years, and there are more and more frequent 

extreme weather events looming on the horizon (Meehl et al., 2000; Howell, 2013; Otto, 

2015; Li et al., 2016). The occurrence and intensity of extreme events exhibit complex 

tempo-spatial patterns, and they have profound and unstable influences on water resources 

systems.  

There are many Global Climate Models (GCMs) that can provide useful and 

informative climate projections (Moradkhani et al., 2004; Lohani et al., 2012 ; Li et al., 

2015). A wide spectrum of Regional Climate Models (RCMs) have also been developed to 

downscale the GCM projections, handle the spatial mismatch and generate high-resolution 

climate change information (Richardson, 1981; Wu and Chau, 2010). However, these 
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models are often too coarse to be used directly for local impact assessment (Montanari and 

Brath, 2004). Their performance and robustness in reproducing climate patterns need to be 

validated before they can generate projections of climate variability and extremes (e.g., 

daily temperature extremes, precipitation extremes, heat waves, wind, and gusts) for local 

risk modeling and assessment. 

Furthermore, to better utilize the climate modeling results to the hydro-climate 

modeling chain, there is a pressing challenge to find a method that is computationally 

efficient and reliable to be flexibly integrated with climate models. To facilitate robust 

water resources planning and informed decision-making, the integration of reliable 

advanced climate modeling and hydrological modeling techniques should be addressed in 

a systematic manner.  

 

1.4. Challenges in Risk Management 

As for hydrological risk assessment, frequency analysis has been recognized as a 

powerful tool to quantify the frequency and magnitude of extreme hydrological events (Wu 

et al., 2009; Liu et al., 2016; Sarhadi et al., 2016). Traditional frequency analysis relies on 

the assumption of stationarity, which implies that flow variation in the future is statistically 

indistinguishable from the past (Chebana et al., 2013; Roueff et al., 2015; Strupczewski et 

al., 2016). However, due to climate change and human disturbance, the assumption of 

stationarity can no longer hold (Milly et al., 2008; Kiang et al., 2011; Zhang et al., 2014; 

Machado et al., 2015). Frequentists are facing the challenges of nonstationarity. Meanwhile, 

traditional frequency analysis provides deterministic estimation of flood/drought events 
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(Chow, 1951; Strupczewski et al., 2001). However, due to system complexities, there could 

be many potential values for extreme flow rate (Kjeldsen et al., 2014; Nguyen Viet et al., 

2015). Both nonstationarity and uncertainty have significant impacts on the results of risk 

assessment (Serinaldi and Kilsby, 2015). Thus, it is necessary to propose advanced methods 

for frequency and risk analysis under nonstationarity and uncertainty.  

As for risk management of water resources systems, optimization can provide direct, 

and detailed decision support for formulating feasible and optimal management plans 

(Haith, 1982; Kurek and Ostfeld, 2013; Theodosiou et al., 2015). It has been recognized as 

a useful tool and it has been widely applied to the management of various water-related 

risks, such as reservoir management and operation, water resources allocation, floodplain 

planning, and drought mitigation (Lund, 2002; Cai et al., 2015; Yazdi et al., 2016). 

However, there are significant challenge arising from the enormous uncertainties and 

complexities in environmental systems and human-environmental interactions (Huang and 

Loucks, 2000; Maqsood et al., 2005). Particularly, reflecting the uncertainties in various 

forms is difficult (Scheuer et al. 2003, Ascough et al. 2008). Therefore, there is an urgent 

need to develop advanced methods to support flexible and robust analysis of the 

uncertainties in water resources management. 

 

1.5. Objectives 

The objective of this dissertation research is to develop a set of modeling and 

optimization methodologies for robust water resources management under multiple 

complexities and uncertainties. This objective entails the following aspects: 
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(1) Develop a Stepwise-Clustered Hydrological Inference (SCHI) model for 

hydrological modeling. The nonlinear and complex relationships between 

streamflow and multiple factors related to climate and watershed conditions will 

be represented through stepwise cluster analysis. This model will be applied to a 

case study of daily streamflow forecasting to demonstrate its performances in 

hydrological modeling. 

(2) Propose an effective hydro-climatic modeling chain to provide desired support 

for watershed-scale climate impact analysis and hydrological forecasting. The 

proposed method is an integration of a Providing Regional Climates for Impacts 

Studies (PRECIS) modeling system and the aforementioned hydrological 

inference model. The developed method will address multiple uncertainties in the 

climatic and hydrological processes, and it will be applied to the Grand River 

Watershed in Ontario to demonstrate its applicability. 

(3) Develop a Stepwise-cluster-analysis-based Polynomial Chaos Expansion (SPCE) 

by integrating stepwise cluster analysis (SCA) and Polynomial Chaos Expansion 

(PCE). The PCE will be established through probabilistic collocation method to 

facilitate efficient stochastic simulation, and SCA will be used to establish the 

complex discrete relationships between model inputs and the PCE coefficients. 

A case study of the Xiangxi River Watershed will be conducted to illustrate the 

SPCE’s advantages in probabilistic prediction and risk modeling. 

(4) Propose a hydrologic frequency analysis approach for assessing hydrologic risk 

under nonstationarity and uncertainty. The proposed methodology based on 

cumulative sum charts, Bootstrap test, Bayesian inference, and Markov Chain 
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Monte Carlo sampling algorithm will generate the frequency and magnitude of 

hydrologic extreme events, and thus provide decision support for effective 

hydrological risk analysis. 

(5) Propose an Interval-parameter Two-stage Fuzzy Stochastic Integer Programming 

(ITFSIP) model to deal with the various uncertainties in floodplain planning and 

management systems. The ITFSIP model will incorporate gradient-based fuzzy 

chance constrained programming, two-stage stochastic programming, 

probabilistic chance constrained programming and interval-parameter 

programming within an optimization framework, so that uncertainties in varied 

forms can be effectively communicated. The model will be applied to the Xiangxi 

River to support flow diversion and risk control in response to random flood 

events. 

 

1.6. Organization 

The structure of this dissertation is presented in Figure 1.1. The rounded rectangles 

represent the five chapters, and the arrows indicated the relations among the chapters. 

Chapter 2 provides a comprehensive literature review of the current studies on hydrological 

modeling, stochastic hydrological simulation, climate change impact studies, hydrological 

risk analysis, and risk-based water resources management. Chapter 3 presents three 

hydrological modeling approaches for supporting stochastic analysis of the highly complex 

hydrological processes. The three approaches focuses on data-driven modeling, climate 

modeling and stochastic forecasting, respectively. They are applied to the Xiangxi River 
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Watershed in China and the Grand River Watershed in Canada to demonstrate their 

applicability. Chapter 4 introduces two methods for risk analysis and management of water 

resources systems. A hydrological risk assessment framework that can deal with 

nonstationarity and uncertainty and a risk-based flood diversion planning model what can 

address multiple uncertainties are presented. Both methods are applied to the Xiangxi River 

Watershed in China for the illustration of their applicability. Chapter 5 summarizes the 

conclusions of this dissertation and provides recommendations for future research. 
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Figure 1.1. Structure of the dissertation 
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CHAPTER 2  

LITERATURE REVIEW 

2.1. Hydrological Modeling 

A critical task for effective water resources planning and management is to forecast 

water quantity in both short and long terms (Mahabir et al., 2003; Sene, 2016). Water 

availability is significantly affected by a series of hydrologic processes, such as 

precipitation, infiltration and runoff (Armanios and Fisher, 2014; López-Moreno et al., 

2014). The dynamic interactions between precipitation and runoff make hydrological 

simulation a very complex process (Oudin et al., 2005). In the past century, many 

hydrological models were developed to understand the behavior of hydrologic systems and 

to make better predictions. 

Hydrological models are simplified representations of hydrological characteristics 

and processes in watersheds (Blöschl and Sivapalan, 1995). They consist of equations that 

estimate the runoff as a function of various watershed inputs and parameters (Devia et al., 

2015). The existing hydrological models can be classified into two categories: process-

based models and data-driven models (Xu, 1999; Ascough et al., 2008). Generally, process-

based models can be divided into lumped models and distributed models depending on 

their spatial variability (Refsgaard and Knudsen, 1996). The lumped models treat the 

physical watershed system as a spatially homogeneous unit (Lenhart et al., 2005; Essou et 

al., 2016). The distributed models involve dividing the watershed into smaller 

homogeneous units for the computation and then adding up the results (Vivoni et al., 2007; 

Fenicia et al., 2014).  



12 
 

For example, Sacramento Soil Moisture Accounting (SAC-SMA) Model is a lumped 

model proposed by the National Weather Service River Forecast System (NWSRFS) 

(Metcalfe et al., 2015). It is a conceptual model that runs with input data including 

precipitation and potential evapotranspiration, and generates streamflow by means of a unit 

hydrograph (Sorooshian et al., 1993). It is capable of effectively modeling a range of 

runoff-generation mechanisms and responses (Sorooshian et al., 1993). TOPMODEL is a 

distributed or semi-distributed model that simulates hydrologic fluxes of water (Beven et 

al., 1984; Wolock and McCabe, 1995). It describes the infiltration-excess overland flow, 

saturation overland flow, infiltration, exfiltration, subsurface flow, evapotranspiration, and 

channel routing through a watershed (Beven, 1997; Metcalfe et al., 2015). For the 

watersheds where certain assumptions are met, primarily wet catchments that have shallow, 

homogeneous soils, TOPMODEL can provide satisfactory simulation results (Beven, 1997; 

Sun et al., 2014). MIKE SHE is a comprehensive, physically-based distributed modelling 

system for the simulation of water flow, water quality, and sediment transport (Refshaard 

et al., 1995) It uses six major components to describe the precipitation-runoff processes, 

including interception/ evapotranspiration, overland/ channel flow, unsaturated zone, 

saturated zone, snow melt and the exchange between aquifers and rivers (Thompson et al., 

2004). It has been widely applied to a variety of complicated water resources problems 

under diverse meteorological and hydrological regimes (Christiaens and Feyen, 2002; 

Vázquez et al., 2009; Zhang et al., 2015). Soil and Water Assessment Tool (SWAT) is a 

distributed watershed model proposed by the United States Department of Agriculture for 

the simulation of runoff and nonpoint source pollution (Santhi et al., 2001; Abbaspour et 

al., 2007). Its major components include weather, hydrology, erosion, soil temperature, and 
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subsurface flow (Chaplot, 2005). In SWAT, the watershed being modeled can be divided 

into a practically unlimited number of sub-watersheds to reflect the spatial variation in soil 

and land use combination (Christiaens and Feyen, 2002). Over the past two decades, SWAT 

has become one of the most popular distributed models for hydrological forecasting (Santhi 

et al., 2001; Schuol et al., 2008; Arnold et al., 2012).  

These physically-based models are developed to realistically represent the physical 

hydrologic processes and generally use equations based on physics to represent runoff 

generating mechanisms that occur with varying magnitudes and locations within the basin 

being modeled (Oudin et al., 2005; Jajarmizadeh et al., 2012). They are based on the 

understanding of the underlying processes of the hydrological cycle, and they can provide 

a comprehensive and reasonable description of the system being modeled. However, they 

represent generalizations of the perceptual models for the hydrological systems based on a 

series of assumptions, and generally require many controlling parameters (e.g., topography, 

soils, land use, etc.) and complicated computational algorithms (Jajarmizadeh et al., 2012). 

Thus, it is desired to develop more efficient hydrological models with less parameterization 

requirements and more flexible model structures. 

Hydrological models are complemented by data-driven models, which involve the 

analysis of concurrent input and output time series rather than the physical processes 

(Sudheer et al., 2002; Adamovic et al., 2016). Data-driven models use statistical concepts 

or artificial intelligence techniques to link certain inputs, such as temperature, evaporation 

and rainfall, to the model outputs, such as the watershed runoff (Solomatine and Ostfeld, 

2008). The statistical data-driven models, such as regression models, linear discriminant 

analysis, time-series models and non-parametric statistical techniques, rely on available 
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past observed data and use mathematical propositions to establish precipitation-runoff 

relationship for the purpose of hydrological prediction (Clarke, 1994; Haan, 2002; 

Zahmatkesh et al., 2015). For instances, regression analyses were applied to the estimation 

of hydrologic-related extremes (Friederichs, 2010; Katz, 2013). Support Vectors 

Regression (SVR) models were proposed for streamflow prediction and flood stage 

forecasting at a monthly and seasonal time step (Liong and Sivapragasam, 2002). Auto-

Regressive Moving Average (ARMA) models were used to perform continuous river flow 

forecasts (Abrahart and See, 2000; Valipour et al., 2012). More specifically, Piechota et al. 

(2001) conducted a linear discriminant analysis and presented streamflow forecast as 

probability of exceedance of continuous streamflow amounts. Koutroumanidis et al. (2009) 

proposed a hydrological time-series fitting and forecasting model and proved its capability 

and advantages in medium-scale forecasts. Lima and Lall (2010) developed a periodic-

auto-regressive model for the monthly streamflow forecasting at 54 hydropower sites in 

Brazil. Such statistical models can reflect the nonlinear relationships between the input and 

output variables. However, they rely on a few theoretical assumptions, such as continuity 

and functional relationship, which may not hold in real-world hydrological problems 

(Schumann, 2011).  

Meanwhile, a series of data-driven models based on artificial intelligence and 

machine learning techniques were developed, such as Artificial Neural Networks (ANN), 

Generalized Regression Neural Network (GRNN), and K-Nearest-Neighbors (KNN) 

(Karunanithi et al., 1994; Cigizoglu, 2005; Wu and Chau, 2010; Seckin et al., 2013; Lu et 

al., 2015). For instance, Karunanithi et al. (1994) proposed a neural-network approach for 

river flow prediction, based on the cascade-correlation algorithm. Cigizoglu (2005) used 
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an ANN algorithm, the generalized regression neural network (GRNN), for the intermittent 

river flow forecasting and estimation. Wu and Chau (2010) investigated the performances 

of the ANN, KNN and ARMA models for the prediction of monthly streamflow time series. 

Seckin et al. (2013) compared ANN methods with L-moments for estimating flood flow at 

the ungauged sites in the East Mediterranean river basin. Lu et al. (2015) applied GRNN 

and SVR for monthly rainfall forecasting in western Jilin Province, China. It has been 

proven that these models could outperform the traditional statistical models in terms of 

model accuracy (Wu et al., 2009; Lohani et al., 2012; Li et al., 2015). However, there is 

certain skepticism on whether it is adequate to build these machine-learning models 

without any understanding of the underlying processes (Gaume and Gosset, 2003; 

Solomatine and Ostfeld, 2008; Xu et al., 2010). Therefore, an innovative and advanced 

method that can overcome the disadvantages of the traditional statistical and artificial 

intelligence techniques is desirable.  

 

2.2. Stochastic Hydrological Simulation 

There are inherent uncertainties in the aforementioned hydrological models, such as 

the random or systematic errors in the model inputs or boundary condition data, the random 

or systematic errors in the modeling outputs, uncertainties in model parameters, and errors 

resulted from incomplete or biased model structure (Butts et al., 2004). The traditional 

deterministic model results could hardly reflect such uncertainties to handle various 

problems related to planning and management of water resources systems (Baroni and 

Tarantola, 2014). To quantify the uncertainties of hydrological modeling and to provide 
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more robust decision support, many approaches for the simulation analysis of hydrological 

modeling results have been widely used for several decades. 

Among the various approaches, the Monte Carlo technique is one of the most widely 

applied ones for stochastic simulation (Binder, 1986; Rubinstein and Kroese, 2011). It is 

an estimation procedure that relies on repeated random sampling to obtain numerical 

results (Hastings, 1970). Samples of the model inputs or parameters can be taken 

independently to generate samples of the model results, and thus the unknown distribution 

of the model outputs can be estimated using the resulted samples (Shapiro, 2003). In the 

past 30 year, many variants of the Monte Carlo methods were developed, such as Markov 

Chain Monte Carlo simulation (MCMC) and Latin hypercube sampling (LHS) (Kuczera 

and Parent, 1998; Vrugt et al., 2008; Moradkhani et al., 2012; Li et al., 2015). These 

methods were widely applied to study the uncertainties in the stochastic hydrologic systems. 

For instance, Kuczera and Parent (1998) studied two Monte Carlo-based approaches, the 

importance sampling method in the generalized likelihood uncertainty estimation (GLUE) 

framework and the Metropolis algorithm that uses a random walk to adapt to the true 

probability distribution of the parameter, for the uncertainty analysis in conceptual 

catchment models. Vrugt et al. (2008) proposed a MCMC sampler named Differential 

Evolution Adaptive Metropolis (DREAM) to analyze forcing data error during model 

calibration and to estimate the posterior probability of hydrologic model parameters. 

Moradkhani et al. (2012) incorporated MCMC methods to a popular data assimilation 

method called Particle Filter, to obtain characterization of the posterior distribution and to 

reduce the risk of sample impoverishment for hydrological prediction. Li et al. (2015) 

proposed a particular data assimilation algorithm based on LHS to evaluate the parameter 
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uncertainty in a hydrological model.  

Monte Carlo simulation is straightforward method to implement uncertainty 

quantification (Hong et al., 2006). The extensive studies on Monte Carlo methods have 

proven that satisfactory accuracy can be achieved, given sufficient samples for the 

realizations of the uncertain model inputs or parameters. However, this technique has a 

major limitation in terms of the intensive computational requirement (Herman et al., 2013; 

Smith et al., 2013; Wang et al., 2015). 

To address the computation issue for complex large-scale problems, the Polynomial 

Chaos Expansion (PCE) method was proposed to analyze uncertainty propagation in 

stochastic processes (Li and Zhang, 2007). The PCE method describes random variables 

using a set of Hermite orthogonal polynomials, where the coefficients can be estimated 

through the probabilistic collocation method (Eldred and Burkardt, 2009). The method 

originates from the homogeneous chaos theory proposed in the 1930s (Wiener, 1938). It 

mainly focused on the uncertainty of Gaussian random variables (Xiu and Karniadakis, 

2002; Lin and Tartakovsky, 2009). More recently, a generalized PCE that can handle non-

Gaussian distribution was proposed and studied for various applications in different fields 

(Xiu and Karniadakis, 2003; Crestaux et al., 2009; Laloy et al., 2013). Xiu and Karniadakis 

(2002) proposed a generalized polynomial chaos algorithm to solve the stochastic elliptic 

partial differential equations involving uncertain inputs. Crestaux et al. (2009) investigated 

the performance of the PCE of a model output with uncertain inputs for sensitivity analysis. 

Laloy et al. (2013) built a posterior exploration strategy based on PCE estimate the 

posterior distribution of the output of a large-scale groundwater flow model. The PCE 

method was also applied to analyze the uncertainty propagation in hydrological models 
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(Fan et al., 2015). Its probabilistic collocation method was further improved by integrating 

fractional factorial analysis to support uncertainty quantification in a reduced dimensional 

space (Wang et al., 2015).  

PCE offers a computationally efficient way for the characterization of the uncertainty 

evolution in hydrological models (Najm, 2009). It relies on the repeated computation of 

the given model and it can serve as a post-simulation analysis tool. However, very few 

studies have been reported with regard to its capability in stochastic forecasting. Although 

the accuracy of model results and the construction of posteriori error bounds are important, 

the ultimate objective is to model the uncertainty from the beginning of the simulation and 

not simply as an afterthought (Lin et al., 2005). Therefore, there is a necessity to explore 

PCE’s capability in stochastic hydrological forecasting and to propose an efficient and 

robust method for hydrological prediction. 

 

2.3. Climate Change Impact Studies  

The effects of climate change are becoming more evident in the past decade in many 

areas around the world. For example, Canada is experiencing unprecedented climate 

hazards resulted from the global climate change, such as flooding, snowstorms, heat waves 

and drought (Cheng et al., 2012; Francis and Vavrus, 2012). These hazards have caused 

severe hydrological risks and damages. For example, according to the Canadaian 

Broadcasting Corporation, the flash floods in 2005 in Toronto caused over $500 million in 

damages; in 2013, extreme weather events resulted in $3.2 billion worth of insured losses 

in Canada. Predicting the changes in water resources under changing climatic conditions 



19 
 

and hydrological variations, for both short term and long term, are essential for many social, 

economic and environmental sectors, such as agriculture, industry, and biodiversity 

conservation. In order to better understand the complicated implications of climate change 

on hydrological processes, a variety of climate models were first established to generate 

climate projections. 

General circulation models (GCMs) simulate changes in climate at a global scale 

(Cess et al., 1989). GCMs describe important physical elements and processes in the 

atmosphere, oceans and land surface that make up the climate system. They have been 

widely employed to estimate the future effects of increasing greenhouse gas (GHG) 

emissions on the global climate (Meinshausen et al., 2009). Currently, the horizontal 

resolution of a typical GCM is 150 - 250 km (Miyoshi et al., 2014). GCMs make 

projections at a relatively coarse resolution and cannot resolve variables of interest to a 

scale necessary for planning purposes, especially for the regions with complex topography 

or heterogeneous land surface cover (Wilby et al., 2002; Berg et al., 2013). Because GCMs 

cannot access the spatial scales that are required for the climate impact and adaptation 

studies, they were mainly applied to provide general climate projections at a global scale 

(Jones et al., 2004; Addor and Seibert, 2014). 

As a dynamic downscaling approach for the GCM projections, regional climate 

modeling has been demonstrated as an appropriate technique for forecasting climate 

changes at regional scales in many studies (Wang et al., 2014; Li et al., 2016). Regional 

Climate Models (RCMs) use initial conditions, boundary conditions and lateral 

meteorological conditions to dynamically downscale the large-scale projections of a GCM 

based on the processes, interactions, and feedbacks among the climate system components 
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(Li et al., 2006; Wang et al., 2014). There have been dozens of RCMs developed by 

researchers and scientists worldwide. For example, the regional climate model (RegCM) 

was originally developed by the US National Center for Atmospheric Research (NCAR) 

and is currently maintained by the International Centre for Theoretical Physics in Italy 

(Giorgi and Shields, 1999). The Canadian Regional Climate Model (CRCM) was 

developed by the Cooperative Centre for Mesoscale Meteorology (CCRM) in Canada 

(Caya et al., 1995). The Weather Research and Forecasting (WRF) Model was developed 

in a collaborative effort by US NCAR, US National Centers for Environmental Prediction 

(NCEP) and several other universities and organizations in United States (Skamarock et 

al., 2001). Among the various RCMs, Providing Regional Climates for Impacts Studies 

(PRECIS) developed by the UK Hadley Centre has shown its capability in regional climate 

variations. It has been extensively used to elaborate local climates in many regions, 

including Pakistan (Ul Islam et al., 2009), Europe (Sene, 2016), and China (Bedient and 

Huber, 1988). The PRECIS can be a potential alternative for estimating the future climate 

change in Canada.  

Based on the abovementioned GCMs and RCMs, a number of hydro-climate 

modeling studies were conducted. A common approach was to use climate and 

hydrological models (Middelkoop et al., 2001; Christensen and Lettenmaier, 2007; Teng et 

al., 2012). For instance, Middelkoop et al. (2011) used the climate change scenarios 

provided by the UK Hadley Centre’s GCM and the Canadian CCC model, and five grid-

based hydrological models to assess the impacts of climate change on the river flow 

conditions in the Rhine basin. Christensen and Lettenmaier (2007) used a the ensembles of 

11 GCMs to force a macro-scale hydrology model named Variable Infiltration Capacity 
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(VIC), which then forced the Colorado River Reservoir Model to assess the climate change 

impacts on the hydrology and water resources in the Colorado River Basin. Teng et al. 

(2012) used the outputs of 15 GCMs and 5 lumped conceptual daily rainfall-runoff models 

to quantify the climate change impacts on the runoff across southeast Australia. Najafi and 

Moradkhani (2015) performed a multi-model ensemble analysis of extreme runoff based 

on eight RCMs and the VIC model over the Pacific Northwest region.  

There are many complexities in the climate modeling processes (Jones et al., 2004; 

Kingston et al., 2011). The lack of comprehensive understandings of climate dynamics, as 

well as various uncertainties associated with the future emission scenarios and their spatial 

and temporal details, hinders our capability to provide reliable climate change scenarios 

(Mearns et al., 2001; Henriques et al., 2015). It is thus very necessary to assess a climate 

model’s performance in terms of its ability to reproduce the general climatic patterns in a 

certain region before it can be used for further impact analysis.  

Meanwhile, various complexities also exist in the hydrological processes, it is 

equally important to handle the complexities in the water cycle and to validate the 

performance of the hydrological models for runoff prediction. Furthermore, the intense 

computation required by the bottom-up hydro-climate modeling chain can be challenging 

(Koutsouris et al., 2010; Wu et al., 2014). It is thus desired to integrate reliable climate 

modeling and hydrological modeling techniques and establish an efficient framework for 

the assessment of the climate change impacts on future water resources (Lin et al., 2006; 

Koutroulis et al., 2013).  
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2.4. Hydrological Risk Analysis 

The frequency and magnitude of hydrologic extreme events is critical to water 

resources management and flood risk control (Madsen et al., 1997; Kuo and Gan, 2015). 

