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ABSTRACT 

Human-induced climate change has been regarded as one of the most pressing issues 

around the world because it often leads to severe, widespread, and irreversible 

consequences. Assessing the potential impacts of climate change is essential and critical 

for developing appropriate mitigation and adaptation strategies against the changing 

climate.  

In this research, a series of approaches and methodologies have been proposed for 

dealing with the challenges in climate change impact assessment due to the lack of high-

resolution climate projections and the difficulty in quantifying the uncertainties associated 

with future climate projections. The proposed approaches and methodologies have been 

applied to the Province of Ontario, Canada to demonstrate their effectiveness in generating 

probabilistic and high-resolution regional climate scenarios.  

Specifically, a new statistical downscaling tool, named SCADS, has been developed 

to help perform rapid development of downscaled scenarios under current and future 

climate forcing conditions. The SCADS uses a cluster tree to effectively deal with 

continuous and discrete variables, as well as nonlinear relations between large-scale 

atmospheric variables and local surface ones.  

A hybrid downscaling approach by coupling the PRECIS model and the SCADS 

model has been proposed to construct high resolution climate projections for studying 

climate change impacts at local scales. The coupled approach was applied for projecting 

the future climate over Ontario at a fine resolution of 10 km.  
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A Bayesian hierarchical model has been developed to quantify the uncertainties of 

regional climate projections in a statistical framework based upon a limited number of 

explicit assumptions for prior distributions. By feeding the observations for current climate 

and the PRECIS ensemble simulations into the Bayesian model, probabilistic projections 

of future climatic changes over Ontario have been developed.  

The likely changes in temperature and precipitation as well as extreme precipitation 

events across the Province of Ontario were evaluated to help understand its local climate’s 

response to global warming. A public climate change data portal, named Ontario CCDP, 

have been established to ensure impact researchers and decision makers have free access 

to the high-resolution climate projections, thus supporting further impact studies and 

development of climate mitigation and adaptation strategies.  
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CHAPTER 1 

INTRODUCTION 

1.1 BACKGROUND 

 As one of the most pressing issues in the world, climate change has already caused 

evident impacts on natural and human systems on all continents and across the oceans in 

recent decades (IPCC, 2014). For example, changing precipitation or melting snow and 

ice are altering hydrological systems in many regions which may further affect water 

resources in terms of quantity and quality (Crossman et al., 2013; Jordan et al., 2014; 

Parmesan and Yohe, 2003; Piao et al., 2010; Whitehead et al., 2009; Yang and Yang, 

2014); many terrestrial and marine species have shifted their geographic ranges and 

migration patterns in response to the ongoing climate change (Cheung et al., 2009; Doney 

et al., 2012; Harley et al., 2006; Ling et al., 2014; Poloczanska et al., 2013); climate change 

is also affecting human health as a result of increased frequency and intensity of extreme 

weather events including heat waves, floods, and droughts (Haines et al., 2006; Hansen et 

al., 2012; McMichael et al., 2006; Patz et al., 2005). This is particularly true for Canada 

where extreme weather events have frequently struck its major cities in recent years and 

caused tremendous amounts of damage. For instance, the severe floods in Calgary and 

Toronto in 2013 have been recorded as the largest natural disasters in the histories of 

Alberta and Ontario (see Figure 1.1). The insurance costs caused by these two events have 

constituted the first and third largest natural insured catastrophes in Canadian history. 

Recent modeling efforts suggest that continued emission of greenhouse gases will  
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Figure 1.1 Severe floods stuck the major cities of Canada in 2013. 
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cause further warming and long-lasting changes in all components of the climate system, 

increasing the likelihood of severe, pervasive and irreversible impacts on human and 

ecosystems (IPCC, 2014). While mitigating climate change would require substantial and 

sustained reductions in greenhouse gas emissions through worldwide consensus and 

collaborations, adapting to climate change has become a major focus of regional and local 

policy makers and development practitioners (Jones et al., 2012; Wende et al., 2012). 

 Assessing the potential impacts of climate change from a long-term and systematic 

perspective is essential and critical for developing appropriate climate change mitigation 

and adaptation strategies against the changing climate throughout the world. However, the 

climate system is a complex system of processes acting at manifold spatial and temporal 

scales (Bellprat, 2013), resulting in a large number of challenges for climate change impact 

assessment. For example, the coarse-resolution global climate models (GCMs) do not 

capture the local details often needed for impact assessments at regional levels; future 

climate scenarios may be subject to various uncertainties due to the subjective choices of 

greenhouse gas (GHG) emissions scenarios, global climate models, physical 

parameterization schemes, and so on. These challenges further lead to a difficult problem 

for the scientific community: How to develop both reliable and high-resolution regional 

climate scenarios for supporting climate change impact assessments? As climate change 

is now being recognized one of the most challenging issues around the world, the scientific 

community has increasingly focused on answering such a demanding question. 

This chapter will first present a thorough literature review of previous efforts of 

climate researchers on dealing with these challenges, including a summary of the 
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shortcomings and/or gaps of previous studies. Then, the objectives of this research and the 

structure of this dissertation will be depicted explicitly.  

1.2 DEVELOPMENT OF CLIMATE SCENARIOS 

Future climate scenarios are essential for climate change impact assessments. A 

climate scenario is a plausible, self-consistent outcome of the future climate that has been 

constructed using simulations of future climate with climate models for explicit use in 

investigating the potential consequences of anthropogenic greenhouse gas emissions 

(Jones et al., 2004). GCMs are developed to represent the dynamics among the earth’s 

climate system with the aid of numeric modeling techniques. The GCM outputs are the 

basis for all climate scenarios used for climate change impact assessments. However, the 

climate projections depend on the future changes in emissions or concentrations of 

greenhouse gases and other pollutants (e.g., sulphur dioxide), which in turn are based on 

assumptions concerning, for example, future socio-economic and technological 

developments (Jones et al., 2004). Therefore, future climate projections generated by 

GCMs are inevitably subject to substantial uncertainty (Hallegatte, 2009). For this reason, 

we should construct a number of climate scenarios to cover the plausible range of future 

emissions. The inherent uncertainty of climate scenarios thus should be kept in mind and 

recognized explicitly when conducting climate change impact studies and communicating 

results to decision makers. 

In general, the main stages required to develop climate scenarios for assessing 

climate change impacts include: (1) designing greenhouse gas emissions scenarios based 

on population, energy, and economics models; (2) estimating the concentrations of 
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greenhouse gases in the atmosphere with the aid of carbon cycle and chemistry models; 

(3) simulating the earth’s climate system with coupled global climate models and 

generating future climate projections; (4) adding regional details through regional climate 

models or other downscaling techniques to develop high-resolution climate projections; 

(5) assessing the potential impacts of climate change with impacts models (e.g., 

hydrological and crop ones); and (6) analyzing and interpreting results and reporting them 

to decision makers to support policy development in terms of climate change mitigation 

and adaptation (see Figure 1.2). Besides, we should note that there might be some positive 

or negative feedbacks from the consequences of climate change or implementation of 

climate policies to our climate system. A positive feedback is a process in which an initial 

change will bring about an additional change in the same direction, while a negative 

feedback means a process in which an initial change will bring about an additional change 

in the opposite direction (NOAA, 2015). An example of positive feedback in the climate 

system is ice-albedo feedback. Specifically, ice has a higher albedo (or reflectivity) than 

vegetation, soil, or water. Once ice begins to melt due to global warming, more solar 

radiation will be absorbed by the surface. This will further raise the surface temperature 

and thus cause even more ice to melt. An example of negative feedback is the forest carbon 

cycle. Trees will grow and extend north to higher latitude as temperature increase. New 

trees will further absorb CO2 and take it out of the atmosphere (Booth, 2013). Even though 

a number of climate feedbacks have been recognized by the scientific community, these 

feedbacks still remain uncertain and are seldom included into current climate models to 

enable us to improve our confidence in future climate projections. Since these feedbacks 
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Figure 1.2 The main stages required to develop climate change scenarios for assessing the impacts of climate change1

1 From Jones et al. (2004) Generating high resolution climate change scenarios using PRECIS, UK Met Office Hadley Centre. 
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have the potential to substantially affect climate change and can further strengthen or 

weaken the impacts of climate change, climate feedbacks are becoming an important area 

of research for scientists. 

1.2.1 Emission Scenarios 

It is impossible to predict exactly how anthropogenic emissions will change in the 

future. Therefore, a number of emission scenarios have been developed to represent the 

likely outcomes of future emissions to enable us to project future climate change. Emission 

scenarios are plausible representations of future emissions of substances that are 

radiatively active (i.e., greenhouse gases) or which can affect constituents that are 

radiatively active (e.g., sulphur dioxide which forms sulphate aerosols) (Jones et al., 2004). 

Development of emission scenarios is usually based on a coherent and internally consistent 

set of assumptions about driving forces (including demographic and socio-economic 

development and technological change) and their interactions.  

The first long-term emission scenarios, known as SA90 scenarios (IPCC, 1990), 

were developed by the Intergovernmental Panel on Climate Change (IPCC). The IPCC 

updated these scenarios in 1992 with consideration of uncertainties in economic growth, 

population, technology in business-as-usual (BAU) energy and economic futures, and 

named them as IS92 scenarios (Leggett et al., 1992). In 1995, the IS92 scenarios were 

evaluated. The evaluation recommended that significant changes in the understanding of 

driving forces of emissions and methodologies since 1992 should be addressed. Therefore, 

the IPCC decided to develop a new set of emission scenarios in 1996. The new set of 

scenarios was released in the IPCC Special Report on Emissions Scenarios in 2000 and 



8 

thus was known as SRES scenarios (Nakicenovic and Swart, 2000). The SRES scenarios 

have been widely used in the analysis of possible climate change, its impacts, and options 

to mitigate and adapt to climate change since 2000 (Lewis and Nocera, 2006; Meehl and 

Tebaldi, 2004; Raupach et al., 2007; Schär et al., 2004).  

The SRES scenarios comprise four scenario families: A1, A2, B1, and B2. The 

scenarios within each family follow the same picture of world development (i.e., storyline). 

The A1 family includes three groups reflecting a consistent variation of the storyline (i.e., 

A1T, A1FI, and A1B). Thus, the SRES emission scenarios consist of six distinct scenario 

groups to reflect the range of uncertainties associated with driving forces (Jones et al., 

2004; Nakicenovic and Swart, 2000). In detail, the A1 storyline and scenario family 

describes a future world of very rapid economic growth, global population that peaks in 

mid-century and declines thereafter, and the rapid introduction of new and more efficient 

technologies. The A1 scenario family develops into three groups that describe alternative 

directions of technological change in the energy system. The three A1 groups are 

distinguished by their technological emphasis: fossil intensive (A1FI), non-fossil energy 

sources (A1T), or a balance across all sources (A1B) which is defined as not relying too 

heavily on one particular energy source, on the assumption that similar improvement rates 

apply to all energy supply and end use technologies. The A2 storyline and scenario family 

describes a very heterogeneous world. The underlying theme is self-reliance and 

preservation of local identities. Fertility patterns across regions converge very slowly, 

which results in continuously increasing population. Economic development is primarily 

regionally oriented and per capita economic growth and technological change more 

fragmented and slower than other storylines. The B1 storyline and scenario family 
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describes a convergent world with the same global population, that peaks in mid-century 

and declines thereafter, as in the A1 storyline, but with rapid change in economic structures 

toward a service and information economy, with reductions in material intensity and the 

introduction of clean and resource-efficient technologies. The emphasis of B1 storyline is 

on global solutions to economic, social and environmental sustainability, including 

improved equity, but without additional climate initiatives. The B2 storyline and scenario 

family describes a world in which the emphasis is on local solutions to economic, social 

and environmental sustainability. It is a world with continuously increasing global 

population, at a rate lower than A2, intermediate levels of economic development, and less 

rapid and more diverse technological change than in the B1 and A1 storyline. While the 

B2 scenario is also oriented towards environmental protection and social equity, it focuses 

on local and regional levels. A summary of the four scenarios families is shown in Figure 

1.3.  

However, we should note that all SRES scenarios are considered to be plausible but 

we have no way of knowing their relative probabilities and there is no reason to assume 

they are all equally probable (Jones et al., 2004). Besides, the SRES scenarios do not 

include additional climate initiatives. Thus, the likely effects of mitigation policies cannot 

be evaluated while developing future climate projections under the SRES scenarios. 

Therefore, the Representative Concentration Pathways (RCPs) have been developed 

recently by the Integrated Assessment Modeling Consortium (IAMC) to allow for the 

consideration of climate mitigation policies in the course of future climate projecting (Van 

Vuuren et al., 2011). RCPs consists of projections of only the components of  
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Figure 1.3 IPCC SRES scenarios families 
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radiative forcing that are meant to serve as inputs for climate modeling, pattern scaling, 

and atmospheric chemistry modeling. RCPs are named according to their 2100 radiative 

forcing levels based on the forcing of greenhouse gases and other forcing agents. But the 

RCPs are not new and they are actually chosen from scientific purposes to represent the 

span of radiative forcing literature at the time of their selection and thus facilitate the 

mapping of a broad climate space.  

1.2.2 Concentration Estimation 

After the anthropogenic emissions scenarios are developed, the concentrations of 

greenhouse gases and other substances (e.g., sulphate aerosol) in the atmosphere should 

be further estimated before we proceed to compute global climate projections using global 

climate models. In general, carbon cycle and atmospheric chemistry models are needed to 

model the emission-to-concentration relationships and thus calculate concentrations and 

burdens of different gases and substances which follow from the predefined emission 

scenarios. For example, the UK Met Office Hadley Centre’s HadCM3 model uses the 

concentration profiles of carbon dioxide estimated by the Bern model (Joos et al., 1996). 

The carbon dioxide concentration profiles generated by the Bern model were also used as 

the basis of all the GCM projections by the IPCC TAR WGI report (Cubasch et al., 2001). 

In the case of other greenhouse gases (including ozone), a series of 2d-models and/or 3d-

models are developed to estimate their concentrations under different emissions scenarios 

(Jones et al., 2004). The generation of sulphate aerosol caused by five prognostic variables 

(i.e., sulphur dioxide, dimethyl sulphide, and three modes of sulphate aerosol) should also 
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be simulated through specific chemistry models, for example, the Lagrangian chemistry 

model STOCHEM (Collins et al., 1997), to estimate its distribution in the atmosphere. 

1.2.3 Global Climate Projections 

Concentration scenarios of greenhouse gases and sulphate aerosol are used as inputs 

for global climate models to generate future climate projections. A GCM is a mathematical 

representation of the earth’s climate system based on the physical properties of its 

components, their interactions and feedback processes (Jones et al., 2004). GCMs 

represents physical processes in the atmosphere, ocean, cryosphere, and land surface, and 

are the most advanced tools currently available for simulating the response of the global 

climate system to increasing greenhouse gas concentrations (IPCC, 2013). Many GCMs 

have been developed over the past few decades as computing power has increased 

significantly. Models of the main components, atmosphere, ocean, land, and sea ice, have 

gradually been integrated and coupled together into GCMs to make possible projections 

of the response of climate to current and future human activities. GCMs depict the climate 

using a three dimensional grid over the globe, typically having a horizontal resolution of 

between 250 and 600 km, 10 to 20 vertical layers in the atmosphere and sometimes as 

many as 30 layers in the oceans (IPCC, 2013). That means GCMs only make projections 

at a relatively coarse resolution and cannot represent the fine-scale details of the local 

climate in many regions of the world, especially in regions with complex orography or 

heterogeneous land surface cover or coastlines (Jones et al., 2004). As a result, the global 

climate projections generated by GCMs cannot be used directly for climate impact and 

adaptation studies because the mismatch in spatial resolution may lead to unrealistic 
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representation of temporal and spatial variations in local scale climate variables (Jiang et 

al., 2013; Przybylak, 2000). However, GCMs are still the primary source of information 

for constructing climate scenarios and will always provide the basis of comprehensive 

assessments of climate change at all scales from local to global (Jones et al., 2004). 

1.2.4 Regional Climate Projections 

Due to the coarse resolution of GCMs outputs, fine-resolution climate projections 

are still required to conduct climate change impact assessment because impact researchers 

need regional detail of how future climate might change at local scales. The information 

on changes in temporal and spatial variability of local climatology and extreme events is 

especially important for a thorough assessment of potential climate change impacts. 

Development of regional climate projections is usually implemented by applying different 

downscaling techniques (e.g., high-resolution dynamical models, or empirical statistical 

downscaling) to large scale climate projections from GCMs. A downscaling technique 

serves as a tool to add small scale detailed information of future climate change to the 

large scale projections of GCMs. Climate varies from region to region due to the uneven 

distribution of solar heating, the individual responses of the atmosphere, oceans and land 

surface, the interactions between these, and the physical characteristics of the regions 

(Christensen et al., 2007). The projected changes in climate will also vary from region to 

region because most of human-induced factors that affect climate differ from one region 

to another although others (e.g., greenhouse gases concentrations) may be global in nature. 

For example, the climate response to forcing conditions is largely governed by local 

feedback processes that may operate differently in different regions (Ramanathan et al., 
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1989; Shindell and Faluvegi, 2009; Shindell et al., 2001). Development of reliable regional 

climate projections for impact studies is largely depending on the effectiveness of 

downscaling techniques or approaches in reflecting such region-to-region variations. This 

remains a big challenge in the scientific community as the requests for high-resolution 

regional climate projections from impact researchers and development practitioners have 

increased dramatically in recent years. 

1.3 DOWNSCALING TECHNIQUES 

Climate projections generated by GCMs are only the starting point for most climate 

scenarios because they lack regional details needed by climate change impact studies. 

Therefore, downscaling techniques have been developed to derive fine scale information 

from the coarse resolution GCM outputs (Giorgi et al., 2001). Generally speaking, 

downscaling approaches can be divided into two categories: statistically-based  and 

dynamically-based (Wilby et al., 2004). Table 1.1 shows the comparison of the advantages 

and disadvantages between statistical and dynamical downscaling techniques (Jones et al., 

2004). Considering that the advantages of dynamical approach (or statistical one) can to 

some extent help make up the disadvantages of statistical approach (or dynamical one), 

hybrid approaches (i.e., statistical-dynamical or dynamical-statistical) are now attracting 

increasing attentions in the scientific community (Boé et al., 2007; Hellstrom et al., 2001; 

Reyers et al., 2013; Schmidli et al., 2007).  
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Table 1.1 Comparison between statistical and dynamical downscaling techniques2

Type Description Advantages Disadvantages 

Statistical 

downscaling 

Providing 

point/high 

spatial 

resolution 

information 

� Can generate 

information on high 

resolution grids, or non-

uniform regions 

� Potential for some 

techniques to address a 

diverse range of 

variables 

� Variables are (probably) 

internally consistent 

� Computationally 

(relatively) inexpensive 

� Suitable for locations 

with limited 

computational resources 

� Rapid application to 

multiple GCMs 

� Assumes constancy of 

empirical relationships 

in the future 

� Demands access to 

daily observational 

surface and/or upper 

air data that spans 

range of variability 

� Not many variables 

produced for some 

techniques 

� Dependent on (usually 

biased) inputs from 

driving AOGCM 

Dynamical 

(regional 

climate models) 

Providing high 

spatial and 

temporal 

resolution 

information 

� Provides very highly 

resolved information 

(spatial and temporal) 

� Information is derived 

from physically-based 

models 

� Many variables 

available 

� Better Representation of 

some weather extremes 

than in GCMs 

� Computationally 

expensive, and thus 

few multiple scenarios 

� Lack of two-way 

nesting may raise 

concern regarding 

completeness 

� Dependent on (usually 

biased) inputs from 

driving AOGCM 

2 Mearns et al. (2003) Guidelines for use of climate scenarios developed from regional climate model 

experiments. Data Distribution Centre of the Intergovernmental Panel on Climate Change. 
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1.3.1 Statistical Downscaling 

The key idea of statistical downscaling is to construct the relationships between the 

large-scale climate variables and local-scale meteorological variables based upon the 

historical data. These statistical relationships are then applied to the large-scale climate 

variables simulated by GCMs to estimate the corresponding local and regional 

characteristics. A number of statistical methods have been developed in the past decades 

and have been widely used in climate change impact studies (Beckmann and Adri 

Buishand, 2002; Fowler et al., 2007b; Hashmi et al., 2009; Heyen et al., 1996; Huth, 2002; 

Maak and von Storch, 1997; Mullan et al., 2012; Phatak et al., 2011; Timbal et al., 2009; 

Wood et al., 2004). In general, statistical downscaling methods can be classified into three 

categories: weather classification schemes (e.g., analogue method, fuzzy classification, 

Monte Carlo methods), regression models (e.g., linear regression, stochastic models, spell 

length methods, mixture modeling) and weather generators (e.g., neural networks, 

canonical correlation analysis). For example, Wilby et al. (2002) developed a regression-

based downscaling tool known as SDSM; Hessami et al. (2008) proposed an automated 

statistical downscaling (ASD) tool based on SDSM; Semenov and Barrow (1997) 

developed a weather generator model known as the Long Ashton Research Station 

Weather Generator (LARS-WG); Willems and Vrac (2011) developed an artificial 

intelligence data driven model using the Gene Expression Programming (GEP) to create 

symbolic downscaling functions. The major assumption of statistical downscaling is that 

the relationships which are derived from recent climate would not change in a future 

climate. The main advantages of statistical downscaling are that it is computationally 

inexpensive and it can provide information at point locations. The main disadvantages are 
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that the statistical relationships may not hold in a future climate and long time series of 

historical data are required to construct the relationships. 

1.3.2 Dynamical Downscaling 

This approach is to use comprehensive physical models to simulate the climate 

system at regional scales. In general, dynamical downscaling is referred to as nested 

regional climate modeling technique which usually consists of using initial conditions, 

time-dependent lateral meteorological conditions and surface boundary conditions derived 

from GCMs or reanalysis of observations to drive high-resolution RCMs (Giorgi et al., 

2001). RCMs are developed using the same laws of physics as described in GCMs to 

account for the sub-GCM grid scale processes with more details (such as mountain ranges, 

coastal zones, and details of soil properties) in a physically-based way (Feser et al., 2011). 

Nesting RCMs into GCMs can lead to improved simulation of the general circulations and 

thus can provide a variety of climate variables at fine spatial scales (Lavender and Walsh, 

2011; White et al., 2013; Zhang et al., 2006). The major challenge to the dynamical 

technique is that RCM simulations can be computationally expensive in practice, 

depending on the domain size, spatial resolution, as well as the simulation length. The 

spatial resolution of RCMs is generally 25 to 50 km, and it will be further improved in the 

near future along with the integration of non-hydrostatic simulators. The main advantages 

of dynamical downscaling are that they provide high resolution information on a large 

physically consistent set of climate variables and better representation of extreme events. 

However, because RCMs should be driven by boundary conditions derived from either 

coupled or atmospheric GCMs, they will inevitably inherit the large-scale errors of their 
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driving model. The commonly-used RCMs in recent years include but are not limited to: 

the Providing Regional Climates for Impacts Studies (PRECIS) model developed by UK 

Met Office Hadley Centre (available at: http://www.metoffice.gov.uk/precis/), the 

Weather Research and Forecasting (WRF) model developed through a collaborative 

partnership principally among the National Center for Atmospheric Research (NCAR), the 

National Oceanic and Atmospheric Administration (NOAA, represented by the National 

Centers for Environmental Prediction (NCEP) and the (then) Forecast Systems Laboratory 

(FSL)), the Air Force Weather Agency (AFWA), the Naval Research Laboratory, the 

University of Oklahoma, and the Federal Aviation Administration (FAA) (available at: 

http://www.wrf-model.org), the Regional Climate Model (RegCM) system which was 

originally developed at the National Center for Atmospheric Research (NCAR) and is now 

maintained in the Earth System Physics (ESP) section of the International Centre for 

Theoretical Physics (ICTP) (available at: http://www.ictp.it/research/esp/models/ 

regcm4.aspx), and the Canadian Regional Climate Model (CRCM) developed by the 

Canadian Centre for Climate Modelling and Analysis (CCCma) (available at 

http://www.ec.gc.ca/ccmac-cccma/default.asp?lang=en&n=82DD0FCC-1). 

1.4 UNCERTAINTIES IN CLIMATE PROJECTIONS 

There are many uncertainties in the process of developing fine-resolution climate 

change scenarios for supporting climate change impact assessment. The sources of 

uncertainty in climate projections can generally be clustered into three main categories: 

future emissions from human activities, natural (or internal) variability of the climate 

system, and climate models (Hawkins and Sutton, 2009). Uncertainty in future emissions 
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arises from the uncertainty in the projections of human activity and the associated 

emissions of greenhouse gases and aerosols (Nakicenovic and Swart, 2000). The natural 

variability results from modeling a chaotic system which is sensitive to the initial 

conditions and thus limits predictability and induces noise in model estimates (Bellprat, 

2013). The uncertainty in climate models is dominated by the fact that climate models are 

inherently imperfect and always are approximations of the real climate system under a 

series of assumptions due to our limited understanding of the climate system (Hawkins 

and Sutton, 2009). These uncertainties must be taken into account when assessing the 

potential impacts of climate change and developing appropriate mitigation and adaptation 

options. How to quantify these uncertainties is therefore becoming one of the major 

challenges for impact researchers, as they will directly affect the reliability of and our 

confidence on the developed climate projections.  

1.4.1 Uncertainties in Future Emissions 

In order to estimate future emissions from human activities, a large number of 

assumptions about the relationships among future population, socio-economic 

development, and technical changes should be made. This will lead to inherent 

uncertainties in the developed future emission paths (Morita et al., 2001). The uncertainties 

in future emissions is usually assessed through the provision of different emission 

scenarios which are self-consistent and plausible. For example, the SRES emission 

scenarios developed by IPCC in 2000 includes four scenario families (i.e., A1, A2, B1, 

and B2) to allow for exploring the possible spread of future climate states and thus 

investigating important drivers for the changes in the climate system (Nakicenovic and 
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Swart, 2000). Such scenarios have been recently updated by the representative 

concentration pathways (RCPs) which can account for the effects of climate policies in 

terms of carbon mitigation and adaption (Van Vuuren et al., 2011). Despite of the 

differences between RCPs and SRES emission scenarios, the projected uncertainty of 

global warming from different sets of scenarios is similar (Bellprat, 2013). In addition, the 

emissions uncertainty is relatively small for the near-term warming dominates the overall 

uncertainty of long-term climate projections till the end of the 21st century (Bellprat, 2013; 

Hawkins and Sutton, 2009). 

1.4.2 Uncertainties Due to Natural Variability 

The climate varies on timescales of years and decades due to natural interactions 

between atmosphere, ocean, and land, and such natural variability is also expected to 

continue in the future (Jones et al., 2004). The natural variability of the climate system has 

been identified to be chaotic (GARP, 1975). That means small perturbations in the initial 

conditions may lead to different realizations of a future state and thus strongly limit the 

predictability of the system. The natural variability of the climate system is also known as 

internal variability and is usually assessed by estimating the spread of model realizations 

when using different initial but the same boundary conditions. The internal variability is 

particularly large for the estimation of near-term climate change and thus may control 

when climate change is expected to emerge from the natural noise (Baettig et al., 2007; 

Hawkins and Sutton, 2009; Hawkins and Sutton, 2012; Mahlstein et al., 2011). Since the 

initial conditions of climate simulations play an important role in constraining the 

uncertainties resulting from natural variability of the climate system, improving the quality 
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of initial conditions (e.g., ocean temperatures) can also be helpful for reducing the internal 

variability for decadal climate projections (Palmer et al., 2008).  

1.4.3 Uncertainties in Climate Models  

Climate models are developed by the climate scientists based upon our current 

understanding of the components and their interactions or mechanisms which constitutes 

the earth’s climate system. However, there is still much we do not understand about the 

workings of the climate system, we have to make a series of approximations to describe 

the manifold components of the climate system (Bellprat, 2013). Model uncertainty 

therefore arises due to our incorrect or incomplete description of key processes and 

feedbacks the climate models (Jones et al., 2004). In general, model uncertainties can be 

classified into two categories: structure uncertainty and parameter uncertainty. Structure 

uncertainty results from different representations of the climate system and different 

implementations of the general circulation model, and it may lead to different patterns and 

magnitudes of climate change for the same period in the future even using the same 

concentration scenarios. Parameter uncertainty arises from the empirical relationships or 

physical principles established by climate scientists to account for several individual 

processes which often have no measurable reference in nature (Collins, 2007). The 

common approach used to sample model uncertainties is to carry out ensembles 

simulations of future climate using either multi-model ensembles (MME) or perturbed 

physics ensembles (PPE). The MME approach usually consists of various GCMs 

developed at different modeling centers around the world to sample both structural and 

parametric uncertainties to a limited degree (Meehl et al., 2007; Taylor et al., 2012), but it 
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is unable to sample the consequences of either type of uncertainty in a systematic fashion 

by being assembled on an opportunity basis from current available models (Murphy et al., 

2007; Sexton et al., 2012). The PPE usually consists of variants of a single base model 

with perturbed parameters limited in a space of possible model configurations (Collins et 

al., 2006; Murphy et al., 2004; Webb et al., 2006; Yokohata et al., 2010). The main 

advantage of PPE approach is that it allows greater control over the design of experiments 

to sample parametric uncertainties within a single model framework. Both ensemble 

approaches can generate a large number of projections of future climate for various 

scenarios, but how to combine these multiple projections and interpret them into policy-

relevant information has become a major challenge in recent years, due to the lack of 

verification of climate projections, the problem of model dependence, bias and tuning as 

well as the difficulty in making sense of an ‘ensemble of opportunity’ (Knutti et al., 2010; 

Tebaldi and Knutti, 2007). 

1.5 OBJECTIVES 

Although a great deal of research efforts have been made previously to help answer 

how the earth’s climate would be affected by human activities, assessing the potential 

impacts of climate change is still challenging at current stage due to the lack of high-

resolution climate projections at regional scales and the difficulty in quantifying the 

uncertainties associated with future climate projections. Therefore, the objectives of this 

study are to develop an effective downscaling approach for constructing high-resolution 

climate projections and to develop a generalized method for quantifying the uncertainties 

of regional climate projections. The developed approaches or methodologies in this study 
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will applied to the Province of Ontario, which is the largest economy in Canada, to 

demonstrate their effectiveness in generating probabilistic and high-resolution regional 

climate change scenarios. The likely changes in temperature and precipitation as well as 

extreme precipitation events across the Province will also be evaluated to help understand 

the local climate’s response to global warming. Besides, a public climate change data 

portal with integration of all climate data generated during the course of this research will 

be established to ensure impact researchers and decision makers have free access to the 

high-resolution climate projections over the Province of Ontario, thus supporting further 

impact studies and development of climate change mitigation and adaptation strategies. 

This dissertation is organized into nine chapters. Following a detailed introduction 

of this research which is presented in this chapter, the current climate over the Province of 

Ontario and its temporal trends are first analysed in Chapter 2. Chapter 3 introduces a 

stepwise cluster analysis downscaling approach and an illustrative application for the City 

of Toronto and Chapter 4 presents a coupled dynamical-statistical downscaling approach 

and its application for developing 10 km high-resolution climate projections for the 

Province of Ontario. In Chapter 5, regional climate ensemble simulations and a Bayesian 

hierarchical model are introduced to develop probabilistic projections of climatic changes 

over Ontario. Following that, Chapter 6 presents high-resolution probabilistic projections 

of temperature and precipitation in future periods for the major cities and the entire 

province. Furthermore, Chapter 7 assesses the potential changes in intensity and frequency 

of rainfall extremes over Ontario in the context of global warming. A public climate 

change data portal, named Ontario CCDP, is developed and presented in Chapter 8. The 

conclusions and outlook of this research are summarized in Chapter 9.  
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CHAPTER 2 

CURRENT CLIMATE OVER ONTARIO AND ITS TEMPORAL 

TRENDS   

2.1 BACKGROUND 

Human-induced climate change has been regarded as one of the most pressing issues 

around the world because it often leads to severe, widespread, and irreversible 

consequences, such as melting glaciers and abrupt sea level rise (Church et al., 2013; 

Gardner et al., 2013; Jacobs et al., 2011; Racoviteanu et al., 2013), more frequent and 

intense heat waves (Peterson et al., 2013; Teng et al., 2013), heavier precipitation and 

flooding (Pierce et al., 2013; Trenberth, 2011; Wilby and Keenan, 2012), more severe 

droughts (Dai, 2013; Gao et al., 2012; Lott et al., 2013), and disruptions to food supplies 

and ecosystems (Carnicer et al., 2011; Vermeulen et al., 2012; Wassmann et al., 2011). 

The changes in climate are not expected to be uniform across the globe due to the regional 

variations in topography, land cover/land use, economic development, and so on 

(Hamilton and Keim, 2009; Paeth et al., 2009), implying that the subsequent consequences 

caused by climatic changes will not affect us all equally. Investigating the regional effects 

to global warming is thus of great concern for decision makers and resources managers to 

help develop scientifically-informed policies and strategies against the changing climate 

(Alexander and Arblaster, 2009; Liepert and Previdi, 2009; Stott et al., 2010).  

As the largest economy in Canada, the Province of Ontario has already been affected 

by many consequences caused by or associated with climate change, such as frequent and 

intense weather anomalies, shorter duration of ice cover on the Great Lakes, and 
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fluctuating water levels in lakes, rivers, and streams (MoE, 2011a). For example, local 

residents in southern Ontario suffered the hottest summer in 2010, leading to an increasing 

requirement for investments in the electricity system; Toronto flooding in July 2013 was 

recorded as the largest natural disaster in the history of Ontario, and the insurance cost 

caused by this event constituted the third largest natural insured catastrophe in Canadian 

history. In response to these changes, the Government of Ontario has initiated prudent 

steps to protect its public health, economy, and communities from the harmful influences 

of climate change (MoE, 2011b). Implementation of such an adaptation initiative 

essentially requires a comprehensive understanding of the regional climatology over 

Ontario and its historical trends in response to global warming, such that appropriate 

mitigation and adaptation strategies can be identified and prioritized to help accommodate 

the regional impacts of climate change in the context of Ontario. 

To achieve this goal, we will perform a comprehensive analysis of the historical 

observations of temperature and precipitation at gauged stations over the past century. The 

climate means at each station will be first analyzed to understand the spatial patterns of 

mean, maximum, and minimum temperature, as well as the spatial variations in rainfall, 

snowfall, and total precipitation throughout the Province of Ontario. Then, regional 

climatology over the entire province is summarized through aggregation of the climate 

means at all stations. We will also investigate the potential correlations between total 

precipitation and mean temperature at annual, seasonal, and monthly scales based on the 

station observations. Following that, temporal trends in the historical climate of Ontario 

are investigated to help understand how its local climate has been affected by the human-

induced global warming in the past century.   
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2.2 DATA AND METHOD 

2.2.1 Data Collection 

The historical observations of temperature and precipitation for the Province of 

Ontario are derived from the second generation Adjusted and Homogenized Canadian 

Climate Data (AHCCD) provided by Environment Canada (available at: 

http://ec.gc.ca/dccha-ahccd/). The AHCCD dataset incorporates a number of adjustments 

applied to the original weather station data to address non-climatic shifts due to changes 

in instruments and in observing procedures. In detail, non-climatic shifts in temperature 

observations are identified using techniques based on regression models (Vincent, 1998; 

Wang et al., 2007). The shifts are mainly due to the relocation of the station, changes in 

observing practices and automation (Vincent and Gullett, 1999). Adjustments derived 

from a quantile-matching algorithm are then applied to the observational temperature 

series in order to address the identified shifts (Vincent et al., 2009; Vincent et al., 2012; 

Vincent et al., 2002; Wang et al., 2010). As for precipitation observations, corrections to 

each rain gauge type are implemented to account for wind undercatch, evaporation, and 

gauge specific wetting losses (Devine and Mekis, 2008); meanwhile, density corrections 

based upon coincident ruler and Nipher measurements are applied to all snow ruler 

measurements (Mekis and Brown, 2010). Besides, trace precipitation are adjusted to avoid 

the underestimation of total precipitation (Mekis and Vincent, 2011). In the AHCCD 

dataset, observations from nearby stations are sometimes combined to create longer time 

series. In that case, adjustments obtained from standardized ratios between the tested site 

and neighbors or overlapping observations are used to homogenize the joined segments 

(Vincent and Mekis, 2009). 
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Figure 2.1 Geographical distribution of weather stations in Ontario, Canada3

3 A: temperature stations, and B: precipitation stations. 



28 

In this study, we extract historical observations for annual, seasonal, and monthly 

means of daily mean, maximum, and minimum temperature (denoted as Tmean, Tmax, 

and Tmin) at 47 stations, and observations for annual, seasonal, and monthly total 

precipitation as well as annual rainfall and snowfall at 58 stations. Figure 2.1 shows 

geographical locations of the temperature and precipitation stations within the Province of 

Ontario. The observational time series at these stations can extend back to 1880 or even 

earlier and are available until 2012. 

2.2.2 Trend Detection  

A non-parametric test, Mann-Kendall (MK) trend test, will be used here to detect 

whether significant trends manifest in the historical temperature and precipitation 

observations. The MK test is a rank correlation test between the ranks of observations and 

their time sequence (Gibbons and Chakraborti, 2011; Kendall, 1948; Mann, 1945). For a 

time series tx ( 1, 2,...,�t n ), the MK test statistic (denoted as S ) is given by: 
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where m  is the number of tied groups and 
i
t  indicates the number of ties in group i . A 

tied group is a set of sample data having the same value. In cases where the sample size is 

greater than 10 (i.e., 10n � ), the standardized test statistic (denoted as 
S

Z ) can be derived 

as follows: 
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where 
S

Z  follows the standard normal distribution with mean of zero and variance of one. 

Positive values of 
S

Z  indicate increasing trends while negative values imply decreasing 

trends. Detection of the trends is usually done at a given significance level (denoted as � ). 

When 1 /2SZ Z ��� , the null hypothesis is rejected, indicating a significant trend exists in 

the time series. In the undermentioned trends analysis, we will use a significance level of 

5% (i.e., 0.05� � ). 

2.2.3 Slope Estimation 

If a significant trend is detected for the given time series, a non-parametric slope 

estimator, the Theil-Sen approach, will be used to estimate the magnitude of the trend 

(Hirsch et al., 1982; Sen, 1968; Theil, 1992). The time series (i.e., 
t
x ) will be first sorted 

in ascending order according to time, then the slope of trend for each pair of data values 

in 
t
x  is calculated as: 
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The magnitude of the slope of trend (denoted as b ) for the given time series can thus be 

estimated as follows:  

� ijb Median Q   (2.6) 

where the sign of b  reflects the trend direction (e.g., increasing or decreasing), and its 

value indicates the steepness of the trend. 

2.3 RESULTS 

2.3.1 Historical Climatology of Ontario 

To provide a general understanding of the regional climatology over Ontario, we 

first analyze the density distribution of annual, seasonal, and monthly means of 

temperature and precipitation at each individual station. Means of the density distribution 

at all stations are then aggregated to summarize the historical climate means over the entire 

province. The analyses of historical temperature are first presented. Figure 2.2 shows the 

density distributions of annual Tmean, Tmax, and Tmin at the 47 temperature stations. It 

can be found that annual means of maximum temperature at all stations are notably higher 

than 0 °C while annual means of minimum temperature at these stations are fluctuating 

around 0 °C. As a result, the annual mean temperature at most stations is above freezing, 

except for a few northern stations (i.e., Big Trout Lake, Lansdowne House, and Moosonee) 

where the annual mean temperature is slightly below zero. Not surprisingly, there are 

apparent meridionally-distributed patterns (i.e., colder in high latitude and warmer in low 

latitude) in annual means of Tmean, Tmax, and Tmin. In detail, the lowest temperature is  
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Figure 2.2 Distributions of annual Tmean, Tmax, and Tmin at weather stations4

4 Note that all stations are sorted in descending order by latitude to uncover the spatial patterns of annual 

Tmean, Tmax, and Tmin across the Province of Ontario. 
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Figure 2.3 Historical means of annual Tmean, Tmax, and Tmin 
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observed in the most north station (i.e., Big Trout Lake) where the annual mean 

temperature is about -3 °C, while those stations in the most south (i.e., Windsor and 

Harrow) always show the highest temperature (e.g., their annual mean temperature is as 

high as ~9.5 °C). Figure 2.3 shows historical means of Tmean, Tmax, and Tmin throughout 

the province which are summarized based upon the observations at all stations. We notice 

that the annual maximum temperature over Ontario is mainly varying between 7.3 and 

11.7 °C with a median of 8.8 °C while the annual minimum temperature across the 

province is largely bounded by -4.2 and 2.1 °C with a median of -1.3 °C. Overall, its annual 

mean temperature is usually ranging between 1.6 and 7 °C with a median of 3.8 °C. 