In traditional hydrologic frequency analysis, samples of extreme events are collected firstly; 

then, different distribution functions for extreme values and various parameter estimation 

methods are used to fit the probability distribution of the collected samples; finally, the 

magnitude of extreme events can be related to their frequency of occurrence through the 

established probability function (Chow, 1951; Dawdy et al., 2012). The most widely used 

probability distributions for hydrologic extremes include: Gamma distribution, Pearson 

Type III distribution, log-Pearson Type III distribution, Weibull distribution, Generalized 

Extreme Values (GEV) distribution, and Lognormal distribution (Liu et al., 2014; Hao et 

al., 2015; Serinaldi and Kilsby, 2015). 

Regardless of which distribution is selected, the traditional methods rely on the 

hypothesis of stationarity (Villarini et al., 2009; Yilmaz and Perera, 2014; Machado et al., 

2015). Recently, it has been reported that the assumption of stationarity may no longer hold 

due to the changing climatic conditions and extensive human disturbances (Cunderlik and 

Burn, 2003; Milly et al., 2008; Gilroy and McCuen, 2012; Katz et al., 2013; Sun et al., 

2015; Xiong et al., 2015). For instance, Cunderlik and Burn (2003) introduced a second-

order non-stationary approach to pooled flood frequency analysis for the estimation of 

design values for future time horizons. Villarini et al. (2009) developed a flood frequency 

analysis framework based on the Generalized Additive Models for Location, Scale and 

Shape parameters to analyze the frequency of nonstationary annual peak records in an 
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urban drainage basin. Gilroy and McCuen (2012) developed a method that adjusted the 

flood records to urbanization and climate conditions to handle the nonstationarity, and 

applied the method to the Little Patuxent River in Maryland, United States. Sun et al. (2015) 

proposed a Hierarchical Bayesian cluster approach for nonstationary flood frequency 

analysis, and applied the proposed approach to the trend analysis of annual maximum flow 

in Germany. Xiong et al. (2015) used a norming constants method to analyze 

nonstationarity in the annual daily flow series for flood frequency analysis.  

Meanwhile, there are many uncertainties in modeling processes that can affect the 

hydrologic risk assessment. In the past decade, many studies were conducted aiming to 

handle uncertainties and to obtain more robust frequency analysis results (Kuczera, 1999; 

Reis Jr and Stedinger, 2005; Hu et al., 2013; Cheng et al., 2014). For instance, Kuczera 

(1999) proposed a Monte Carlo Bayesian method to estimate the expected probability 

distribution and the quantile confidence limits for flood frequency distributions. Reis Jr 

and Stedinger (2005) investigated the performance of Bayesian Markov Chain Monte Carlo 

(MCMC) methods for the quantification of uncertainties in the flood quantiles and flood 

risk, as well as the parameters of the Lognormal and Log-Pearson Type 3 distributions. Hu 

et al. (2013) used a bootstrap method to evaluate the sampling uncertainties in hydrological 

frequency analysis. Cheng (2014) used Bayesian inference to establish a framework for 

estimating the return levels and return periods of hydrological extremes, as well as the risks 

of climatic extremes.  

Uncertainties may arise from the sampling procedure, the selection of the probability 

distribution type, and the method for parameter estimation (Ajami et al., 2007; Hu et al., 

2013). Among them, parameter uncertainty is a major source of uncertainties in the 
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estimation of flow quantiles and flood risks (Yang and Yang, 2014; Zhang et al., 2014). 

The uncertainty of the frequency estimation in the classic process is ultimately dependent 

on the parameter uncertainty (Huard et al., 2010; Assumaning and Chang, 2014). In the 

classic frequency analysis approach, distribution parameters are typically estimated using 

frequentist approaches, such as maximum likelihood estimation and L-moment method, 

where objectively fixed parameters can be generated (Adamowski, 2000; Strupczewski et 

al., 2001). Compared to traditional approaches, Bayesian methods allow a richer and more 

complete representation of the uncertainties in flow records (Reis Jr and Stedinger, 2005). 

They have been proven to be effective methods for hydrologic frequency analysis, 

particularly when the sample size is small (Liang et al., 2012).  

The presence of both nonstationarity and uncertainty in hydrologic time series has 

significant effects on the frequency analysis results, and it cannot be ignored. Therefore, 

there is a need for an integrated framework based on the previously demonstrated 

techniques to support robust frequency analysis for hydrological risk management. 

 

2.5. Risk-based Water Resources Management 

Previously, many researchers have dedicated great efforts in the determination of 

effective water resources management strategies. Among the various existing methods, 

optimization of water resources allocation is a widely used approach for hydrological risk 

management (Huang and Loucks, 2000; Lund, 2002; Baltar and Fontane, 2008; Woodward 

et al., 2014; Soltani et al., 2015). For instance, Huang (1998) proposed an inexact-

stochastic water management model for water quality management within an agricultural 
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system. Lund (2002) proposed a two-stage linear programming formulation for the 

economic integration of permanent and emergency flood control, and provided an explicit 

economic basis for the development integrated floodplain management plans. Cai et al. 

(2003) presented an integrated hydrologic-agronomic-economic model based on 

optimization to support irrigation planning in the Syr Darya River basin in Central Asia. 

Baltar et al. (2008) presented an implementation of a heuristic technique called multi-

objective particle swarm optimization in water resources management. Woodward et al. 

(2014) described a decision support methodology based on the concepts of real options and 

multi-objective optimization for adaptive flood risk management under climate change. 

Soltani et al. (2016) utilized the concept of Conditional Value at Risk and a nonlinear 

interval number programming technique to solve the simultaneous agricultural water and 

return flow (waste load) allocation problems.  

Such system analysis approaches can consider various aspects related to allocation 

cost, water demand, watershed vulnerability, risk mitigation and social equity (Huang, 

1998; Cai et al., 2003). The optimization models based on system analysis are recognized 

as promising tools to support the decision-making processes regarding various water issues, 

such as reservoir management and operation, water resources allocation, and floodplain 

planning (Lund, 2002; Yazdi et al., 2016). 

However, many components in the water resources systems, such as land use patterns, 

rainfall-runoff processes, water demands and socio-economic conditions, are highly 

uncertain, leading to a variety of challenges in decision-making related to water resources 

management. To accommodate the uncertainties resulted from impreciseness of observed 

information, variations in estimated parameters, and impacts of climate change, a spectrum 
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of uncertainty analysis methods were proposed under the optimization framework.  

Interval mathematical programming (IMP) (Huang et al., 1995), stochastic 

mathematical programming (SMP) (Dupačová et al., 1991), and fuzzy mathematical 

programming (FMP) (Chang et al., 1997) were developed and widely applied to deal with 

the uncertainties in the formats of intervals, probability distributions and fuzzy sets, 

respectively. Particularly, as for FMP, the fuzzy information was usually tackled through 

fuzzy chance constrained programming, where different fuzzy measurements were used to 

evaluate the satisfaction level of a fuzzy constraint and to convert a fuzzy constraint to a 

deterministic constraint (Liu, 2001). The commonly used fuzzy measurements are 

possibility and necessity, which can reflect the decision makers’ optimistic and pessimistic 

preferences, respectively (Maiti and Maiti, 2006; Rong and Lahdelma, 2008). However, in 

real-world problem, it is very rare that the decision-makers are either absolutely optimistic 

or absolutely pessimistic (Pishvaee et al., 2012; Mehlawat and Gupta, 2015). Thus, 

measurements based on the combinations of possibility and necessity were proposed to 

deal with decision makers’ eclectic attitude with regard to the fuzzy constraints (Luo et al., 

2004; Zhang et al., 2014). For example, Luo et al, (2004) employed a general Hartley 

measure to evaluate the unspecificity of fuzzy sets on general ranges and developed a fuzzy 

programming model based on the maximal unspecificity. Zhang et al. (2014) proposed an 

interactive inexact fuzzy bounded programming method to support agricultural water 

quality management.  

These self-dual measurements are effective and flexible for addressing fuzzy 

information. Nevertheless, no literature on their application to water resources allocation 

or floodplain management was found. Therefore, it is desired to extend their applications 
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to risk-based water resources management. Moreover, it is expected to introduce such 

measurements to the traditional optimization framework where various hybrid 

uncertainties can be handled, in order to provide more flexible and robust decision support.  
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CHAPTER 3 

STOCHASTIC MODELING FOR HYDROLOGICAL SYSTEMS 

3.1. Development of a Stepwise Clustered Hydrological Inference Model 

3.1.1. Background 

Flow prediction is one of the most important applications in surface water hydrology 

(Koutroumanidis et al., 2009). Particularly, it is prediction is essential for the assessment 

and analysis of the over-topping risk for hydrological infrastructure. In order to support 

reliable hydrological risk analysis and effective water resources management, a robust tool 

for flow prediction model is desired. 

Prediction of future runoff provides valuable information to a range of water users 

and managers, to whom a steady water supply amid hydrologic variability is a crucial issue 

(Razavi and Coulibaly, 2012). The accuracy of flow forecasting is heavily dependent upon 

the understanding of relationships between streamflow and a large number of 

meteorological and physiographic factors (e.g. precipitation, evapotranspiration, solar 

radiation, soil characteristics, vegetation types, elevation and slope) (Wu and Chau, 2010; 

Razavi and Coulibaly, 2012). However, these relationships are inherently nonlinear and the 

process of surface runoff generation is very complicated, leading to many challenges in 

flow prediction (Mello et al., 2008; Shi et al., 2013). 

Previously, many hydrological models were developed to support effective flow 

prediction, among which data-driven models have been proven to be a reliable approach 

(Wu and Chau, 2010). As an alternative approach for hydrological prediction, data-driven 
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models can avoid the drawbacks of traditional process-based models in parameterization, 

and forecast flow series based on the analysis of concurrent observation data (Jakeman and 

Hornberger, 1993; Jajarmizadeh et al., 2012). Due to their flexible data requirements, 

relative simplicity and reliable performance, approaches such as regression models, linear 

discriminant analysis, time-series models and non-parametric statistical techniques have 

been commonly used as practical tools to calculate surface runoff (Sudheer et al., 2002; 

Adamovic et al., 2016). However, most of the statistical data-driven models are based on 

the assumption of functional relationships and continuity (Regonda et al., 2013). They 

assume that the input and output variables are continuous or discrete and the relations 

among them are functional, which cannot be well justified in hydrological systems (Razavi 

and Coulibaly, 2012). Moreover, there are enormous uncertainties and complexities in 

precipitation-runoff processes, and the traditional models can hardly address such 

complexities (Han et al., 2014; Zhang et al., 2015).  

Therefore, the objective of this study is to extend innovative and advanced 

multivariate approaches to characterize the runoff process complicated with nonlinear and 

dynamic characteristics. A Stepwise Clustered Hydrological Inference (SCHI) model will 

be developed based on the Stepwise Cluster Analysis (SCA) technique. SCA will be used 

to capture the discrete and nonlinear relationships between explanatory and response 

variables, and support daily streamflow forecasting. This objective entails four tasks: (1) 

to develop a statistical inference model based on advanced non-parameter regression 

techniques, and characterize the runoff process complicated with nonlinear and dynamic 

relationships; (2) to apply the proposed model and predict the daily flow of the Xiangxi 

River watershed in China; (3) to evaluate the model performance by using statistical 
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coefficients; (4) to undertake forecasting under uncertainties, as well as sensitivity analysis 

for further demonstrating the model applicability.

3.1.2. Methodology

3.1.2.1. Development of the Hydrological Forecasting Model 

Stepwise-cluster analysis (SCA) is a multivariate statistical technology designed for 

capturing discrete and nonlinear relationships between explanatory and response variables 

(Huang et al., 2006). SCA method has gained much attention recently because of its 

superior capability in imitating multiple input–output systems (Wang et al., 2013). It can 

not only deal with nonlinear relationships among continuous and/or discrete variables, but 

also clearly show the significance levels of different branches (Sun et al., 2009). SCA has 

been proved to be an effective method for supporting environmental prediction and 

facilitating decisions of environmental management practices, such as air quality prediction 

and groundwater simulation (Huang, 1992; Huang et al., 2006; Qin et al., 2007; Sun et al., 

2009). However, it was not reported that SCA could be used for tackling the precipitation-

runoff relationship. As an extension of the previous efforts, the objective of this study is to 

propose a stepwise-clustered hydrological inference model and apply it to daily streamflow

forecasting.

The essence of SCA is to form a classification tree in the sense of probability, based 

on a series of cutting or mergence processes according to given statistical criteria (Sun et 

al., 2009). In this paper, the model is improved and specifically designed for imitating the 

nonlinear multivariate relationships in hydrologic processes. Flowchart of the SCA method 
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is presented in Figure 3.1. The algorithm of SCHI model can be described as follows: 

Let 1 2( , , , )ixx x x  be a set of variables (i.e., the meteorological factors that affect 

hydrological processes) which have significant effects on the set of targeted variables (e.g. 

flow and water level) 1 2( , , , )jy y y y . N samples can be obtained by collecting the 

observed data of the predictors and predictands at a daily time step for N days. The 

objective of the SCHI model is to tackle the relationships between the two sets of variables 

by generating a clustering tree and classifying the N samples into different groups. Then, 

y  can be predicted for any new input data of x  by using the clustering tree obtained 

from the original data. In this study, the predictand is streamflow and the predictors 

includes hydrological and meteorological variables that reflect temperature, precipitation, 

evaporation, slope, drainage density, water consumption, and related soil properties (Shi et 

al., 2013). 

 

Model Training 

The purpose of model training is to generate a clustering tree that could be used to 

predict new predictands when new predictor samples enter the tree. One sample for training 

consists of a set of predictors and predictand. Any sample that contains missing data should 

be deleted to prevent interruption of the training process. All data of the predictors x and 

predictands y of n samples can then be given by matrixes ( )n iX x  and ( ) j nY y , 

which compose the training set trM  shown as follows: 
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Figure 3.1. Flowchart of Stepwise Cluster Analysis 

  

Data preprocess
Select predictors x and predictants y, and

prepare the training matrix Mtr

Cutting
Do cutting step by step until all hypotheses of

further cut are rejected

Mergence
Do mergence until all hypotheses of further

mergence are rejected

Training Output
Generate the cluster tree of the training samples

Cut-merge Loop
Repeat cutting-mergence to the end nodes where

hypotheses of further cutting are accepted

Prediction
Do the cutting until all hypotheses of further cut

are rejected
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Then a clustering tree can be generated through cutting and merging the training set 

following the cut-merge loop presented in Figure 3.1, and thus the n samples can be

classified.

The clustering criterion is the F test based on Wilks’ likelihood-ratio criterion. Let 

cluster set , which contains n samples, be cut into two sub-cluster sets and ,

which contain n and n samples, respectively ( n n n ). The cutting point is 

optimal only if the value of Wilks’ statistic is minimum (Wilks, 1963; Huang, 1992).

Wilks’ statistic (Wilks, 1963) is given by:

W
T

(3.2)

where W and T are the determinants of the total-sample SSCP matrix { }ijt  and the 

within-groups SSCP matrix { }ijw , respectively. The smaller the value is, the larger the 

difference between the sub-cluster sets of and  is (Sun et al., 2009). When the

value is very large, cluster sets and  cannot be cut, and must be merged instead. 

According to Rao’s F-approximation, the R-statistic (Huang, 1992) can be given by:

1/s

1/s

1 / 2 11
( 1)

ZS P K
R

P K
(3.3)
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where K is the number of groups, P is the number of predictors, Z and S can be obtained 

by 1 ( ) / 2Z n P K and 22 2 2[ 1 4] / [ ( 1) 5]S P K P K , respectively.

The statistic R is distributed approximately as an F-variate with 1 ( 1)P K and

2 ( 1) / 2 1P K degrees of freedom (Huang, 1992). As the number of groups is two

(i.e., sub-clusters and , 2K ) in this study, the sample means of sub-clusters

and  can be compared for significant differences through the F test as follows:

- -11-( , - -1) n PF P n P
P

(3.4)

The essence of training is to cut the training set trM into two, and to merge two

sets into one, step by step, and thus to classify samples. To cut a cluster set , the optimal 

cutting point should first be determined. Sequence n  samples in cluster according to

the values of
,r ix in  ( 1,2,..., )ix r n . According to Wilks' likelihood-ratio criterion, 

the optimal cutting point which split the cluster into two sub-clusters and  when 

the samples are sequenced according to the values of * * ,r i
x  in

*{ }
i

x  should satisfy that

( , )n n is the minimum comparing to that of any other cutting alternatives. Then the F

test can be undertaken. If

1

1- ( , ) - '-1
( ', - '-1)

( , ) '
n n n P

F P n P F
n n P

(3.5)
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is satisfied, cluster can be cut into two sub-clusters and .
*i

x is identified 

as the most important predictor which significantly affects the values of the predictands. If

Equation 3.5 is not satisfied, cluster cannot be cut into two sub-clusters. Then all the 

other clusters will be tested and cut if it satisfies the above testing criterion, until no cluster 

can be further cut.

The next step is to test whether any two of the generated sub-clusters should be 

merged into a new cluster. For two clusters  and , if 

' 1- ( - 2,1) - '-1
( , - '-1)

( '
j j

j
j

n n n n P
F P n n P F

n n P
(3.6)

is satisfied, clusters  and can be merged into a new cluster . If Equation 3.6

is not satisfied, clusters  and  cannot be merged. Then all the other clusters will be 

tested and merged if it satisfies the above testing criterion, until no clusters can be further 

merged.

The training procedure is completed when all tests are undertaken and all hypotheses 

of further cutting or mergence are rejected. For a more detailed description of the SCA 

method, refer our previous work by Huang et al. (2006).

Prediction

After the training is done, a cluster tree can be derived for new sample prediction. 

The predictor values in the cluster tree will be used as the criteria to determine which end 

nodes the new predictor samples will enter into. The predictand values of the end nodes in 

-2,1）
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the cluster tree will be used to calculate the values of the predictands corresponding to the 

new predictor samples. Each cutting point, which leads to two branches, corresponds to a 

value * * ,r i
x  of the predictor *i

x . When a new sample set of predictors { }px  enters the 

cluster tree, its *,p i
x  value will be compared with * * ,r i

x  at the cutting points and then 

classified into the relevant branches. Step by step, the sample set will eventually enter one 

of the end nodes (i.e., the end cluster sets which cannot be further cut or merged) of the 

cluster tree. Let cluster ′ be the end node where the new sample { }px  enters. The 

predictand { }py  are: 

 
' '( ) ( )

p p py y R                        (3.7)  

 
where 

'( )
py  is the mean of predictor py  in cluster ' , and 

'( )
pR  is the radius of py  in 

cluster ' : 

 
'' '

'
,

1

1 n

p p k
k

y y
n

                           (3.8)  

 
' ''( )

, ,max - min / 2p p k p kR y y                       (3.9)  

 

3.1.2.2. Evaluation of Modeling Performance 

Four statistical coefficients, including Pearson product-moment correlation 

coefficient (PR), integral square error (ISE), Nash-Sutcliffe efficiency (NSE) and deviation 
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of streamflow (DV) are used to evaluate the performance of the SCHI model in the Xiangxi 

River watershed. Both PR and ISE (defined by Equations 3.10 and 3.11, respectively) are 

model quality criteria based on mean squared error (Wȩglarczyk, 1998; Basu et al., 2010). 

A perfect match of forecast flow to the observed data is when PR = 1 and ISE = 0. 

 

1

2 2

1 1

( )( )

( ) ( )

n

i i
i

n n

i i
i i

q q c c
PR

q q c c
             (3.10)  

 

     

2

1

1 ( - )

 

n

i i
i

c q
nISE

q
                      (3.11)  

 

where n is the number of samples,  is the observed flow on day i,  is the forecast flow 

on day i,  is the average observed flow and  is the average forecast flow. NSE (Jain 

and Sudheer, 2008) given by Equation 3.12 is one of the most important statistical criteria 

for evaluating hydrologic goodness of fit (Peterson and Hamlett, 1998; McCuen et al., 

2006). NSE can range from negative infinity to 1, with 1 corresponding to a perfect fit. 

            

2

1

2

1

( - )
1-

( - )

n

i i
i

n

i
i

q c
NSE

q q
                         (3.12)  

 
DV defined by Equation 3.13 is also commonly used to measure the model’s ability 

to simulate measured flow (Peterson and Hamlett, 1998). 
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 1

1

( - )
DV(%) 100

n

i i
i

n

i
i

q c

q
                      (3.13)  

 

3.1.3. Case Study 

3.1.3.1. Study Area 

A study case within the Xiangxi River watershed in south China will be used to 

demonstrate the applicability of the proposed methodology. The Xiangxi River is a main 

tributary of the Yangtze River, the longest river in Asia. It originates in the Shennongjia 

mountain area, passes from north to south and drains into the Yangtze River. The total 

length of the river is 97.3 km, and the draining area is approximately 3,200 km2 (Han et al., 

2014). 

The Xiangxi river watershed possesses a subtropical continental monsoon climate. It 

exhibits significant temperature differences and plentiful precipitation in spring, 

concentrated rainfall and high temperatures during the summer, cloudy or rainy conditions 

during the autumn, and frequent early frost in winter (Li et al., 2013; Li et al., 2014). The 

mean annual temperature is 16.9 °C, with a maximum temperature of 43.1 ºC and a 

minimum temperature of -9.3 ºC from 1961 to 1990  (Yang et al., 2010). The mean annual 

precipitation at Xingshan station is 991 mm for the period from 1971 to 2000, with seventy-

eight percent of the rain observed between May and October, and the average streamflow 

is 40.18 m3/s (Schönbrodt-Stitt et al., 2013). The predominant topography is mountainous, 

and over seventy-three percent of this area’s inclinations are over 20° (Li et al., 2013). The 
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land use in this area is dominated by mixed needle-leaf and broad-leaf forests and the soil 

types are mainly argosols, primosols, and ferralosols (Han et al., 2013). The Xiangxi River 

watershed is one of the most representative watersheds in the upper and middle reaches of 

the Yangtze River in terms of streamflow, topographic features, and economic conditions 

(Han et al., 2013). 

A digital elevation model of the Xiangxi River Watershed with a resolution of 30 m 

(Figure 3.2) was obtained from Computer Network Information Center, Chinese Academy 

of Sciences (http://datamirror.csdb.cn/index.htm). Daily meteorological observations 

during 1991–1998, including maximum temperature, minimum temperature, precipitation, 

sunshine duration, wind speed, and relative humidity, were obtained from the 

Meteorological Bureau of Xingshan County. Daily flow records for the same period were 

collected at a controlled hydrometric station (i.e., Xingshan) and prepared by the 

Hydrological Bureau of Xingshan County. The monthly variations of flow, precipitation, 

maximum daily temperature, minimum daily temperature, and evapotranspiration are 

shown in Figure 3.3. 

 

3.1.3.2. Model Development 

The goal of this study was to support hydrological prediction and thus streamflow at 

the hydrometric station was identified as the only predictand (i.e., streamflow y = (y1)). In 

this study, the input variables selection of the SCHI model was based on the variable’s 

ability to represent watershed characteristics that influence runoff, as well as the 

availability of the observation data. 
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Figure 3.2. Location of the Xiangxi River watershed (The digital elevation model was 

acquired from the Computer Network Information Center, Chinese Academy of 

Sciences.) 

 

 

 

 

China

Xingshan Station
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Figure 3.3. Trends of the meteorological and hydrological variables 
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Antecedent precipitations, including 3-, 7-, 14-, and 30-day cumulative precipitation, 

were used to represent the initial watershed conditions. All of the quality controlled daily 

climate data provided by the local Meteorological Bureau, including precipitation, 

temperature, evapotranspiration, relative humidity, wind speed, and sunshine hours, were 

selected to describe the climate and weather during the forecast period.  

The predictor selection in this study is site-specific subjected to the data availability; 

nevertheless, the predictor selection criterion on the representation of watershed 

characteristics is generally applicable to other watersheds. Since SCA has the ability to 

screen the most relevant and important predictors by identifying the predictor that leads to 

a minimum Wilks’ statistics during the tests of optimal cutting points, all the predictor 

candidates that might affect streamflow could be considered as predictors, as long as data 

availability allows.  

Correlations (i.e., Pearson's r value) of the selected predictors and predictand were 

calculated using the 1991-1998 data, as presented in Table 3.1. The Pearson's r values equal 

to or higher than 0.70 are marked in bold. It is found that the 3-day P and 4-day P have the 

strongest correlations with the flow, with correlation coefficients of 0.67 and 0.68, 

respectively.  

The results of correlational analysis also indicate that the strength of association 

among the variables is significantly different, which implies very complex relationships 

between streamflow and the factors related to climate and watershed conditions.  

The degree of confidence used in the F-tests was 0.05, which means the criterion for 

cutting a cluster was P≤0.05 and that for merging two clusters was P>0.05. The minimum 

number of samples in the end nodes of the cluster tree is another parameter of the SCHI 
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model. A minimum of three samples is required for the F-tests as cut/mergence criteria.

Besides, a smaller minimum number of samples in the end nodes would lead to more end 

nodes and branches in the clustering tree, as well as more calculation time. In this study, 

the minimum number of samples in the end nodes was 4, due to the consideration of 

computation efficiency and end node representativeness.

3.1.3.3. Result Analysis 

Modeling results 

The model was calibrated with the data from 1991 to 1995 and validated with the

data from 1996 to 1998, using the selected predictors and parameters. A cluster tree with 

884 nodes was derived for predicting the streamflow. A total of 1,796 calibration samples 

were classified into 249 clusters, presented by 249 end nodes, as shown in Figure 3.4.