Similarly, we further summarize the seasonal means of Tmean, Tmax, and Tmin 

across the entire province based on the historical station observations. The results are 

presented in Figure 2.4. It is clear that Ontario has four distinct seasons. Specifically, its 

mean temperature in winter is far below zero with a median of -10.7 °C while the summer 

mean temperature is at least 16 °C and can be as high as 19.2 °C (with a median of 17.4 °C). 

The spring in Ontario is also cold as its mean temperature is just slightly above zero with 

a median of 3 °C. In comparison, the mean temperature in autumn is modest (with a median 

of 6 °C) and the minimum temperature in autumn is usually above zero with a median of 

1.2 °C. In addition, we notice that evident difference between Tmax and Tmin is reported 

for all seasons. For example, the biggest difference is observed in summer (~12.1 °C) 

while the difference in autumn is relatively small in comparison with other seasons but 

still as high as 9 °C. This may indicates that the diurnal temperature range in Ontario is 

about 11 °C on average for the whole year with only slight variations in different seasons. 
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Figure 2.4 Historical means of seasonal Tmean, Tmax, and Tmin 
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The historical observations for rainfall, snowfall, and total precipitation at the 58 

precipitation stations are analyzed in a similar way. Figure 2.5 shows the density 

distributions of annual rainfall, snowfall, and total precipitation at all stations. It is clear 

that all stations receive more rainfall than snowfall in an annual cycle because the amount 

of annual rainfall at these stations is mostly greater than 500 mm but their annual snowfall 

is markedly less than 500mm. As for the spatial patterns of precipitation, we notice that 

there is a slight but noticeable meridionally-increasing pattern in annual rainfall while an 

opposite decreasing pattern is reported for annual snowfall from the north to the south, 

although apparent spatial variations in annual snowfall manifest in the mid-latitude areas. 

However, there is no clear pattern observed for annual total precipitation. Figure 2.6 shows 

the historical means of annual rainfall, snowfall, and total precipitation across Ontario. 

The annual rainfall is mainly varying between 576 and 759 mm with a median of 677 mm 

while the annual snowfall across the province is largely bounded by 197 and 294 mm with 

a median of 262 mm. In summary, its annual total precipitation is usually ranging between 

836 and 1004 mm with a median of 896 mm. 
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Figure 2.5 Distributions of annual rainfall, snowfall, and total precipitation at weather 

stations5

5 Note that all precipitation stations are sorted in descending order by latitude to uncover the spatial patterns 

of annual rainfall, snowfall, and total precipitation across the Province of Ontario. 
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Figure 2.6 Historical means of annual rainfall, snowfall, and total precipitation 
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To further investigate the temporal distribution of total precipitation in an annual 

cycle throughout the Province of Ontario, we analyze the historical means of monthly total 

precipitation based upon the station observations. The results are show in Figure 2.7. It is 

interesting to find that obvious cyclical variations are observed in monthly total 

precipitation: the least precipitation is received in February (bounded by 42 and 71 mm 

and with a median of 58 mm); the monthly precipitation is gradually increasing starting 

from March and reaches a peak in September (ranged by 84 and 96 mm and with a median 

of 89 mm); afterwards, its monthly precipitation is steadily reduced from October to 

February. Such cyclical variations in monthly total precipitation seem to be in good 

agreement with the seasonal variations of monthly average temperature, implying that 

there might be some correlations between mean temperature and total precipitation (see 

the following analyses). We also notice that the spread of monthly total precipitation in 

cold months (e.g., December, January, and February) is evidently wider than that of warm 

months (e.g., June, July, and August). This may suggest that snowfall over Ontario often 

exhibits more spatial variability than rainfall does.    
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Figure 2.7 Historical means of monthly total precipitation 
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2.3.2 Correlations between Precipitation and Temperature 

Previous analyses suggests there might be some correlations between total 

precipitation and mean temperature. Here we will further investigate whether these two 

variables are statistically correlated and the strength of their correlations if any. In detail, 

we calculate the Pearson’s correlation coefficient as a statistical measure of the strength 

of the relationship between total precipitation and mean temperature, and its output 

asymptotic P-value is thus used to reflect the significance of the relationship. For example, 

Figure 2.8 shows the scatter plots of total precipitation versus mean temperature at the 

station of Toronto for monthly, seasonal, and annual scales. Accordingly, the 

corresponding correlation coefficient and P-value for each scatter plot are provided. For a 

significance level of 0.05, monthly total precipitation in Toronto seems to be negatively 

correlated with its monthly mean temperature in warm months (i.e., March to September) 

while in cold months no significant correlations are detected. However, we notice that the 

magnitude of correlation coefficients in warm months is relatively small (varying between 

-0.16 and -0.26) even though they are statistically significant. To better interpret the 

strength of correlations between mean temperature and total precipitation, we define nine 

levels of correlations based on the Pearson’s correlation coefficient (denoted as r ), as 

follows: 

� 0.70 1.00r	 � � 	 :   Very strong positive relationship 

� 0.40 0.70r	 � � 	 :  Strong positive relationship  

� 0.30 0.40r	 � � 	 :  Moderate positive relationship  

� 0.20 0.30r	 � � 	 :  Weak positive relationship  
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� 0.20 0.20r� � � 	 :  No or negligible relationship  

� 0.30 0.20r� � � � :  Weak negative relationship  

� 0.40 0.30r� � � � :  Moderate negative relationship  

� 0.70 0.40r� � � � :  Strong negative relationship  

� 1.00 0.70r� � � � :  Very strong negative relationship 

According to the above definitions, we may conclude that there are weak negative 

correlations between monthly total precipitation and mean temperature in May and June 

for Toronto, but the correlations exhibited in July, August, and September are negligible. 

As for four seasons, it is clear that the total precipitation and mean temperature in summer 

exhibit a moderate negative correlation ( 0.32r � � ), while the correlation in autumn is 

statistically significant but still negligible ( 0.16r � � ). The significant negative 

correlations in summer and autumn further result in a weak negative correlation between 

annual total precipitation and mean temperature ( 0.24r � � ), although no significant 

correlations are presented in winter and spring. 
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Figure 2.8 Scatter plots of total precipitation versus mean temperature at the station of 

Toronto for monthly, seasonal, and annual scales 
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Following the aforementioned approach applied for the station of Toronto, we carry 

out similar analyses for 45 stations where both temperature and precipitation observations 

are available. The correlations between total precipitation and mean temperature at these 

stations are classified into nine levels, and the percent of each level is computed to help 

generate a summary for the whole province. The results are shown in Figure 2.9. It is 

reported that over 88% stations demonstrate no or negligible correlations between annual 

total precipitation and mean temperature, while only a small portion of stations exhibit 

significant negative (9.1%) or positive (2.3%) correlations. Similarly, no or negligible 

correlations between seasonal total precipitation and mean temperature are found for the 

vast majority of stations (accounting for ~80% of the total or even more) except for 

summer when the stations with no or negligible correlations only account for 45.5%. In 

other words, there are significant negative correlations between summer precipitation and 

mean temperature for most of the investigated stations (i.e., 43.2% with weak negative 

correlations, 6.8% with moderate negative ones, and 4.5% with strong negative ones). 

Furthermore, it seems that those significant negative correlations in summer can be 

attributed to the detected correlations in June, July, and August at over one fourth stations 

(i.e., 38.6% in June, 29.5% in July, and 27.3% in August). However, it appears that no or 

negligible correlations between monthly total precipitation and mean temperature are 

reported for the entire province. 
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Figure 2.9 Percentage summary of correlations between total precipitation and mean 

temperature at all stations for monthly, seasonal, and annual scales 
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2.3.3 Temporal Trends 

In order to help understand how the local climate of Ontario is changing in the 

context of global warming, we further investigate the temporal trends in temperature (i.e., 

Tmean, Tmax, and Tmin) and precipitation (i.e., rainfall, snowfall, and total precipitation) 

using the annual, seasonal, and monthly time series at the gauged weather stations. Figure 

2.10 shows the time series of annual Tmean, Tmax, and Tmin at the 47 temperature 

stations, and Figure 2.11 presents the time series of annual rainfall, snowfall, and total 

precipitation at the 58 precipitation stations. It is apparent that all temperature stations 

demonstrate consistently warming trends in annual Tmean, Tmax, and Tmin throughout 

the record years. However, it seems difficult to identify the trends in annual rainfall, 

snowfall, and total precipitation through visual inspection. Therefore, we will first analyze 

the temporal trends of temperature and precipitation in a station-by-station fashion, and 

then aggregate them together to help summarize the overall trends of the local climate in 

the context of Ontario. 

Figure 2.12 shows the temporal trends of annual Tmean, Tmax, and Tmin at all 

temperature stations as well as the percentage summary for the entire province. Obviously, 

the vast majority of stations (accounting for 85.1%) show positive trends in Tmean while 

insignificant trends are detected only at a few northern stations. Among those stations with 

positive trends in Tmean, over half presents warming trends bounded by 0.01 and 

0.02 °C/yr (accounting for 44.7% of the total), while other stations show either bigger 

trends by (0.02, 0.04] °C/yr or smaller trends by (0, 0.01] °C/yr. This may suggest that the 

overall trend in Tmean in Ontario is largely varying between 0.01 and 0.02 °C/yr. Apparent 

warming trends are also reported for annual Tmax and Tmin at most of the stations. 
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Figure 2.10 Time series of annual Tmean, Tmax, and Tmin for 1840-20126

6 The time series of three representative stations (i.e., Big Trout Lake in the north, Chapleau in the middle, 

and Toronto in the south) are highlighted to provide a sketchy understanding of temperature trends across 

the Province of Ontario. 
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Figure 2.11 Similar to Figure 10, but for annual rainfall, snowfall, and total precipitation 
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Figure 2.12 Temporal trends in annual Tmean, Tmax, and Tmin 
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We notice that the magnitude of trends in annual Tmax is usually smaller than that of 

annual Tmean as about one third stations appears to have no significant trends in annual 

Tmax. In comparison, the warming trends in annual Tmin are apparently larger than those 

detected for annual Tmean as the stations with trends of (0.02, 0.05] °C/yr in Tmin can 

account for 80.9% of the total while the stations with the same magnitude of trends in 

Tmean only account for 66%. 

In addition, the time series of seasonal Tmean, Tmax, and Tmin are analyzed 

accordingly to help understand the seasonal variations of the warming trends throughout 

the province. Figure 2.13 shows the temporal trends of seasonal Tmean, Tmax, and Tmin 

at all stations and Figure 2.14 presents the percentage summary of these detected trends. 

It can be found that evident seasonal variations are consistently exhibited at most of the 

stations. Particularly, the magnitude of warming trends in winter and spring is obviously 

greater than those in summer and autumn. We also notice that there is a meridionally-

descreasing pattern in the magnitude of warming trends in seasonal Tmean, Tmax, and 

Tmin. This is especially true for winter and spring when the most evident increasing trends 

are all detected at the northern stations. Furthermore, it is indicated that the percent of 

stations with warming trends is the highest in spring (accounting for ~75% or even more 

of the total). This may imply that spring temperature of Ontario is most sensitive to global 

warming in comparison with other three seasons. The percentage summary of temporal 

trends in seasonal Tmax and Tmin also suggests that Tmin is more sensitive than Tmax to 

global warming in all seasons. 
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Figure 2.13 Temporal trends in seasonal Tmean, Tmax, and Tmin 
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Figure 2.14 Percentage summary of temporal trends in seasonal Tmean, Tmax, and Tmin
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Similarly, the temporal trends in annual rainfall, snowfall, and total precipitation at 

all gauged stations are analyzed and summarized for the entire province. The results are 

shown in Figure 2.15. It seems that the vast majority of the stations (accounting for 62.1%) 

demonstrate increasing trends in annual rainfall (mainly bounded by 1 and 3 mm/yr) while 

the remaining stations show no significant trends, suggesting that the annual rainfall over 

Ontario has been gradually increasing in the past years. In comparison, there seems to be 

no significant trends in annual snowfall detected for most of the stations (accounting for 

63.8%) even while slight increasing or decreasing trends are reported for a small portion 

of stations (27.7% with trends in (0, 2] mm/yr and 25.5% with trends in [-2, 0) mm/yr). 

Since the increasing and decreasing trends in annual snowfall detected at these stations 

can more or less be offset by each other, it is reasonable to believe that no significant trends 

in annual snowfall are identified for the entire province. As for annual total precipitation, 

evident increasing trends (varying between 1 and 4 mm/yr) are reported at 55.2% stations 

while over 40% stations demonstrates no significant trends. As decreasing trends in annual 

total precipitation are occasionally detected at only a very few stations, it can be concluded 

that the annual total precipitation of Ontario has also been increasing over the past years. 

The temporal trends in monthly total precipitation at all gauged stations are further 

analyzed and presented in Figure 2.16. The percentage summary of temporal trends in 

monthly precipitation is shown in Figure 2.17. It is interesting to notice that decreasing 

trends in monthly precipitation are only detected in January, February, March, and July at 

a few stations, while other months present either positive or no trends. There are also 

apparent variations in the geographical location of stations which are detected with 

significant trends in monthly precipitation. For example, the stations with increasing trends 
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Figure 2.15 Temporal trends in annual rainfall, snowfall, and total precipitation 
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Figure 2.16 Temporal trends in monthly total precipitation 
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Figure 2.17 Percentage summary of temporal trends in monthly total precipitation 
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in April precipitation are mostly located in the south while those stations showing 

increasing trends in May precipitation are primarily distributed in the west. We also notice 

that the percent of stations with no significant trends in every month is clearly greater than 

60% and can be as high as ~88%. This suggests that the precipitation in each individual 

month is less sensitive to global warming in comparison to annual precipitation. Generally 

speaking, the monthly total precipitation of Ontario has been increasing slightly by 0.1 to 

0.5 mm/yr in the past, except for February when the total precipitation has been decreasing 

by 0.1 to 0.4 mm/yr.  

2.4 SUMMARY 

In this study, we carried out a comprehensive analysis of the regional climatology 

over Ontario and its temporal trends in the past century, based upon the historical 

observations of temperature and precipitation at gauged stations. The climate means at 

each station were first analyzed to understand the spatial patterns of mean, maximum, and 

minimum temperature, as well as the spatial variations in rainfall, snowfall, and total 

precipitation throughout the province. Then, the regional climatology over the entire 

province was summarized through aggregation of the climate means at all stations. The 

correlations between total precipitation and mean temperature were also investigated 

based on the station observations. Following that, temporal trends in the historical climate 

of Ontario were investigated to help understand how its local climate has been affected by 

the human-induced global warming in the past century. 

Our analysis shows that the annual mean temperature over Ontario is mainly varying 

between 1.6 and 7 °C with a median of 3.8 °C. It is clear that Ontario has four distinct 
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seasons. Its winter mean temperature is far below zero with a median of -10.7 °C while 

the medians of spring, summer, and autumn mean temperature are 3, 17.4, and 6 °C, 

respectively. It is also reported that the diurnal temperature range in Ontario can be as high 

as 11 °C on average for the whole year. The annual total precipitation over Ontario is 

usually ranging between 836 and 1004 mm with a median of 896 mm, while the medians 

of annual rainfall and snowfall are 677 and 262 mm, respectively. We also notice that there 

is a slight but noticeable meridionally-increasing pattern in annual rainfall while an 

opposite decreasing pattern is reported for annual snowfall from the north to the south. It 

is also suggested that snowfall over Ontario exhibits more spatial variability than rainfall 

does. Our analysis of the correlations between total precipitation and mean temperature 

for annual, seasonal, and monthly scales shows that no or negligible correlations are found 

at the vast majority of stations (accounting for 80% of the total or even more), except for 

summer when significant negative correlations between total precipitation and mean 

temperature (with a correlation coefficient varying between -0.7 and -0.2) are reported at 

over 54% stations. Evident warming trends are detected for annual Tmean, Tmax, and 

Tmin throughout the province. The overall trend in annual Tmean largely varies between 

0.01 and 0.02 °C/yr. In comparison, less evident trend is detected for annual Tmax while 

the magnitude of trend in annual Tmin seems to be even bigger, implying that Tmin is 

more sensitive than Tmax to global warming. Seasonal variations in the trends of Tmean, 

Tmax, and Tmin are also reported. The warming trends in winter and spring temperature 

is obviously greater than those in summer and autumn. Evident increasing trends in annual 

rainfall (by 1 to 3 mm/yr) and total precipitation (by 1 to 4 mm/yr) are also detected at the 

majority of gauged stations, while no significant trends in annual snowfall are identified. 
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The trend analysis of monthly precipitation suggests that the precipitation in each 

individual month is less sensitive to global warming in comparison to annual total 

precipitation. In general, the monthly total precipitation of Ontario has been increasing 

slightly by 0.1 to 0.5 mm/yr in the past, except for February when the total precipitation 

has been decreasing by 0.1 to 0.4 mm/yr. 

The comprehensive analysis of historical climatology over Ontario in this study can 

provide important references for developing future climate scenarios for impact studies. 

In the meantime, the detected temporal trends in temperature and precipitation can provide 

a better understanding of how the local climate of Ontario responds to global warming, 

and thus are potentially helpful for identifying and prioritizing appropriate mitigation and 

adaptation strategies to help accommodate the regional impacts of climate change in the 

context of Ontario. 
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CHAPTER 3 

A STEPWISE CLUSTER ANALYSIS APPROACH FOR 

DOWNSCALED CLIMATE PROJECTION 

3.1 BACKGROUND 

Future projections of climate change can be obtained from global climate models 

(GCMs) based on multiple emission scenarios. However, for assessing the impacts of 

climate change at a regional scale, outputs of GCMs cannot be used directly due to the 

mismatch in the spatial resolution between GCMs and impacts assessment models 

(Hessami et al., 2008; Willems and Vrac, 2011). Generally, GCMs have spatial resolutions 

in the order of hundreds of kilometers, while a much finer resolution (in the range of tens 

of kilometers, or even less) is required for impact analysis. Downscaling techniques are 

therefore developed in recent years to handle the spatial mismatch as an alternative to 

improve regional or local estimates of variables from GCM outputs (Hessami et al., 2008). 

According to reviews of previous studies (Hewitson and Crane, 1996; Mearns et al., 

2003; Murphy, 1999; Wilby et al., 2004; Wilby and Wigley, 1997; Wilby et al., 1998), 

downscaling techniques can be classified into dynamical and statistical. As a typical 

dynamical downscaling approach, regional climate models (RCMs) can generate not only 

precipitation and temperature time series that contain temporal and spatial correlation 

consistent with physical mechanisms, but also help identify out-of-sample climate 

conditions and mechanisms previously not observed. However, it is difficult for RCMs to 

quickly generate a large set of possible outcomes and to cost-effectively provide high 

resolution station data. By contrast, statistical downscaling mainly involves developing 
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quantitative relationships between large-scale atmospheric variables (or predictors) and 

local surface variables (or predictands), which is easier to implement with much lower 

computation requirements (Wilby et al., 2004). Therefore statistical downscaling approach 

is widely used in climate change impact studies (Beckmann and Adri Buishand, 2002; 

Fowler et al., 2007b; Hashmi et al., 2009; Heyen et al., 1996; Huth, 2002; Maak and von 

Storch, 1997; Mullan et al., 2012; Phatak et al., 2011; Timbal et al., 2009; Wood et al., 

2004). In general, statistical downscaling methods can be classified into three categories: 

weather classification schemes (e.g., analogue method, fuzzy classification, Monte Carlo 

methods), regression models (e.g., linear regression, stochastic models, spell length 

methods, mixture modeling) and weather generators (e.g., neural networks, canonical 

correlation analysis). Correspondingly, a number of downscaling tools were recently 

developed to facilitate climate change impact studies. For example, Wilby et al. (2002) 

developed a regression-based downscaling tool known as SDSM; Hessami et al. (2008) 

proposed an automated statistical downscaling (ASD) tool based on SDSM; Semenov and 

Barrow (1997) developed a weather generator model known as the Long Ashton Research 

Station Weather Generator (LARS-WG); Willems and Vrac (2011) developed an artificial 

intelligence data driven model using the Gene Expression Programming (GEP) to create 

symbolic downscaling functions. Among these downscaling approaches, most of them 

assume that each predictand of interest is a function of predictors. This is especially true 

for regression-based models. However, there is no guarantee that such a functional 

relationship must exist between predictand and predictors. Although we can establish a 

functional relationship constrainedly by reducing the number of variables or introducing 

more assumptions, it might not be able to improve significantly the projection quality 
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compared to coarser outputs of GCMs. To this end, a stepwise-cluster-analysis-based 

downscaling tool (referred to as SCADS hereinafter) will be proposed in this study, which 

expresses the complex interactions between predictors and predictands as a cluster tree, 

without requiring assumptions of functional relationships. 

The proposed downscaling tool is inspired by a stepwise cluster analysis (SCA) 

method which was firstly introduced by Huang (1992). The SCA has been widely applied 

for environmental studies over the past years. For example, Huang et al. (2006) developed 

a forecasting system for supporting remediation design and process control based on SCA;  

Qin et al. (2007) applied SCA for establishing a linkage between remediation actions and 

system responses. The main purpose of this study is to develop a downscaling tool based 

on SCA and to test its capability of obtaining finer scenarios from coarser outputs of GCMs 

or RCMs. The following sections start with an overview of the SCA method on its basic 

principle, modeling process, and software implementation. An illustrative example is then 

presented to obtain 10 km high-resolution climate projections of Toronto, Canada in 2070-

2099 by downscaling a 25 km scenario outputted from the Providing Regional Climates 

for Impacts Studies model (PRECIS) – a regional climate modelling system developed by 

the UK Met Office Hadley Centre. The last section states the main conclusions and 

recommendations in terms of SCADS application as well as its limitation. 

3.2 STEPWISE CLUSTER ANALYSIS  

3.2.1 Basic Principle 

The key idea of the SCA method is carrying out a series of cutting (i.e., splitting one 

set into two) and merging (i.e., joining two sets together) operations to the sample sets of 
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dependent variables while independent variables are used as references in terms of when 

and how these operations should be taken (Huang, 1992; Liu and Wang, 1979). The SCA 

clustering procedure is usually performed as follows (Huang, 1992): when no cluster can 

be cut, mergence of clusters will be performed; when no cluster can be merged with 

another cluster, cutting action will be carried out; step by step, when all hypotheses of 

further cutting or mergence are rejected, a cluster tree can then be derived. A typical cluster 

tree usually consist of intermediate clusters, leaf clusters, as well as a series of cutting and 

merging rules. If an intermediate cluster can be cut, the cutting rule must be specified to 

help determine which sub-cluster a new sample should belong to in the prediction process. 

A leaf cluster is a sample set that can no longer be cut or merged with others. The mean 

value of the leaf cluster or an interval bounded by its maximum and minimum values can 

be used to estimate the predicting results. The prediction is in fact a searching process 

starting from the top of the tree and ending at a leaf cluster, following the flow path guided 

by the cutting and merging rules (Huang, 1992). 

3.2.2 Clustering Criterion 

The SCA method employs the theory of multivariate analysis of variance 

(MANOVA) (Cooley and Lohnes, 1971; Morrison, 1967; Overall and Klett, 1983) to help 

decide whether the difference between two sets of dependent variables is significant or not 

at a given significance level. In detail, the criterion for cutting or merging are based on the 

Wilks' lambda statistic (Wilks, 1962) which is defined as: 

| |

| |
� �

	
Ε

Ε Η
   (3.1) 

where Ε and H are the within-group and between-group sums of squares and cross 
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products (SSCP) matrices, respectively. Let two sets of dependent variables e and f

contain 
e
n  and fn  samples, each individual sample in these two sets can be expressed as:

1 2 3
( , , ,..., )

i i i i id
e e e e�e  , 1, 2,3,...,

e
i n�  , or 1 2 3( , , ,..., )j j j j jdf f f f�f  , 1,2,3,..., fj n�  , here 

d  is the dimension of e and f . Then the Ε and H can be given by: 
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where e  is the sample mean of e , f  is the sample mean of f , respectively. They can be 

defined as follows: 

1

1 en
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ien �

� 
e e    (3.4) 
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1 fn
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jfn �

� 
f f    (3.5) 

According to Rao’s F -approximation (Rao, 1952), the Wilks’ lambda statistic (denoted 

as � ) for the above two sets of dependent variables can be transformed to a F  statistic, 

as follows: 

11
( , 1)

e f

e f

n n d
F d n n d
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	 � ���
	 � � � �

�
   (3.6) 

As described in Wilks’ likelihood-ratio criterion (Wilks, 1962), the smaller the �  value, 

the larger the difference between e  and f . Thus, F-test can be adopted here to compare 

the sample means of these two sets. The null hypothesis would be 0 : e fH � ��  versus the 

alternative hypothesis 1 : e fH � �� , where 
e

�  and f�  are population means of e  and f . 
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Let the significance level be � , the criterion for cutting would be: F F��  and 
0

H  is false, 

which implies that the difference between these two sets is statistically significant; 

whereas, F F��  and 
0

H  is true would be the merging criterion which indicates these two 

sets have no significant difference (Huang, 1992). 

3.2.3 Clustering Procedure 

The principle of SCA is to divide a cluster (i.e., a sample set) containing a number 

of dependent and independent variables into indivisible sub-clusters, based on a series of 

cutting and merging operations. Generally, the SCA clustering procedure will start with a 

cutting operation by which samples in the original cluster will be divided into two groups. 

After that, merging and cutting operations will be performed step by step until none of the 

sub-clusters can be further divided or merged with other sub-cluster (see the flow chart 

shown in Figure 3.1). Assuming that the original cluster (denoted as C ) consists of 

independent variables (denoted as X ) and dependent variables (denoted as Y ), as follows: 

11 12 13 1 11 12 13 1

21 22 23 2 21 22 23 2

31 32 33 3 31 32 33 3

1 2 3 1 2 3
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n d

n d

n d

m m m mn m m m md
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x x x x y y y y

x x x x y y y y

x x x x y y y y

� �� �� �
� �� �� �
� �� �� �
� �� �� �� �
� �� �� �
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� �� �� � ! !" #

C X Y

� �
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� �

   (3.7) 

A numeric example for the original cluster ( C ) can be: 

39.9 27 29 8.9

9.1 8 36 9.98

( ,  ) 11.4 14 48 12.96

20.5 29 50 9.84

27.3 26 31 8.84

� �� �� �
� �� �� �
� �� �� �
� �� �� �� �
� �� �� �
� �� �� �
� �� �� � ! !" #

C X Y    (3.8) 
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Figure 3.1 Flow chart of the SCA clustering procedure 
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where 5m � , 2n � , and 2d � . The clustering procedure of SCA can be summarized as 

follows: 

Step 1. Sequence the original cluster C  in an ascending order by the k th column of 

its independent matrix X , where 1, 2,3,...,k n� , and n  is the total number of independent 

variables. Denote the sequenced cluster by the k th column as 
k

C , thus, there would be k

sequenced clusters obtained after this step. For the example in (3.8), if 1k � , the 

sequenced cluster (
1

C ) would be: 

1 1 1

9.1 8 36 9.98

11.4 14 48 12.96

( ,  ) 20.5 29 50 9.84

27.3 26 31 8.84

39.9 27 29 8.9

� �� �� �
� �� �� �
� �� �� �
� �� �� �� �
� �� �� �
� �� �� �
� �� �� � ! !" #

C X Y    (3.9) 

Step 2. For each sequenced cluster, 
k

C , divide its dependent matrix 
k

Y  into two 

groups iteratively by the r th row of independent matrix 
k

X , where 1, 2,3,..., 1r m� � , and 

m  is the total number of samples contained in the ordered cluster. Denote the two groups 

of 
k

Y  divided by the r th row as 
1

krY  and 
2

krY , Thus, there would be ( 1)n m$ �  possible 

options (labeled as 
kr

O ) to divide dependent matrix
k

Y . For the example shown in (3.9), if 

2r � , we have the two divided groups of 
1

C  as follows: 

1 1 1

12 12 12

9.1 8 36 9.98
,

11.4 14 48 12.96

� �� �� �
� � � �� �� �

 ! !" #
C X Y    (3.10) 

2 2 2

12 12 12

20.5 29 50 9.84

, 27.3 26 31 8.84

39.9 27 29 8.9

� �� �� �
� �� �� �� � � �� �� �
� �� �� � ! !" #

C X Y    (3.11) 
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Step 3. For each possible cutting option 
kr

O , calculate its Wilks’ lambda statistic 

kr
�  according to (3.1). For example, the Wilks’ lambda statistic (i.e., 

12
� ) for 

12
O  can be 

calculated as follows: 

12

12

12 12

340.67 30.75

30.75 5.07
0.36

340.67 30.75 34.13 14.57

30.75 5.07 14.57 6.22

� �
� �
" #� � � �

	 � � � �
	� � � �

" # " #

E

E H
   (3.12) 

where 
12

Ε and 
12

H are the within-group and between-group SSCP matrices of 
1

12Y  and 

2

12Y , respectively. 

Step 4. Identify the minimal value among ( 1)n m$ �  Wilks’ lambda statistics and 

denote it as 
min

� . Calculate the corresponding F  statistic (denoted as 
cut
F ) for 

min
�

according to (3.6). Compare 
cut
F  to F�  to decide if the original cluster C  can be cut into 

two sub-clusters 1

kr
C  and 2

kr
C . If yes, go to Step 5; otherwise, go to Step 6. For the 

example in (3.9), the minimal value, min� , is reached when 2k �  and 4r �  (i.e., splitting 

1
C  by the 4th row while sorted by the 2nd column). Considering a significance level of 0.05 

(i.e., 0.05� � ), we have 
cut 0.05

54.71 19F F� � � . Thus, 
1

C  can be cut into two sub-

clusters as follows: 

24 24

1 1 1

24

9.1 8 36 9.98

11.4 14 48 12.96
, 

27.3 26 31 8.84

39.9 27 29 8.9

� �� �� �
� �� �� �
� �� �� �� �
� �� �� �
� �� �� �
� � ! !" #

C X Y    (3.13) 

2 2 2

24 24 24, [(20.5 29)(50 9.84)]� �C X Y    (3.14) 
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Step 5. Proceed to split the original cluster C  into two sub-clusters. For each sub-

cluster, repeat the clustering steps starting from Step 1. 

Step 6. Label the original cluster C  as a leaf cluster. Continue to process other sub-

clusters until none of them can be further divided (i.e., all sub-clusters are labeled as leaf 

clusters). 

Step 7. Pick up any two leaf clusters and calculate the Wilks’ lambda statistic and 

the corresponding F  statistic (denoted as mergeF ). Compare mergeF  to F�  to decide if they 

can be merged. If yes, merge them as a new cluster. Repeat this step until no further 

merging action can be taken. 

Step 8. If no merging action is taken in Step 7, go to Step 9; otherwise, repeat the 

steps starting from Step 1 for all newly-merged clusters. 

Step 9. Output a cluster tree including all leaf clusters and their corresponding 

cutting and merging rules. 

A schematic example of the cluster tree generated at the end of the clustering 

procedure is given in Figure 3.2. In this example, the cluster tree contains five leaf clusters 

which are generated after six cutting and two merging operations. Each leaf cluster may 

include one or more samples and can be reached by following one or more flow paths. For 

example, the flow path for leaf cluster #11 in Figure 3.2 is unique and can be defined as: 

*2 32 *3 43 *1 41
x x x x x x� % � % � ; but leaf node #15 can be reached through multiple flow 

paths, including: 
*2 32 *3 43 *1 21
x x x x x x� % � % � , 

*2 32 *4 24 *1 21
x x x x x x� % � % � , and 

*2 32 *4 24 *3 33 *1 21
x x x x x x x x� % � % � % � . In general, all nodes and leaf clusters in a  



69 

Figure 3.2 A schematic cluster tree generated by the SCA clustering procedure 
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cluster tree are numbered uniquely (i.e., 1, 2, 3, …, n ) in the order that they are generated 

during the clustering procedure. When cutting action is taken to a cluster, there will be two 

sub-clusters generated at the same time. In this case, the left sub-cluster will be numbered 

first and the right one next. A stack structure, which follows a last-in-first-out rule to 

operate its elements (as shown in Figure 3.1), is used to store newly-generated intermediate 

clusters by the cutting operations. Thus, the right node will always be first processed for 

cutting test, and the left node will not be dealt with until the right node and its child nodes 

(if any) cannot be split any more. 

3.2.4 Inference and Prediction 

The cluster tree generated in the clustering procedure of SCA can be regarded as a 

statistical model to represent the relationships of multiple dependent variables versus 

multiple independent ones. It thus can be used for inference or prediction of the outcomes 

of dependent variables while new information of independent variables is availabe. The 

process of inference or prediction is in fact a searching process starting from the top of the 

cluster tree and ending at a leaf cluster. Take the cluster tree in Figure 3.2 as an example, 

the first step is to compare the value of the second independent variable with the value of 

32x . If it is greater than 32x , then proceed to the right branch of the cluster tree; otherwise, 

go to the left branch. Similarly, the searching process will continue untill a leaf cluster is 

reached. Then, the samples included in the leaf cluster will be used to estimate the values 

of dependent variables. A number of options are applicable for calculating the estimates 

of dependent variables, including mean of the samples, an interval bounded by the 

maximum and minimum values, mean of the samples together with a radius which is 
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expressed as half of the distance between the minimum and maximum values, random 

value between the minimum and maximum values, as well as mean of the samples together 

with their standard deviation. 

3.3 DEVELOPMENT OF SCADS 

In general, the process of obtaining downscaled climate projections can be 

summarized as four steps: 1) screening a set of predictors for each predictand of interest, 

which generally requires some necessary correlation analyses for each pair of predictor 

and predictand; 2) establishing a quantitative relationship between predictors and 

predictands based on sample data, which is named as “training” in this study; 3) validating 

the established relationship against observation data to evaluate its performance in 

reproducing historical climate; and 4) generating local climate projections based on the 

established relationship, this step is called “prediction” in this study. The route chart for 

the development of SCADS is illustrated in Figure 3.3. The outcome of the training process 

is a cluster tree which can deal with continuous and discrete variables, as well as nonlinear 

relationships among the variables. The inputs for this prediction effort are primarily from 

large-scale climate projections outputted by GCMs or RCMs. 

The SCADS is a web-based downscaling tool such that users from any countries 

around the world can access it freely through Internet. The users of SCADS are required 

to register an account to make use of all provided functions. Figure 3.4 shows the main 

interface of SCADS, through which users can log into the system with their account 

information created by themselves. In order to avoid slowing down the hosting web server  
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Figure 3.3 Flow chart of SCADS 



73 

Figure 3.4 Main interface of SCADS 
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and to manage all downscaling requests effectively, we applied a queuing rule (namely, 

first come first served) for the development of SCADS to control user requirements on 

computing resources and time consumption. The main functions of SCADS will be 

introduced in the following sections. 

3.3.1 Missing Data Detection 

Missing data arise in almost all serious statistical analyses (Gelman and Hill, 2006). 

Non-response or unreasonable results due to missing data may lead to a distraction to 

research goals. Therefore, it is necessary to check if the sample collection contains missing 

data as well as to make clear their distribution in terms of time series and data matrix 

structure, such that suitable approaches could be chosen to handle the missing data. The 

SCADS has integrated missing-data detection function which helps user understand how 

many elements are missing and how these missing values are distributed in a sample 

collection. As illustrated in Figure 3.5, the original data collection contains four missing 

elements which are indicated by “NA”. The missing overview panel generated by SCADS 

gives a visual plot of the input data with missing elements highlighted in red color. 

Meanwhile, a missing report is outputted by SCADS including detailed statistical 

information such as total number of missing elements, and missing location (row and 

column indices). 
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Figure 3.5 Illustration of missing data detection 
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3.3.2 Correlation Analysis 

The correlation analysis function is intended to help screen a set of predictors 

effectively which is used to predict the value of corresponding predictand. In this study, 

we use the correlation coefficient (also known as R) as a criterion to measure the 

association between each pair of predictor and predictand. The correlation coefficient is a 

measure of the strength of the straight-line or linear relationship between two variables 

(Rodgers and Nicewander, 1988), by taking on values ranging between –1 and +1. The + 

or – sign denotes the direction of the correlation. The positive sign denotes direct 

correlation whereas the negative sign denotes inverse correlation. The closer the number 

moves towards 1, the stronger the correlation is. Zero signifies no correlation. Therefore, 

the correlation analysis module is designed based on correlation coefficient in two basic 

ways: to determine the predictive ability of a predictor and to determine the correlation 

between a predictor and its corresponding predictand. Figure 3.6 shows an illustration of 

the correlation analysis module integrated in the current version of SCADS. The calculated 

correlation coefficient value is highlighted with different background colors. A gradual 

color change from yellow to red indicates a gradual increase in the absolute value of 

correlation coefficient. By clicking on the correlation coefficient value for each pair of 

predictor and predictand, a pop-up window will be displayed containing a scatter plot 

which is helpful to understand the distribution pattern of all sample points as well as to 

identify extreme points effectively. 
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Figure 3.6 Illustration of correlation analysis module 
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3.3.3 Training 

Training process is to establish a relationship between predictors and predictands 

and to represent it using a quantified function or in other forms. In SCADS, the training-

related transactions can be initialized and processed by creating a training job. The 

complicated relationship between predictors and predictands is expressed as a cluster tree. 

Three steps are required to create a training job in the current version of SCADS: 1) choose 

samples, 2) review samples, and 3) confirm and submit. It is recommended that users 

inspect the sample data before proceeding to create a new training job, with the aid of 

missing data checking and correlation analysis modules. If samples with missing data were 

inputted to a training job without any pre-processing, the SCADS would eliminate the 

entire data row as long as at least one element was missing. When creating a new training 

job, users will be asked to specify a friendly name to identify the job. The total time 

consumed by a training job often varies considerably. Generally, it depends on the sample 

size (i.e. total rows of sample collection), the numbers of predictors and predictands, and 

the correlation for each pair of predictor and predictand. 

After a training job is submitted, the SCADS will decide whether it should be started 

immediately. If there are some jobs submitted before this job and at least one of them is 

waiting or running, the new job will be added into the waiting queue. Otherwise, it will 

begin to run right away. Once the training job is completed, the SCADS will output two 

plain-text files: tree file and map file, including cluster tree pathway and leaf nodes, 

respectively. A Windows-based utility, namely SCADS Cluster Tree Generator (CTG 

V1.0), is developed together with SCADS to facilitate visualization of the cluster tree 

outputted by the training process. The main interface of CTG V1.0 is shown in Figure 3.7. 
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Figure 3.7 Main interface of SCADS CTG V1.0 
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3.3.4 Calibration 

In the process of calibration, various parts of the model, including the input values, 

are changed so that the measured values (i.e. observations) are matched by the simulated 

values, with the purpose of accurately representing significant aspects of the actual system 

(Hill, 1998). In the SCADS, there is only one input parameter to be calibrated (i.e., 

significance level � ). Generally, its initial value may range from 0.01 to 0.05. The higher 

the significance level, the less sensitive the model will be and the fewer leaf nodes the 

resulting cluster tree will have. The default significance level in the SCADS is 0.05. 

However, users can adjust it repeatedly until the downscaled outputs match the sample 

predictands with an acceptable level of accuracy. 

3.3.5 Validation 

Validation is to determine whether a model is an accurate representation of the real 

system, which is usually achieved through an iterative process of comparing the model to 

actual system behavior (Bennett et al., 2013; Kleijnen, 1995). The use of R-squared (i.e., 

the coefficient of determination) is well established in classical regression analysis (Rao, 

1973). Its definition as the proportion of variance explained by the regression model makes 

it useful as a measure of success of predicting the dependent variable from the independent 

variables (Nagelkerke, 1991). Therefore, the SCADS employed the coefficient of 

determination as a key criterion to validate the model performance. As shown in Figure 

3.8, a number of R-squared values are calculated for each pair of predicted and observed 

predictands. By clicking on each value, a top-up window including the scatter plot of 
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Figure 3.8 Illustration of validation module 
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prediction versus observation will be displayed to help understand the modeling 

performance visually. 