Observed and forecast daily flow and daily precipitation at the Xiangxi River watershed 

from 1991 to 1998 are presented in Figure 3.5. The results show a good agreement between

the observed and forecast hydrographs for both calibration and validation periods. It is

illustrated that SCHI model is able to capture most of the peak flows, except an 

underestimation regarding two peak values in the summer of 1998. This might result from 

the fact that there occurred a big flood with 60-year recurrence interval and the calibration 

of 1991-1995 failed to capture the hydro-climate behaviors during that time (Xu et al., 

2005). The statistical coefficients of the training (i.e., calibration) and validation results are 

presented in Table 3.2. The results indicate that the model is able to obtain a satisfactory 

fitting of streamflow with a daily time step. One of the most commonly adopted criteria is 

the coefficient of determination (Legates and McCabe, 1999; Adamala et al., 2013).
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Table 3.1. Correlations of the selected predictors and predictand 

Variable Flow
Daily 
P

3-day 
P

4-day 
P

7-day 
P

10-
day P

30-
day P Tmax Tmin RH ET

Flow 1 0.50 0.67 0.68 0.64 0.60 0.48 0.16 0.28 0.30 0.00
Daily P 1 0.63 0.55 0.43 0.36 0.26 0.04 0.20 0.38 -0.13
3-day P 1 0.91 0.70 0.59 0.42 0.11 0.27 0.39 -0.07
4-day P 1 0.80 0.68 0.48 0.14 0.30 0.37 -0.04
7-day P 1 0.87 0.61 0.23 0.37 0.35 0.04
10-day P 1 0.71 0.31 0.44 0.32 0.11
30 day P 1 0.53 0.65 0.27 0.29
Tmax 1 0.86 -0.17 0.82
Tmin 1 0.14 0.57
RH 1 -0.53
ET 1
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Figure 3.4. SCHI model cluster tree (Note: x1 - x9 denotes 4-day precipitation, 3-day

precipitation, 7-day precipitation, 14-day precipitation, daily precipitation, 30-day

precipitation, daily maximum temperature, daily minimum temperature, relative humidity

and evapotranspiration, respectively. Grey boxes indicate end nodes.)

P≤0.05
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Figure 3.5. Observation and forecast of daily streamflow and daily precipitation at the 

Xiangxi River watershed from 1991 to 1998 
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Table 3.2. SCHI results for the Xiangxi River watershed 

Period PR ISE NSE DV (%) 
Calibration (1991-1995) 0.881 0.010 0.768 12.97 
Validation (1996-1998) 0.771 0.002 0.577 16.28 
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In this study, the Pearson correlation coefficients for the calibration and validation  

periods are 0.881 and 0.771, respectively, indicating an adequate performance. ISE, which 

is a relative root mean square error, scores 0.010 and 0.002 for calibration and validation, 

respectively. According to Sarma et al. (1973) and Wȩglarczyk (1998), it is an “excellent” 

fit. The NSE values of the SCHI model for the calibration and validation periods are 0.768 

and 0.577, respectively. According to the previous studies, the minimum value of NSE 

required to evaluate the effectiveness of hydrological model is 0.5 (Zappa, 2002; Mello et 

al., 2008). Thus, it is demonstrated that SCHI model is reliable for the hydrological 

prediction in the Xiangxi River Watershed. DV values for the calibration and validation are 

both over 10%, suggesting an overall underestimation for the streamflow. This might be 

resulted from the prediction algorithm of the SCHI model, where only the mean values of 

the end node samples were used while predicting the future streamflow. The model 

reliability in this sense could be improved by a further analysis into the clustering tree and 

its end nodes. 

Results of the SCHI model are also compared to those of a physically based model. 

The Semi-distributed Land Use-based Runoff Processes Model (SLURP) is a hydrologic 

model that takes spatial variability into account (Han et al., 2014). Han et al. (2012) applied 

the SLURP model to the Xiangxi River Watershed with eight sub-watershed delineation 

schemes. Hydrological and meteorological data during 1991-1995 were employed to 

calibrate the model and those of 1996-1998 were used for validation. The best results of 

SLURP, according to PR and NSE, with the most detailed sub-watershed delineation 

schemes are compared to those of SCHI model, as shown in Figure 3.6.  
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Figure 3.6. Results of SCHI and SLURP (Note: C, Calibration period; V, Verification 

period) 
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The NSE values for both calibration and validation are substantially greater than the 

values obtained by SLURP, where the best NSE values of the calibration and validation 

values are 0.537 and 0.522, respectively. NSE is an improvement over the correlation 

coefficient for model evaluation purposes in terms of the sensitivity to differences in the 

observed and forecast means and variances, and it tends to be more influenced to extreme 

values (Wȩglarczyk, 1998; Legates and McCabe, 1999). The higher NSE values obtained 

by the SCHI model imply that the proposed model was competent for peak flow prediction. 

The Pearson correlation coefficients also indicate that the proposed model could generate 

satisfactory results, with the calibration and validation performances better than those of 

SLURP. Semi-distributed and distributed models as SLURP require a large amount of 

physiographic data related to topography, soils and land use as input to reflect spatial 

variation, and they establish different runoff generating mechanisms that occur with 

varying magnitude and location within the watershed being modeled, based on complicate 

computation. Thus they are believed to have potential for providing a more accurate 

forecasting result (Mello et al., 2008; Lee et al., 2009). The SCHI model showed similar or 

even better results than those of SLURP according to NSE, demonstrating that SCHI model 

is a reliable approach for hydrological prediction with modest data requirements and 

relative simplicity. 

 

Uncertainty analysis 

In the aforementioned results, the future streamflow was estimated using the mean 

value of the samples in the corresponding end node of the derived cluster tree. In fact, more 

results under uncertainties can be obtained by analyzing the samples in the corresponding 
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end nodes. For instance, interval solutions could be generated via using the maximum and 

minimum flow values of the end node to estimate the upper and lower bounds of the flow 

for the samples that entered this end node during the prediction period, respectively.  

The daily flow intervals at the Xiangxi River watershed during the validation period 

(1996-1998) are presented in Figures 3.7 to 3.9. The results show an overall good 

agreement between observed data and predicted intervals. Even though the predicted 

intervals are relatively large for some peaks such as the ones in June 1996 and July 1997, 

they did capture most of the flow peaks within the interval ranges. Slight underestimations 

are found in the days after several peak flow occurrences in 1996; there is a small 

overestimation of the streamflow in December 1997; and two floods in 1998 are not well 

represented. This is because the prediction was conducted using a 5-year training tree, 

which might not cover all the possible P-R relationship during 1996 to 1998. For instance, 

the two peak flows in the summer of 1998 were resulted from a flooding with a return 

period of 60-year, and this extreme hydrological event cannot be tackled using the 5-year 

training data set in this study. Nevertheless, the overall flow fluctuations and observation 

curves show a good match. 

The average daily streamflow in 1996, 1997 and 1998 are 54.63, 22.33 and 41.42 

m3/s, respectively. Comparing with the 30-year average streamflow (i.e., 40.18 m3/s), it is 

indicated that the three consecutive years are wet, dry and medium years in terms of 

hydrological year type, respectively. Most of the peak values are captured within the 

forecast intervals, and there is generally a good fit between the observation and the SCHI 

results. This indicates that the SCHI model is reliable in forecasting streamflow in dry, 

medium and wet years during the studied period.  
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Figure 3.7. Observed and forecast daily flow intervals at the Xiangxi River watershed in 

1996 
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Figure 3.8. Observed and forecast daily flow intervals at the Xiangxi River watershed in 

1997 
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Figure 3.9. Observed and forecast daily flow intervals at the Xiangxi River watershed in 

1998 

  



55 
 

To better evaluate the model performance under uncertainties, the relative error of 

the interval solution (REIS) of sample i, is proposed and defined as follows: 

 

 100,  if ;

REIS(%)      0,    if ;

100,if .

Max
Maxi i

i i
i

Min Max
i i i

Min
Mini i
i i

i

c q q c
q

c q c
c q c q

q

                   (3.14) 

 
where Max

ic  and Min
ic  are the maximum and minimum flow of the samples in the 

corresponding end node on day i, respectively. Histograms of REIS for the calibration and 

validation periods are shown in Figures 3.10 and 3.11. Among the 1,797 samples used for 

calibration, there are 1096 samples where the observation value falls into its corresponding 

streamflow interval estimated by the SCHI model, accounting for 69.65% of the total 

samples. The proportions of samples with the absolute REIS less than 10%, 20%, 50%, and 

80% are 72.49%, 77.67%, 91.26% and 99.67%, respectively. As for the validation period, 

there are 1,059 samples where the absolute REIS is less than 80%, accounting for 96.62% 

out of the total 1,096 samples. The proportions of samples with the absolute REIS smaller 

than 10% and 20% are 42.46% and 56.57%, respectively.  

It is thus demonstrated that the interval prediction of streamflow provided by the 

SCHI model is reliable. Since the SCHI model uses the data samples in the end nodes for 

predication, it allows predictions under uncertainty. For example, the future streamflow 

can be given as intervals, which could help mitigate the negative influence of uncertainties 

in flow forecasting by providing more alternatives to facilitate effective water resources 

management for decision makers. 
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Sensitivity analysis 

In the SCHI model, the relationship between the predictors and flow is identified and 

defined using a cluster tree, where the values of predictors (input variables) determine 

which cluster (i.e., end node) to enter and mean value of the end node flow determines the 

predicted flow value (the output variable). To analyze the sensitivity of the predicted flow 

to individual input variables, the 249 end nodes from the generated cluster tree (Figure 3.4) 

was extracted and examined. The strength of association between the input and output 

variables are evaluated using the Pearson's r value, as presented in Figure 3.12. It is 

indicated that the predicted flow value is very sensitive to all of the five antecedent 

precipitation variables, which implies that the initial watershed condition is a significant 

source of flow predictability. The predicted flow value is relatively sensitive to daily 

precipitation and relative humidity, while it shows a low sensitivity to temperature and 

evapotranspiration. 

The SCHI model requires controlling parameters to construct cluster trees, including 

the degree of confidence used in the F-tests (P) and the minimum number of samples in 

the end nodes of the cluster tree (Nmin). Different combination of P and Nmin could affect 

sample partition and thus the cluster tree. Five end node sample numbers (i.e., 3, 4, 10, 20 

and 30) and three representative degrees of confidence (i.e., 0.01, 0.05 and 0.1) were 

selected to analyze performances of the proposed model with different combinations of 

configuration parameters (as shown in Figure 3.13 and Table 3.3). A large Nmin value would 

force further cutting to stop as soon as the number of samples in a sub-cluster is equal to 

or less than Nmin. Consequently, the Nmin value had significant effects on shaping the cluster 

tree. The larger Nmin is, the smaller the number of total nodes and end nodes is.  
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Figure 3.10. Histograms of REIS for the calibration period 
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Figure 3.11. Histograms of REIS for the validation period 
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Figure 3.12. Sensitivity analysis of the input variables 
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Figure 3.13. Sensitivity analysis of the controlled parameters 
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Table 3.3. Performance of SCHI model with different combinations of configuration 

parameters 

No. Nmin P Number of nodes Number of end nodes 

1 3 0.01 635 168 

2 4 0.01 511 145 

3 10 0.01 251 84 

4 20 0.01 172 52 

5 30 0.01 100 36 

6 3 0.05 1187 329 

7 4 0.05 884 249 

8 10 0.05 410 117 

9 20 0.05 157 63 

10 30 0.05 86 43 

11 3 0.1 1050 381 

12 4 0.1 865 298 

13 10 0.1 434 138 

14 20 0.1 167 67 

15 30 0.1 119 45 
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As for the P value, a high P value results in the lower F1 value (Equation 3.5), a less 

strict cutting criterion, and thus more cuttings operations. Likewise, it leads to a higher F2 

value (Equation 3.6), a looser mergence criterion, and thus more mergence operations. 

Hence, the P value would also affect the structures of the cluster tree in the sense of 

significance level. When Nmin values are kept the same, the function that mapped total 

number of nodes to P value is non-monotonic (e.g., No.1, 6 and 11; and No. 2, 7 and 12), 

but the number of end nodes increases as the P value increases.  

Different scales of the cluster tree, in terms of numbers of branches and nodes, could 

be obtained by adjusting the two controlling parameters. The more nodes, the more clusters 

the sample set will be divided into. However, a complex cluster tree with more branches 

and nodes does not guarantee a better performance of the model. For instance, the total and 

end nodes in cluster trees No. 6 (i.e., 865 and 298, respectively) are much less than those 

in cluster trees No. 3 (i.e., 1050 and 381, respectively), but the performances of No. 6 is 

much better than those of No. 3 in both the calibration and the validation periods, according 

to PR and NSE.  

 

3.1.4. Discussion 

There are many other factors that might affect the performance of the SCHI model. 

Of vital importance, as it is in statistical flow forecasting methods, is the selection of 

predictors (Robertson and Wang, 2012).  

A general criterion for predictor selection is that the set of selected predictors should 

be able to represent watershed characteristics that influence runoff. It should include: 1) 
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variables that represent the initial watershed conditions; and 2) variables that reflect the 

influence of the climatic conditions and weather during the forecast period. Indicators that 

describe soil moisture, land cover/vegetation, and groundwater conditions could be used to 

represent the initial watershed conditions.  

In practice, antecedent streamflow and antecedent rainfall could be used as 

alternative indicators of the watershed conditions when the soil property data or land cover 

data are unavailable (Garen, 1992; Pagano et al., 2009; Robertson and Wang, 2012). 

Meteorological variables widely used in hydrologic models such as temperature, dew point 

temperature, evapotranspiration, relative humidity, wind speed, radiation, and sunshine 

hours, could be used to describe the weather of the watershed (Nourani et al., 2011). Since 

SCA can discriminate the important predictors by searching for the minimum Wilks’ 

statistics, it is believed that all the factors that might have potential influence on flow should 

be included to tackle the underlying relationships from the sample data and to establish the 

function that associates streamflow with the predictors. Even though using more predictors 

would result in more computational complexity, it can help represent a comprehensive 

relationship and improve the model performance.  

Another profound factor that might affect the model performance is the size of the 

sample set. To apply the SCHI model to a watershed, a sample data set will be needed to 

establish the relationships between the flow and its predictors (i.e., the training of the 

model). With the training data, these relationships could be identified using the cluster tree 

of the SCHI model. A limitation of this model is that it is not applicable when there are 

significant inconsistencies in the hydrologic data of the simulation period. This is because 

the SCHI model is based on an assumption that there are no considerable changes to the 
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system during the training and prediction periods covered by the model. The SCHI model 

could only predict flows using the hydrologic relationships reflected in the training data. 

To avoid failures in capturing extreme hydrological/weather events, it is suggested to use 

a more extensive input sample set to help generate a more complete cluster tree. For 

instances, it is highly possible that the model performance would be further enhanced if 10 

years of data is used to train the SCHI model in this study, since more runoff responses 

would be identified with more end nodes in the cluster tree. 

The model performance is sensitive to the two controlling parameters, i.e., Nmin and 

P. The parameter Nmin sets a constraint for number of samples in the end nodes, and the 

parameter P determines the cut-merge criterion. They both have significant effects on the 

shaping of the cluster tree. The essential thing is to find a combination of P and Nmin that 

could reflect the multivariate relationships between various predictors and the streamflow 

by clustering the training samples. Forecast quality could also be enhanced by providing 

different significance levels (corresponding to P values) in each cutting/merging step, so 

that the accuracies of the cluster tree could be controlled. Moreover, the model performance 

could be further improved by partitioning the samples, conducting a set of training runs, 

and deriving several different cluster trees. For instance, to distinguish the different P-R 

relationships among the four seasons, four separate training procedures could be 

undertaken using only the samples in the corresponding season and then the prediction 

could be conducted season by season accordingly. Similar forecasts could be carried out to 

reflect the changes of runoff generation mechanisms in snow/ non-snow seasons, as well 

as the monthly differences of runoff generation process. 
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3.1.5. Summary 

In this study, a Stepwise-Clustered Hydrological Inference (SCHI) model was 

developed to tackle the nonlinear relationships between streamflow and factors related to 

climate and watershed conditions. It was a first attempt to apply stepwise cluster analysis 

to flow forecasting. SCHI is a multivariate analysis method that represents the relationships 

between the predictand and predictors through classifying the original samples into clusters 

with unique relationship characteristics. It is applicable to other watersheds under various 

climatic and physiographic conditions in different sizes, since the essence of the SCHI 

model is to map the complex nonlinear relationship between watershed conditions and 

runoff using historic data. Compared with conventional data-driven hydrological models, 

such as regression models and artificial neural network, SCHI model has superior 

efficiency in terms of automatic predictor discrimination. Meanwhile, it can realize a 

satisfactory prediction on a daily time step, while the existing statistical models mainly 

focused on monthly or seasonal flow forecasting. Besides, it is a hydrological inference 

model with a flexible mathematical structure and it requires less data distributed 

hydrological models. Moreover, SCHI model allows uncertain analyses by providing a 

significance level in each cut/mergence step such that the accuracies of the training could 

be controlled. It can also mitigate errors resulted from system nonlinearity and complexities 

by generating solutions under uncertainties, and thus and provide more alternatives for 

decision makers.  

The proposed model was applied to predict daily flow of the Xiangxi River watershed, 

China to demonstrate its feasibility. The results showed a good fitting with the historic data. 
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PR for calibration was 0.881, while that for validation was 0.771. NSE for calibration and 

validation were 0.768 and 0.577, respectively. It was also illustrated that SCHI is capable 

of capturing different hydro-climate behaviors in dry, medium and wet years. The results 

were further compared to those of a physically based hydrological model, SLURP, where 

an overall better performance of SCHI was found according to PR and NSE. Particularly, 

SCHI is more competent for peak flow prediction than SLURP was. Reliable interval 

solutions for flow prediction were also generated. There are 77.67% of the interval 

solutions during the calibration and 56.57% of those during the validation that had a 

relative error less than 20%. The proportions of samples with the absolute REIS smaller 

than 80% for calibration and validation were 99.67% and 96.62%, respectively. A 

sensitivity analysis regarding the two controlling parameters was also conducted. The 

models could be improved by including more predictors and more historic data, as well as 

by conducting more sets of training. Future studies could be also undertaken in retesting 

and extending the SCHI model for other watersheds. 

 

3.2. Hydrological Forecasting under Changing Climatic Conditions 

3.2.1. Background 

Over the past decade, the assessment of climate change impacts on hydrological 

processes has been a major research effort (Barnett et al., 2005; Milly et al., 2008; 

Koutroulis et al., 2013). Climate change is expected to affect the hydrological cycle, and 

consequently, water balances and local water supplies (López-Moreno et al., 2014). 

Predicting water availability under changing climatic conditions and hydrological 
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variations, for both short-term and long-term, are essential for hydrological risk analysis 

and management (Kisi and Cimen, 2011). 

The changes and effects of climatic conditions have been observable in many areas 

including the Province of Ontario, Canada. As the major economic, cultural, and 

political center of Canada, Ontario is experiencing faster warming than the global average. 

The average annual temperature had increased by up to 1.4 °C during 1948 to 2008 (OME, 

2014). Increasingly frequent and prolonged heat waves have been observed, and they have 

became are a primary health concern across Ontario (Smoyer et al. 2000). Moreover, as the 

rising temperature enhanced the capacity of air to hold water vapor, intense rainstorms has 

occurred and caused billions of damages within the province during the past decade 

(Cunderlik and Ouarda, 2009; OME, 2014). From heat waves and drought, to storms and 

flooding, the changing temperature patterns have led to various forms of extreme weather 

to challenge Ontario. To cope with the long-term trend of rising temperatures, the 

Government of Ontario is making every effort in building a climate resilient province. 

While it is of paramount importance to establish strategies for climate change adaptation 

and mitigation, it is equally important to generate future climate projections for Ontario. 

However, the weather patterns are very complicated due to Ontario’s vast size and differing 

regions, and thus present a very complex challenge (Liu and Iwamura, 2001; MECC, 2014). 

Besides, the inherent uncertainties in atmospheric processes and climate models also bring 

about many difficulties in accurately quantifying the future changes (Vecchi and Soden, 

2007; Radinović and Ćurić, 2012). It is important that Ontario continues to acquire and 

enhance knowledge and scientific expertise on the effects of climate change in the province. 

It is thus desired to develop reliable future climate scenarios over Ontario and support 
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further hydrological forecasting for the watersheds in the province. 

The Grand River Watershed is the largest watershed in southern Ontario, Canada and 

faces pressing challenges in climate change adaption and water resources management 

(Jyrkama and Sykes, 2007). It is one of the richest agricultural areas in Canada with 

approximately 79% of land being actively farmed, which leads to a large demand in 

irrigation water (GRCA, 2014). Moreover, several of the fastest growing cities in the 

province, with a total population of about 960,000 residents, are located in the watershed; 

and many southern Ontario cities depend entirely on surface water from the Grand River 

(Koycheva, 2003). Recent studies in regional climate modeling have demonstrated the 

future change of climate conditions such as temperature, precipitation and wind over the 

province of Ontario (Cheng et al., 2011; Wang et al., 2014). Accordingly, several studies 

were conducted to assess the impacts of such changes on the Grand River (Grillakis et al., 

2011). Jyrkama and Sykes (2007) characterized both the temporal and spatial effects of 

climate change on groundwater recharge in the Grand River Watershed. Colautti (2010) 

conducted a steady-state simulation of the Grand River Watershed hydrology using five 

future climate change scenarios where precipitation in the Grand River watershed changed 

-5%, +5%, +10%, +15%, and +20%, respectively. Disch et al. (2012) interviewed 13 team 

members from Ontario’s Low-Water Response (OLWR) program in the Grand River 

Watershed and assessed the resilience of their communities under potential climate change 

scenarios. However, these studies were based on simple climate scenarios, and they did not 

conduct a relevant impact study through an ensemble of climatic and hydrological models. 

Given the Grand River’s vital role as a regional resource for socio-economic development 

and the magnitude of future climatic changes, there is a clear need for an improved 
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assessment of the potential impacts of climate change on future water availability in the 

Grand River Watershed to support long-term hydrological risk management. 

Therefore, the objective of this study is to develop an effective hydro-climatic 

modeling chain and predict future water availability. The graphic flow chart of the hydro-

climatic modeling chain is presented in Figure 3.14.  

Firstly, the Providing Regional Climates for Impacts Studies (PRECIS) modeling 

system will be used to simulate future temperature and precipitation patterns. PRECIS 

experiments for the present climate (1961 – 1990) will be carried out using three different 

baseline boundary conditions, and PRECIS’s performance will be evaluated based on the 

observed data at 12 meteorological stations across Ontario. Uncertainties in future 

emissions will be tackled by running PRECIS for two emission scenarios over the period 

of 2071 – 2100.  

Secondly, a Hydrological Inference Model (HIM) will be proposed to map the 

complex nonlinear relationships between river discharge and related climatic factors, and 

monthly river discharge forecast will be generated to provide decision support for water 

resources management and planning. 

The developed approach will be used to assess the impacts of future climate change 

on the monthly river discharge in the Grand River Watershed in Ontario, Canada. Future 

discharge intervals will be generated and changes of intra-annual and inter-annual 

discharge variations will be analyzed. The results will reveal changes of future climate 

patterns based on the insights gained in terms of dynamic variations of climate over the 

Grand River Watershed. This study will provide desired support for water resources 

management and watershed-scale climate adaptation.   
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Figure 3.14. Graphic flow chart of the hydrological forecasting for the Grand River 

Watershed 
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3.2.2. Methodology 

3.2.2.1. Regional Climate Modeling Using PRECIS 

PRECIS is a regional climate modelling system developed by the UK Met Office 

Hadley Centre. It is a well-known physically based climate model that has been applied to 

many regions worldwide (Zhang et al., 2006; Marengo et al., 2009; Wang et al., 2013; 

Rajbhandari et al., 2015). Atmospheric and land surface components and processes of the 

climate system, including cloud, radiation, precipitation, soil hydrology, are all described 

and diagnosed within the model. The PRECIS has two horizontal resolutions: 0.44° × 0.44° 

(approximately 50 km × 50 km) and 0.22° × 0.22° (approximately 25 km × 25 km). A full 

model description is provided by Jones et al. (2004). The PRECIS model is based on the 

atmospheric component of a global climate model with substantial modifications to the 

model physics (Jones et al., 2004). The version of PRECIS used in this study, namely, 

PRECIS 1.8.2, is driven by the boundary conditions simulated by the Hadley Centre 

Coupled Model, version 3 (HadCM3). HadCM3 is a coupled atmosphere-ocean general 

circulation model (AOGCM) with a horizontal resolution of 2.5°×3.75°, and there are 19 

vertical levels with a hybrid vertical coordinate (Gordon et al., 2000; Pope et al., 2000). A 

detailed description of HadCM3 is provided by Gordon et al. (2000) and Pope et al. (2000).  

In this study, the PRECIS was run at the horizontal resolution of 0.22° × 0.22° over 

a large domain of 7,600 grids that covers the Province of Ontario, Canada (Figure 3.15). 

Three PRECIS runs with different baseline (1961 -1990) boundary conditions were 

conducted for the validation purpose, and PRECIS experiments were carried out for future 

projections (2071-2100) using the Special Report on Emissions Scenarios (SRES) provided 
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by the Intergovernmental Panel on Climate Change (IPCC) (Nakicenovic et al., 2000). 

With an emphasis on regional development in Ontario, two contrasted emission scenarios 

were selected from the four SRES, to represent future world-scenarios oriented towards 

economic development (A2) and environmental protection (B2), respectively. The 

underlying theme of the A2 scenario is self-reliance and preservation of local identities 

(Nakicenovic and Swart, 2000). It is characterized by continuously increasing global 

population and regionally oriented economic development. Compared to the A2 storyline, 

the B2 scenario relates more to economic, social and environmental sustainability with its 

lower global population growth rate. The results of PRECIS were validated by comparing 

PRECIS’s outputs for the baseline climate (1961-1990) with the observation data collected 

at twelve meteorological stations in Ontario.  

 

3.2.2.2. Hydrological Inference Model Based on Stepwise Cluster Analysis 

The essence of HIM is to establish a nonlinear relationship between climatic 

predictors and hydrologic predictands through stepwise cluster analysis, which enables it 

to serve as a data-driven model for hydrological prediction. Stepwise cluster analysis, 

proposed by Huang et al. (1992), can cluster sample sets of predictor and predictand 

variables into many subsets based on Analysis of Variance (ANOVA), and thus form a 

clustering tree for prediction. Recently, it has been further applied to several environmental 

problems, such as simulations of in-situ groundwater bioremediation processes, food waste 

composting processes and laboratory BTEX systems, as well as the downscaling of 

regional climate projections (Huang et al., 2006; He et al., 2008; Sun et al., 2011; Wang et 

al., 2012).  



73 
 

 

Figure 3.15. PRECIS grids over the Grand River Watershed 
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The development of HIM in this paper is the first attempt to study the impacts of 

climate change on water resources using stepwise cluster analysis. The flow chart of HIM 

is given in Figure 3.16.  

The sample set of historical predictor and predictand data can be divided into various 

categories based on a series of cutting and mergence processes according to analysis of 

variance (ANOVA) and multivariate analysis of variance (MANOVA). The cutting 

operation is defined as the process of dividing a sample set of predictor and predictand 

variables into two subsets, and the merging operation is the process of combining two 

sample subsets of predictor and predictand variables together. The cutting and merging 

operations of the cluster process are both based on F-tests using the theory of ANOVA. 

The cutting and merging actions, along with their generated clusters, contains the 

information of significance level α (i.e., the probability of rejecting the null hypothesis 

when the null hypothesis is true). Cutting and merging, which result in a number of sample 

subsets and a clustering tree in the sense of probability, are the key processes of HIM. 

The establishment of the clustering tree, which includes both intermediate subsets 

and end subsets (i.e., leaf) as well as the flow paths from the root of the tree to the leaves, 

is the process of training. Each leaf of the tree contains a number of observed predictor and 

predictand values, and represents a complex nonlinear relationship between the predictors 

and predictands. 

The clustering tree can be used to identify to which leaf a new set of predictor 

observations belongs. Each sample set entering the root of the tree can follow the paths of 

the tree and be eventually clustered into the leaves. And the new predictand values can be 

calculated using the original predictand values of the leaf as references.  
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Figure 3.16. Flow chart of the HIM 
  



76 
 

The detailed hydrological inference algorithm is described as follows: 

Let  and be the twelve climatic predictors and the predictand, 

respectively. The training matrix Tr, consisting of t samples of the observed monthly 

temperature, precipitation and river discharge (i.e., the predictors and the predictand) data 

in the Grand River Watershed is the root of the clustering tree, and it can be obtained as 

follows: 

 
1,1 1,2 1,12 1

2,1 2,2 2,12 2

,1 ,2 ,12

   
     

   
     t t t t

x x x y
x x x y

x x x y

Tr                   (3.15) 

 
The HIM training process can be started by cutting matrix Tr . The first step of the 

cutting operation is to determine the optimal cutting point, assuming that the matrix need 

to be cut and. To determine the cutting point of a matrix M  with m samples, M  is first 

sequenced to 'M  according to the values of a random set of predictor { }nx : 

1 , 1

2 , 2

,

   
     

'
      
    

r r

r r

r r

n

n

m n m

x y
x y

M

x y

                   (3.16) 

 
where ,1 , 2 , rr r m nn nx x x . For each cutting point ,rk nx , which divides  into two 

subsets  and , consisting of  and  samples, respectively. With matrices 

 and , the value of Wilks’ statistic  can be calculated according to the 
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predictand columns { }Ay and { }By  (i.e., 1
'{ ,? , }

r rky y  and '
( 1) ,? ,{ }

r rk my y , 

respectively) as follows (Wilks, 1962): 

 

1 1( )'( ) ( )'( )

( )'( )

r r r r

k m
i i j jB BA Ai j k

B BA A

y y y y y y y yW
T k m k

y y y ym

        (3.17) 

 
where W and T are the within-groups Sums of Squares and Cross Products (SSCP) and the 

total-sample SSCP matrices, respectively; Ay  and By  are the sample mean of { }Ay

and{ }By , respectively. The Wilks’  statistic can be used to test the optimal cutting point 

using the Wilk’s likelihood-ratio criterion (Wilks, 1962). The optimal cutting point * *,rk nx  

can be found through calculating the  values for all of the potential cutting points and 

identifying the optimal cutting point as the one that leads to the minimum  value. 

Accordingly, the original matrix 'M  can be cut into two matrices 
*A

M  and 
*B

M  with 

*k  and *m k  samples, respectively. 

The next step is to carry out the cutting test for the two matrices 
*A

M  and 
*B

M

generated from the cutting at the optimal point, which is to determine whether the 

difference between 
*A

M  and 
*B

M  are significant enough to be treated as two separate 

clusters. The sample means of the two subsets can be compared through F-test using the 

Wilks’  statistic, because the Wilks’  statistic under two matrices of samples can 
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be correlated to F-variant directly. Based on Rao’s F-approximation (Huang, 1992), the 

cutting criterion can be given as a F-test related to the  value:  
 

* *

* *

' '

' '

1 ,?  1, 1
,?

A B

A B

M M m pF p m p pM M
              (3.18) 

 

where p is the number of predictors, i.e., p=12. To compare the sample means of 
*A

M  and 

*B
M  the null hypothesis H0: ' '

* *A B
M M is tested against the alternate hypothesis H1: 

' '
* *A B

M M , where  denotes the mean predictand values. Given a significance level of 

α (i.e., the probability of rejecting the null hypothesis when the null hypothesis is true), if 

F F  then H0 is rejected, which implies there is a significant difference between 
*A

M  

and 
*B

M  and they should be classified into different categories. Otherwise, if   F F

and H0 is accepted, then it is indicated that there is no significant difference 
*A

M  and 

*B
M  should be merged. The cutting and mergence tests and operations are conducted 

repeatedly, until no cluster can be further cut or merged. The clustering tree is finalized 

and the HIM training procedure is completed when the subsets are all tested and no 

hypotheses of cutting or mergence can be accepted. 

In the generated clustering tree, leaves represent specific clusters of the predictor-

predictand relationships, and branches represent conjunctions of predictor features that lead 

to those categories. The HIM’s prediction process is to let a sample set start from the root 

of the clustering tree and follow the flow path to a leaf, which can be mapped to a specific 

cluster. The value of nx  determines the path of the sample set from one intermediate 
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subset to another, so it is very important that all of the subsets are sequenced according to 

nx  during the cutting processes. The predicted predictand values can be calculated based 

on the original predictand values in this cluster.  

In this study, the target predictand values were estimated using the predictand mean 

of the leaves. Let cluster d  with nd samples be the end tip, which the new sample  

enters. The predictand 
1

1 dn

new di
id

y yn . Additionally, to address the uncertainties inherent 

in hydro-climate systems, interval predictions were obtained as [max ,new diy y

]min diy . The significance level of the F-tests for the cutting and mergence criteria was 

0.05. To assure the leaves with sufficient samples for clustering and prediction purposes, a 

minimum number of samples in the leaves of 4 was used.  
 

3.2.2.3. Evaluation of Modeling Performance 

The coefficient of determination (R2), defined by Equations 3.19, was used to 

evaluate PRECIS’s performance in Ontario. It is one of the most widely used model-quality 

criterion based on the mean squared error (Wȩglarczyk, 1998; Basu et al., 2010). A R2 

value of 1 indicates that the simulation results perfectly fits the observation data. 

 

2 21

2 2

1 1
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i
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a a c c
R

a a c c
                    (3.19) 

 

where n is the number of samples, ia  is the observed value on the ith month, ic  is the  

{ }newx
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forecast value on the ith month, a  is the average observed value and c  is the average 

forecast value. 

Seven statistical goodness-of-fit measures, including R2, were used to evaluate 

HIM’s performance in the Grand River Watershed. Nash-Sutcliffe Efficiency (NSE) (Jain 

and Sudheer, 2008), given by Equation 3.20, is one of the most important efficiency criteria 

for hydrological models (Peterson and Hamlett, 1998; McCuen et al., 2006). Mean 

Absolute Error (MAE), given by Equation 3.21, measures how close the forecasts are to 

the observed values. Percent bias (PB), as defined by Equation 3.22, is the tendency of the 

simulated values to be larger or smaller than their observed ones (Wang et al., 2013). Index 

of Agreement (IA), given by Equation 3.23, represents the degree of model prediction error 

(Gobiet et al., 2014). Coefficient of Persistence (CP) is a normalized model evaluation 

statistic given by Equation 3.24 (Kitanidis and Bras, 1980). The modified KGE statistic 

(KGE), defined by Equation 3.25, is an improved measurement over NSE (Gupta et al., 

2009), which can provide analyses regarding the relative importance of NSE’s different 

components (i.e., correlation, bias and variability) (Kling et al., 2012). 
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2 2 21 ( 1) ( 1) ( 1)KGE r                  (3.25) 

 
where r is the correlation coefficient between the observed and forecast values, is the 

bias ratio and /c a ,  is the ratio of the coefficient of variation and /c aCV CV . 

 

3.2.3. Study Area and Data Analysis 

3.2.3.1. Study Area 

Ontario (42-57° N, 75-95° W) is located in East Central Canada (Figure 3.17). It is 

largest economy and the second largest province in Canada. Ontario has a total area of 

1,076,395 km2, and accounts for approximately 40% of the nation’s total population. It is 

bordered by the Great Lakes and United States to the south and Hudson Bay to the north, 

with 65% forests and 20% water.  
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Ontario consists of three major regions, Northern Ontario, Central and Eastern 

Ontario, and Southern Ontario(Wang et al., 2014). Southern Ontario is densely populated 

and it has a moderate humid continental climate. The climate is characterized by warm to 

hot summers and cold winters, with the annual precipitation of 750 - 1,000 mm. The climate 

in Central and Eastern Ontario can also described as humid continental climate, but with 

colder and longer winters. In comparison, Northern Ontario contains more remote 

wilderness and it is the coolest region of Ontario, which is resulted from the significant 

influences of Hudson Bay and the cold dry polar air from the north (Yang and Iwamura, 

2008). 

There are approximately a quarter million lakes and countless rivers in Ontario that 

hold about one-third of the world’s freshwater. In recent years, Ontario experienced 

increasing pressure resulted from climate change. For example, flash floods in 2005 in 

Toronto caused over $500 million in damages; in March 2012, many temperature records 

across Ontario and much of North America were set, and Ontario had temperature 

departures over a remarkable prolonged period. The changes in extreme weather conditions 

led to variations in the water resources in Ontario, in terms of lake levels, streamflow, and 

groundwater recharge. Particularly, the impacts of climate change on southern Ontario is 

of serious concern, due to its critical role in national economy. 

The largest watershed in southern Ontario, the Grand River Watershed, drains an area 

of 6,800 km2 into Lake Erie (Figure 3.17). The Grand River is approximately 280 km in 

length from its source near the town of Dundalk to the mouth at Port Maitland, with an 

elevation difference of 352 m. It has four major tributaries, including the Conestogo River, 

the Eramosa River, the Speed River and the Nith River.   
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Figure 3.17. Location of the Province of Ontario and the Grand River Watershed  
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The climate in this watershed is affected by the lake effects of the Great Lakes, as 

well as the climate patterns in the Arctic and the Gulf of Mexico. The temperature is 

generally moderate to cool, compared to other parts of Canada. During the past decade, the 

average monthly temperate ranged from -9.2 ºC to 21 ºC, and the annual mean precipitation 

is approximately 900 mm. There is no significant rainy season and the majority of 

precipitation in winter is in the form of snow. The river system has a long history of 

flooding resulted from the snowmelt in spring, the rainstorms in summer and fall, and 

occasional ice jams in winter. The land cover is primarily agricultural (79%) and natural 

hardwood forest (19%) (Reid et al., 2008). The soil types and topography are 

heterogeneous: the upper watershed is mainly formed of lower permeability till plains with 

varying surface relief; the middle watershed consists of higher permeability sand and 

gravel kame moraines with moderately high relief; and the lower watershed is comprised 

of low permeability lacustrine clay deposits with low topographic relief (Jyrkama and 

Sykes, 2007). 

Different from many large watersheds in Canada that are mainly located in sparsely 

populated areas, the Grand River watershed, particularly the central portion of the 

watershed, is highly urbanized and densely populated. The eastern boundary is located 

approximately 80 km west of Toronto, and it contains five fast-growing cities including 

Brantford, Cambridge, Kitchener, Waterloo, and Guelph (Bouda et al., 2012). There are 

approximately one million people living in the Grand River Watershed. The total 

population is expected to be more than 1,400,000 in 2031 (Farwell et al., 2008). The rapid 

urbanization has posed major challenges for water supply, and there is a growing concern 

about the potential impacts of climate change on water resources. 
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3.2.3.2. Data Collection 

Twelve meteorological stations across the province, as shown in Figure 3.18 and 

Table 3.4, were selected to evaluate PRECIS’s capability of reproducing the temperature 

patterns in Ontario. Observed daily temperature data at the 12 stations during 1961 to 1990 

were downloaded from the National Climate Data and Information Archive provided by 

Environment Canada. Daily temperatures of the grids where the twelve stations located 

were extracted from the PRECIS outputs. The topographic data of the watershed were 

extracted from the National Hydro Network (NHN) on the GeoBase Web portal 

(www.geobase.ca). Stream network data were obtained from the Grand River watershed 

basic map layers provided by Wilfrid Laurier University's Department of Geography and 

Environmental Studies. Meteorological and hydrometric data were collected from three 

stations within the watershed, i.e., Fergus, Roseville and Brantford (Figure 3.17). Detailed 

station information is given in Table 3.5. Observed monthly meteorological data, including 

maximum, minimum and mean temperature, rainfall, snow, precipitation and wind speed, 

were derived from Environment Canada’s National Climate Data and Information Archive. 

Historic daily hydrometric data at the Brantford station, which has a gross drainage area of 

5,200 km2, were obtained from the Government of Canada’s National Water Data Archive.  

 

3.2.4. Results and Discussion 

3.2.4.1. Validation of the PRECIS Outputs 

The capability of a particular climate model to simulate recent climates can provide 

confidence in the model’s ability to predict future climatic changes. Three simulations with 
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different lateral boundary conditions, known as addfa, addfb and addfc, were carried out 

to hindcast the baseline climate during 1961-1990. To assess the PRECIS’s performance 

on local basis, twelve meteorological stations over Ontario were selected for the validation 

of temperature and precipitation. The validation of PRECIS precipitation outputs have been 

presented in previous studies (Wang et al., 2014). Figure 3.19 presents comparisons of 

observed and simulated 30-year monthly mean temperature for four stations as an example 

to validate the temperature modelling results. It is indicated that the simulated results 

generally match well with the observed data. The simulated temperature is a little higher 

that the observation in January and February in Windsor and Wiarton. This is because the 

mountains in Central Ontario may have significant influence on the local weather, and 

PRECIS might not be capable of fully-capturing the complex topographic features (Ul 

Islam et al., 2009). 

To further assess PRECIS’s performance in simulating the temperature change over 

Ontario, the PRECIS outputs were compared to the results of the Canadian Regional 

Climate Model (CRCM) (Bourdages and Huard, 2010). The validation and comparison 

results of seasonal average temperature and precipitation are presented in Figure 3.20 and 

Figure 3.21, respectively. Seasonal variation is indicated by grouping of points with similar 

symbols. The distance of each point from the x = y line (i.e., the blue line) is inversely 

proportional to PRECIS’s ability to simulate the baseline climate. The results indicate that 

changes of temperature are well simulated by the PRECIS in the three simulations, expect 

that there are some slight underestimations during winter. Biases in precipitation are greater 

and less consistent but the ensemble of points is centered on the 1:1 line. 
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Figure 3.18. Locations the selected meteorological stations in Ontario 
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Table 3.4. Locations of the twelve selected meteorological stations in Ontario 

No. Station Name Latitude Longitude Attitude 
1 Windsor Airport 42.28° N 82.96° W 189.6 m 
2 London International Airport 43.03° N 81.15° W 278.0 m 
3 Toronto City Center Airport 43.63° N 79.40° W 173.4 m 
4 Toronto Pearson International Airport 43.68° N 79.63° W 76.8 m 
5 Wiarton Airport 44.75° N 81.11° W 114.0 m 
6 Ottawa International Airport 45.32° N 75.67° W 222.2 m 
7 North Bay Airport 46.36° N 79.42° W 370.3 m 
8 Sault Ste Marie Airport 46.48° N 84.51° W 192.0 m 
9 Timmins Victor Power Airport 48.57° N 81.38° W 383.4 m 
10 Sioux Outlook Airport 50.12° N 91.90° W 294.7 m 
11 Moosonee 51.27° N 80.65° W 9.1 m 
12 Big Trout Lake 53.83° N 89.87° W 224.1 m 
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Table 3.5. Selected meteorological and hydrometric stations of the Grand River 

Watershed 

Station Name 
Latitude 

(º) 

Longitude 

(º) 

Elevation 

(m) 
Station Type Data Length 

Fergus 43.7 -80.38 396.2 Meteorological  1963-2006 

Roseville 43.35 -80.47 328 Meteorological 1972-2006 

Brantford 43.13 -80.23 196 Meteorological 1960-2006 

Brantford 43.13 -80.23 196 Hydrometric 1913-2013 
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Figure 3.19. Comparisons of annual mean temperature at stations: Windsor, Toronto City 

Center, Wiarton, and Big Trout Lake 
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Figure 3.20. The CRCM’s and the PRECIS’s temperature simulation results  
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Figure 3.21. The CRCM’s and the PRECIS’s precipitation simulation results 
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The R2 values for seasonal average temperature in the three simulations are 1.00, 

1.00, and 0.99, respectively; and those for seasonal average precipitation are 0.57, 0.53 and 

0.58, respectively. Compared to the results of previous RCM studies, PRECIS’s 

performance is reasonably good (Huang et al., 2006; Farwell et al., 2008; Bourdages and 

Huard, 2010; Sun et al., 2011; Dehghani et al., 2015). The comparison results also indicate 

that the seasonal mean temperature are well simulated by both the CRCM and the PRECIS. 

Particularly, PRECIS can provide a better simulation for the temperature in spring, summer 

and autumn. Meanwhile, it can provide fairly good precipitation simulation results.  It is 

thus demonstrated that the PRECIS model provides reasonable temperature and 

precipitation projections for the Province of Ontario. The climate projections generated by 

the PRECIS can be used to provide inputs for the hydrological modeling and forecasting 

for the watersheds in Ontario.  

 

3.2.4.2. Validation of HIM 

The proposed HIM was used to predict the future discharge at the Brantford station 

of the Grand River Watershed. The monthly river discharge (m3/s) at the Brantford station 

was identified as the only predictand. Because HIM has the ability to screen the most 

relevant predictors by identifying the predictor that leads to a minimum Wilks’ statistics 

during the test of optimal cutting points, it is recommended to give considerations to all the 

potential hydrologic responses and consider all the possible predictors as long as data 

availability allows. In this study, with full considerations to the availability of observation 

data and the PRECIS output data, monthly maximum, mean and minimum temperature, as 

well as precipitation at the Fergus, Roseville and Brantford stations were selected as the 
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twelve predictors of HIM. The length of training period is important since the prediction 

of HIM is based on the clustering tree generated from the training data. A relatively long 

validation period is also needed for the evaluation of model performance. Therefore, the 

HIM for the Grand River was trained using meteorological and hydrologic data from 1972 

to 1999, and it was validated using the 2000-2006 data.  

A total of 294 training samples generated a clustering tree with 197 nodes and 70 end 

nodes, which presented 70 tip clusters. The clustering tree is given in Figure 3.22. Each 

box represent a subset during the training process. The grey boxes are the intermediate 

subsets, and the green boxes are the end subsets (i.e., the leaves). For a sample set 

, the prediction process starts at the root of the clustering tree (i.e., Node 1). 

The sample set goes to Node 2 if , and it goes to Node 3 if otherwise. The sample 

set can follow the path from one node to another until it arrives at the end node (i.e., the 

leaf), which represents a certain cluster and is given as the green box in the figure.  

 Scatter plots of the observation and forecast results during the training (1972-1999) 

and validation (2000-2006) periods are given in Figure 3.23. The group of points is 

centered on the 1:1 line, which implies a reasonably good model performance. Statistical 

coefficients including R2 and NSE are also given to evaluate the model’s performance. A 

perfect match of forecast discharge to observed data is when R2 = 1 and NSE = 1 (Adamala 

et al., 2013). The R2 values for the training and validation of HIM are 0.93 and 0.73, 

respectively; and the NSE values are 0.93 and 0.71, respectively. Both the R2 and NSE 

results are considered satisfactory, and they demonstrate HIM’s good forecast quality. 
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Figure 3.22. Clustering tree of the HIM 

  

P≤0.05 



96 
 

Observed and forecast monthly river discharges at the Brantford station, as well as 

the observed monthly precipitation at the Roseville, Brantford and Fergus stations from 

1972 to 2006 are presented in Figure 3.24. The results show a good fit between the observed 

and forecast hydrographs during the study period, and the monthly discharge peaks are 

well captured. It is implied that HIM is able to imitate the relationships between river 

discharges and the climatic factors. 

To further compare HIM’s performance with those of other popular hydrological 

models, a Support Vector Machine (SVM) model and an Artificial Neural Network (ANN) 

model were applied and validated using the same training and validation data. The SVM 

and ANN models are well-known data-driven hydrological models (Kisi and Cimen, 2011). 

Seven statistical goodness-of-fit measures were used to evaluate the performances of the 

three models (Table 3.6). Among the seven statistics, R2, NSE, IA, CP, and KGE take 

values smaller or equal to 1, with the latter corresponding to a perfect model performance.  

R2 estimates the combined dispersion against the single dispersion of the observed 

and predicted values, and NSE quantifies the differences between the observed and 

predicted values as squared values (Krause et al., 2005). Both R2 and NSE are not sensitive 

to systematically overestimation or underestimation. IA is an improved measurement over 

R2 (Gobiet et al., 2014). Owing to the squared differences, it is more sensitive to extreme 

values and can be used to evaluate the performance in predicting extreme discharges 

(Legates and McCabe Jr, 1999).  

CP is particularly useful for conceptual and data driven hydrologic models, where 

the assumption that the best estimate for the future is given by the latest measurement can 

be justified (Kitanidis and Bras, 1980).   
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Figure 3.23. Scatter plots of the observation and forecast results during the training 

(1972-1999) and validation (2000-2006) periods 
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Figure 3.24. Time series of the observation and forecast results 
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KGE was proposed by Gupta et al. (2009), as an improved measurement over NSE. 

It can provide diagnostic insights into the model performance because of the decomposition 

into correlation, bias term and variability term. The statistic was modified by Kling et al. 

(2012) to ensure that the bias and variability ratios are not cross-correlated.  

The results of R2, NSE, IA, CP, and KGE tests all indicate that the performance of 

HIM is satisfactory compared to those of SVM and ANN during the training and validation 

periods. It is also shown that, in terms the R2, NSE, IA and CP values, ANN provides a 

better fit between the observed and forecast river discharges than SVM during the training 

period. However, its performance is slightly worse than that of ANN during the validation 

period, expect that the KGE value of ANN during the validation is higher than that of SVM. 

It is implied that ANN gives a better fit take into consideration of the three components 

including correlation, bias and variability.  

As for the MAE and PB criteria, they reflect the overestimation or underestimation 

directly and thus can compensate the disadvantages of R2 and NSE. Their low-magnitude 

values indicate accurate model performance and a value of 0 indicates a perfect fit. It is 

shown that HIM can give the lowest MAE for both the training and validation periods. The 

PB test results indicate that the HIM can provide the best performance during the training, 

whereas it is slightly less accurate than SVM during the validation period. This is because 

there are some underestimation biases in the HIM validation results (Wang et al., 2013). 

The results of the performance evaluation with the seven statistics indicate that HIM is 

capable of obtaining a good fitting of monthly discharges at the Brantford station in the 

Grand River Watershed.  
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Table 3.6. Performances of the HIM, SVM and ANN models 

Statistic 
 Training   Validation 
HIM SVM ANN  HIM SVM ANN 

R2 0.93 0.69 0.91  0.73 0.68 0.53 
NSE 0.93 0.67 0.91  0.71 0.66 0.46 
MAE  7.27 15.28 9.53  12.68 14.11 18.82 
PB -0.50 -7.00 0.60  -8.40 -6.10 -10.20 
IA 0.98 0.88 0.98  0.91 0.87 0.85 
CP 0.95 0.74 0.93  0.75 0.70 0.53 
KGE 0.95 0.66 0.93  0.78 0.64 0.70 
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3.2.4.3. Future Climate Projections 

The climate change projections for the period of 2071-2100 were generated to 

support the prediction of water availability changes in the Grand River Watershed by the 

end of the 21st century. The 30-year mean annual temperature and precipitation changes 

under Scenarios A2 and B2 (2071-2100) compared to the baseline period (1961-1990) are 

shown in Figure 3.25 and Figure 3.26, respectively.  