3.3.6 Prediction 

The prediction module is utilized to assistant users in developing high-resolution 

downscaled scenarios based on the validated cluster tree. The process of creating a 

prediction job is straightforward. The users specify the training job name as well as input 

data for predictor variables. In return, the SCADS predicts the corresponding predictands, 

according to the output tree and map files from the training process. 

3.4 APPLICATION OF SCADS 

The SCADS was applied to the City of Toronto, Canada. Large-scale predictor 

variables for the period of 1981-2000 were derived from North American Regional 

Reanalysis Dataset (NARR), which were originally produced at the National Centers for 

Environmental Prediction (NCEP). The NARR project was an extension of the NCEP 

Global Reanalysis over the North America. The NARR model used the very high 

resolution NCEP Eta Model (32 km/45 layer) together with the Regional Data 

Assimilation System (RDAS) which, significantly, assimilated precipitation along with 

other variables (Mesinger et al., 2006; Saha et al., 2010). The collected data were then re-

gridded to the 25 km grids of the PRECIS model for prediction purpose. Regional-scale 

predictand variables such as daily mean temperature (°C) and monthly precipitation (mm) 

for the same period were extracted from the 10 km gridded climate dataset as provided by  
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Table 3.1 Correlation coefficients of candidate predictors at Toronto, 1981-1990 

Predictor Predictand Predictor Predictand 

Tmean Precip Tmean Precip

HGT500 0.856 0.07  PRESsfc -0.231 -0.188

TMP500 0.868 0.135  TMPsfc 0.971 0.049

SPFH500 -0.166 -0.047  TMP2m 0.978 0.064

VVEL500 -0.039 -0.286  SPFH2m 0.916 0.146

UGRD500 -0.311 0.012  RH2m -0.278 0.286

VGRD500 0.043 0.255  PRES2m -0.237 -0.19

HGT700 0.796 0.02  UGRD10m -0.228 -0.196

TMP700 0.873 0.128  VGRD10m 0.09 -0.005

SPFH700 -0.089 -0.026  TMP10m 0.978 0.063

VVEL700 0.045 -0.243  PRES10m -0.232 -0.189

UGRD700 -0.224 0.033  SPFH10m 0.916 0.146

VGRD700 0.085 0.276  UGRD30m -0.218 -0.197

HGT850 0.584 -0.075  VGRD30m 0.084 -0.005

TMP850 0.92 0.134  TMP30m 0.979 0.062

SPFH850 -0.029 -0.005  PRES30m -0.221 -0.189

VVEL850 -0.115 -0.239  SPFH30m 0.916 0.146

UGRD850 -0.125 0.012  APCPsfc3h 0.095 0.447

VGRD850 0.12 0.268  VORT500 0.028 0

HGT1000 -0.192 -0.189  VORT700 -0.067 -0.028

TMP1000 0.979 0.07  VORT850 -0.075 -0.081

SPFH1000 0.911 0.151  VORT1000 -0.156 -0.225

VVEL1000 -0.097 -0.095  VORT10m -0.135 -0.128

UGRD1000 -0.235 -0.202  VORT30m -0.174 -0.175

VGRD1000 0.095 -0.028
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the National Land and Water Information Service (NLWIS), Agriculture and Agri-Food, 

Canada. The gridded data were interpolated from daily Environment Canada climate 

station observations through a thin plate smoothing spline surface fitting method as 

implemented by ANUSPLIN V4.3 (NLWIS, 2007). The first ten-year data (i.e., 1981-

1990) were used for model calibration, and the remaining ten-year ones (i.e., 1991-2000) 

for model validation. 

Secondly, a limited set of large-scale predictor variables were screened out from a 

large suite of candidate variables with the aid of correlation analysis of SCADS. Table 3.1 

lists correlation coefficients of candidate predictors versus daily mean temperature and 

monthly precipitation. The bold values, denoting predictor variables selected for the 

training and prediction processes, indicate the most promising combinations of predictor 

variables and the corresponding predictands. 

The screened sets of predictors were inputted to the training process to generate 

cluster trees at different significance levels (i.e., 0.01, 0.02, 0.03, 0.04, and 0.05). Results 

of daily mean temperature and monthly precipitation for the period of 1981-1990 were 

reproduced based on the generated cluster trees. Table 3.2 shows the calibration results at 

different significance levels with consideration of R-squared and root mean square errors 

(RMSE). It indicates that there is a slight improvement in estimating monthly precipitation 

while �  value increases from 0.01 to 0.05. The best fitting results for precipitation could 

be obtained when �  = 0.04, with R-squared being 0.5279 and RMSE being 16.1787 mm. 

However, choosing different �  levels would not significantly affect the fitting results of 

daily mean temperature (with R-squared being a constant value of 0.9710), except a very  
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Table 3.2 Calibration results at different significance levels, 1981-1990 

Significance Tmean Precip 

Level (� ) R2 RMSE (°C) R2 RMSE (mm) 

0.01 0.9710 1.6916 0.4775 16.8632 

0.02 0.9710 1.6912 0.5071 16.4723 

0.03 0.9710 1.6913 0.5090 16.3432 

0.04 0.9710 1.6913 0.5279 16.1787 

0.05 0.9710 1.6908 0.5117 16.5368 
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slight improvement in RMSE when � = 0.05. Therefore, the calibrated significance levels 

for temperature and precipitation would be different from each other in this example. In 

other words, the significance level for daily mean temperature would be 0.05 while the 

significance level for monthly precipitation would be 0.04. 

To validate the performance of SCADS in hindcasting recent climate, values of daily 

mean temperature and monthly precipitation in the period of 1991-2000 were reproduced 

through calibrated cluster trees. The SCADS outputs were compared with the observed 

data retrieved from Environment Canada. Figure 3.9 shows the validation results for daily 

mean temperature during the validation period of 1991-2000. The high R-squared value 

of 0.9705 indicates the SCADS can better reproduce the observed daily temperature, with 

RSME being as low as 1.6689 °C for the 10-year period. Figure 3.10 shows the validation 

result for monthly precipitation. The overall performance of SCADS is satisfactory in 

hindcasting the monthly total precipitation for the validation period (with a R-squared 

value of 0.5156 and a RSME of 16.8004 mm), revealing the capability of SCADA in 

estimating extreme precipitation values which are usually related to extreme weather 

events such as floods in summer and snow storms in winter. 

Containing the complex relationships between predictors and daily mean 

temperature and monthly precipitation, the validated cluster trees were next used to 

downscale equivalent regional predictor variables from the PRECIS model. The results of 

PRECIS model for Toronto were provided by the Center for Studies in Energy and 

Environment from the University of Regina (CSEE, 2010). Two 30-year time-slices were 

considered in this illustration to simulate the climate scenarios of 1961-1990 and 2070-  
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Figure 3.9 Validation for daily mean temperature at Toronto, 1991-2000 
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Figure 3.10 Validation for monthly precipitation at Toronto, 1991-2000 
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2099. The former period is generally defined as a baseline indicating the current climatic 

forcing, while the latter is indicative of future climate. Changes of future climate relative 

to the baseline period were then analyzed to help understand plausible future variations in 

daily mean temperature and monthly precipitation. 

Figure 3.11 shows changes in monthly mean temperature at Toronto for the period 

of 2070-2099 relative to the mean values in the baseline period. It reports a consistent 

increasing trend of mean temperature in all months, with an average change around 4 °C. 

Warming phenomena in January, February and March are considerably apparent with the 

change as high as 5 to 6 °C, while the remaining months shows relatively low increases 

(equal to or less than 4.5 °C). Overall, the projected warming trends would substantially 

lift the annual mean temperature to a great extent in 2070-2099. For example, the winter 

average temperature (i.e., December, January, and February) would be above 0 °C, while 

the summer one (i.e., June, July, and August) would be as high as 23 °C. 

Figure 3.12 shows changes in monthly total precipitation levels in Toronto for the 

period of 2070-2099 relative to those for the baseline period. There is a large variation in 

the changes of total precipitation from January to December. The total precipitation levels 

in winter (i.e., December, January, and February) and spring (i.e., March, April, and May) 

show significant increases within the range of 26 to 46 mm, except that in May (only 5 

mm). However, the monthly precipitation totals in July-September are projected to 

decrease by -3 to -15 mm while no obvious changes are observed in June and October. In 

general, the annual precipitation in Toronto would increase since the magnitudes of 

expected increases are much higher than those of projected decreases in terms of monthly 

total precipitation.  
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Figure 3.11 Changes in monthly mean temperature at Toronto between 2070-2099 and 

1961-1990 
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Figure 3.12 Changes in monthly total precipitation at Toronto between 2070-2099 and 

1961-1990 
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3.5 SUMMARY 

A statistical downscaling tool (SCADS) has been developed to assist obtaining high-

resolution climate change scenarios, based on the stepwise cluster analysis method. The 

SCADS uses a cluster tree to represent the complex relationship between large-scale 

atmospheric variables and local surface variables. It can effectively deal with continuous 

and discrete variables, as well as nonlinear relations between predictors and predictands. 

By integrating ancillary functional modules of missing data detecting, correlation analysis, 

model calibration and graphing of cluster trees, the SCADS can perform rapid 

development of downscaling scenarios for local weather variables under current and future 

climate forcing. SCADS was used to generate 10 km daily mean temperature and monthly 

precipitation projections for Toronto, Canada. Two cluster trees were built based on the 

observed data of 1981-1990, and were then used to reproduce the historical climatology 

of 1991-2000 for validation purpose. The results showed that the observed temperature 

and precipitation in the validation period were well hindcasted by SCADS. The validated 

models were then applied to obtain temperature and precipitation projections for the period 

of 2070-2099. 

The developed downscaling tool depends on a number of assumptions that may 

impose severe caveats on its future applications. First, the SCADS is still a statistical 

downscaling tool. In other words, all fundamental assumptions of statistical downscaling 

still hold for the SCADS. For example, the basic assumption is that the statistical 

relationships developed for the present climate also hold for the future – a limitation that 

also applies to dynamical models (Wilby et al., 2004); the predictor set is supposed to 

sufficiently represent future climate change signals, which requires that the predictors be 
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screened based on their relevance to the target predictands as well as their accurate 

representation by climate models (Giorgi et al., 2001; Wilby and Wigley, 2000). Secondly, 

the SCADS assumes that the local variables are normally distributed so that the cutting 

and merging process can be effectively handled based on the Wilks’ statistic. Therefore, 

poor results would be obtained for daily precipitation because most days in a year might 

have no precipitation (i.e., 0 mm) which leads to a gamma distribution. To deal with this 

weakness, further improvements regarding downscaling daily precipitation could be 

carried out by introducing precipitation occurrence model and precipitation amount model 

(Fealy and Sweeney, 2007). Thirdly, the cluster tree is trained and calibrated based on the 

previous climate of the target region. It means that the future projections of target 

predictands will not lie outside the range of the previous climatology; consequently, new 

extreme values cannot be captured. In addition, future efforts will also focus on improving 

the software's capability of projecting extremes as caused by local non-stationary process 

in the context of climate change, such as hydro-meteorological extremes (Khaliq et al., 

2006). 
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CHAPTER 4 

A COUPLED DYNAMICAL-STATISTICAL APPROACH FOR 

HIGH-RESOLUTION REGIONAL CLIMATE DOWNSCALING  

4.1 BACKGROUND 

GCMs are widely used to project future climate under the SRES emission scenarios  

(Nakićenović, 2000) or the representative concentration pathways (Van Vuuren et al., 

2011). Generally, GCMs run at the global scale with a coarse resolution of 150-300 km. 

Assessment of climate change impacts at regional scales usually requires future climate 

projections at a much finer resolution (in the order of 10 km). Over the past years, 

downscaling techniques have been developed in the climate research community (Hessami 

et al., 2008; Jones et al., 2004; Pal et al., 2007; Semenov and Barrow, 1997; Wilby et al., 

2002), with the purpose of bridging the gap in the spatial resolution between GCMs and 

impact models (e.g., hydrological and crop ones).  

The downscaling techniques are classified into two categories: dynamical 

downscaling and statistical downscaling (Hewitson and Crane, 1996). Dynamical 

downscaling is referred to as nested regional climate modeling technique which usually 

consists of using initial conditions, time-dependent lateral meteorological conditions and 

surface boundary conditions derived from GCMs or reanalysis of observations to drive 

high-resolution RCMs (Giorgi et al., 2001). RCMs are developed using the same laws of 

physics as described in GCMs to account for the sub-GCM grid scale processes with more 

details (such as mountain ranges, coastal zones, and details of soil properties) in a 

physically-based way (Feser et al., 2011). Nesting RCMs into GCMs can lead to improved 
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simulation of the general circulations and thus can provide a variety of climate variables 

at fine spatial scales (Lavender and Walsh, 2011; White et al., 2013; Zhang et al., 2006). 

The major challenge to the dynamical technique is that RCM simulations can be 

computationally expensive in practice, depending on the domain size, spatial resolution, 

as well as the simulation length. In comparison, statistical downscaling mainly involves 

the development of quantitative relationships between large-scale atmospheric variables 

(named predictors) and local surface variables such as temperature and precipitation 

(named predictands), which is easier to implement with much lower computation 

requirements (Wilby et al., 2004). A large number of previous research practices have 

employed statistical techniques to assess climate change impacts at either point or 

catchment scales (Charles et al., 2004; Fowler et al., 2007b; Mullan et al., 2012; Timbal 

et al., 2009). Nevertheless, statistical downscaling is subject to an unverifiable assumption 

that the statistical relationships developed for present day climate should hold under 

different future climate forcing conditions.   

Both dynamical and statistical downscaling techniques have their own advantages 

in terms of generating fine resolution climate projections at regional scales. However, 

previous studies were mostly focused on the application of a single technique (either 

dynamical downscaling or statistical downscaling) for climate change impact studies. One 

interesting question to be answered is whether or not the downscaled projections can be 

improved by coupling these two techniques into a general framework, instead of using 

either of them separately, and if so, by how much. Recently, a few studies have attempted 

to investigate the potential improvements through coupled dynamical-statistical or 

statistical-dynamical approaches (Chen et al., 2012; Diez et al., 2005; Hellström and Chen, 
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2003), and it was reported that the coupled approaches can improve the downscaled results 

to varying degrees.  

Therefore, this study will be focused on developing a dynamical-statistical 

downscaling approach by coupling the PRECIS regional modeling system (Jones et al., 

2004) and a statistical downscaling method – SCADS (Wang et al., 2013) to construct 

high-resolution climate projections for the Province of Ontario, Canada. We first project 

the future climate of Ontario using the PRECIS model at its highest spatial resolution of 

25 km. The SCADS model is then developed and validated at grid point scale with a finer 

resolution of 10 km. We will show in the validation results that the SCADS demonstrates 

good performance in downscaling temperature and poor but acceptable performance in 

precipitation. We then apply the validated SCADS model to further downscale the 

projections generated by the PRECIS model. Finally, we will analyze the temporal trends 

and changes in the spatial patterns of both temperature and precipitation based on the high-

resolution climate projections. 

4.2 DATA AND METHOD 

A coupled dynamical-statistical downscaling approach, as shown in Figure 4.1, was 

developed in this study to generate high-resolution climate projections. We first employed 

a well-known regional climate model – PRECIS to develop fine-scale physically-based 

climate projections over the Province of Ontario, Canada, by adding regionalized climate 

physics to the large-scale outputs from the HadCM3 modeling system under SRES A1B 

emissions scenario. The PRECIS model can be applied easily to any area of the globe to 

generate detailed climate change projections, with the provision of a simple user interface 
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Figure 4.1 Illustration of the coupled dynamical-statistical downscaling approach 
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as well as a visualization and data-processing package (Jones et al., 2004; Wilson et al., 

2011). The PRECIS is able to run at two different horizontal resolutions: 0.44° × 0.44° 

(approximately 50 km × 50 km) and 0.22° × 0.22° (approximately 25 km × 25 km), with 

19 atmospheric levels in vertical using a hybrid coordinate system. In this study, the 

PRECIS was run at its highest resolution (i.e., 25 km) from 1950 to 2099 with the purpose 

of providing full simulations for both present-day and future climate. 

To disclose regional climate details at even higher resolution, a stepwise cluster 

analysis downscaling method – SCADS, developed by (Wang et al., 2013), was then 

applied for further downscaling the 25-km physically-based projections from PRECIS to 

a finer resolution as high as 10 km. Differing from the conventional downscaling methods 

for example, SDSM (Wilby et al., 2002) and ASD (Hessami et al., 2008), the SCADS uses 

a cluster tree instead of a regression-based function to represent the complex relationships 

between large-scale predictors and local predictands. The cluster tree is constructed 

through a series of cutting and merging operations to a training sample set in step-by-step 

fashion, which usually contains a large number of leaf nodes. Each leaf node in the cluster 

tree denotes a sub-cluster within the sample set, which cannot be further divided or merged 

with other sub-clusters. The prediction process for a given set of predictors is in fact a 

searching process starting from the top of the tree and ending at a leaf node, following a 

flow path guided by the cutting and merging rules; then the mean value or an interval 

bounded by the maximum and minimum values of the sample set in the leaf node can be 

used to estimate the corresponding predictand.  

To develop the SCADS model at grid point scale, we derived 32-km reanalysis 

climate data covering the period of 1979-2010 from NARR produced by NCEP. The 
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NARR dataset was developed by using the very high resolution NCEP Eta Model together 

with the Regional Data Assimilation System (RDAS) which assimilated temperature, 

winds, precipitation, as well as many other variables (Mesinger et al., 2006; Saha et al., 

2010). According to the recommendations of existing literatures, we preliminarily 

screened out a number of predictor variables from the NARR dataset for predicting daily 

mean temperature and total precipitation (hereinafter referred to as Tmean and Precip). 

For Tmean, the potential predictors may contain 500 hPa geopotential heights, surface air 

pressure, 850 hPa temperature, and 1000-to-500 hPa thickness (relative topography of the 

1000-to-500 hPa layer) (Chen and Chen, 2003; Crane and Hewitson, 1998; Hellstrom et 

al., 2001; Huth, 1999; Wilby and Wigley, 2000); for Precip, the potential predictors may 

include surface air pressure, temperature, humidity, as well as upper air measures of wind 

speed and direction, vorticity, divergence, humidity, temperature, and geopotential heights 

(Beckmann and Adri Buishand, 2002; Haylock et al., 2006; Salathé, 2003; Zhu et al., 2005). 

The preliminary predictor set was further refined based on correlation analyses at twelve 

weather stations which are spatially distributed across the landmass of Ontario (see Table 

4.1 and Figure 4.2). Finally, we chose different sets of predictors from the NARR datasets 

for predicting Tmean and Precip respectively (see Table 4.2). 

High-resolution perdictand samples for both Tmean and Precip were collected from 

the 10-km gridded climate dataset (1961-2003) provided by the National Land and Water 

Information Service (NLWIS), Agriculture and Agri-Food, Canada. The NLWIS dataset 

was interpolated from daily Environment Canada climate station observations through a 

thin plate smoothing spline surface fitting method as implemented by ANUSPLIN V4.3 

(NLWIS, 2007). Due to the mismatch in time span, only a subset of the above two datasets 
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Table 4.1 Twelve weather stations selected in this study 

No. Weather Station Longitude Latitude Abbreviation 

001 Windsor Airport                        82°96' W 42°28' N WDA 

002 London Int'l Airport                 81°15' W 43°03' N LIA 

003 Toronto Lester B. Pearson Int'l Airport    79°63' W 43°68' N TLA 

004 Toronto City Center (Island Airport)       79°40' W 43°63' N TCC 

005 Ottawa Macdonald-Cartier Int'l Airport    75°67' W 45°32' N OMA 

006 Wiarton Airport                             81°11' W 44°75' N WTA 

007 North Bay Airport                           79°42' W 46°36' N NBA 

008 Sault Ste Marie Airport                     84°51' W 46°48' N SSA 

009 Sioux Lookout Airport                       91°90' W 50°12' N SLA 

010 Timmins Victor Power Airport                81°38' W 48°57' N TVA 

011 Big Trout Lake                       89°87' W 53°83' N BTL 

012 Moosonee UA                          80°65' W 51°27' N MUA 
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Figure 4.2 Geophysical locations of the twelve weather stations 
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Table 4.2 List of NARR variables selected as predictors for Tmean and Precip7

NARR variable Unit Tmean Precip NARR variable Unit Tmean Precip

APCPsfc3h kg/m²  √  TMP30m K √ √ 

HGT500 gpm √   UGRD500 m/s √  

HGT700 gpm √   UGRD700 m/s   

HGT850 gpm √   UGRD850 m/s   

HGT1000 gpm  √  UGRD1000 m/s  √ 

PRESsfc Pa  √  UGRD10m m/s  √ 

PRES2m Pa √ √  UGRD30m m/s  √ 

PRES10m Pa √ √  VGRD500 m/s  √ 

PRES30m Pa  √  VGRD700 m/s  √ 

RH2m % √ √  VGRD850 m/s  √ 

SPFH500 kg/kg √   VGRD1000 m/s  √ 

SPFH700 kg/kg    VGRD10m m/s √ √ 

SPFH850 kg/kg    VGRD30m m/s √ √ 

SPFH1000 kg/kg √ √  VORT500 1/s   

SPFH2m kg/kg √   VORT700 1/s √ √ 

SPFH10m kg/kg √   VORT850 1/s  √ 

SPFH30m kg/kg √   VORT1000 1/s √ √ 

TMP500 K √ √  VORT10m 1/s √ √ 

TMP700 K √   VORT30m 1/s √ √ 

TMP850 K √ √  VVEL500 Pa/s  √ 

TMP1000 K √ √  VVEL700 Pa/s  √ 

TMPsfc K √ √  VVEL850 Pa/s  √ 

TMP2m K √ √  VVEL1000 Pa/s   

TMP10m K √ √      

7 We use ‘√’ to denote that the corresponding NARR variable was selected in this study for predicting Tmean 
or Precip. Note that the vorticity variables (i.e., VORT500, VORT700, VORT800, VORT1000, VORT10m, 
and VORT30m) are not direct outputs from the NARR dataset, they were calculated based on eastward and 
northward wind components. 
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covering the overlap period (i.e., 1979-2003) was extracted for statistical modeling in this 

study. In detail, the data of 1979-1993 was treated as the sample set to train the SCADS 

model. Based upon the work of (Wang et al., 2013), we fixed the significance level as 0.05 

during the training process because the calibration results were insensitive to different 

significance levels ranging from 0.01 to 0.05. Thus a cluster tree reflecting the inherent 

relationship between regional coarse-resolution predictors and local high-resolution 

predictands can be established for each grid cell. The remaining ten-year data from 1994 

to 2003 was used for validating the model performance at the twelve weather stations. 

Following that, the SCADS model was applied for statistically downscaling the PRECIS 

outputs to generate high-resolution climate projections for the Province of Ontario.  

To analyze the temporal trends of climate projections generated from the coupled 

approach, we first employed a locally weighted regression method – LOWESS (Cleveland, 

1979) to smoothly fit the monthly time series of each station. The LOWESS algorithm is 

an outlier resistant method based on local polynomial fits and thus is robust to reflect the 

overall trend of the time series. We then use the seasonal Kendall test (Hirsch et al., 1982; 

Kendall, 1948; Mann, 1945) to test whether a significant trend exists in the time series 

under a given significance level (i.e., 0.05). The significance of trend is quantified as P-

value. The Sen’s slope estimator (Sen, 1968) is further applied to estimate the magnitude 

of the trend only if it is detected as significant. Positive values from the slope estimator 

indicate increasing trends while negative values represent decreasing ones. 
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4.3 RESULTS 

4.3.1 Performance Validation  

The validation results for monthly mean temperature and monthly total precipitation 

at the twelve weather stations are shown in Figure 4.3 and Figure 4.4. The SCADS model 

demonstrates consistently outstanding performance in terms of reproducing monthly mean 

temperature at the twelve weather stations, with the lowest R-squared value being as high 

as 0.982 at the SSA station. However, the performance of SCADS for precipitation is not 

as good as that for temperature. The R-squared values for precipitation vary greatly at 

twelve stations and show evident spatial variability. The highest R-squared value is 

achieved at the SLA station (as high as 0.704), while the lowest one is obtained at the 

OMA station (as low as 0.067). Nevertheless, the R-squared values at most of stations are 

still greater than 0.3 which leads to an averaged R-squared value of 0.375. This indicates 

the overall performance of SCADS is acceptable in the downscaling practice since 

precipitation is considerably more difficult to model than temperature due to its high 

spatial variability and its nonlinear nature (Maraun et al., 2010). In addition, the 

performance of SCADS model is further investigated by comparing the box plots of mean 

temperature and total precipitation for annual and seasonal time scales between the 

SCADS outputs and the observations (see Figure 4.5). The central estimates and mass 

distributions for mean temperature at all stations are well simulated by the SCADS model, 

further affirming its good performance for temperature. By contrast, the SCADS model 

shows a relatively poor capability in reproducing the current observed precipitation for 

both annual and seasonal time scales. Although the SCADS model produces either higher 

or lower estimates relative to the observations at some stations (e.g., more annual total 



105 

Figure 4.3 Validation results for monthly mean temperature at twelve weather stations8

8 The coefficient of determination (i.e., R2), ranging from 0 to 1, is calculated as a quantitative indicator to 
evaluate the performance of SCADS model in terms of fitting the SCADS prediction versus observation. 
The higher the R-squared value, the better performance the SCADS model shows in regard to reproducing 
the observed temperature. 
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Figure 4.4 Validation results for monthly total precipitation at twelve weather stations9

9 Similar to Figure 4.3, we compute the R-squared value for each station to evaluate the performance of 
SCADS model in reproducing the observed precipitation. 
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Figure 4.5 Comparisons of mean temperature and total precipitation for annual and 

seasonal time scales at twelve weather stations10

10 For seasonal time scales, we use the months of Dec (of the previous year), Jan, and Feb to represent the 
winter period; Mar, Apr, and May for the spring period; Jun, Jul, and Aug for the summer period; and Sep, 
Oct, and Nov for the Fall period, respectively. 



108 

precipitation at the NBA station, less summer precipitation the OMA station), the overall 

spatial patterns of precipitation at twelve weather stations are still well captured. 

4.3.2 High-Resolution Projections  

We obtained 10-km high-resolution climate projections for the Province of Ontario 

by further downscaling the 25-km outputs from PRECIS with the validated SCDAS model. 

Trend analyses were then carried out at the twelve weather stations to help understand how 

the future temperature and precipitation over Ontario are likely to change under the SRES 

A1B emission scenario. Figure 4.6 shows the projected trends of monthly mean 

temperature at the twelve weather stations. It is quite clear that all stations consistently 

present significant increasing trends, with all of the P-values less than 0.001 and the trends 

ranging from 0.004 to 0.005 °C per month. The projected trends of monthly total 

precipitation are shown in Figure 4.7. Unlike temperature, the trend of precipitation at each 

station tells a different story due to its spatial variability. Even though some stations show 

similar trends, for example the monthly precipitation at the stations of WDA, TLA, OMA, 

and NBA are projected to be decreasing by ~0.008 mm per month, their temporal patterns 

vary greatly. Note that the temporal pattern here is referred to as the range of monthly total 

precipitation as well as its fluctuation along with time. For example, the projected monthly 

total precipitation at the station of WTA is mostly ranging between 50 mm and 300 mm 

and its fluctuation is likely to decrease to end of this century, while the precipitation at the 

station of NBA is mostly varying between 20 mm and 100 mm and its fluctuation tends to 

be increase with time. Thus, these two stations show different temporal patterns.  
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Figure 4.6 Trends of projected monthly mean temperature at twelve weather stations 

from 2010 to 209911

11 The smoothed lines for the time series are fitted through the LOWESS method and are indicated by the 
red lines. The non-parametric statistical test, the seasonal Kendall test, is used to determine the significance 
of a trend in the time series (denoted as P-value), and the Sen’s slope estimator is used to estimate the 
magnitude of the trend (denoted as Trend). The unit of the trend is expressed as °C per month. 
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Figure 4.7 Trends of projected monthly total precipitation at twelve weather stations 

from 2010 to 209912

12 Similar to Figure 6, the LOWESS algorithm is first used to smooth the time series at each station. Then, 
the seasonal Kendall test and the Sen’s slope estimator are used to determine the significance of a trend in 
the time series and to estimate the magnitude of the trend, respectively. The unit of the trend here is expressed 
as mm per month. 
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Figure 4.8 Time series of projected mean temperature and total precipitation for annual 

and seasonal time scales at twelve weather stations 
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As shown in Figure 4.7, there are no significant trends detected at the stations of SLA, 

BTL, and MUA, while the remaining stations show similar decreasing trends with the 

slope fluctuating between 0.005 to 0.017 mm per month. Furthermore, the time series of 

temperature and precipitation for annual and seasonal time scales at the twelve weather 

stations are plotted (see Figure 4.8) to understand their temporal patterns and trends from 

the near term to the end of this century. The plots for annual and seasonal mean 

temperature present similar patterns at twelve weather stations and further confirm the 

significant increasing trends for all stations, while the plots for precipitation show different 

temporal patterns at all stations and most of the stations reveal to different degrees 

decreasing trends in the amount of precipitation. 

The high-resolution projections for temperature and precipitation were then divided 

into three 30-yr periods: 2010-2039 (2020s), 2040-2069 (2050s), and 2070-2099 (2080s), 

to further analyze their near-term and long-term spatial patterns over the entire province 

of Ontario. Figure 9 shows the maps of projected annual mean temperature and total 

precipitation over Ontario for the three periods. The maps for temperature reveal an 

obvious increasing trend from 2020s to 2080s across the entire province. The mean 

temperature of north Ontario would rise from [-3, 0] °C in 2020s to [-1, 2] °C in 2050s, 

and then to as high as [1, 4] °C in 2080s; while the mean temperature of south Ontario 

would jump from [7, 10] °C in 2020s to [11, 14] °C in 2080s. The projected warming trend 

is likely to drive the annual mean temperature of Ontario up to [6, 8] °C to the end of this 

century. It is interesting that there are no significant changes in the spatial patterns of 

precipitation from 2020s to 2080s. However, the spatial variability of precipitation is 

clearly reflected in the projected maps. The hot spots of precipitation are mostly distributed  
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Figure 4.9 Maps of projected high-resolution annual mean temperature and annual total 

precipitation over Ontario in 2020s, 2050s, and 2080s 
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in the west and south-east regions where the annual total precipitation would be as high as 

2,400 mm, while less precipitation is projected in the northern area where the annual 

precipitation would be as low as 400 mm. 

4.4 SUMMARY 

Previous studies have showed that the downscaling performance can be improved 

through coupled approaches (Chen et al., 2012). In this study, we further investigated the 

improved performance by developing a coupled dynamical-statistical downscaling 

approach, which integrates the PRECIS regional model system and a new statistical 

method – SCADS into a general framework, to help generate very high resolution climate 

projections for the Province of Ontario, Canada. By validating the downscaled results at 

twelve weather stations across Ontario, we showed that the coupled approach can 

reproduce the temperature of current climate very well while the performance in 

precipitation was relatively poor but still acceptable and its spatial patterns were primarily 

captured as well.  

We then applied the coupled approach for generating 10-km high resolution climate 

projections. By analyzing the trends and spatial patterns of projected temperature and 

precipitation, we found that there would be a significant warming trend throughout this 

century for the whole province. Such a continuous increasing trend is likely to warm the 

mean temperature of Ontario up to [6, 8] °C to the end of this century. Meanwhile, the 

precipitation in most of the weather stations showed decreasing trends to varying degrees. 

The results also disclosed apparent spatial variability in the amount of precipitation but no 

evidence for the changes in the spatial patterns of precipitation was found. 
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Overall, the coupled downscaling approach demonstrated good performance in 

generating high-resolution climate projections by combining the advantages of both 

dynamical and statistical techniques. However, the major drawback of this approach is that 

the effects of systematic errors in the driving fields provided by GCMs would be 

transferred into the downscaled projections through a two-step fashion (first into RCMs 

and then into statistical models). Further research is preferred to investigate the effects of 

the transferred errors on the improved performance within a coupled framework. 
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CHAPTER 5 

PROBABILISTIC PROJECTIONS OF CLIMATIC CHANGES 

THROUGH A HIGH-RESOLUTION REGIONAL CLIMATE 

MODEL ENSEMBLE 

5.1 BACKGROUND 

Climate change is becoming one of the most pressing issues around the world. It has 

already started to affect every continent, country, community and individual. As the largest 

economy in Canada, the Province of Ontario is now facing extraordinary challenges under 

a changing climate. In recent years, people are seeing more frequent and intense weather 

anomalies, shorter duration of ice cover on lakes, fluctuating water levels in lakes, rivers 

and streams (MoE, 2011a). For example, local residents in southern Ontario had suffered 

the hottest summer in 2010 which was deemed the hottest year on record by Environment 

Canada, leading to an increasing requirement for investments in energy system, especially 

in electricity system (MoE, 2010). In response to these challenges, the Province of Ontario 

has been taking prudent steps to protect its health, economy and communities from the 

harmful effects of climate change (MoE, 2011b). The realization of such an adaptation 

initiative substantially depends upon how well we know and how confident we are about 

the negative impacts of a changing climate in the context of Ontario. It thus leads to the 

development of reliable climate projections at finer resolutions over the domain of Ontario, 

aiming at providing decision makers or policy makers with helpful information for 

assessing plausible future effects of climate change at regional scales.  
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Forecasts of future climate change with current state-of-the-art climate models can 

provide potential evidence for decision makers and policy makers to determine how to 

adapt to or mitigate climate change. However, these forecasts are inevitably uncertain due 

to our incomplete understanding of the climate system in terms of its complicated physical 

processes, natural variability, as well as response to rising levels of greenhouse gases 

(Allen et al., 2000; Murphy et al., 2004; Stainforth et al., 2005; Stott and Kettleborough, 

2002; Webster et al., 2003). This further results in considerable uncertainties about the 

rates of change that can be expected, such as changes in extremes of temperature and 

precipitation and sea level rise (Karl and Trenberth, 2003). No single model can be 

powerful enough to tackle such uncertainties all at once, it is necessary to utilize results 

from a range of coupled models (Houghton et al., 2001).  

Previously, a number of climate research based on multi-model ensemble (MME) or 

perturbed physics ensemble (PPE) approaches has been carried out to explore techniques 

for quantifying uncertainties of future climate change (Barnett et al., 2006; Furrer et al., 

2007; Giorgi and Francisco, 2000; Giorgi and Mearns, 2003; Giorgi and Mearns, 2002; 

Greene et al., 2006; Harris et al., 2013; Murphy et al., 2007; Sexton et al., 2012; Tebaldi 

and Sansó, 2009; Tebaldi et al., 2005; Watterson and Whetton, 2011). The MME approach 

usually consists of various GCMs developed at different modeling centers around the 

world to sample both structural and parametric uncertainties to a limited degree (Meehl et 

al., 2007; Taylor et al., 2012), but it is unable to sample the consequences of either type of 

uncertainty in a systematic fashion by being assembled on an opportunity basis from 

current available models (Murphy et al., 2007; Sexton et al., 2012). The PPE usually 

consists of variants of a single base model with perturbed parameters limited in a space of 



118 

possible model configurations (Collins et al., 2006; Murphy et al., 2004; Webb et al., 2006; 

Yokohata et al., 2010). The main advantage of PPE approach is that it allows greater 

control over the design of experiments to sample parametric uncertainties within a single 

model framework. Both ensemble approaches can generate a large number of projections 

of future climate for various scenarios, but how to combine these multiple projections and 

interpret them into policy-relevant information has become a major challenge in recent 

years, due to the lack of verification of climate projections, the problem of model 

dependence, bias and tuning as well as the difficulty in making sense of an ‘ensemble of 

opportunity’ (Knutti et al., 2010; Tebaldi and Knutti, 2007). 

There are obviously different ways to synthesize modeling results of MMEs or PPEs. 

A straightforward way is to calculate the multi-model averages for given diagnostics or 

variables where each model is weighted equally (Räisänen and Palmer, 2001). In many 

cases, combining ensemble results through Bayesian methods or weighted averages, where 

weights are determined by comparing model predictions to observations, shows improved 

performance better than simple averages (Barnston et al., 2003; Krishnamurti et al., 1999; 

Krishnamurti et al., 2000; Robertson et al., 2004). The article by Tebaldi and Knutti (2007) 

presents a comprehensive literature review on the existing published methods to obtain 

best estimates of climate change based on multiple projections through ensemble 

approaches. It concludes that the combined estimates, which are generally expressed in a 

probabilistic way based on a variety of statistical methods (Giorgi and Mearns, 2003; 

Giorgi and Mearns, 2002; Tebaldi et al., 2005), may give more helpful information for 

impact studies and decision making given that none of the model projections for future 

climate can be validated at this stage. For example, each estimate comes with a specific 
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level of occurrence (i.e., probability), it thus allows for planning appropriate adaptation 

strategies in advance by balancing the tradeoff between the adapting costs and the potential 

damages of climate change at different probabilistic levels. 

However, previous probabilistic studies have mainly focused on quantifying climate 

change uncertainties at global scales based on various GCM ensembles (Furrer et al., 2007; 

Greene et al., 2006; Tebaldi and Knutti, 2007; Tebaldi and Sansó, 2009). Additional 

downscaling work needs to be done before feeding the probabilistic projections into 

impact models (e.g., hydrological modes or crop models) due to the coarse resolution of 

GCM outputs, by either statistical approaches (Wang et al., 2013; Wilby et al., 2004) or 

regional climate models. A small number of papers published in recent years (Benestad, 

2004; Luo et al., 2004; Manning et al., 2009; New et al., 2007) have approached the 

problem of deriving regional probabilistic projections at a finer resolution to facilitate the 

assessment of regional and local climate change impacts, but they are characterized by a 

less general approach and tailored to specific regions or impacts studies.  

The objective of this research is to develop high-resolution probabilistic projections 

of climatic changes for the Province of Ontario, Canada, where uncertainties in 

observational errors, model reliability and temporal correlation, climate change signals 

will be reflected through a Bayesian hierarchical model. Specifically, a 25-km RCM 

ensemble is first developed and assembled by using a subset of 17-member PPE ensemble 

(McSweeney et al., 2012) based on the HadCM3 as boundary conditions to drive the 

PRECIS regional modeling system (Jones et al., 2004) from 1950 to 2099. A Bayesian 

statistical model is then advanced based on the method proposed by Tebaldi et al. (2005) 

for generating probabilistic projections of climatic changes at grid point scale, by treating 
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the unknown quantities of interest as random variables to quantify their uncertainties in a 

statistical way. Observations for current climate and simulations of the PRECIS ensemble 

are fed into the Bayesian model to derive posterior distributions of all the uncertain 

quantities, which are next used to construct probabilistic projections of climatic changes 

over the Province of Ontario.  

5.2 DEVELOPMENT OF RCM ENSEMBLE 

Regional climate modeling is an essential way for conducting thorough assessments 

of climate change impacts by providing impact researchers with regional detail of how 

future climate might change. A RCM is a powerful tool to add small-scale detailed 

information of future climate change to the large-scale projections of a GCM. RCMs are 

physically-based climate models and as such represent most or all of the processes, 

interactions and feedbacks between the climate system components that are represented in 

GCMs (Jones et al., 2004). By taking coarse resolution information from GCMs, RCMs 

can develop temporally and spatially fine-scale information using their higher resolution 

representation of the climate system. In this study, we apply a widely-used RCM 

developed at UK Met Office Hadley Centre – PRECIS to facilitate regional climate 

modeling over Ontario. The PRECIS is a flexible, easy-to-use and computationally 

inexpensive RCM designed to provide detailed climate scenarios (Wilson et al., 2011). It 

can be applied easily to any area of the globe to generate detailed climate change 

projections, with the provision of a simple user interface as well as a visualization and 

data-processing package. The PRECIS is able to run at two different horizontal resolutions: 

0.44° × 0.44° (approximately 50 km × 50 km) and 0.22° × 0.22° (approximately 25 km × 
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25 km), which in vertical with 19 atmospheric levels using a hybrid coordinate system (a 

linear combination of a terrain-following '  coordinate and an atmospheric pressure based 

coordinate). 