During 1961-1990, the annual mean temperature at the Roseville, Fergus and 

Brantford stations was 7.1, 7.1 and 8.1 °C, respectively. The temperature in the watershed 

is projected to rise by 7.7 - 8.3 °C and 6.1 - 6.6 °C within the watershed under Scenarios 

A2 and B2, respectively. The projected temperature exhibits a latitudinal gradient where it 

is 1.0 - 2.0 °C higher in the lower Grand River than it is in the upper Grand River. 

There was a general intra-annual pattern that the temperature reached the highest in 

summer and dropped down to the lowest in spring and winter during the baseline period 

(Figure 3.27). The temperature during 2071-2100 is projected to exhibit a similar pattern, 

where it would be highest in July and August and lowest in spring and winter. The 30-year 

mean monthly temperature would increase significantly at the Brantford station under 

Scenarios A2 and B2 compared to the baseline scenario, while the annual cycle patterns of 

the temperature in the projections would stay the same. The lowest 30-year mean monthly 

temperature in the future projections would occur in January at the Brantford station under 

Scenarios A2 and B2, the same as it was during the baseline period. However, the lowest 

mean monthly temperature is projected to change from January to March at the other two 

stations under both scenarios. 
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Figure 3.25. Annual temperature changes under Scenarios A2 and B2 (2071-2100) 

compared to the baseline period (1961-1990) 
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Figure 3.26. Annual precipitation changes under Scenarios A2 and B2 (2071-2100) 

compared to the baseline period (1961-1990) 
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While the temperature are projected to increase over the entire watershed, the 

changes of precipitation is expected to vary across the area. No latitudinal gradient in 

precipitation would be observed, and the precipitation will vary spatially under the two 

scenarios. The annual precipitation amounts at the Roseville, Fergus and Brantford stations 

from 1961 to 1990 was 909, 888 and 910 mm, respectively. Annual precipitation is 

projected to change by -310 - 7 mm and -243 - 26 mm under Scenarios A2 and B2, 

respectively. 

There is expected to be significant changes in the inter-annual precipitation 

distribution under the two scenarios. The precipitation in the baseline climatology exhibits 

an overall pattern of rising from January slowly, reaching its peak in June, falling from 

June to August, and then gradually increasing again. The annual cycles of monthly 

precipitation from 2071 to 2100 at the Roseville, Fergus and Brantford stations are 

presented in Figure 3.28.  

The results imply that the precipitation variation will be more intense than it was in 

the baseline period. Precipitation in the Grand River Watershed would increase slowly from 

February to April, reach its peak in May and then start to decrease over the remainder May 

and June. The events with abundant rainfall would occur in early spring, and it is not likely 

to occur in June any more. On the contrary, July and August are expected to be the driest 

months throughout the year. The precipitation will rise again from September and then 

reach a second peak in December and January. As a result, there would be higher 

occurrence probability of floods in early spring and drought hazards in summer (Trenberth, 

2011; López-Moreno et al., 2014).  
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Figure 3.27. Annual cycle of monthly temperature under Scenarios A2 and B2 (2071-

2100) at the Roseville, Fergus and Brantford stations 
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Figure 3.28. Annual cycle of monthly precipitation under Scenarios A2 and B2 (2071-

2100) at the Roseville, Fergus and Brantford stations 
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The results are consistent with the previous studies which indicate a wet-get-wetter, 

dry-get-drier pattern in precipitation (Marvel and Bonfils, 2013; López-Moreno et al., 

2014). Particularly, similar trends of intensifying precipitation was also found in other areas 

in Southern Ontario (Grillakis et al., 2011). The intra-annual precipitation distribution 

changes may result from the temperature increase, which causes an intensification of the 

hydrological cycle and thus contributes to the strengthening of precipitation patterns 

(Grillakis et al., 2011; Marvel and Bonfils, 2013). 

 

3.2.4.4. Future Discharge Forecast 

The effects of climatic change on freshwater resources in the Grand River Watershed 

towards the end of the 21st century were studied using the PRECIS outputs as predictor 

data for the HIM. The 30-year mean monthly discharges under baseline conditions (1961–

1990) and climate change scenarios are presented in Figure 3.29.  

Compared with the baseline, significant discharge decreases are expected from June 

to October under the two future scenarios. This is because much less rainfall will be 

received in the summers, according to the PRECIS projections. Precipitation increase in 

winter will contribute to increases in river discharges under Scenario B2. However, almost 

all of the monthly mean discharges under Scenario A2, except January, will be lower than 

the baseline values. The river discharge variation in the baseline indicates that the discharge 

typically reached its peak in March, when the season changed to spring and snow started 

to melt.  
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Figure 3.29. Annual cycle of monthly runoff under Scenarios A2 and B2 (2071-2100) and 

Baseline (1961-1990) at the Roseville, Fergus and Brantford stations 
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In the future scenarios, it is very likely that the discharge would remain at a high level 

for four to five months from December to April, rather than gradually arriving at a peak 

and then starting to decrease. The results are consistent with the global studies, which imply 

that the hydrological response to warming is an increase of the spring streamflow peak in 

snow-dominated regions (Nijssen et al., 2001). Due to the shift in river runoff peaks from 

summer and autumn to winter and spring, more concerted efforts will be needed to cope 

with the increasing river flow during winter and spring, as well as the possible insufficient 

water supply in summer and autumn (Barnett et al., 2005; Najafi and Moradkhani, 2015). 

Exceedance probability curves and histograms of the annual mean discharges in 

Scenarios A2 and B2 and the baseline conditions are presented in Figure 3.30. The 

frequency of low monthly mean discharge of 20 - 30 m3/s will increase from 15% in the 

baseline period to 35% and 34% from 2071 to 2100 under Scenarios A2 and B2, 

respectively. The frequency of high monthly mean discharge over 150 m3/s will change 

from 1.9% during the baseline period to 1.7% and 13.3% under Scenarios A2 and B2, 

respectively. 

It is implied that the distribution of precipitation in time would be uneven and there 

is expected to be tremendous temporal variability in water resources in the Grand River 

watershed. Similar changes in the seasonal patterns of water resources have been revealed 

in many other watersheds worldwide (Oki and Kanae, 2006; Piao et al., 2010; Gobiet et al., 

2014). It is imperative for water managers of the Grand River watershed to take actions to 

adapt to the anticipated changes.  
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Figure 3.30. Exceedance probability curves and histograms of annual mean discharges in 

Scenarios A2 and B2 and Baseline conditions 
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In the aforementioned hydrological analyses, discharges were estimated using the 

mean values of the leaf samples in the clustering tree. Future discharge intervals can be 

obtained by further analyzing the leaf samples. In this study, future discharge intervals 

were generated by calculating the percentiles of the leaves. The 75% and 25% percentiles 

were used as the upper and lower bounds of discharges, respectively. Future changes of 

annual mean monthly discharge intervals at the Brantford station under Scenarios A2 and 

B2 (2071-2100) are shown in Figure 3.31. It indicates that the discharge at the Brantford 

station would fluctuate over a 3-5 year cycle, leading to inter-annual variations of wet and 

dry years. There will generally be more water resources in Scenario B2 than those in 

Scenario A2. Discharges under Scenario B2 are expected to be higher than the 30-year 

observed average, while those under Scenario A2 will be generally lower than the average. 

According to the previous studies, the effects of climate change scenarios on 

hydrological responses can be analyzed through their impacts on temperature, precipitation 

and evapotranspiration (Legates and McCabe Jr, 1999; Jyrkama and Sykes, 2007). A 

relatively high temperature increase is projected for Scenario A2 owing to its higher GHG 

emission. This may lead to high potential evapotranspiration and consequently the 

reduction of surface runoff (Kitanidis and Bras, 1980; Kisi and Cimen, 2011). On the other 

hand, the intermediate economic development with moderate use of environment-friendly 

technologies under Scenario B2 may lead to a hydrologic cycling pattern that provides 

more abundant surface runoff (Krause et al., 2005). The predicted intervals of river 

discharge can be used as input data for many environmental management models, such as 

water resources optimization, waste-load allocation and wetland management, to provide 

decision support for water managers (Lv et al., 2013; Li et al., 2014; Miao et al., 2014). 
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Figure 3.31. Future changes of annual mean discharge at the Brantford station under 

Scenarios A2 and B2 (2071-2100) 
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3.2.5. Summary 

Given the watershed’s role as a vital regional resource, a climate change adaptation 

strategy for the Grand River Watershed is of great importance for the Province of Ontario, 

Canada. In this study, the Providing Regional Climates for Impacts Studies (PRECIS) 

experiments were conducted to simulate the historic and future climate change in the Grand 

River Watershed. Future climate projections (2071 -2100) under IPCC SRES A2 and B2 

emission scenarios were generated with resolutions of 25 km × 25 km. Meanwhile, a 

Hydrological Inference Model (HIM) based on stepwise cluster analysis was proposed to 

forecast future monthly discharges at the Brantford Station of the Grand River. The 

proposed HIM was trained using the 1972-1999 data from four meteorological and 

hydrometric stations in the Grand River Watershed, and it was validated using the 2000-

2006 data. The PRECIS future simulation outputs were used as HIM inputs to further 

project monthly discharges of the Grand River under changing climatic conditions. 

Discharge intervals were also generated, to reflect the uncertainties in climatic and 

hydrological systems and to provide more alternatives for future water managers. 

The results indicated that the annual mean temperature from 2071 to 2100 over the 

entire watershed would increase by 6.1 - 8.3 ºC degrees under Scenarios A2 and B2, 

compared with the annual mean temperature in the baseline period (1961-1990). The inter-

annual distribution of precipitation will be significantly altered. Precipitation is expected 

to decrease in summer and increase in winter and spring. Consequently, the intra-annual 

distribution of water availability will change. The water managers are expected to confront 

water scarcity in summer and autumn and water abundance in winter and spring. Moreover, 
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the scenario-wise analyses demonstrate that there will be more precipitation and more 

abundant water resources in Scenario B2 compared with Scenario A2. Optimization and 

management of Grand River's abundant water resources will be particularly prescient in 

Scenario B2, while drought mitigation will be necessary in Scenario A2. 

This study proposes a hydro-climatic modeling chain for the assessment of climate 

change impacts on river discharge. The developed HIM can effectively cluster and 

characterize the complex relationships among climate and hydrological variables, and 

provide satisfactory performance in river discharge prediction. Meanwhile, it can 

automatically tackle the nonlinear correlations among the predictors and screen the most 

relevant ones by searching a minimum Wilks’ statistic during the cluster process. Moreover, 

it provides a significance level in each clustering step such that the uncertainties of the 

training process could be controlled. The HIM’s simple and straightforward model 

structure makes it a desirable tool for fully utilizing various climate-modeling outputs and 

investigating the impacts of climate change on water resources under uncertainties. It can 

also generate interval prediction results and providing multiple alternatives for decision 

makers. However, the discharge prediction in this study was on a monthly basis. The results 

need to stand separate from similar assessment that relies on daily data, and the proposed 

model can be improved to provide predictions with higher temporal resolutions. Besides, 

the HIM has some drawbacks in describing the underlying hydrological process compared 

with the existing physically based hydrological models (Solomatine and Ostfeld, 2008; Xu 

et al., 2010; Liu et al., 2011). More predictors related to the underlying processes of the 

hydrologic cycle, such as evapotranspiration, snow melt and groundwater recharge should 

be introduced in future studies. Furthermore, studies of the impacts of future climate 
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change on river discharge could be improved by adopting a bias correction or a multi-

model ensemble in order to quantify more uncertainties associated with climate modeling.  

 

3.3. Stochastic Simulation and Forecast of Hydrologic Time Series Based on Stepwise 

Cluster Analysis and Polynomial Chaos Expansion 

3.3.1. Background 

Hydrological modeling involves highly complex water, soil and energy processes, 

where extensive uncertainties exist (Blöschl and Sivapalan, 1995). Such uncertainties need 

to be quantified to enhance the reliability of modeling results (Hossain et al., 2004; 

Refsgaard et al., 2007). Hydrologic models use a collection of equations to estimate runoff 

as a function of various watershed inputs and parameters (Kavetski et al., 2006). How to 

quantify and address the uncertainties associated with hydrological models, the simplified 

representations of watersheds, has been a challenging topic during past decades (Beven 

and Binley, 1992; Montanari et al., 2009; Renard et al., 2010).  

In order to support robust uncertainty analysis, a number of methods for stochastic 

hydrologic simulation have been developed (Smith and Hebbert, 1979; Prairie et al., 2006; 

Del Giudice et al., 2016). Numerical Monte Carlo (MC) simulation is considered to be one 

of the most popular tools to quantify the uncertainties in the flow predictions (Ballio and 

Guadagnini, 2004; Yoon et al., 2013). Smith and Hebbert (1979) used MC technique to 

analyze the effects of uncertain soil infiltration properties on the hydrologic performance 

of watersheds. Yoon et al. (2013) proposed a null-space MC method for the prediction of 

groundwater flow. While the MC framework is conceptually straightforward and 
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structurally flexible, it is recognized as a computationally intensive approach (Doucet et 

al., 2000; Salakhutdinov and Mnih, 2008). More recently, the Polynomial Chaos Expansion 

(PCE) has been receiving increasing attention as an alternative technique to represent 

various stochastic processes and to analyze uncertainty propagation in hydrological 

systems (Xiu and Karniadakis, 2003; Najm, 2009; Luchtenburg et al., 2014). The PCE 

employs a set of Hermite orthogonal polynomials in terms of standard normal random 

variables to represent the probabilistic uncertainties in the outputs of hydrological models 

(Xiu and Karniadakis, 2002). It can be integrated with Probabilistic Collocation Method 

(PCM) to avoid the huge number of repeated simulations in the conventional Monte Carlo 

analysis (Zhang et al., 2013). Due to its computational efficiency and satisfactory 

performance, PCE has been widely applied to various hydrological systems, such as the 

simulation of incompressible flow, flow in porous media, and river runoff (Knio et al., 

2001; Wan and Karniadakis, 2006; Zhang et al., 2013). However, the previous studies 

mainly focus on the approximation of existing modeling results (Eldred and Burkardt, 2009; 

Najm, 2009). Very little has been done on the exploration and expansion of PCE’s 

capability in probabilistic forecasting.  

Therefore, the objective of this study is to propose an improved PCE method for the 

stochastic simulation and forecast of hydrologic time series. This entails the following tasks:

(1) to propose a Stepwise-Cluster-Analysis-Based Polynomial Chaos Expansion (SPCE) 

framework to enable the traditional PCE technique to provide probabilistic forecast; (2) to 

formulate a PCE as a surrogate for the widely used hydrological model, the HYMOD, and 

apply it to the Xiangxi River Watershed in China to demonstrate its applicability; (3) to 
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conduct Monte Carlo analyses to evaluate SPCE’s performance in characterizing and 

quantifying the uncertainties in the HYMOD system.  

 

3.3.2. Methodology 

3.3.2.1. Polynomial Chaos Expansion 

The Polynomial Chaos Expansion (PCE) method originated from the homogeneous 

chaos theory proposed by Wiener (1938). In the PCE method, a series of expansions of 

Hermite polynomials in terms of Gaussian random variables is used to relate the 

uncertainties of model outputs to those of model inputs (Crestaux et al., 2009). Thus, PCEs 

can reflect the evolution and propagation of uncertainty in a dynamic system with random 

inputs (Debusschere et al., 2004; Fan et al., 2015). 

As for hydrological systems, the PCE method can be effective in quantifying the 

uncertainties arisen in model parameters (Najm, 2009; Laloy et al., 2013). Consider a 

hydrological model ( , )t ty f x c , where ty  is the model output vector at time t, tx is the 

input vector at time t, and c  is the parameter vector. When the model parameters are 

random variables, ty  is in a probabilistic space. By applying standard Gaussian random 

variables transformation algorithms proposed in previous studies (Isukapalli, 1999), the 

parameter vector can be standardized and given as [ ( )]c T c , where 

1 1 2 2( ) [ ( ), ( ),..., ( )]T
n nc c c c  and ( )n nc  (for n = 1,2,…) is a standard normal 

random variable with a mean of zero and a standard deviation of one (Cigizoglu, 2005). 

Then, ty  can be estimated using a PCE as follows: 
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where 0a , 0a , ..., 
1 ,..., pi ia  are the coefficients in the polynomial and 

1 2
( , ,..., )

pp i i i  are the Hermite polynomials of order d with regard to the standard 

normal random variables 
1 1 2 2
( ), ( ),..., ( )

p pi i i i i ic c c . The Hermite polynomial is 

expressed as: 

 

1 2

1 2

1/2 1/2( , ,..., ) ( 1)
...

T T

p

p
p

p i i i
i i ip

e e (3.27)  

 
Given a dimension of M random variables and the polynomial of order p, the total 

number of terms N for the PCE in Equation 3.26 is given as: 

 
( )!

! !
M pN
M p (3.28)  

Some examples of N are given in Table 3.7, which indicate that computational 

requirement increases as the order of polynomial increases and the number of random 

variables increases. Then, Equation 3.26 can be re-written as: 

 

 
1

0
( , ( ) )) (t t

N

t jt j
j

x xy ac (3.29) 
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Table 3.7. Number of terms for M-dimensional p-order PCE 

Dimension Order Number of terms 
1 1 2 
2 1 3 
3 1 4 
4 1 5 
1 2 3 
2 2 6 
3 2 10 
4 2 15 
1 3 4 
2 3 10 
3 3 20 
4 3 35 
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For example, the number of terms for a 2-dimensional 2-order PCE is 6, and the PCE 

can be given as: 

 
0 1 1 2 2

2 2
3 1 4 2 5 1 2

( , ) ( ) ( ) ( )

( ) 1) 1 ))( ( )( (
t t t

t t t

t ty a a a

a a

x c x x

x a

x

x x
(3.30)

 
To estimate the coefficients ( )tia x , the probabilistic collocation method (PCM) can 

be applied using the input data, model outputs, and the estimates of the PCE at a collection 

of collocation points (Tatang et al., 1997). In this study, the selection of collocation points 

is based on the roots of the Hermit polynomial of one degree higher than the order of the 

PCE (Li and Zhang, 2007). For example, the collocation points selected for a 2-order PCE 

are the roots of the 3-order Hermit polynomial 3
3 ( ) 3 0He = , which are 3 , 0, 

and 3 . This selection technique is analogous to Gaussian quadrature, which can lead to 

more accurate results than the random selection technique (Cigizoglu, 2005). The number 

of collocation points for a M-dimensional p-order PCE is given as (Abrahart and See, 2000): 

  
1 M

cN p (3.31)  

 
For example, for a 2-dimensional 2-order PCE, the total number of the collocation 

points is 9. The collection of the collocation points for the two random variables  

are: ( , ), ( , 0), ( , ), (0, ), (0, 0), (0, ), ( , ), ( , 

0), ( , ). More examples for M-dimensional p-order PCEs are given in Table 3.8. 

1 2
( , )i i

3 3 3 3 3 3 3 3 3 3

3 3
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Table 3.8. Number of collocation points for M-dimensional p-order PCE 

Dimension Order 
Number of 

collocation points Hermite polynomial Roots 
1 2 3 

3
3 ( ) 3He  0, 3  2 2 9 

3 2 27 
1 3 3 

4 2
4 ( ) 6 3He  3 6  2 3 9 

3 3 27 
1 4 4 

5 3
5 ( ) 10 15He  

0, 

15 10  
2 4 16 
3 4 64 

 

  



122 
 

With the collocation points obtained through PCM, the coefficients ( )tia x  given in 

Equation 3.26 can be determined by establishing a set of linear equations based on the 

model simulations at the selected collocation points. According to Huang et al. (2007), by 

employing more collocation points than the total number of coefficients ( )tia x , the 

established set of linear equations can be solved through regression-based method, thus the 

values of ( )tia x  can be determined.  

 

3.3.2.2. Stepwise-cluster-analysis-based Probabilistic Collocation Expansion 

The aforementioned PCE method can be used to approximate model outputs under 

the uncertainties of random inputs. It is an efficient tool to facilitate stochastic simulation 

based on complicated models. However, its capability of forecasting is very limited (Nagy 

and Braatz 2007; Najm 2009; Wang et al. 2015). Since the estimation of the time-variant 

coefficients in PCE depends on the model simulation at the selected collocation points, 

PCE cannot provide forecasting results independently without running the given 

complicated model (Fan et al. 2015).  

To enhance PCE’s capability in stochastic simulation, particularly stochastic 

forecasting, a Stepwise-Cluster-Analysis-Based Polynomial Chaos Expansion (SPCE) 

method is proposed in this dissertation.  

Stepwise-cluster analysis (SCA) is a type of non-parameter regression technology, 

the essence of which is to form a classification tree in the sense of probability, based on a 

series of cutting or mergence processes according to given statistical criteria (Sun et al., 

2009). The stepwise cluster analysis (SCA) method is specifically designed for imitating 
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multiple input–output systems with discrete and nonlinear characteristics. It was used to 

predict air quality in the urban environment (Huang, 1992). Recently, it was successfully 

applied in several environmental modeling such as petroleum-contaminant simulation and 

climate modeling (Huang et al., 2006; Sun et al., 2009). It has been recognized as an 

effective tool for tackling discrete and non-linear complex relationships.  

In the SPCE method, stepwise cluster analysis is introduced to the traditional PCE 

and PCM framework to establish complex discrete relationships between model inputs and 

the coefficients in PCE. Thus, SPCE can construct a surrogate for complicated models for 

probabilistic prediction. The flowchart of the SPCE is presented in Figure 3.32. The 

forecasting algorithm of SPCE is described as follows: 

Let 1 2( , , , )t tt tnx xx x  be the set of input variables at time t. The coefficients 

( )tia x  of the PCE surrogate for model ( , )t ty f x c  can be determined using the 

polynomial chaos and probabilistic collocation methods described in Section 3.1.2.1. T 

samples can be obtained by collecting historic data of the input variables and the estimated 

PCE coefficients at each simulation time step.  

Thus, the training matrix for stepwise cluster analysis can be generated as follows: 

 

 

11 1 2 1111 12

21 2 2 2221 22

1 2 2

( )    ( ) ( )
( )    ( ) ( )

      
     

( )( ) ( )

tr

jn

jn

t t tn j tt t t

xa x xxx x
xa x xxx x

x x x xx
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x
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M
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       (3.32) 
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Figure 3.32. Flowchart of the proposed SPCE method 
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Following the algorithm of stepwise cluster analysis given in Section 3.1.2.1, the 

cluster tree that reflects the complex nonlinear relationships between model inputs and its 

PCE coefficients can be obtained. Then, with the future data of input variables 'tx  at time 

step t, the corresponding value of )' ( 'tia x  can be predicted. Thus, the model outputs for 

future time series can be obtained using the following PCE:  

 
1
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1 1 2

1 2

1 2 3 1 2 3
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   (3.33) 

 

3.3.3. Study System 

3.3.3.1. Study Area 

The proposed stochastic simulation approach is applied to the Xiangxi River 

Watershed (110°25’ - 111°60’ E, 31°4’–31°34’ N). The Xiangxi River is a main tributary 

of the Yangtze River, the longest river in China. It is in vicinity of China’s largest reservoir, 

the Three Gorges reservoir. The Xiangxi River Watershed is a representative watershed in 

the mountainous area with a subtropical continental monsoon climate in Southern China. 

Precipitation, potential evapotranspiration and flow data during the period of 1991 – 2008 

were collected from the Xingshan station on River. The draining area of the Xingshan 

hydrologic station is approximately 3,200 km2 (Han et al., 2013).  
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Figure 3.33. Observed meteorological data at the Xingshan Station from 1991 to 2008 
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Figure 3.34. Observed flow data at the Xingshan Station from 1991 to 2008 
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The variation of the meteorological and flow conditions are presented in Figure 3.33 

and Figure 3.34, respectively. Detailed topographic, climatic and hydrological background 

of this watershed are given in Section 3.1 of this dissertation.  

 

3.3.3.2. The HYMOD Model 

The HYMOD model is used in this study to simulate the daily streamflow at the 

Xingshan Station in the Xiangxi River Watershed. It is a well-established conceptual 

watershed model proposed by Moore (1985). It has been extensively discussed in previous 

studies (Van Delft et al., 2009; Singh and Bárdossy, 2012; Shafiei et al., 2014). This model 

relates the precipitation and potential evapotranspiration in a watershed to the outlet 

streamflow. A schematic overview of the model structure is presented in Figure 3.35. The 

model consists of a rainfall excess model, three linear quick tanks and a slow rank (Vrugt 

et al., 2005). The rainfall excess model describes precipitation, evapotranspiration, and 

excessive runoff processes. The three identical quick flow tanks describe the routing of 

water that flows directly into the river. The slow flow represents the water that flows 

indirectly into the river in the form of groundwater (van Delft, 2007). The HYMOD model 

is established based on the concept of probability-distributed soil storage capacity (Moore, 

1985).  

In the model, the watershed is considered as many points with a certain soil moisture 

capacity (Fan et al., 2015). As soil properties vary spatially, the soil moisture capacity of a 

watershed is a random value, and its cumulative distribution function can be modeled as 

follows (Moore, 1985): 
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Figure 3.35. Schematic overview of the HYMOD model 
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exp

max
max

( ) 1 [1 ] ,0bcF c c C
C                   (3.34) 

 
where c is the soil moisture capacity, maxC  is the maximum soil moisture capacity within 

the watershed and expb  is the degree of spatial variability of soil moisture capacities.  

There are five state variables in the HYMOD model, including: 

o lossx : the amount of water stored in the watershed; 

o slowx : the amount of water in the slow flow tank; 

o quickAx : the amount of water in the first quick flow tank;  

o quickBx : the amount of water in the second quick flow tank;  

o quickCx : the amount of water in the third quick flow tank. 

 

To calculate the state variables and the output flow, the HYMOD model uses five 

parameters to model the properties of the watershed. Parameters maxC  and expb  determine 

the shape of the cumulative distribution function curve that reflects the probability of the 

occurrence of a certain soil moisture capacity c (Vrugt et al., 2008). Alpha, , is the 

partitioning factor regarding the quick flow tanks series and the slow flow tank. qT  and 

sT  are the residence time of the quick flow tank and the slow flow tank, respectively. They 

determine the flow routing. The prior ranges of the five parameters used in this study are 

given in Table 3.9. The HYMOD uses two series of input data: mean precipitation, denoted 

as P (mm/day), and potential evapotranspiration, denoted as ET (mm/day). 
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3.3.4. Results and Discussion 

3.3.4.1 Validation of the PCE Method 

In this study, the five HYMOD parameters, including maxC , expb , , qT , and sT , 

were considered as random variables. Thus, the PCE dimension was five. Distributions of 

the five parameters were initially given as uniform distributions with their ranges given in 

Table 3.9. The uniform distributions were then converted to standard normal distributions 

for the formulation of PCE.  

As indicated in previous studies, a PCE with only low order terms is capable of 

providing accurate approximations (Lucas and Prinn, 2005; Fan et al., 2015). Therefore, a 

5-dimensional 2-order PCE was established to analyze the uncertainty propagation within 

the HYMOD system. According to Equation 3.28, the total number of terms for PCE 

required for the approximation was 21, as presented as follows: 

 
0 1 1 2 2 3 3 4 4

2 2 2
5 5 6 1 7 2 8 3

2 2
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17 2 5 18 3 4 19 3 5 20 4 5( ) ( ) ( ) ( )t t t ta a a ax x x x

(3.35) 

 
Following the PCM algorithm, the roots of the 3-order Hermite polynomial (i.e., 0 

and 3 ) were selected for the five random variables 1 2 3 4 5( , , , , ) , and a total 

number of 35 collocation points (see Equation 3.31) were selected. 
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Table 3.9. Prior ranges of the five HYMOD parameters  

Parameter Description Unit Range 

maxC  maximum soil moisture capacity within the 
watershed mm [150, 500] 

expb   the degree of spatial variability of soil 
moisture capacities - [5, 15] 

 partitioning factor between the quick and 
slow flow - [0.01, 0.99] 

qT  residence time of the quick flow tank day [0.01, 0.99] 

sT  residence time of the quick flow tank day [0.01, 0.99] 
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The HYMOD runs at the selected collocation points were conducted using the 

precipitation, evapotranspiration and flow data during 1991-2003. Then, the values of the 

21 PCE coefficients, namely, 0 1 21, ,...,a a a , at each time step were estimated. Thus, the 

PCEs were established to approximate HYMOD outputs under parameter uncertainty. In 

order to compare the HYMOD and PCE results, samples of the HYMOD and PCE outputs 

were generated using the Monte Carlos sampling technique. The detailed sampling and 

analysis procedure for the HYMOD outputs is as follows: 

Step 1: Randomly select N samples from the standard normal random variables. 

Step 2: Calculate the corresponding values of the parameters, namely, maxC , expb , , 

qT , and sT , based on the transformation between the previously-defined uniform 

distributions of the parameters and the standard normal distributions. 

Step 3: Use the obtained N sets of parameters to run the HYMOD model, and 

generate N samples of the HYMOD outputs.  

 

Samples of PCE outputs were also obtained through the Monte Carlos technique 

using samples from the five standard normal random variables, 1 2 3 4 5, , , , . By 

substituting the sample values into Equation 3.35, samples of the PCE outputs were 

generated. With these samples, the mean and variation values of the HYMOD and PCE 

outputs were calculated.  

The results are presented in Figure 3.36 and Figure 3.37, respectively. The mean and 

variation values of the HYMOD and PCE outputs exhibit very similar trend, which implies 

that the 5-dimensional 2-order PCE can well track the changes of HYMOD outputs. The 
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obtained PCE can be used as a reliable proxy of the dynamic hydrological model.  

 

3.3.4.2 Validation of the SPCE Method 

The proposed SPCE model was calibrated using 6,575 sample sets of the 

meteorological and flow data from 1991 to 2003. The two input variables of the 

hydrological model, including precipitation and potential evapotranspiration, were selected 

as the predictors for the cluster analysis regarding PCE coefficients. Meanwhile, all the 

available meteorological variables that might have potential influence on the estimation of 

the coefficients were also included in order to tackle the underlying relationships and to 

establish the function that associates PCE coefficients with the predictors. A total of sixteen 

predictors were selected, including minimum temperature, maximum temperature, 

evapotranspiration, relative humidity, as well as the 1-, 2-, 3-, 4-, 5-, 6-, 7-, 8-, 9-, 10-, 14-, 

and 30-day accumulated precipitation. The 21 PCE coefficients were identified as the 

predictands. Naturally, a 6,575 × 40 training matrix that consists of a 6,575 × 16 predictor 

matrix and a 6,575 × 21 predictand matrix was obtained for the statistical analysis.  

A cluster tree with 671 nodes was derived through cutting and merging the training 

matrix following the training algorithm of SCA described in 3.1.2. Given the cluster tree, 

the PCE coefficients during the validation period (2004 - 2008) were predicted from the 

historic data of the predictors during 2004 – 2008. Then, the PCE for flow prediction was 

obtained by substituting the coefficients predicted by SCA into the original PCE equation. 

To demonstrate the performance of the SPCE model, the model validation results in terms 

of mean value and variation fitting are shown in Figure 3.38 and Figure 3.39. 
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Figure 3.36. Mean values of the HYMOD and PCE outputs during 1991 - 2003 
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Figure 3.37. Variation of the HYMOD and PCE outputs during 1991 - 2003 
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Figure 3.38. Mean of the HYMOD and SPCE outputs during 2004 – 2008 
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Figure 3.39. Variation of the HYMOD and SPCE outputs during 2004 - 2008 
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The results show a good agreement of the hydrographs predicted by HYMOD and 

SPCE for both the mean value and the variation. Although there is an underestimation 

regarding the peak values in summer, all of the peaks in the HYMOD outputs are well 

captured by SPCE. The underestimation might result from the fact that the SCA prediction 

in this study was based on the mean value of the end nodes in the cluster tree. The peak 

value can be better simulated by further utilizing SCA’s abilities in uncertainty analysis. 

For instance, instead of the mean values of the samples in the end nodes in the generated 

cluster tree, the maximum sample values or the 75 percentile values could be used for the 

flow forecasting under uncertainty. 

The scatter plot of the HYMOD and SPCE results and the coefficient of 

determination (R2) are given in Figure 3.40. The distance of each point from the 1:1 line is 

inversely proportional to SPCE’s ability to approximate the hydrologic model outputs 

under uncertainty. The ensemble of points centered on the 1:1 line demonstrates a fairly 

good fit. R2 is one of the most widely used “goodness-of-fit” evaluation measures in 

hydrologic model validation (Legates and McCabe, 1999). The R2 value of 1 indicates a 

perfect simulation. The R2 value of 0.865 in this study implies that the proposed SPCE 

method is able to provide a satisfactory mean value fitting of the hydrological model results 

(Santhi et al., 2001; Rosa et al., 2015).  

In the traditional PCE method, stochastic simulation of a dynamic system is achieved 

by projecting the response of the target model using a set of orthogonal polynomials in a 

probabilistic parameter space (Wang et al., 2015).  
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Figure 3.40. Scatter plot of the HYMOD and SPCE results during 2004 - 2008 
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In PCE, the standard normal distributions in the polynomial are used to quantify 

uncertainties in the outputs, and the coefficients are used to reflect the complex dynamic 

conditions simulated by the target model. PCE can provide stochastic simulation as a 

surrogate for complicated models only when the model inputs, parameters and responses 

at selected collocation points are known. Therefore, it cannot directly provide stochastic 

forecasts without running the original models. 

The proposed SPCE method is the first attempt to explore PCE’s direct forecasting 

capability. The results demonstrate that SPCE can facilitate stochastic analysis of certain 

models under strongly dynamic and nonlinear conditions. SCA is an effective approach to 

establish the relationships between model inputs and the PCE coefficients, due to its modest 

data requirements, model flexibility, and simplicity. The development of SPCE is a 

significant progress regarding the applications of PCE. It provides a promising alternative 

for stochastic forecasting in large-scale and high-dimensional systems with multiple 

uncertainties. Meanwhile, the essence of SPCE is to construct a surrogate for complicated 

models for uncertainty quantification and probabilistic prediction. Not only can SPCE be 

applied to approximate the HYMOD model in this study, its application can also be 

extended to many other areas, such as storm water, groundwater and contaminant transport 

modeling, to facilitate stochastic analysis.  

 

3.3.5. Summary 

Stochastic prediction plays an important role in modern hydrology. Polynomial 

Chaos Expansion (PCE) is an effective alternative for efficient probabilistic simulation but 
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it lacks the ability to forecast future time series. In this study, a Stepwise-cluster-analysis-

based Polynomial Chaos Expansion (SPCE) method was developed by integrating stepwise 

cluster analysis (SCA) and PCE. In the SPCE, PCE was established through Probabilistic 

Collocation Method (PCM) to facilitate stochastic simulation, and SCA was used to 

establish complex discrete relationships between model inputs and the PCE coefficients.  

The developed SPCE method was applied to the Xiangxi River watershed in China 

to demonstrate its applicability. A traditional PCE was established using the meteorological 

and flow data during 1991 – 2003 through a series of hydrological modeling experiments 

based on HYMOD. A cluster tree with 16 predictors was generated based on SCA to 

estimate the PCE coefficients. Random samples of the HYMOD, PCE, and SPCE 

simulation outputs were generated through Monte Carlo technique to validate the proposed 

method. The validation results for the period 2004 – 2008 indicated that the proposed SPCE 

well captured the characteristics of uncertainties in the HYMOD modeling system. The 

SPCE can serve as a reliable proxy to complicated hydrological modeling systems, and 

provide probabilistic forecasting in a computationally efficient manner.  

In future work, the SPCE method can be improved by further utilizing SCA’s 

advantages in uncertainty analysis and thus enhancing its performance in the estimation of 

PCE coefficients. Additionally, SPCE’s applications can be extended to many other 

complicated geophysical modeling systems to support the associated uncertainty 

quantification and stochastic analysis.  
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CHAPTER 4 

RISK MANAGEMENT FOR WATER RESOURCES SYSTEMS 

4.1. Hydrologic Risk Analysis for Nonstationary Streamflow Records under 

Uncertainty 

4.1.1. Background 

Hydrologic frequency analysis is of great importance to the design and operation of 

hydraulic infrastructure for streams and rivers (Machado et al., 2015; Sraj et al., 2015). 

Flow regime analysis can relate the magnitude of extreme events to their frequency of 

occurrence and thus provide support for the determination of hydrologic design scale (Liu 

et al., 2015). Traditional hydrologic frequency analysis approaches rely on the attendant 

stationarity of hydrologic data series (Gul et al., 2014). However, changing climatic 

conditions and human disturbances is challenging the assumption of stationarity (Milly et 

al., 2008). How to reflect the changing probability distribution of hydrologic events and 

thus address the nonstationarity for hydrologic design and water resources management 

has been widely studied over the past decades (Ouarda and El Adlouni, 2011). 

The Three Gorges Dam is the largest hydropower station worldwide. It is located on 

the upstream of the Yangtze River in China, impounding a total area of 59,900 km2 (Han 

et al., 2013). It has a significant effect on approximately 660 km of the Yangtze River and 

over 16 million people. Due to its substantial alteration to the environment of the Yangzte 

River’s upstream watersheds as well as its significance to China’s economic ascension, 

many studies have been conducted to investigate the climatic and hydrologic trends in the 
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Three Gorges Region (Xiong and Guo, 2004; Zhang et al., 2006; Huang et al., 2014; Mei 

et al., 2015). Xiong and Guo (2004) analyzed the annual discharge changes of the Yangtze 

River during 1882 - 2001. Zhang et al. (2006) investigated the temporal trends and 

frequency changes of annual maximum water level and maximum streamflow at three 

major stations of Yangtze River during the past 130 years. Mei et al. (2015) analyzed the 

Three Gorges Dam’s effects on downstream hydrological behavior. Many researchers 

studied the hydrologic alterations resulted from the climate change and human disturbances 

in this area. However, there were very few studies focused on their effects on frequency 

estimates and the associated hydrologic risks. Particularly, most hydraulic infrastructure of 

the tributaries in the middle reaches of the Yangtze River were built in the 1950s and 1960s, 

before hydrologic alterations were observed. There are no scientific calculations to support 

the upgrade of the aging infrastructure and to cope with the changes in the flow regime.  

Therefore, the objective of this study is to propose a framework for hydrologic 

frequency analysis and risk assessment with considerations of nonstationarity and 

uncertainty. The Xiangxi River watershed, a representative watershed of the Three Gorges 

Region, has been selected to demonstrate the proposed framework. Streamflow statistics 

of the Xiangxi River during 1961 - 2010 will be investigated and accumulative sum chart 

approach combined with a Bootstrap test will be used to detect the hydrologic change 

points and address nonstationarity during the studied period. The 50-year nonstationary 

streamflow records and the relatively stationary flow records posterior to the detected 

change point will be analyzed to investigate the effects of nonstationarity. Then Bayesian 

analysis combined with Markov Chain Monte Carlo sampling will be conducted to 

generate the posterior distributions of distribution models, flow quantiles and flood risk, 
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and parameters of the Gamma distribution. This study will reflect the nonstationarity and 

uncertainty in historic flow records and provide robust decision support for hydrologic 

quantile estimation and the associated risk assessment. 

 

4.1.2. Methodology 

4.1.2.1. Change Point Analysis 

The traditional method for hydrologic frequency analysis is based on the assumption 

that extreme events arise from a stationary distribution (Xiong et al., 2015). However, the 

assumption of stationarity has been called into question in the recent years (Zhang et al., 

2006; Lee and You, 2013). Many studies that the hydrologic patterns no longer conform to 

a stationary and identically distributed random process due to climate change and human 

interferences (Sang et al., 2010; Li et al., 2014). To reflect the nonstationarity and to 

identify a relatively stationary recent time series for more reliable hydrologic frequency 

and risk analysis, a cumulative sum charts (CUSUM) approach combined with a Bootstrap 

test was adopted for change point analysis.  

The CUSUM approach combined with Bootstrap test was first proposed by Taylor 

(2000). It has been widely used for abrupt change point detection (Smadi and Zghoul, 2006; 

Renner and Bernhofer, 2011; Tao et al., 2011; Chu et al., 2012). Let  

represent I data samples of a variable, with the sample mean of and the sample variance 

of Let the cumulative sum started with then it can be calculated as 

 The changes in cumulative sums can help identify shifts 
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in the sample average. For a single change point model, the potential change point k* can 

be identified as the point that returns the maximum cumulative sum, i.e.,  

 

The confidence level of the change point analysis can be determined by conducting 

bootstrap analysis, which can be performed as below (Tao et al., 2011): 

1) Calculate  

2) Generate a bootstrap sample set of I samples, presented as

 

3) Calculate the cumulative sums of the bootstrap samples (i.e.,

), as well as the corresponding  

4) Compare the values of  and  

5) Iterate Steps 2) to 4) for N times;  

6) Record n as the number of bootstraps where  

7) The confidence level (CL) of the identified change point can be 

calculated as . 

 

4.1.2.2. Hydrologic Frequency Analysis Model 

The classic hydrologic frequency analysis approach is to determine a distribution 

function to fit the observation data. Identifying the type of distribution is crucial for 

calculating the nonexceedance probability that can later be used as the inputs of hydrologic 

risk assessment (Gebregiorgis and Hossain, 2012). Generalized extreme value (GEV), 

Gamma, Pearson Type III (P-III), and Lognormal distributions are commonly adopted 
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distribution functions for fitting the annual peak flow series (Wang et al., 2001; Sudheer et 

al., 2003; Zhang et al., 2014). In this study, the Gamma distribution was chosen because it 

was widely applied to hydrologic frequency analysis and it was recommended by the 

Chinese Ministry of Water Resources (Yue et al., 2001; Liu et al., 2011). 

Suppose x1, x2, … , xn  is a time series of annual peak flow. For a large n, we have: 

 
 (4.1) 

 
where: 

 
1

0

1( ) ,  , 0
( )

xz a b
aH z x e dx a b

a b                  
 (4.2) 

 
 is called the Gamma model, where a and b are the shape and scale parameters, 

respectively. It can be used to fit the observation data of annual peak flow for hydrologic 

frequency analysis. 

 

4.1.2.3. Bayes' Theorem 

Bayesian inference provides an alternative for parameter estimation, which allows 

probability to represent subjective uncertainty or subjective belief (Eshky, 2008). In the 

Bayes’ theorem, parameters are treated as random variables and the corresponding 

likelihood is described with probability density functions (PDF) (Sang et al., 2010). The 

PDF can be obtained by starting with a prior distribution and then converting it into a 

posterior distribution through the inclusion of additional information provided by 

observation data. Since additional observation is added to the prior knowledge available, 

Pr{ } ( )nx z H z

( )H z
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the posterior distribution can give a more complete representation than traditional 

estimators (Hao et al., 2015). This is of particular importance to extreme value analysis of 

flow records, where the analysis is usually subjected to the scarcity of observation data. 

The Bayes’ theorem can be outlined as follows: 

 

      (4.3) 

 
where parameter  is the parameter to be estimated,  is the PDF of the prior 

distribution for   is the likelihood function,  is the parameter space of  and

 is the PDF of the posterior distribution for  

To estimate the PDFs of the posterior distributions for parameters a and b in the 

Gamma model, the prior distributions were first defined as normal distributions based on 

the knowledge obtained from moment matching (MME), quantile matching (QME) and 

maximum goodness-of-fit estimation (MGE). The prior distributions can be given as 

follows: 

 

   (4.4) 

 

                   
   (4.5) 

 
where  and  are the means of a and b’s prior distributions, respectively. Then the 

likelihood function is given by: 
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 (4.6) 

 
Accordingly, the equation of the posterior distribution can be obtained by substituting 

Equations 4.4 to 4.6 into Equation 4.3. In this study, instead of solving the equation 

analytically, an empirical estimate of the posterior distribution was generated using 

statistical inferences based on a Markov Chain Monte Carlo (MCMC) technique. 

 

4.1.2.4. Metropolis-Hastings Algorithm 

The MCMC approach with Metropolis-Hastings (MH) steps were adopted to 

simulate a Markov chain with equilibrium distribution of the posterior distribution of the 

targeted parameter named  (Kastner et al., 2013). An MH algorithm can be 

summarized as follows: 

1) Set an initial parameter value ; 

2) Identify a proposal function , where  is the current 

state of the chain, and  is the new state; 

3) Propose a new parameter value  based on  and the probability 

density function; 

4) Compute the acceptance probability *
1( ) min(1, )ia A , where A

* * *
1 1 1[ ( ) ( )] / [ ( ) ( )]i i iq q ; 

5) Draw a random number C from the uniform distribution U(0, 1), and 
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compare the C value with the acceptance probability obtained in Step 4. If

 accept the proposed value and let otherwise reject  

and let ; 

6) Iterate Steps 2 to 5 to generate more samples for the chain. 

 

In the chain, the stochastic properties of are independent of the previous states

 (Hao et al., 2015). The posterior distributions of parameters a and b were 

obtained by running the MH algorithm twice separately. 

 

4.1.2.5. Risk and Return Period Analysis 

Hydrologic risk in general is defined as the exposure to an extreme, dangerous, 

hazardous or undesired event (USACE, 1988). It is measured by probability and it can be 

estimated by analyzing historical flow data (USACE, 1988). This study focused only on 

risks related to hydrologic processes in terms of annual peak flow. According to Equations 

4.1 and 4.2, the nonexceedance probability of a certain flow value z can be given by the 

cumulative distribution function (CDF) of the Gamma distribution that fits the historic 

annual peak flow data: 

 
1
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              (4.7) 

 
Return period is an important concept derived from the nonexceedance probability. 

It can be calculated as follows (Salas and Obeysekera, 2014): 
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 (4.8) 

Even though a flow with a return period of n years does not mean the maximum flow 

that is likely to occur during the n years, it is still an important criterion in hydrologic and 

environmental engineering design practice. With the probabilistic estimates regarding q 

provided by Bayesian inference, the exceedance risk that the flow volume with a return 

period of T exceeds q can be defined as follows: 

 
1E TR Pr q    (4.9) 

 
where TPr q  can be calculated according to the sample set of q by drawing random 

values from the posterior distributions of parameters a and b and substituting them to 

Equation 4.7. Determination of the exceedance risk is useful for many engineering 

practices, such as the design of hydraulic infrastructure and the development of hydrologic 

risk management projects. 

Furthermore, another type of risk, which is the occurrence risk RO defined as the 

probability of the occurrence of a flow that exceeds z in n years, can be given as follows 

(Gebregiorgis and Hossain, 2012): 

 
    (4.10) 

 

4.1.3. Study Area and Data Analysis 

The Xiangxi River watershed is located in Hubei Province, China (Figure 4.1). The 

Xiangxi River is approximately 94 km in length from its source in the Shennongjia Forestry 

1(1 )T q

1 1 (1 1/ )n n
OR q T



152 
 

District to the mouth at Zigui County, draining an area of 3,200 km2 into the Yangtze River. 

It is in the vicinity of the Three Gorges Dam, the largest operating hydropower facility over 

the world. The Xiangxi River watershed is a representative watershed of the Three Gorges 

areas in the middle reach of the Yangtze River.  

It has a typical subtropical continental monsoon climate, with a mean annual 

temperature of 17 °C and an annual precipitation of 900 - 1,200 mm (Li et al., 2015). 

Precipitation in this area is more intense in summer than in winter. Approximately 70% of 

the precipitation received between May and September is rainfall. Over 80% of the area is 

mountainous, and the land cover is dominated by mixed needle-leaf and broad-leaf forests 

(Liu et al., 2014; Mishra and Herath, 2015).  

Due to abundant hydropower and mineral resources in the Xiangxi River Watershed, 

the local economy experienced a rapid growth during the 1980s and 1990s (Li et al., 2013). 

More than 50 hydropower stations and a number of reservoirs, including two cascade 

reservoirs (i.e., Gudongkou I Reservoir and Gudongkou II Reservoir), were built. Such 

intensive human activities posed profound impacts on the land cover and land use 

conditions of the watershed. Thus, they caused significant variation of the local 

hydrological regime, including changes in evapotranspiration, precipitation and streamflow, 

in the past three decades (Seeber et al., 2010; Han et al., 2013). The changes in precipitation 

and streamflow trends usually imply that there would be flood risk changes supervened 

(Obeysekera and Salas, 2013; Liu et al., 2014). Therefore, it is desired to re-evaluate the 

associated risks under changing hydrologic conditions, to provide reliable decision support 

for water resources management and flood control. 

  



153 
 

Three Gorges Reservoir

China

Hubei Province

Xiangxi River Watershed

High: 3088

Low: 67  

High: 3088 

Low: 67 

 Hubei Province 

 China 

  Three Gorges Reservoir 

 
Figure 4.1. Location of the Xiangxi River Watershed 
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4.1.4. Result Analysis and Discussion 

4.1.4.1. Change Point Analysis 

Streamflow statistics for each year during 1961 - 2010 were calculated and the 

corresponding time series was generated for change point analysis. The 29th point, i.e., 

1989, was identified as the most probable change point in terms of twelve streamflow 

statistics including Qmean, Q10, Q30, Q50, Q70, Q90, Q7-day low, Q7-day mean, Q7-day high, Q14-day low, 

Q14-day mean, Q14-day high. The confidence levels of the tests are given in Table 4.1. The change 

point of Qmean, Q10, Q30, Q7-day mean, Q7-day low, Q7-day high and Q14-day low are at an acceptable 

significance level. Even though high confidence level values were not reached during the 

bootstrap test, 1989 is still the point that returns the maximum cumulative sums of the other 

streamflow statistics. It is implied that significant changes of the hydrologic time series 

occurred since 1989, and thus 1989 can be considered as the change point of the 

hydrological time series (Han et al., 2013).  