Using a single GCM projection to drive RCM can provide us with some information 

about the expected changes under a given emission scenario for the region of interest, but 

it does not provide us with more information about how confident we should be in those 

changes (Bellprat et al., 2012). The ensemble approach through either MMEs or PPEs is 

widely accepted as an effective way to explore the range or spread of projections from 

multiple members, which enables us to gain a better understanding of the uncertainties in 

climate modeling. The Hadley Centre has published 17 sets of boundary data from a 

perturbed physics ensemble (i.e., HadCM3Q0-Q16, known as ‘QUMP’), which is based 

on Hadley Centre’s HadCM3 model under SRES A1B emissions scenario, for use with 

PRECIS in order to allow users to generate an ensemble of high-resolution regional 

simulations (McSweeney and Jones, 2010). Downscaling the 17-member PPE ensemble 

with PRECIS would require very large inputs of computing resources, data storage and 

data analyses. In order to explore the range of uncertainties while minimizing these 

requirements, we select a sub-set of 5 members (i.e., HadCM3Q0, Q3, Q10, Q13, and Q15) 

from the QUMP ensemble according to the Hadley Centre’s recommendation (see 

http://www.metoffice.gov.uk/precis/qump). HadCM3Q0 is first selected as it is the 

standard, unperturbed model using the original parameter settings as applied in the 

atmospheric component of HadCM3. Selection of the remaining four members is based 

on a) their performances in simulating key features of the climate over Ontario, and b) 
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their ability of sampling the range of outcomes of future changes simulated by the full 17-

member ensemble (Bellprat et al., 2012). 

We run five PRECIS experiments driven by boundary conditions from the selected 

GCM members from 1950 to 2099 at its highest horizontal resolution (i.e., 25 km). This 

allows us to carry out under-mentioned probabilistic analyses by providing full simulation 

coverage from present day to future. The PRECIS model outputs are extracted and divided 

into four 30-yr periods: one baseline period (1961-1990), and three future periods (2020-

2049, 2040-2069, and 2070-2099), representing its simulations for the Province of Ontario 

under current and future climate forcing conditions. 

5.3 BAYESIAN HIERARCHICAL MODEL 

Suppose we have observation data for the present climate, denoted as 
0
x , and the 

PRECIS simulations are expressed as 
i
x  (for current climate) and 

i
y  (for future climate), 

1, 2,...,i N� , here 5N �  indicating the total number of PRECIS runs. We further assume 

that the PRECIS outputs depend on some parameters that are unknown due to uncertainties 

in climate models. In addition, the quality of observation data may be affected by some 

unexpected factors like measurement error, equipment failure, etc. Let (  be the vector of 

all unknown parameters related to observations as well as model simulations. The 

Bayesian viewpoint allows us to treat these parameters as random variables in order to 

quantify the uncertainties of interest in a statistical way. Specifically, we can construct a 

probabilistic model for random parameters ( , which is conditional to existing data D

consisting of observations 
0
x  and model simulations 

i
x  and 

i
y , as follows: 

( | ) ( ) ( | )p D p p D( ) ( � (   (5.1) 
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where ( | )p D(  is the posterior distribution of (  given our best understanding of the 

climate system based on existing observations and model simulations, it is a probabilistic 

representation of what we can conclude about the unknown parameters after we observe 

and model the climate system; ( )p (  is the prior distribution of (  indicating what we 

know about the unknown parameters before we obtain data D ; ( | )p D(  is the likelihood 

specifying the conditional distribution of the data given all involved parameters, which is 

formulated under some statistical assumptions; symbol )  means a proportional 

relationship up to a normalizing constant (namely marginal distribution), which is usually 

intractable integral and not necessary to compute in Markov chain Monte Carlo (MCMC) 

simulation (Brooks, 1998). Therefore, an empirical estimate of the posterior distribution 

is usually obtained through a MCMC implementation to the statistical model, bypassing 

the need of computing it analytically. Statistical inference can be drawn based on the 

MCMC samples using smoothed histograms, numerical analyses, etc. 

5.3.1 Likelihoods 

We assume Gaussian distribution for observations 
0
x : 

1

0 0~ ( , )x N � � �
  (5.2) 

where the notation 
1

0( , )N � � �
 indicates a Gaussian distribution with mean �  and variance 

1

0��
. Here �  represents the true value of current climate mean, 

1

0��
 is treated as a random 

variable to indicate that the observations are centered on the true value of current climate 

with a random error. Observations may suffer from both random errors (i.e. measurement 

and sampling) and systematic errors due to different measurement platforms and practices 



124 

(Rayner et al., 2006). We use 
0

�  here to account for these uncertainties in observations. 

Thus we express the statistical assumption for 
0
x  as follows: 

0
x � *� 	   (5.3) 

where 
1

0~ (0, )N* ��
. 

Similarly, we assume Gaussian distribution for 
i
x : 

1
~ ( , )i ix N � � �

  (5.4) 

where 
i

�  is referred to as the precision of distributions 
i
x  in estimating current climate, 

following the definition proposed by Tebaldi et al. (2005). The underlying assumption 

here is that the model simulation is a symmetric distribution, whose center is the true value 

of current climate, but with an individual variability. As such,  
i

�  can be treated as a 

quantity for assessing the performance of the ith PRECIS run in reproducing current 

climate, while driven by the corresponding boundary conditions from the QUMP ensemble. 

Accordingly, the statistical assumption for 
i
x  can be expressed as follows: 

i i
x � +� 	   (5.5) 

where 
1

~ (0, )i iN+ � �
. Projecting future climate with a climate model is to some extent 

correlated to its capability in hindcasting observed climate, we therefore treat 
i
y  and 

i
x

as dependent distributions through a linear regression equation. Thus 
i
y  can be formulated 

as follows: 

( )
i i i
y x� , � �� 	 	 �    (5.6) 

where �  represents the true value of future climate mean; 1~ 0,( )i iN, �� � , the product 

of 
i

��  is referred to as the precision of distribution 
i
y  in terms of simulating future climate, 
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while �  is introduced as an additional parameter to allow for different precision for 
i
y

from 
i
x  in all PRECIS runs; �  is an unknown regression coefficient. A value of �  equal 

to 0 indicates independence between 
i
y  and 

i
x ; otherwise, positive values imply direct 

relations and negative for inverse ones between these two quantities. Likewise, we assume 

the likelihood of 
i
y  as a Gaussian distribution: 

1~ ( ), ( )i i iy N x� � � �� �	 �    (5.7) 

here we use the term of ( )
i
x� ��  to imply a linear adjustment to the projection of future 

climate based on the model bias for current climate simulation. 

5.3.2 Prior Distributions 

The aforementioned statistical model are formulated using a set of parameters: 

0 1, , , , , ,..., N� � � � � � � . We assume uninformative prior distributions for these parameters

as follows: 

a) The true values of current and future climate means, �  and � , are assumed to 

have uniform priors on the real line (i.e. [ , ]�- 	- ).

b) The regression coefficient ( � ) is presumed to be freely varying between -1 and 

+1, thus a uniform distribution on [-1, 1]. 

c) Based on the estimation of (Giorgi and Mearns, 2002) in terms of natural 

variability of observed temperature at different regions for winter and summer seasons, 

we assume Gamma prior density for 
0

�  and the first guesses for its mean and variance are 

4.5 and 19.3 respectively. Thus we formulate the prior distribution of 
0

�  as follows: 
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01

0 0~ Gamma( , )
( )

m
nmn

m n e
m

�� � ���
.

   (5.8) 

where 1.05m �  and 0.23n � . 

d) We assume Gamma distributions for 
1
,...,

N
� � : 

1~ Gamma( , )
( )

i

a
ba

i i

b
a b e

a

�� � ���
.

   (5.9) 

Similarly, Gamma distribution for � : 

1~ Gamma( , )
( )

c
c dd

c d e
c

�� � � ��
.

   (5.10) 

here we set 0.001a b c d� � � � , this is to translate these assumed priors into Gamma 

distributions with mean 1 and variance 1000 (Tebaldi et al., 2005). By doing so, we can 

get extremely diffused priors to reflect our poorly understanding about these unknown 

parameters. 

5.3.3 Posterior Distributions 

Inference for the above statistical model can be achieved by applying Bayesian 

theorem to the likelihoods and priors described above. The joint posterior distribution is 

obtained up to a constant by taking the product of all conditional distributions. Thus we 

have: 

0

2 21

1

1 1 20
0 0 0

( | ) exp ( )
2

  exp ( )
2

i

N
ba i

i i i i i

i

nc d m

p D e x y x

e e x

�

��

�
� � � � � � � �

�
� � � �

��

�

�� � �

� �� /� �( ) � � � 	 � � �� 0� �" #� 1" #

� /� � � � �� 0
� 1

2
   (5.11) 

From (5.11) we can obtain full conditional distribution for each parameter by ignoring all 

other parameters that are constant with respect to the parameter of interest. In our case, 
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full conditional distributions for all parameters are well known distributions such as the 

Gamma or Gaussian ones. We can therefore perform MCMC simulation through a Gibbs 

sampler. The formulation of the full conditional distributions for all parameters, the steps 

of Gibbs sampler as well as the implementation of MCMC algorithm are given in the 

Appendix I to III. 

Here we show how to obtain the probabilistic climate change projections based on 

the PRECIS experiments driven by different boundary conditions. First, the full 

conditional distribution of �  is derived from (5.11) by fixing all other parameters, as a 

Gaussian distribution: 

1 1

10 0
21

0
2 1

0

1

( | , ,..., , ,..., )

( )

, (1 )

(1 )

o N N

N

i i i i i N
i

iN
i

i

i

p x x x y y

x y x x

N

�

� ��� � � �
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�

�

�

�

� �
� � � 	� �� �� �) 	 	� �� �" #	 	� �
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   (5.12) 

In a similar way, the full conditional distribution of �  can be obtained as follows: 

1 1

1

1

1

1

( | , ,..., , ,..., )

( )

,

o N N

N

i i i N
i

iN
i

i

i
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   (5.13) 

Likewise, we can derive the full conditional posterior distributions for the remaining 

parameters (as presented in the Appendix I). By doing a series of random drawings using 

Gibbs sampler, we have a large number of samples for �  and � . The densities of these 

MCMC samples can be treated as approximate representations of their full conditional 

distributions. The climate change quantity is a random variable which can be represented 
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by the difference between the true value of future climate and that of current climate. For 

example, the change in temperature can be expressed as: 

� �3 � �    (5.14) 

Thus, the density of 3  can be estimated using the differences between two samples of �

and � . Similarly, the change in precipitation can be expressed as: 

100%
� �

�
�

3 � $    (5.15) 

Due to the limited capability of climate models in representing the real climate 

system, we only can give plausible distribution for future climate change. We cannot say 

the absolute probability of climate changing by some exact values. Instead we talk about 

the probability of climate change being less than or greater than a certain value. Following 

the approach employed in UK Climate Projections Science Report – UKCP09 (Murphy et 

al., 2009), we apply the cumulative distribution function (CDF) to define the probability 

of a climate change being less than or greater than a given amount, instead of using 

probability density function (PDF). In particular, we use a cumulative probability of 90% 

to describe probabilistic projections by saying very likely to be less than or very unlikely 

to be greater than; we use a cumulative probability of 10% to indicate very likely to be 

greater than or very unlikely to be less than; we define the value with a cumulative 

probability of 50% as the central estimate of projections (i.e. the median of the distribution). 

For convenience, we use the term probability level rather than cumulative probability 

hereinafter. 
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5.4 RESULTS 

5.4.1 Validation of the PRECIS Ensemble 

According to the Hadley Centre’s recommendation in terms of choosing a subset of 

QUMP ensemble, we selected five members from the QUMP dataset to be downscaled 

with the PRECIS model. Before we proceed to analyze the possible outcomes of the 

PRECIS ensemble runs, the first thing we need to do is validate the performance of the 

ensemble simulations in capturing the main features of local temperature and precipitation 

over the Province of Ontario. This is to ensure that our selection for the aforementioned 

five members is sufficient enough to represent the full members of the QUMP dataset in 

terms of reproducing the current climate of Ontario. Considering the spatial variability in 

precipitation, our validation will be conducted at twelve weather stations which are 

geographically distributed across the landmass of Ontario (see Figure 5.1). These weather 

stations are selected from Environment Canada climate observation network (available at: 

http://climate.weather.gc.ca/) and their detailed information is listed in Table 4.1. 

The boxplots for Tmax, Tmean, and Tmin are shown in Figure 5.2, Figure 5.3, and 

Figure 5.4, respectively. Observed monthly means of Tmax and Tmean at twelve weather 

stations are well captured by the aggregated simulations from the ensemble runs. However, 

the ensemble simulations slightly overestimate Tmin in some weather stations located in 

the middle and northern areas. In particular, the observed means of Tmin at SLA, TVA,  
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Figure 5.1 Elevation distribution for the Province of Ontario 
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Figure 5.2 Monthly means of Tmax at twelve weather stations 
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Figure 5.3 Monthly means of Tmean at twelve weather stations 
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Figure 5.4 Monthly means of Tmin at twelve weather stations 
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and MUA for winter (Dec, Jan, and Feb) and spring (Mar, Apr, and May) are less than the 

lower bound of simulated results. Otherwise, the observations are still fully covered by the 

interval bounded by the maximum and minimum values of five simulated values. Overall, 

the climate means and patterns of temperature over Ontario can be well captured by the 

PRECIS ensemble. 

We also compute the means of annual and seasonal precipitation for the baseline 

period simulated by the PRECIS ensemble and compare them to the observed means. The 

comparing results (shown in Figure 5.5) indicate that the annual precipitation means are 

well captured by the ensemble simulations at most of the stations, except for the stations 

of WTA and SSA. In particular, the annual precipitation at WTA is overestimated by the 

ensemble mostly because of its overestimation to winter and spring precipitation; by 

contrast, the slight underestimation to annual precipitation at SSA can be attributed to the 

poor performance of the ensemble in simulating winter and autumn precipitation. The poor 

performance at these two stations may be related to their geographical adjacency to the 

Great Lakes (i.e., Lake Huron and Lake Superior) as these large inland water bodies can 

have an important role in determining local and regional climates (Bonan, 1995). This may 

imply that the PRECIS model is not good at simulating the local climates over inland water 

surfaces. Nevertheless, the observed means of annual and seasonal precipitation at the 

remaining ten stations are still well captured, demonstrating that the PRECIS ensemble is 

capable of simulating the spatial variability of precipitation in the context of Ontario. 

To further investigate the capability of the PRECIS ensemble in capturing temporal 

variations in the observed precipitation at each station, we extract the simulated time series 

of annual precipitation for the baseline period and compare them with the observed ones.  
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Figure 5.5 Comparisons of annual and seasonal precipitation between the ensemble 

simulations and the observations13

13 The observed precipitation means at the twelve stations for the baseline period are displayed as round 

points, and the range bounded by the maximum and minimum of the ensemble simulations is indicated by 

the linear bar. 
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Figure 5.6 Comparisons of annual precipitation time series at the twelve stations14

14 Filled area indicates the range bounded by the maximum and minimum of the ensemble simulations; the 

solid line represents the average of the ensemble simulations; and the round points indicate observed values 

of current climate. 



137 

Figure 5.7 Comparisons of seasonal precipitation time series at two stations: WTA and 

SSA 



138 

Comparisons of annual precipitation time series at the twelve stations are shown in Figure 

5.6. By visually inspecting whether the observations can be covered by the simulated range 

of the PRECIS ensemble, we evaluate its overall performance of capturing the temporal 

patterns of precipitation over Ontario. The results show that the observed annual 

precipitation time series at ten stations (except for WTA and SSA) are mostly 

encompassed by the simulated ones, suggesting that the PRECIS ensemble performs well 

in capturing the temporal variability of local precipitation. The time series of seasonal 

precipitation at WTA and SSA are then compared to the observed ones (see Figure 5.7) to 

help analyze seasonal contributions to the bias in simulating annual precipitation of current 

climate. The results indicate that the observed time series for winter and spring 

precipitation at WTA are always overestimated by the ensemble simulations, leading to 

the overall magnification of its annual total precipitation in both time series and multi-year 

average; likewise, the underestimation of winter and autumn precipitation can be regarded 

as the major contribution to the bias in reproducing the observed annual precipitation at 

the station of SSA. 

5.4.2 Posterior Distributions of Temperature Changes 

By applying the Bayesian model, we derive posterior distributions for all random 

parameters based on the assumptions for the likelihoods and priors. Here we focus on 

analyzing the MCMC results of all parameters in terms of simulating three temperature 

variables (i.e., Tmax, Tmean, and Tmin) at the twelve weather stations under current and 

future climate forcing conditions. 
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a) Temperature changes 

Figure 5.8 shows posterior distributions of �  and �  for Tmax, Tmean, and Tmin at 

twelve weather stations. In particular, we draw the density curves based on the MCMC 

samples for each temperature variable at each station. The true temperatures of present 

climate (i.e., � ) are estimated with the simulation for the baseline period, as illustrated by 

the top three plots. Likewise, simulate results for 2020-2049, 2040-2069, and 2070-2099 

are used to estimate the true values of future climate (i.e., � ), as shown in the remaining 

nine plots. Even though curves for twelve stations in each plot tell totally different stories, 

the means for Tmax, Tmean, and Tmin at all stations reveal consistently increasing trends 

throughout the 21st century.  