To illustrate the hydrological changes, times series of Qmean, Q10, Q50, and Q90 are 

given in Figure 4.2. There is a general decreasing tendency of the four streamflow-related 

statistics. The hydrological alterations might have resulted from the unavoidable effects of 

climate change and intensive human interferences in recent decades. Variations in the intra-

annual precipitation distribution, which might affect the streamflow regime in the Xiangxi 

River Watershed, have been found in previous studies (Zhang et al., 2011). Decease of the 

streamflow statistics might also be attributed to the significant decreasing trends in the 

evapotranspiration of the Yangtze River basin (Xu et al., 2006).  
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Table 4.1. Confidence level of the change point tests 

Streamflow statistic  Confidence level 
Qmean  0.90 
Q10  0.99 
Q30  0.94 
Q50  0.58 
Q70  0.77 
Q90  0.89 
Q7-day low  0.80 
Q7-day mean  0.99 
Q7-day high  0.94 
Q14-day low  0.90 
Q14-day mean  0.89 
Q14-day high  0.60 
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Figure 4.2. Qmean, Q10, Q50, and Q90 series of the annual streamflow at the Xingshan 

Station 
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In addition, the hydropower resources of the Xiangxi River were extensively 

exploited in the 1990s. Over 50 hydropower stations were constructed within the watershed 

(Guo et al., 2000; Wu et al., 2009). A large portion of the streamflow was diverted for the 

purpose of electricity generation, significantly affecting streamflow (Wu et al., 2007). Land 

use changes due to land cultivation and mining activates were also found during the 1990s 

(Seeber et al., 2010; Han et al., 2013; Yilmaz and Perera, 2014). 

 

4.1.4.2. Frequency Analysis for Nonstationary Flow Records 

The hydrological alterations could lead to evident changes in the probability behavior 

of the peak flow series. In order to reflect the effects of nonstationarity, frequency analysis 

of the peak flow records with and without the detected change point was conducted (Figure 

4.3). The results demonstrates that cumulative probabilities of the peak flow values 

increase remarkably in the posterior change point time series. The probability changes of 

the middle-level peak flow values are the most significant. For instance, the cumulative 

probability of an annual peak flow of 477 m3/s is 0.56 in the 50-year time series, and it 

rises to 0.68 in the posterior-change-point time series with an increase of 21.75%. The 

cumulative probability increases of the 438 and 456 m3/s flow records are as high as 23.11 

and 22.38%, respectively.  

It is obvious that the Gamma distribution that fitted the 50-year peak flow time series 

was no longer acceptable for describing the probability behavior of the series after the 

change point. Correspondingly, to cope with such a change, the designed peak flow values 

needed to be re-calculated.  
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(a) (b) 

 

Figure 4.3. Distributions and return periods of flow under stationarity and nonstationarity 
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Table 4.2. Frequency analysis results based on maximum likelihood estimation, moment 

matching estimation, and maximum goodness-of-fit estimation 

Method of  
parameter 
estimation 

Estimated parameters Goodness-
of-fit Peak flow in different return periods (m3/s) 

a b R2 10 years 50 years 100 years 200 years 
MLE 4.028 116.573 0.981 783 1,064 1,176 1,285 
MME 3.934 119.366 0.981 787 1,072 1,186 1,297 
MGE 5.030 89.479 0.987 719 951 1,042 1,131 
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The results indicate that, taking into account the nonstationarity, there is an increase 

in return periods of floods. For instance, when the 50-year peak flow time series was 

considered as stationary, the return period of a 1,000 m3/s peak flow rate was calculated as 

25 years and that of a 1,200 m3/s peak flow rate was 84 years. However, when the 

hydrologic design was based on the time series posterior to the change point, the return 

periods of the 1,000 m3/s and peak flow rates were calculated as 34 and 116 years, 

respectively. 

Frequency analyses were further conducted with regard to the annual peak flow series 

posterior to the change point. Three parameter estimation methods, i.e., MLE, MME and 

MGE, were applied to estimate the parameters of the Gamma distribution. The obtained 

parameters estimation and calculated peak flow values in different return periods are 

presented in Table 4.2. It indicates that different estimation methods resulted in varied 

parameter values. However, the different parameterizations generated very similar 

modeling results of the nonexceedance probability. The differences among the estimators 

are relatively minor. The R2 value of the three models are 0.981, 0.981 and 0.987, 

respectively. This is called equifinality in parameterization, which has been found in many 

empirical studies (Zak and Beven, 1999; Beven, 2006; Tang and Zhuang, 2008). Even 

though similarly good fits to the nonexceedance probabilities of the historic peak flow were 

obtained, the hydrologic design values in the 10-year, 50-year, 100-year and 200-year 

return period would vary.  

 

4.1.4.3. Bayesian Parameter Estimation 

A total of 10,000 pairs of a and b samples were obtained using the Bayes' theorem 
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and the MCMC-MH algorithm described in Section 4.1.2. Visual inspection of the chains 

was conducted to determine when convergence is achieved (Hao et al., 2015). It was found 

that the two chains mix well during the latter 8,000 iterations, and thus the 8,000 samples 

were used to generate the posterior distributions of Parameters a and b for the peak flow 

records at the Xingshan Station.  

As shown in Figure 4.4, the mean values, the center values and the detailed shapes 

of parameter a’s posterior distributions under nonstationarity and stationarity are different. 

As for parameter b, even though the mean value under stationarity is very close to that 

under nonstationarity, the most probable values under the two assumptions do not coincide 

with each other. The joint probability distribution of a and b are presented in Figure 4.5. 

The distribution is a complicated mixture distribution, and it is widely spread with two 

distinct peaks. It is obvious that these uncertainties may affect the estimated quantiles and 

probabilistic forecast results of hydrologic design results. Thus, it is crucial to include 

parameter uncertainty in hydrologic frequency analysis and risk assessment. 

 

4.1.4.4. Frequency Analysis and Hydrologic Risk under Uncertainty 

The parameter uncertainty was translated into uncertainty on hydrologic calculation 

results using an approach revised from the work of Coles et al. (2003). Two thousand pairs 

of a and b samples were first drawn from their posterior distributions using MCMC 

sampling. Then the peak flow quantile , flow  with return period T, exceedance risk 

 and occurrence risk  were computed for each parameter sample pair. Finally, 

the samples of , , and were histogrammed to yield their distributions. 

mq ,T mq

,E mR ,O mR
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Figure 4.4. Posterior distributions of parameters a and b 
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Figure 4.5. Joint Posterior distribution of parameters a and b 
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By making probabilistic a and b the two parameters driving the Gamma distribution 

model, the uncertainty in the nonexceedance probability of a certain flow volume were first 

quantified. The mean value and 95% confidence interval are presented in Figure 4.6. The 

range of the 95% confidence interval is the largest for the flow volume of [370, 480] m3/s, 

where the diameter of the interval is higher than 0.2. The 95% peak flow quantile with a 

confidence level of 95% is approximately [840, 1,000] m3/s. Furthermore, the 95% 

confidence interval of the flow volume with a return period T, as well as the flow 

distributions with return periods of 2, 50, 100, 200, 500, and 1000 years, were obtained, as 

given in Figure 4.7.  

It is indicated that the longer the return period, the higher the designed peak flow. It 

is also implied that the parameter uncertainty as well as the probabilistic cumulative 

probability estimate would lead to uncertainties in designed peak flow volume. The 

uncertainty would be more significant for the flow volume with a longer return period. For 

instance, the 95% confidence interval of the peak flow with a return period of 100 years 

would range from 1,081 to 1,274 m3/s; that of the peak flow with a return period of 1,000 

years would range from 1,416 to 1,644 m3/s.  

Meanwhile, the uncertainties in the return period estimation of high flow volume 

would be enormous. For instance, the return period of a peak flow of 1,400 m3/s would 

vary from 200 years to as long as 1,000 years, not to mention the peak flow of 1,500 m3/s 

or higher. To reflect the uncertainty in the estimation of the designed values, the probability 

that the flow with a return period of T exceeds a certain value is proposed as the exceedance 

risk. The exceedance risk of flow qT with a return period of T is illustrated in Figure 4.8.  
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Figure 4.6. The 95% confidence intervals of the flow volume with a return period T  
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Figure 4.7. Distributions and return periods of flow under stationarity and nonstationarity 
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Figure 4.8. Exceedance risk of flow qT with a return period of T 
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The occurrence risk of flooding depends on the designed life time of the dam or 

hydraulic structure, which is usually expected to be 100 years or longer (Nagy et al., 2013). 

Therefore, occurrence risk of flood at the Xingshan Station for a designed period of 100 

years was analyzed. Figure 4.9 demonstrates that the higher designed flood value, the lower 

the risk. The designed flood of 1,500 m3/s takes the occurrence risk of 13.2%. With the 

probabilistic peak flow quantiles generated by Bayesian inference, the confidence levels of 

the occurrence risk were further obtained as shown in Figure 4.9. The 95% confidence 

interval of occurrence risk for the designed flow of 1,500 m3/s is 5.2 to 22.0%. It is difficult 

to determine an exact acceptable threshold for the occurrence risk. However, in engineering 

practice, it is recommended to keep the risks as low as possible for the purpose of ensuring 

safety and maintaining economic feasibility (Gebregiorgis and Hossain, 2012). The 

occurrence risk and its probability distribution can help the designer minimize the 

associated risks. 

 

4.1.5. Summary 

This study proposed a framework for hydrologic frequency analysis and risk 

assessment with consideration to nonstationarity and uncertainty. The proposed approach 

was applied to the Xiangxi River in China. Nonstationarity analysis was first conducted 

through a CUSUM approach combined with Bootstrap test. The year 1989 was identified 

as the change point of the 50-year Qmean, Q10, Q30, Q7-day mean, Q7-day low, Q7-day high and Q14-

day low time series with acceptable significance level. Frequency analyses were then carried 

out for the 50-year time series and the records after the identified change point, respectively.  
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Figure 4.9. The 95% confidence intervals of the occurrence risk of flow with a designed 

period of 100 years 
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Figure 4.10. Occurrence risk of flow with a designed period of 100 years 
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The results indicated that, the Gamma model that fitted the 50-year peak flow time 

series was not acceptable for describing the probability behavior of the series after the 

change point. It was also revealed that when taking nonstationarity into consideration, the 

return period of high peak flood at the Xingshan Station would actually increase, which 

should be considered for future hydrologic design. 

Furthermore, uncertainty analysis regarding the flow record posterior to the change 

point was conducted based on Bayesian inference and MCMC sampling. It was found that 

the uncertainty in parameter estimation greatly affected the estimation of the hydrologic 

design values. The effects on the estimated return periods of high flow volumes were 

particularly significant. In addition, two risk concepts were proposed to support hydrologic 

risk assessment. The exceedance risk was defined as the probability that the flow with a 

return period of T years exceeds a certain volume, and the occurrence risk was defined as 

the probability that a flow high than z occurs in a n-year period. The results provided 

important insights into the hydrologic nonstationarity and uncertainty of the Xiangxi River. 

They also provided scientific bases for robust flood frequency analysis and risk assessment 

for local water managers. The proposed approaches are generic and direct and thus can be 

further applied to engineering design in many other rivers in China and around the world, 

to support policy revisions based on the re-calculation of hydrologic frequency and the re-

assessment of hydrologic risks. However, this study focused on the uncertainty associated 

with parameters were considered. It can be further improved by including more uncertainty 

sources, such as input uncertainty and model structure uncertainty. 
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4.2. Risk-based Flood Diversion Management under Uncertainty 

4.2.1. Background 

Flood risk is receiving considerable scientific interest due to the evident effects of 

climate change on hydrological cycles in recent years (Lund, 2002; Maqsood and Huang, 

2013; Gul et al., 2014). To better analyze and manage flood risks, there have been many 

flood-related studies, such as flood frequency analysis and design of hydrological 

infrastructure. However, losses are inevitable when major floods occur (Li et al., 2010). 

One of the most effective solutions to reduce the unavoidable damage is floodplain 

management and planning (Lund, 2002; Olsen, 2006; Wang and Huang, 2013; Hudson and 

Middelkoop, 2015). 

The goal of floodplain management and planning is to undertake flow allocation and 

capacity planning to meet the overall flood diversion demand in a watershed (Lund, 2002; 

Hudson and Middelkoop, 2015). Previously, many efforts have been made to attempt for 

this goal through system analysis and optimization (Needham et al., 2000; Cai, 2008; 

Nouasse et al., 2012). For instance, Needham et al (2000) proposed a mixed integer linear 

programming model for reservoir system analysis and flood control planning. Nouasse et 

al (2012) developed a transportation network modeling and a flow optimization method to 

solve the Min-Cost-Max-flow problem with a linear programming formulation. However, 

in engineering practice, flood management is usually a multi-component and multi-stage 

problem associated with multiple uncertainties (Cai and Rosegrant, 2004; Dang et al., 2011; 

Scott et al., 2014). Such complexities have been a daunting challenge for flood managers. 

To address these complexities, many inexact programming techniques, including 
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Interval-parameter Programming (IP) and Stochastic Programming (SP) were proposed 

and widely applied to deal with the uncertainties in the forms of intervals and probability 

distributions (Dupačová et al., 1991; Huang and Loucks, 2000; Lv et al., 2013). As a 

mathematical counterpart of SP, Fuzzy Programming (FP) has been recognized as a reliable 

method to address uncertainties resulted from decision makers’ subjective judgment in 

environmental system management problems (Rommelfanger, 1996; Dubey et al., 2012). 

The conventional FP methods are mainly based on possibility chance constrained 

programming, where possibility is used as a measurement to evaluate the satisfaction level 

of a fuzzy constraint (Buckley, 1988; Inuiguchi and Ramık, 2000; Sakawa et al., 2012). 

More recently, the combination of possibility and necessity has become a more popular 

alternative to convert a fuzzy constraint to a deterministic constraint and produce 

quantifiable results (Pishvaee et al., 2012; Mehlawat and Gupta, 2015). The dual 

characteristic of such combination makes it a promising approach for tackling fuzzy 

information (Yang and Iwamura, 2008; Gupta et al., 2013). However, there were very few 

studies on the application of the dual-measurement in the analysis and optimization of 

floodplain management systems. 

Therefore, the objective of this study is to propose an advanced fuzzy chance 

constrained programming method and to incorporate it with the traditional inexact 

programming framework for flood diversion management. The advanced fuzzy chance 

constrained programming method will be developed based on a dual measure, i.e., the 

gradient measure (GM). It will be incorporated with interval-parameter programming, two-

stage stochastic programming, chance-constrained programming, and mix-integer linear 

programming, to formulate an Interval-parameter Two-stage Fuzzy Stochastic Integer 
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Programming (ITFSIP) model for risk-based flood diversion management. The developed 

ITFSIP programming model will be able to address various uncertainties that widely exist 

among system components and their interrelationships and to manage the associated risks. 

It will be applied to the flood management in Xingshan County of the Xiangxi River 

Watershed in China, for the demonstration of its applicability. The results of this study will 

provide reliable decision support for the large-scale regional flood risk management in the 

Xiangxi River Watershed and many other similar watersheds around the world.  

 

4.2.2. Methodology 

4.2.2.1. Two-stage Stochastic Programming Model with Interval Parameters 
 

Two-stage stochastic programming (TSP) is a widely applied optimization technique 

that is able to reflect the randomness of natural processes and the dynamic feature of  

decision-making processes in environmental management (Birge and Louveaux, 1997; 

Jahnig and Cai, 2010; Miller and Ruszczynski, 2011). This TSP method was improved by 

introducing interval parameter programing to further address the uncertainties of intervals 

(Huang and Loucks, 2000). An interval-parameter TSP (ITSP) is formulated as follows: 

 
Min [ ( ( ), ( )]f c x E Q y q       (4.11) 

 
Subject to: A x b         (4.12) 

 
( ) ( ) ( )T x W y h       (4.13) 
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0x                  (4.14) 

 
( ) 0y                            (4.15) 

 

 
where:  

x  is the first-stage decision variable with its uncertainty expressed as an interval; 

b  and c  are the first-stage parameters with their uncertainty expressed as 

intervals; 

 is the random event that occurs after the first-stage decision is made ( ,

1 2{ , ,..., }N ; 

( )q , ( )T , ( )W , and ( )h  are the second-stage parameters 

dependent on the occurrence of the random event ; 

( )y  is second-stage decision variable that is dependent on the occurrence of 

random event ; 

[ ( ( ), ( )]E Q y q  is the expected value of the uncertain function value 

( ( ), ( )Q y q . 

 

Let l  be the l th scenario of the random event  and let lp  denote the 

probability of realization of l  ( 0lp , and (
1

1
N

lp ). Then the expected value of the 
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second-stage objective function can be obtained as: 

 

1
[ ( ( ), ( )] ( , )

N

l l
l

E Q y q p Q y           (4.16) 

 
Therefore, the ITSP model can be re-written as follows: 

 

1
Min ( , )

N

l l
l

f c x p Q y       (4.17) 

 
Subject to: A x b              (4.18) 

 

( ) ( ) ( )T x W y h            (4.19) 

 
0x                  (4.20) 

 
( ) 0y                               (4.21) 

 

This model can be solved by constructing two deterministic sub-models and then 

solving the two sub-models sequentially. The interactive algorithm was proposed by Huang 

(1994) and improved by Fan (2012). Details about the solution algorithm can be found in 

the previous studies (Huang and Loucks, 2000; Fan and Huang, 2012).  

 
 
4.2.2.2. Chance Constrained Programming Model 

In water resources management practice, there are cases where the constraints are 

required to be satisfied under a certain probability level, which implies there is an 
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admissible risk of violating the uncertain capacity constraint (Morgan et al., 1993; Li et al., 

2006). To address such uncertainties, Chance Constrained Programming (CCP) was 

proposed to reflect the reliability level of the constraints in optimization models (Charnes 

and Cooper, 1959; Kamjoo et al., 2014; van Ackooij et al., 2014). CCP is effective in 

reflecting probability distributions of the right hand side parameters (Pozo and Contreras, 

2013; Simic, 2016).  

Let 
n

q  be the significant level of the probability that the constraint A x b  is 

satisfied ( 0 1
n

q ). By imposing a condition that the constraint should be satisfied with 

a probability level higher than 1
n

q , the classic constraint in the CCP model can be given 

as follows (Li et al., 2006): 

 

 
  Pr{ } 1

n
Ax b q          (4.22) 

 
The left hand side of Constraint 4.22 can be written as: 

 
  Pr{ } Pr{- } ( ) (- ) ( )Ax b b Ax F Ax F F Ax   (4.23) 

 
where ( )F )  denotes cumulative probability function. The right hand side of Constraint 

4.17 can be written as: 

 
11 [ (1 )]

n n
q F F q          (4.24) 

 
Therefore, Constraint 4.22 can be re-written as: 
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1( ) [ (1 )]

n
F Ax F F q             (4.25) 

  
Since the cumulative probability function is a monotonic function, Constraint 4.25 

can be converted to a deterministic constraint as follows:  

 
1(1 ) n

n

qAx F q b           (4.26) 

 
 

4.2.2.3. Gradient-based Fuzzy Chance Constrained Programming Model 

Uncertainties in the forms of intervals and random events can be addressed through 

the aforementioned ITSP and CCP models. As for the uncertainties in the form of fuzzy 

sets, Fuzzy Chance Constrained Programming (FCCP) has been receiving a lot of attention 

due to its capability in reflecting the uncertainties of possibility distribution (Liu and 

Iwamura, 2001; Chakraborty, 2002; Virivinti and Mitra, 2015). In this study, a Gradient-

based Fuzzy Chance Constrained Programming (GFCCP) method was developed to 

enhance the flexibility of the traditional FCCP.   

Let bb  be a fuzzy set with a classic triangular fuzzy membership function ( )x given 

as follows: 

 

,  if 

( ) ,  if 

0,  if otherwise

x b b x b
b b
x bx b x b
b b                   (4.27) 
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In this dissertation, a Gradient Measure (GM) was proposed to evaluate the likelihood 

of the occurrence of the fuzzy event b tb t  (Yang and Iwamura, 2008). GM is a dual 

measurement based on the possibility and necessity. It is a flexible measure that can better 

reflect decision makers’ optimism and pessimism and thus provide more support for the 

decision making process. A GM with a gradient λ is defined as follows: 

 
GM( ) λP ( ) 1 λ ( )osb t eb t tN c b) λP ( ) ( )) 1 λ (N cee) λP ( ) 1λP (

         

(4.28) 

where P ( )os )  and ( )Nec )  are the possibility and necessity of the fuzzy event b tb t , 

respectively. Given the membership function in Equation 4.27, GM can be calculated as 

follows: 

 
0, if 

( ) , if 

( ) , if 

1

GM( )

,  if 

t b
t b b t b

b b
b t

t b b t b t b
b b

t b

)                (4.29) 

 
Meanwhile, the uncertain constraint b tb t  can be evaluated by defining a GM value 

 as follows: 

 
GM( )b t)

                       

(4.30) 

 
Since decision makers usually tend to be conservative in water resources 

management in terms of violating system constraints, a conservative GM scenario where 

t b  was considered in this study. Thus, Equation 4.30 can be converted to a 
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deterministic constraint as follows:  

 
( )

1
b b b bt

                    

(4.31) 

 

4.2.2.4. Interval-parameter Two-stage Fuzzy Stochastic Integer Programming Model 

 To address the multiple uncertainties in water resources management systems, an 

Interval-parameter Two-stage Fuzzy Stochastic Integer Programming (ITFSIP) method 

was proposed in this dissertation by incorporating CCP and GFCCP into the traditional 

ITSP framework. It can be formulated as follows: 

1
Min 

N

l l
l

f C X p D Y       (4.32) 

 
1 1subject to:  Pr{ } 1A X B q          (4.33) 

 

2 2GM{ }A X B        (4.34) 

 
( ) ( ) ( )T X W Y H          (4.35) 

 
0x                  (4.36) 

 
( ) 0y                            (4.37) 

 
The ITFSIP model can be solved by formulating two deterministic sub-models 

sequentially. Then, interval solutions to the ITFSIP model can be obtained as follows: 
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[ , ]opt opt optf f f                 (4.38) 

 
[ , ]opt opt optX X X               (4.39) 

 
[ , ]opt opt optY YY            (4.40) 

 

4.2.3. Study System 

4.3.2.1. System Characterization 

Due to its significance in hydrological risk mitigation and management, the flood-

diversion planning system was widely discussed in previous studies (Needham et al., 2000; 

Li and Zhang, 2007; Maqsood and Huang, 2013; Wang, 2015). Consider a watershed 

system where the main river has a limited water-conveyance capacity (Olsen et al., 2000). 

To mitigate the flood risk of the downstream areas, flood flow needs to be diverted to flood-

retention regions during the flooding season. The flood diversion management can be 

considered as a two-stage process (Figure 4.11). A number of flood-retention regions are 

designed with their flood diversion capacities pre-defined at the first stage before the 

flooding season begins. At the second stage during the flooding season, the magnitude of 

flooding events can be monitored and the total amount of floodwater that needs to be 

diverted can be estimated. Thus, the corresponding floodwater allocation schemes defined 

at the first stage can be further revised and formulated accordingly. The pre-defined 

capacities are subjected to a limited flood diversion budget, which could lead to potential 

penalties for the excess flood flow during the flooding season. An effective floodwater 
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allocation model should be able to consider such trade-offs between diversion budgets and 

penalties during the dynamic decision making process. Therefore, the objective is to 

minimize system costs, which includes the cost for the pre-defined capacities and the latter 

expanded capacities, as well as the penalties for the excess flood flow. The decision 

variables include the amount of flow diversion during the two stage, and the options of 

capacity expansion with the occurrence of the flood events.  

In this study, the flood diversion planning system for the Xingshan Section of the 

Xiangxi River, China was established based on the aforementioned framework (Figure 

4.12). Hydrological and socio-economic conditions of the Xiangxi River Basin in Xingshan 

County were investigated via extensive literature survey and field trips. There are major 

flood retention regions designed in the three towns (i.e., Gufu, Zhaojun and Xiakou) along 

the main stream of the Xiangxi River. As shown in Figure 4.12, Gufu has the largest 

existing flood diversion capacity and Xiakou has the smallest existing capacity. The flood 

diversion systems in Gufu and Zhaojun have two options for capacity expansion, while 

there are three expansion options for the capacity in Xiakou. 

There are enormous uncertainties in the study system due to the random 

characteristics of hydrological processes and the vagueness of planning objectives (Li et 

al., 2014). The cost for regular flood diversion and capacity expansion, and the penalty for 

the excess flood were estimated based on the social-economic and topographic conditions 

of the three regions (Table 4.3). The three flood retentions areas are pre-defined and their 

capacities can be obtained based on topographic data. However, the maximum capacities 

during extreme flow events are uncertain due to various subjective judgment. 
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Figure 4.11. Decision-making process of flood diversion planning  
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Figure 4.12. Flood diversion planning system of Xingshan County in the Xiangxi River 

Watershed 
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Table 4.3. Cost coefficients in the three flood retention regions 

Region Gufu (i = 1) Zhaojun (i = 2) Xiakou (i = 3) 

Regular diversion cost 

(RMB/m3) 
[7.14, 8.84] [14.64, 24.84] [9.51, 13.73] 

Penalty of excessive flood flow 

(RMB/m3) 
[15.71, 20.34] [26.35, 49.68] [14.26, 21.96] 

expansion cost 

(RMB/m3) 

Option 1 [11.43, 11.79] [20.35, 21.07] [14.86, 15.58] 

Option 2 [12.86, 13.57] [21.42, 21.78] [15.93, 16.65] 

Option 3 - - [16.65, 17.36] 

Note: RMB is the currency of China. 
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In this study, they were considered as triangular fuzzy sets, with the minimum, 

maximum and the most likely values estimated by experts from local authorities (Table 

4.4). The GM of the fuzzy constraints were given as [0.6, 0.9] according to previous studies 

in fuzzy programming. Monthly mean flow data at the Xingshan Station during the 

flooding seasons (June to September) from 1991 to 2010 were collected. The cumulative 

probabilities of the monthly mean flow are presented in Figure 4.13. The probabilities of 

the occurrence of flood flow with five levels were obtained through the analysis of the 

random flow characteristics at the Xingshan Station. Accordingly, the corresponding 

amounts of flood flow to be diverted were estimated, as shown in Table 4.5.  

 

4.2.3.2. Modelling Formulation 

The objective of the optimization model is to minimize the system cost for flood 

management, which includes the cost for flood diversion and capacity expansion, as well 

as the penalty for excess flood flow. In this study, the ambiguous coefficients, such as unit 

diversion costs and diversion capacities, are expressed as intervals. Thus, the objective 

function is given as follows:  

 
3 3 3

1 1 1

3 3 3

1 1 1

Min ( )i i j i ij i ij
i i j

ik ik ijk
i j k

f CR DR p CR DB CP DP

CE VE DY
    (4.41) 

 
where: 

i  is the flood-diversion region, 1, 2,3i ; 

j  is the level of flood flow, 1, 2,3, 4,5j ;  
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Table 4.4. Minimum, maximum and the most likely values of the maximum expansion 

capacities of the three regions 

Region Minimum value Maximum value Most likely value 
Gufu (i = 1) 69.30 72.6 70.95 

Zhaojun (i = 2) 42.90 44.55 43.73 
Xiakou (i = 3) 6.90 8.28 7.59 
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Table 4.5. Probabilities of the occurrence of flood flow with five levels 

Flow level Probability (pj ) Flood rate (m3/s) Diversion requirement (m3) 
High (j = 1) 0.2 [17.67, 30.55] [36.60, 37.17] 

Low-medium (j = 2) 0.2 [31.55, 35.30] [47.34, 47.48] 
Medium (j = 3) 0.2 [44.60, 52.95] [69.65, 71.39] 

Medium-high (j = 4) 0.2 [53.38, 67.98] [78.25, 89.55] 
High (j = 5) 0.2 [75.38, 92.40] [109.10, 118.98] 
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Figure 4.13. Cumulative probability of the monthly mean flow during flooding seasons 
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k  is the option of capacity expansion, 1, 2,3k ; 

iCR  is the unit cost for regular flood diversion to region i  (RMB/m3); 

iDR  is the allowable amount of flood to be diverted to region i  during the first-

stage of the decision process (m3); 

jp  is the probability of occurrence of flood flow with level j ; 

ijDB  is the allowable amount of flood to be diverted to region i  under the 

occurrence of flood flow with level j  during the second-stage of the decision 

process (m3); 

iCP  is the unit penalty for excess flood diversion to region i  (RMB/m3); 

ijDP  is the amount of excess flood to be diverted to region i  under the occurrence 

of flood flow with level j  during the second-stage of the decision process (m3); 

ikCE  is the unit cost for capacity expansion with option k  in region i  (RMB/m3); 

ikVE  is the size of capacity expansion with option k  in region i  (m3); 

ikkDY  is the binary decision variable regarding whether to adopt capacity expansion 

option k  in region i  under the occurrence of flood flow with level j  during 

the second-stage of the decision process ( 0 or 1ikkDY ); 

 
A set of water quality constraints is formulated according to the local watershed 

conditions. Most ambiguous coefficients, such as the allowable flood diversion and the size 

of capacity expansion, are expressed as intervals. The imprecision of the right-hand side 
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coefficients that represent the maximum capacity for flood diversion are encoded as fuzzy 

sets. The flood risk is reflected as the probability of violating risk control constraints. Thus, 

constraints of the model are as follows:  

(1) First-stage capacity constraints: 

 
,  i iDR VR i             (4.42) 

 
where iVR  is the existing capacity for flood diversion in region i  (m3); 

(2) Second-stage capacity constraints: 

 
,  ,i ij iDR DP VM i j           (4.43) 

 
3

1
,  ,ij ik ijk

k
DB VE DY i j           (4.44) 

 
3

1
1,  ,ijk

k
DY i j              (4.45) 

 

where iVM  is the maximum capacity for flood diversion in region i  (m3); 

(3) Flood control constraints: 

 
3

1
Pr{ ( ) ,  } 1

ji ij ij
i

DR DB DP Q j q        (4.46) 

 
where jQ  is the amount of flow to be diverted under the occurrence of flood flow with 
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level j ; (m3); iq  is the admissible probability of violating the flood diversion capacity 

in region i ; 

(4) Technical constraints: 

 
0,  iDR i              (4.47) 

 
0,  ,ijDB i j              (4.48) 

 
0,  ,ijDP i j              (4.49) 

 
1,  if expansion is undertaken      

,  ,
0,  if expansion is not undertakenijkDY i j           (4.50) 

To solve the above model, an interactive two-step solution algorithm for interval-

parameter programming model was applied to generate two deterministic sub-models (Fan 

and Huang, 2012). The first sub-model, which corresponds to the upper bound of the 

objective function value, is: 

 
3 3 3

1 1 1

3 3 3

1 1 1

Min ( )i i j i ij i ij
i i j

ik ik ijk
i j k

f CR DR p CR DB CP DP

CE VE DY
    (4.51) 

 
Subject to:                    ,  i iDR VR i            (4.52) 

 
,  ,i ij GMiDR DP VM i j        (4.53) 
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3

1
,  ,ij ik ijk

k
DB VE DY i j           (4.54) 

 
3

1
1,  ,ijk

k
DY i j               (4.55) 

 
3

1
( ) ,  q

i ij ij j
i

DR DB DP Q j          (4.56) 

 
0,  iDR i             (4.57) 

 
0,  ,ijDB i j             (4.58) 

 
0,  ,ijDP i j           (4.59) 

 
1,  if expansion is undertaken      

,  ,
0,  if expansion is not undertakenijkDY i j         (4.60) 

 

The first sub-model can be solved using simplex method, and the solutions i optDR , 

ij optDB , ij optDP and ijk optDY  can be obtained. Then, the second sub-model, which 

corresponds to the upper bound of the objective function value, can be formulated as 

follows: 

3 3 3

1 1 1

3 3 3

1 1 1

Min ( )i i j i ij i ij
i i j

ik ik ijk
i j k

f CR DR p CR DB CP DP

CE VE DY
    (4.61) 
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Subject to: 

                    ,  i iDR VR i            (4.62) 

 
,  ,i ij GMiDR DP VM i j         (4.63) 

 
3

1
,  ,ij ik ijk

k
DB VE DY i j             (4.64) 

 
3

1
1,  ,ijk

k
DY i j                 (4.65) 

 
3

1
( ) ,  q

i ij ij j
i

DR DB DP Q j             (4.66) 

 
0 ,  i i optDR DR i           (4.67) 

 
0 ,  ,ij ij optDB DB i j         (4.68) 

 
0 ,  ,ij ij optDP DP i j         (4.69) 

 
,  ,ijk ijk optDY DY i j                      (4.70) 

 
After solving both the two deterministic sub-models that correspond to the upper and 

lower bounds of the objective function value, solutions to the upper and lower bounds of 

the decision variables can be obtained. Thus, the interval solutions can be obtained 

according to Equations 4.39 and 4.40.  
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4.2.4. Results and Discussion 

4.2.4.1. Result Analysis 

The ITFSIP model was first solved under a scenario where the significance level of 

the chance constraints was given as 0.05q  and the gradient  of the fuzzy constraints 

was 0.6. The solutions to most non-zero decision variables and the objective function are 

intervals, which implies that the related decisions are sensitive to the uncertain modeling 

inputs (Li et al., 2014).  

The objective function value, i.e., the system cost for flood diversion management 

would be [8.87, 12.90] × 106 RMB, the cost in the first stage would be [4.50, 5.57] × 106 

RMB, and the penalty cost in the second stage would be [4.37, 7.33] × 106 RMB. The 

interval solutions to the decision variables are presented in Table 4.6.  

It is indicated that Gufu would be the only pre-defined flood-retention region, due to 

its large diversion capacity and relatively low unit diversion cost. This may be attributed 

to the well-built flood diversion facilities around the Gudongkou Reservoir in this region. 

The results indicate that the first stage diversion plan would be sufficient for flood risk 

control when the incoming flood flow level is low or medium-low. However, adjustments 

regarding the first stage decisions would be necessary when the incoming flood flow 

reaches a higher level. Capacity expansion options in Zhaojun should be considered to 

increase the amount of allowable flood to be diverted when the flood flow level is higher 

than medium-high. Meanwhile, excess flow is expected in all of the three regions when the 

incoming flood flow level is higher than the medium level.  
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Table 4.6. Solutions to the ITFSIP model  

Region j  iDR  ijDB  ijDP  

Gufu 

1 63 0 0 
2 63 0 0 
3 63 0 [6.15, 7.95] 
4 63 0 7.95 
5 63 0 7.95 

Zhaojun 

1 0 0 0 
2 0 0 0 
3 0 0 0 
4 0 [0.25, 3.12] [1.98, 10.78] 
5 0 [0.25, 3.12] [33.82, 41.15] 

Xiakou 

1 0 0 0 
2 0 0 0 
3 0 0 2.74 
4 0 0 7.59 
5 0 0 7.59 
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Particularly, when the magnitude of flood reaches the high level, [34.07, 44.27] × 

104 m3, excess flood flow would be diverted to Zhaojun. In most circumstances, it would 

be more economically feasible to accept the damages of excess flood water rather than to 

build or expand the diversion capacity. This is reasonable considering that the major land 

use type in Zhaojun is natural forest and the penalty for excess flood is relatively low (Han 

et al., 2014).  

The flood diversion scheme for the three regions is presented in Figure 4.14. The 

expected values of the flood diversion amount at the second stage in Gufu, Zhaojun, and 

Xiakou are [4.41, 4.77], [7.26, 11.63] and 3.58 × 104 m3, respectively. Even though the 

diversion cost, expansion cost and penalties for excess flood vary spatially in the three 

regions, the ITFSIP model was able to characterize the multiple system components and 

their complex inter-relationships, and identify an optimized scheme for the dynamic flood 

diversion management and planning. The results also indicate that Region 2, i.e., Zhaojun, 

would accept the largest amount of flood water during the flooding season, while Xiakou 

would receive the smallest diversion flow.  

The flood diversion scheme under different flood flow levels was also obtained 

through the ITFSIP model, as shown in Figure 4.15. The results indicate how the flood 

diversion targets should be adjusted at the second stage according to the level of incoming 

flood flow monitored. When the incoming flood flow is low or medium-low, no flood 

diversion adjustment would be needed. However, when the magnitude of the flood is higher 

than the medium-low level, the amount of flood flow that should be diverted will increase, 

which would require certain adjustment regarding the flood diversion scheme.  
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Figure 4.14. Expected values of the amounts of flood water allocated to the three regions 
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Figure 4.15. Flood diversion scheme at the second stage under different flood flow levels 
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The expected value of the amount of flood diverted during the second stage would 

be [15.16, 18.74] × 104 m3. The amounts of diverted floodwater when the incoming flood 

level is medium, medium-high, and high would be [8.90, 10.69], [17.52, 26.32], and [49.36, 

56.69] × 104 m3, respectively. Generally, the higher incoming flood level, the more flood 

water to be diverted.  

The amount of flood water diverted to Regions 1 and 3 would not change drastically 

with the occurrence of different flood events. Nevertheless, the amount of flood flow to be 

diverted to Region 2 would increase significantly from 0 to [2.23, 13.90] × 104 m3, when 

the flood flow level changes from the medium-high to high. This is because a capacity 

expansion would take place in Region 2, in order to accommodate more flood water and to 

mitigate flood risks. In fact, among the various capacity expansion options, only the first-

level expansion option in Region 2 would be adopted. This may be resulted from the 

expensive cost for capacity expansion and the associated cost for flood diversion.  

 

4.2.4.2. Analysis of the fuzzy constraints 

The effects of the fuzzy gradient on system outputs were evaluated through 

sensitivity analysis. Model solutions under five scenarios with different fuzzy gradients 

were obtained, as presented in Figure 4.16. The results show that the system cost would 

increase slightly from [8.84, 12.77] × 106 RMB to [9.09, 13.06] × 106 RMB as the fuzzy 

gradient changes from 0.4 to 0.8. According to the definition of GM in Equation 4.28, a 

higher fuzzy gradient represents a higher weight of possibility in the GM, which implies 

decision makers’ optimistic attitude regarding to the fuzzy constraint. The higher the fuzzy 

gradient is, the higher the GM value becomes.   
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Figure 4.16. Results of system cost under scenarios with different fuzzy gradients 
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A higher GM value would result in a higher value of the right-hand side, and 

consequently, a less strict constraint. It is implied that a looser constraint would lead to a 

higher system cost. This is a very interesting system response, since a loose constraint 

usually results in a relatively low value of the objective function in minimum optimization 

problems. 

To better explain such a system response, the solutions to all of the decision variables 

were further examined. It is found that the total amounts of diverted flood flow would not 

change under different fuzzy gradient scenarios. However, the fuzzy gradient λ does control 

the maximum capacities of the flood retention regions and thus it would affect the 

allocation of the total diverted flow among the three regions.  

For instance, in the lower bound solutions, the percentage of the flood flow diverted 

to Region 2 when the incoming flood flow level is medium-high would decrease from 

15.77% to 11.31% as the fuzzy gradient λ changes from 0.6 to 0.7, as shown in Figure 4.17. 

The system responses reflected in the upper bound solutions are given in Figure 4.18. The 

effects of the λ value can also be illustrated in the upper bound solutions. When the 

incoming flood flow level is high, the percentage of the flood water diverted to Region 3 

would increase from 12.98% to 13.39% as the fuzzy gradient λ changes from 0.6 to 0.7.  

It is implied that the restrictions on the maximum capacities of the flood retention 

regions could alter the allocation of flood flow, and eventually affect the total system cost 

(resulted from the different unit cost for diversion in the three regions). Therefore, the 

GFCCP proposed in this study can help reflect the inter-relationships between decision 

makers’ preference and flood diversion schemes. 
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Figure 4.17. Percentages of diverted flood flow under the λ = 0.6 and λ = 0.7 scenarios 

(Lower bound) 
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Figure 4.18. Percentages of diverted flood flow under the λ = 0.6 and λ = 0.7 scenarios 

(Upper bound) 
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4.2.4.3. Analysis of constraint-violation risk 

A straightforward and effective approach to manage the hydrological risks of the 

main stream is to control the total amount of diverted flood water. In this model, the 

hydrological risk is reflected through the constraints with regard to jQ . jQ  is a random 

variable that fits a normal distribution with a mean of jQ  and a variation of 10%jQ . 

The CCP method was introduced to address the uncertainties associated with constraint-

violation risks.  

The constraint-violation risks were represented using the significance level q  of the 

chance constraint, and three significance levels, i.e., q  = 0.01, 0.05, and 0.1, were 

analyzed. The obtained system costs are shown in Figure 4.19. The results indicated that 

the system cost would decrease as the significance level increases. This is because a higher 

significance level can bring up the right-hand side value of the constraint, which leads to a 

larger feasible solution region of the optimization model and eventually a lower value of 

the objective function in the minimum optimization problem. 

More detailed sensitivity analysis results regarding to the significance level are 

provided in Figure 4.20. It is shown that the flood diversion demand when the incoming 

flood flow level is high would be generally higher than that when the incoming flow is at 

the medium-high level. When the allowed violation rates change from 0.01 to 0.1, the 

diverted floodwater would decrease from [22.25, 31.73] × 104 to [15.00, 23.43] × 104 m3 

with the occurrence of a medium-high-level flood, and it would decrease from [50.91, 

58.84] × 104 to [45.85, 52.86] × 104 m3 with the occurrence of a high-level flood.  
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Figure 4.19. System cost under different constraint-violation risks 
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Figure 4.20. The total amounts of diverted flood flow under different constraint-violation 

risks (j = 4 and 5) 
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The results illustrate the trade-offs between the system cost and the flood risks: 

planning with a lower constraint violation allowance would lead to a higher flood diversion 

target and thus a higher system cost; conversely, the decrease of system cost could only be 

achieved at the cost of a higher constraint-violation risk and a higher system-failure risk.  

 

4.2.5. Summary 

In this study, an Interval-parameter Two-stage Fuzzy Stochastic Integer 

Programming (ITFSIP) method was proposed for the floodplain planning in the Xiangxi 

River Watershed, China. A fuzzy gradient was proposed to encode the possibility and 

necessity distribution of the fuzzy parameters, and a gradient measure was proposed to 

quantify the satisfaction level of fuzzy constraints. Then, a Gradient-based Fuzzy Chance 

Constrained Programming (GFCCP) was proposed and incorporated in a traditional flood 

diversion planning framework to quantify the decision makers’ preferences regarding to 

the maximum diversion capacity of the study regions. Uncertainties presented as intervals, 

fuzzy sets and random events were all tackled within the proposed ITFSIP framework for 

robust risk-based flood diversion management and planning.  

Stable interval solutions were obtained by solving the ITFSIP model through an 

interactive two-step algorithm. The results indicated that the first stage diversion plan 

would be sufficient for the hydrological risk control in the study area when the incoming 

flood flow level is relatively low. However, adjustments regarding the first stage decisions 

would be necessary when the incoming flood flow reaches a higher level. Detailed results 

of the diversion scheme in the three regions were generated, and sensitivity analyses 

regarding the fuzzy gradients and significance levels of the uncertain constraints were 
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conducted. The inter-relationships between decision makers’ preference and the resulted 

flood allocation schemes were reflected. The tradeoffs between system costs and system-

failure risks were also illustrated.  

The ITFSIP model provided a flexible and effective alternative for flood mangers to 

deal with various uncertainties in flood water allocation and floodplain capacity planning. 

It can be applied to other watersheds to support flood risk management under multiple 

complexities. Furthermore, the proposed hybrid modeling framework can be further 

applied to other system optimization problems in various fields, such as water resources 

management and waste-load allocation. 
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CHAPTER 5 

CONCLUSIONS 

5.1. Summary 

In this dissertation research, a set of hydrological forecasting and risk management 

approaches were developed to support the modeling and management of water resources 

systems under various complexities arisen from climate change, human interferences and 

system uncertainties. The developed approaches were applied to the Xiangxi River 

Watershed in China and the Grand River Watershed in Canada, to demonstrate their 

applicability and to provide decision support for local management. A brief summary of 

the findings from this dissertation research is provided as follows. 

Chapter 3 demonstrated three hydrological forecasting approaches. In detail, firstly, 

a Stepwise-Clustered Hydrological Inference (SCHI) model was developed. The SCHI 

model was based on Stepwise Cluster Analysis (SCA), which was introduced to facilitate 

daily streamflow forecast. The complex nonlinear relationships between streamflow and 

climatic factors were established through multivariate analysis. The SCHI model was 

applied to the Xiangxi River Watershed to predict streamflow on the daily time step. The 

results proved that not only could this method reflect the underlying relationships in the 

hydrological process, but it also exhibited a superior capability in terms of automatic 

predictor discrimination. In this study, the SCHI model outperformed a semi-distributed 

model in terms of the modeling accuracy reflected by the goodness-of-fit statistics. 

Moreover, the proposed model could facilitate uncertain analyses by providing a 

significance level in each clustering step and generating predictions with different formats. 
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Secondly, a bottom-up hydrological-climatic modeling framework was proposed to support 

hydrological forecasting under the changing climatic conditions. The presented approach 

was based on the Providing Regional Climates for Impacts Studies (PRECIS) system and 

the Hydrological Inference Model (HIM). It was applied to assess the impacts of climate 

change on the river discharges at the Brantford Station of the Grand River Watershed. The 

results demonstrated that the proposed method could effectively characterize the 

hydrological regime of the study area, and it could allow a series of uncertainty analyses. 

The straightforward and flexible structure of the proposed framework made it a promising 

approach for long-term hydrological forecasting under climate change. Thirdly, a 

Stepwise-cluster-analysis-based Polynomial Chaos Expansion (SPCE) method was 

developed to support stochastic forecasting. The SPCE method was developed by 

introducing SCA to the traditional Polynomial Chaos Expansion (PCE) method. SCA 

established the complex relationships between model inputs and PCE coefficients. Thus, 

the SPCE method could overcome the major drawback of PCE, which is the incapability 

of independent forecasting. The developed method was applied to the Xiangxi River 

Watershed to illustrate its performance. It was demonstrated that the SPCE method could 

not only capture the characteristics of the uncertainties in the targeted modeling system but 

also provide reliable probabilistic forecasting results in a computationally efficient manner.  

Chapter 4 illustrated two methods for the risk management of water resources 

systems. In detail, firstly, a risk assessment framework based on hydrological frequency 

analysis under nonstationarity and uncertainty was proposed. There were two major 

components in the proposed framework, focusing on change-point analysis and uncertainty 

quantification for parameter estimation, respectively. It was the first attempt to consider 
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the effects of both nonstationarity and uncertainty in the hydrological risk assessment for 

the Three Gorges Reservoir area in China. The results revealed that due to the construction 

of a number of reservoirs and hydropower stations, the future hydrological risks would be 

more moderate compared to the risks in the 1980s. This study provided decision support 

for hydrological engineering design for many other rivers in China and worldwide. 

Secondly, an Interval-parameter Two-stage Fuzzy Stochastic Integer Programming 

(ITFSIP) method was proposed for the risk-based water resources management. A self-

dual fuzzy measurement called the gradient measurement (GM) was introduced to encode 

the possibility and necessity distributions of the fuzzy parameters and to evaluate the 

satisfaction levels of the fuzzy constraints. The proposed approach was applied to solve the 

two-stage flood diversion planning problem in the Xingshan County of the Xiangxi River 

Watershed. The results demonstrated that the intervals of various cost coefficients, the 

subjective preferences of decision makers, the randomness of stochastic hydrological 

events, and the uncertain violation rates of constraints could all be addressed in the ITFSIP 

model. Robust diversion strategies were obtained for water resources management and 

hydrological risk control. 

 

5.2. Research Achievements 

In terms of hydrological forecasting methodologies, three innovative modeling 

approaches have been proposed. The SCA method has been introduced for daily runoff 

prediction for the first time. The proposed SCHI model can avoid the inappropriate 

assumptions of traditional statistic data-driven models, such as continuity and functional 
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relationships. It can also overcome the drawback of traditional artificial intelligence 

techniques and enable the characterization of the multivariate relationships in hydrological 

processes. The developed SCHI model provides a reliable alternative for short-term and 

long-term hydrological prediction. The proposed hydro-climate modeling chain 

demonstrates a simple and straightforward approach for the analysis of uncertainties 

inherent with the climate and hydrological modeling processes. It provides a flexible runoff 

forecasting alternative for long-term impact analysis of climate change on water resources. 

Finally, the developed SPCE method is the first attempt to explore the forecasting 

capability of the traditional PCE method. The integration of SCA can overcome the PCE’s 

major shortcoming and extend its application from dependent stochastic simulation to 

independent stochastic forecasting. It provides an efficient and reliable approach for 

probabilistic hydrological prediction.  

In terms of risk assessment and management methodologies for water resources 

management, two advanced approaches have been introduced. The proposed hydrological 

risk analysis approach can address the presence of significant nonstationarity and 

uncertainty in hydrologic time series. It provides a framework for the efficient detection of 

hydrological variations and the robust estimation of hydrological extreme values for future 

time horizons. The developed flood diversion model can handle uncertainties expresses as 

random events and imprecise information, and thus provide more reliable decision support 

for water managers to deal with the challenges resulted from the complexities of water 

resources systems. Particularly, it can better reflect the decision makers’ preferences 

through gradient fuzzy chance constraint programming, compared to the existing methods. 

It provides a flexible and robust approach for flood flow diversion planning and flood risk 
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mitigation. 

Furthermore, by applying the abovementioned methods, in-depth results have been 

obtained for the two study areas in this dissertation research. The characteristics and 

alterations of the local water resources systems have been revealed. Meanwhile, insightful 

decision support as well as adaptive and robust management strategies for the local water 

resources management have been generated.  

 

5.3. Recommendations for Future Research 

(1) Future studies could be undertaken to extend the proposed methods to many other 

water resources systems worldwide. Meanwhile, the SPCE method could be further applied 

to a number of other hydro-environmental modeling problems, in order to enhance the 

stochastic prediction in various areas; and the ITFSIP method could be extended to other 

resources allocation and optimization problems to support decision-making under multiple 

uncertainties.  

(2) The proposed hydrological forecasting methods could be improved by further 

utilizing SCA’s advantages in uncertainty analysis and thus enhancing their capabilities in 

robust prediction. Improvements could also be achieved by further integrating future 

climate projections into the probabilistic forecasting results. 

(3) The developed hydrological risk assessment approach could be improved by 

addressing more uncertainties from other sources, such as the sampling processes and 

model structure, or by incorporating more advanced nonstationarity analysis techniques. 

The proposed flood diversion planning model could be improved by introducing nonlinear 
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and multi-objective programming techniques; however, the issue of finding a global 

optimum should considered if such techniques are introduced.  
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