To further analyze the temperature changes (i.e., T � �3 � � ) under future climate, 

we extract the estimated values at three probability levels (i.e., 10%, 50%, and 90%) for 

Tmax, Tmean, and Tmin at twelve stations. Meanwhile, a 95% confidence interval (CI) is 

computed to give an estimation for the range of values which is likely to cover the possible 

changes under presumed uncertainties (Goldstein and Healy, 1995). The results are listed 

in Table 5.1. Thus, we can interpret the temperature changes at each station with the 

corresponding confidence levels. For example, Tmax change at station WDA for the 

period of 2020-2049 is very likely to be greater than 2.64 °C and is very likely to be less 

than 3.19 °C, while the median change tends to be 2.92 °C and the likely range for Tmax 

change would be [2.91, 2.93] °C for the same period; Tmean change at station TCC under 

future climate of 2070-2099 would be around 5.62 °C and it is very likely to be greater 

than 5.22 °C and less than 6.02 °C, while the credible estimate of changing interval would 

be [5.60, 5.64] °C. The results also report a gradient increase with time to the change of  
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Figure 5.8 Posterior distributions of �  (baseline period: 1961-1990) and �  (three future 

periods: 2020-2049, 2040-2069, and 2070-2099) for Tmax, Tmean, and Tmin at twelve 

weather stations
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Table 5.1 Projected temperature changes at twelve weather stations 

Station Probability 

Temperature variable 

Tmax (°C) Tmean (°C) Tmin (°C) 

2020-2049 2040-2069 2070-2099 2020-2049 2040-2069 2070-2099 2020-2049 2040-2069 2070-2099 

001: WDA 

10% 2.64 3.92 5.4 2.58 3.84 5.17 2.56 3.64 4.84 

50% 2.92 4.32 5.99 2.81 4.17 5.68 2.79 3.99 5.42 

90% 3.19 4.75 6.61 3.09 4.53 6.17 3.01 4.35 6.02 

95% CI [2.91, 2.93] [4.31, 4.35] [5.97, 6.03] [2.81, 2.84] [4.16, 4.2] [5.65, 5.7] [2.77, 2.79] [3.98, 4.01] [5.4, 5.45] 

002: LIA  

10% 2.64 4.06 5.53 2.62 3.86 5.24 2.58 3.63 4.86 

50% 2.94 4.41 6.05 2.86 4.18 5.73 2.83 4.01 5.37 

90% 3.24 4.79 6.58 3.12 4.52 6.19 3.05 4.38 5.92 

95% CI [2.93, 2.95] [4.4, 4.44] [6.03, 6.08] [2.85, 2.88] [4.17, 4.2] [5.7, 5.74] [2.81, 2.84] [3.99, 4.02] [5.36, 5.4] 

003: TLA 

10% 2.68 4.04 5.47 2.63 3.87 5.16 2.53 3.53 4.82 

50% 2.97 4.38 5.87 2.86 4.18 5.57 2.79 4.03 5.36 

90% 3.24 4.71 6.29 3.1 4.5 5.96 3.03 4.55 5.9 

95% CI [2.95, 2.97] [4.36, 4.39] [5.85, 5.89] [2.85, 2.87] [4.17, 4.2] [5.55, 5.58] [2.77, 2.8] [4.01, 4.06] [5.33, 5.39]

004: TCC  

10% 2.69 4.04 5.4 2.64 4 5.22 2.64 3.83 4.98 

50% 2.95 4.4 5.82 2.86 4.26 5.62 2.83 4.11 5.47 

90% 3.2 4.76 6.26 3.08 4.55 6.02 3 4.37 5.98 

95% CI [2.93, 2.96] [4.38, 4.42] [5.8, 5.85] [2.85, 2.87] [4.26, 4.28] [5.6, 5.64] [2.82, 2.83] [4.09, 4.12] [5.45, 5.5] 
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005: OMA  

10% 2.73 4.42 5.36 2.58 3.94 5 2.48 3.65 4.91 

50% 2.92 4.59 5.91 2.78 4.29 5.7 2.72 4.1 5.74 

90% 3.09 4.76 6.5 2.97 4.61 6.33 2.95 4.54 6.53 

95% CI [2.91, 2.92] [4.58, 4.6] [5.89, 5.94] [2.77, 2.79] [4.26, 4.3] [5.65, 5.72] [2.71, 2.73] [4.07, 4.12] [5.68, 5.76]

006: WTA  

10% 2.63 4.15 5.42 2.62 3.77 5.02 2.28 3.14 4.34 

50% 2.86 4.4 5.87 2.82 4.1 5.46 2.68 3.78 5.08 

90% 3.1 4.65 6.29 3.01 4.43 5.86 3.04 4.4 5.77 

95% CI [2.85, 2.87] [4.38, 4.41] [5.84, 5.88] [2.81, 2.83] [4.09, 4.12] [5.43, 5.47] [2.65, 2.69] [3.75, 3.81] [5.04, 5.1] 

007: NBA  

10% 2.73 3.94 5.1 2.53 3.67 4.82 2.24 3.27 4.69 

50% 2.88 4.31 5.64 2.75 4.11 5.6 2.63 4.01 5.67 

90% 3.02 4.63 6.18 2.96 4.59 6.34 3.04 4.71 6.64 

95% CI [2.87, 2.88] [4.28, 4.31] [5.62, 5.67] [2.73, 2.75] [4.1, 4.14] [5.56, 5.63] [2.62, 2.65] [3.97, 4.04] [5.62, 5.72]

008: SSA  

10% 2.49 3.67 5.11 2.51 3.66 5.09 2.37 3.22 4.69 

50% 2.74 4.1 5.69 2.76 4.06 5.54 2.7 3.95 5.6 

90% 2.99 4.5 6.26 3.01 4.5 6 3.05 4.64 6.45 

95% CI [2.73, 2.75] [4.08, 4.12] [5.67, 5.72] [2.75, 2.77] [4.05, 4.09] [5.53, 5.57] [2.69, 2.73] [3.91, 3.98] [5.54, 5.63]

009: SLA  

10% 2.48 3.67 5.05 2.39 3.1 4.57 2.31 3.28 4.22 

50% 2.69 4.08 5.78 2.66 3.84 5.44 2.63 4.01 5.38 

90% 2.9 4.47 6.56 2.96 4.51 6.35 2.97 4.72 6.58 

95% CI [2.68, 2.7] [4.05, 4.09] [5.76, 5.83] [2.65, 2.68] [3.78, 3.85] [5.41, 5.49] [2.62, 2.65] [3.97, 4.04] [5.34, 5.45]

010: TVA  
10% 2.71 4.09 5.43 2.57 3.61 5.36 2.51 3.33 4.82 

50% 2.8 4.35 5.97 2.77 4.2 6.11 2.78 4.19 6.08 
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90% 2.89 4.61 6.51 2.98 4.77 6.93 3.05 5.03 7.33 

95% CI [2.8, 2.8] [4.34, 4.36] [5.95, 6] [2.76, 2.78] [4.17, 4.22] [6.08, 6.16] [2.77, 2.79] [4.15, 4.22] [6.02, 6.14]

011: BTL  

10% 2.78 3.63 4.61 2.37 2.56 4.43 2.45 3.75 4.2 

50% 2.92 4.37 5.83 2.79 3.72 5.93 2.94 4.51 5.97 

90% 3.05 5.06 7.16 3.19 4.88 7.36 3.51 5.2 7.76 

95% CI [2.91, 2.92] [4.32, 4.39] [5.79, 5.91] [2.77, 2.81] [3.66, 3.77] [5.85, 5.99] [2.93, 2.98] [4.46, 4.53] [5.9, 6.07] 

012: MUA  

10% 2.61 4.28 6.18 2.47 3.7 5.69 2.5 3.72 5.33 

50% 3.03 4.99 7.36 2.98 4.76 7.21 3.04 4.87 7.23 

90% 3.43 5.67 8.42 3.53 5.89 8.8 3.56 5.95 9 

95% CI [3.01, 3.05] [4.95, 5.02] [7.28, 7.39] [2.96, 3.01] [4.73, 4.83] [7.16, 7.3] [3.01, 3.06] [4.8, 4.91] [7.13, 7.31]
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each temperature index at each weather station. For example, the median values of Tmean 

change at all stations are ranging from 2.66 °C (at SLA) to 2.98 °C (at MUA) for the period 

of 2020-2049; the range of these values for the period of 2040-2069 would rise up to [3.72, 

4.76] °C, while the lower bound is achieved at BTL and the upper one at MUA; to the end 

of 21st century, the change of Tmean would jump to as high as 7.21 °C at MUA, with the 

least change being 5.44 °C at SLA. 

b) Model reliability and inflation-deflation effects 

We use 
i

�  to reflect the precision of each PRECIS model run in terms of 

reproducing the current observed climate, while an inflation-deflation parameter (� ) is 

introduced to represent its performance in simulating climate under future forcing, with 

the form of 
i

�� . Figure 5.9 and Figure 5.10 present the posterior distributions for 
i

�  and 

�  in the form of box plots, with logarithmically scaled horizontal axes because of their 

high degree of skewness (Tebaldi et al., 2005). In our analysis, i�  is used as a scoring 

criterion to evaluate the overall performance of each PRECIS run in terms of simulating 

current climate forcing. It will be further treated as a weighting coefficient to reflect the 

contribution of each model run to the final combined estimate. However, 
i

�  here is a 

random variable with Gamma posterior distribution, the scoring of five PRECIS runs 

should be assessed through the relative positions of the box plots at twelve stations, rather 

than by comparing point estimates. To facilitate our analysis, we draw a vertical line at 1 

for each box plot in Figure 5.9, which is helpful to compare the overall performance of all 

model runs. Specifically, we use the location of the median line within a box plot relative 

to line 1 to represent its relative position. Evaluating the overall performance of a model 

run may suggest a complete consideration of its individual precisions in reproducing the 
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current climate conditions of twelve weather stations. For example, a model with box plots 

mostly distributed in the right side of 1 receives higher score than the one with left-

distributed box plots gains. Thus, we can rank the precisions of five PRECIS runs by 

computing the proportion of stations with box plots shifted to the right (shown in Table 

5.2). For the run driven by HadCM3Q0, the proportions for Tmax, Tmean, and Tmin are 

all as high as 100% which leads to the highest rank in its overall performance. By contrast, 

the run driven by HadCM3Q3 gains the lowest rank because all box plots are distributed 

in the left side of 1. Among the remaining three runs, the ones driven by HadCM3Q15 and 

Q13 are both well rated owing to their good performance in more than half stations 

(ranking the second and third respectively), while the one driven by HadCM3Q10 

performs relatively poor (ranking the fourth) in the majority of twelve weather stations. 

The inflation-deflation parameter ( � ) is useful to help understand if a well-

performed model run in the control simulation period would behave similarly or inversely 

in the future climate simulation. Figure 5.10 indicates that almost all of the weather stations 

report varying levels of inflation in simulating the three temperature variables, with an 

average inflation factor in the order of 10. It is very interesting to realize that station MUA 

is the only exception by oppositely expressing a deflation behavior in the periods of 2040-

2069 and 2070-2099. However, the deflation of this individual station is not likely to 

squash or offset the overall magnifying trend. The consistence of inflated performance in 

eleven twelfths of weather stations may imply that the PRECIS model would project future  
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Figure 5.9 Posterior distributions of 
i

�  at twelve stations15
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Figure 5.10 Posterior distributions of �  at twelve stations for three future periods16

15 The three plots in the first row shows the posterior distributions of 
1

�  for Tmax, Tmean, and Tmin, 

respectively, where the PRECIS is driven by the boundary conditions of HadCM3Q0. Similarly, the 

remaining four rows contain box plots for 
2

� , 
3

� , 
4

� , and 
5

�  which are driven by HadCM3Q3, Q10, Q13, 

and Q15, respectively. 

16 For reference, we draw a vertical line at 1 to assess the consistency of PRECIS model precision between 

control simulation and future simulation. 
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Table 5.2 Overall performance of five PRECIS runs17

PRECIS 

run ID 

GCM 

boundary 

condition 

Proportion of stations with right-

distributed box plots 

Rank of 

overall 

performance 
Tmax Tmean Tmin 

regaa HadCM3Q0  100% 100% 100%  1 

regab HadCM3Q3  0% 0% 0%  5 

regac HadCM3Q10  8.3% 8.3% 33.3%  4 

regad HadCM3Q13  91.7% 66.7% 50%  3 

regae HadCM3Q15  83.3% 83.3% 66.7%  2 

17 The model run with a higher rank shows better performance than the one with a lower rank. 
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climate with higher precision than it does in the current climate simulation. But this 

implication is conditional on our single-model ensemble runs driven by the boundary 

conditions from HadCM3, further exploration in terms of such inflation or deflation effects 

can be done by combining different RCMs and GCMs (Hewitt, 2004; Kendon et al., 2010; 

Mearns et al., 2012; Mearns et al., 2009). 

c) Temporal correlation 

By introducing parameter �  in the Bayesian model, we are able to investigate the 

degree of correlation of the model simulations between future climate ( iy ) and current 

climate ( ix ). Figure 5.11 shows the distributions of �  at twelve weather stations for 

three temperature variables and three future 30-yr periods, in the form of box plots. It is 

noticeable that most of the mass of the posterior densities is shifted in the right side of 0, 

with the mean of median values concentrated around 1.4. This implies a strong positive 

correlation between future climate projections and controlled climate simulation in each 

PRECIS experiment. 

d) Observational errors 

Figure 5.12 shows the posterior densities of 
0

� , which is introduced here to quantify 

the uncertainties in observational data owing to system errors or natural variability, at 

twelve stations for three temperature variables. Similarly, we apply a logarithmically 

scaled axis in the box plots to help understand how the mass of the posterior densities is 

distributed. The plots for Tmax, Tmean, and Tmin show different patterns at twelve 

stations, but there is a common left-shifting tendency from Tmax to Tmean, then to Tmin 

while we compare the mass distributions for these three variables one station by one.  
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Figure 5.11 Posterior distribution of �  at twelve stations for three future periods18

18 For reference, we draw a vertical line at 0 to help assess the significance of correlation between 
i
y  and

i
x , 

and a vertical line at the mean of twelve median values in each plot to assess the significance of the parameter 

magnitude. 
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Figure 5.12 Posterior distribution of 
0

�  at twelve stations19

19 For reference, we draw a vertical line at 1 to help assess the significance of the parameter magnitude. 
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Since 
1

0��
 is referred to as the variance of observational data, bigger 

0
�  suggests smaller 

variance and better quality of the observed data used in our analysis. Thus, these posterior 

distributions of 
0

�  may give some insights into the quality of observational data. For 

example, the observation for Tmax used in this study is more likely to be concentrated on 

the true value of current climate with smaller deviation than the observed Tmin does. 

5.4.3 Posterior Distributions of Precipitation Changes 

The aforementioned Bayesian model and MCMC simulations are further applied to 

each 25-km grid cell to develop probabilistic projections of precipitation changes over the 

entire province. The projected changes in precipitation at the twelve stations are first 

presented and analyzed in detail. Figure 5.13 shows the densities of changes in annual 

precipitation at the twelve stations for three future periods: 2030s, 2050s, and 2080s. It is 

interesting to find that each station presents a completely different distribution of annual 

precipitation changes. For example, the distributions of projected changes for 2030s and 

2050s at the station of WDA show similar patterns with their changes centering on 13% 

and spreading from 5% to 25%, but the distribution for 2080s appears in a different way 

where the median change is likely to be 2% and possible changes might be ranging 

between -10% and 15%. Such densities of changes at WDA are never presented again at 

other stations. It is also important to notice that the projected changes in precipitation are 

not necessarily increasing with time, this is totally different from the consistent increasing 

trend of projected temperature changes. For instance, the projections of annual 

precipitation for 2080s at WDA, TLA, TCC, and OMA show less changes than the 

projections for 2030s and 2050s. 



153 

Figure 5.13 Densities of projected changes in annual precipitation at the twelve stations 



154 

Figure 5.14 Densities of projected changes in winter snowfall at the twelve stations 
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Figure 5.15 Densities of projected changes in summer rainfall at the twelve stations 
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Similarly, the densities of changes in seasonal precipitation are also acquired for the 

selected stations. Here we only present the probabilities of changes in winter and summer 

precipitation as these two seasons are mainly dominated by one form of precipitation (i.e., 

snowfall for winter and rainfall for summer). Figure 5.14 and Figure 5.15 show the 

densities of changes in winter snowfall and summer rainfall at the twelve stations for three 

future periods, respectively. Similar to the densities of annual precipitation changes, each 

station demonstrates distinct probability distributions of projected changes in winter 

snowfall and summer rainfall from the others. Moreover, for a specific station, its densities 

of projected changes in winter snowfall and summer rainfall are formed in a different way. 

For example, changes in winter snowfall at the station of WDA for 2030s and 2050s are 

projected to be around 25% and spreading from 10% to 45%, but changes for 2080s are 

likely to be amplified significantly (i.e., centering on 50% and varying between 30% and 

70%); by contrast, changes in summer rainfall at WDA are projected to decrease with time. 

To help understand how the annual and seasonal precipitation at the selected stations 

are likely to change in the context of global warming, we calculate the central estimates 

(at 50% probability) of the projected changes for three future periods: 2030s, 2050s, and 

2080s. The results are presented in Table 5.3. It can be found that the majority of median 

changes are positive, indicating that the annual and seasonal precipitation are more likely 

to increase due to global warming. While the magnitude of median changes at all stations 

reports apparent inconsistence, we calculate the averaged changes of these stations (shown 

in Table 5.3) to help understand the rough trends of future precipitation in the context of 

Ontario. It is reported that an average change of 6.5% is likely to occur to the annual 

precipitation of Ontario in the next three decades and bigger changes up to 10.4% tends to 
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Table 5.3 Projected changes (%) in annual and seasonal precipitation at the twelve stations (50% probability) 

Annual Winter Spring Summer Autumn 

Station 2030s 2050s 2080s 2030s 2050s 2080s 2030s 2050s 2080s 2030s 2050s 2080s 2030s 2050s 2080s

001:WDA 14 12.6 1.7 25.2 25.9 50.4 35 47.4 -2.7 -4.2 -14.9 -36.3 8.5 3.6 11.3 

002:LIA 6.8 8.8 7.3 7.6 12.9 17.5 16.1 30 -1.2 1.3 -1 -13 -1.1 -3.1 -0.2 

003:TLA 8 15.4 6.7 13.6 23.8 28 16.8 33.2 -27.9 9.1 6.7 -5.6 -1 10.9 13.8 

004:TCC 13.1 26.2 9.7 30.2 49.6 51.5 31.5 44.7 -23.4 5.8 -3 -6.8 4 4.8 2.3 

005:OMA 16.3 29.6 8.5 22.9 34.6 33.5 22 35.3 -1.2 15 8.1 -12.4 -8.1 -2.3 -11.2 

006:WTA -12.1 -14.5 27.3 -14.9 -4.6 10.5 8.9 -7.6 36.4 -13.9 -17.7 8.7 -13.4 -1.9 7.3 

007:NBA 3.6 4.5 8.9 6.5 3.4 10.3 19.6 20.2 15.9 6 8.2 1.6 -9.2 -13.1 2.7 

008:SSA 9.1 16.1 14 9 10.4 17.2 12.9 45.9 26.6 -0.7 -4.3 -28.9 2.8 3.3 6.8 

009:SLA 3 6.6 9.4 18.3 22.1 42.2 -18.7 -4.9 28.8 3.5 0.9 -7.8 3.1 5.5 9.6 

010:TVA 6.2 6.8 11.5 12.1 16.1 27 16.2 20.5 3.6 3.6 -0.4 -4.9 4.5 6.7 10.9 

011:BTL 6.1 5.9 8.3 6.3 15.6 24 5 4.7 29 7.4 4.8 -1.9 11.5 1.7 26.7 

012:MUA 4.2 6.8 10.6 26.9 30.5 36 -3.2 9.2 18.9 2.5 1.2 2.6 3 1.9 -0.5 

Average 6.5 10.4 10.3 13.6 20.0 29.0 13.5 23.2 8.6 3.0 -1.0 -8.7 0.4 1.5 6.6 
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happen in the long-term future. As for the changes in seasonal precipitation, more 

significant changes are likely to occur in winter and spring (ranging between 8.6% and 

29.0%) than in summer and autumn (varying between -8.7% and 6.6%). 

In addition to the analyses of changes at 50% probability, we calculate the likely 

changes at both 10% and 90% probabilities such that uncertainties in the probabilistic 

projections can be further evaluated. Here we use an interval bounded by the small change 

at 10% probability and the big change at 90% probability to define the most likely range 

in which the projected changes would fall. Thus, the spread or width of the most likely 

range can be used to assess the degree of uncertainty in the projections of precipitation 

changes. The most likely ranges of annual precipitation change at the selected stations for 

three future periods are shown in Figure 5.16. Apparently, the projected changes in annual 

precipitation at WTA and WDA present higher level of uncertainty than those of other 

stations. In detail, the projected annual precipitation changes at WTA for the period of 

2030s are likely to vary between -18.6% and -5.6% with a spread of 13%; and its most 

likely range of precipitation change for 2050s would undergo a slightly left shift with a 

spread of 13.4%; but the most likely range for 2080s would move towards the right 

dramatically with a spread of 12.7%. The spreads at WDA are comparatively contracted 

(with a spread of 8.6% in 2030s, 6.8% in 2050s, and 11.5% in 2080s, respectively); but 

they are still significantly larger than the ones at other stations (with most of the spreads 

fluctuating between 1% and 5%). 

The degrees of uncertainty in the projected changes of winter snowfall and summer 

rainfall are also analyzed in a similar way. Figure 5.17 and Figure 5.18 show the most 

likely ranges of changes in winter snowfall and summer rainfall at the selected stations,  
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Figure 5.16 The most likely ranges of changes in annual precipitation at the twelve 

stations 
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Figure 5.17 The most likely ranges of changes in winter snowfall at the twelve stations 
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Figure 5.18 The most likely ranges of changes in summer rainfall at the twelve stations 
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respectively. It is interesting to notice that changes in winter snow fall demonstrate distinct 

patterns from the ones in summer rainfall in terms of their uncertainty levels. Particularly, 

with regard to the changes of winter snowfall, the stations of WTA and WDA still exhibit 

higher degrees of uncertainty (with the spreads of uncertain range varying between 15.2% 

and 28%) than the remaining stations where the spreads are mostly bounded by 1% and 

10%. However, the uncertainty levels of projected changes in summer rainfall at these two 

stations are not always significant enough to be distinguished from other stations. The 

spreads for summer rainfall changes at the selected stations are largely fluctuating between 

1% and 10%. 

5.4.4 Probabilistic Projections of Climatic Changes over Ontario 

The purpose of this section is to display a number of maps to help understand the 

geographical patterns of temperature and precipitation changes across the Province of 

Ontario at different probability levels. We calculate the plausible in temperature and 

precipitation at nine probability levels (i.e., 10%, 20%, …, 90%) offline, the results can be 

downloaded from http://env.uregina.ca/moe/pdownload/. We here show the projected 

changes at 10%, 50%, and 90% probability levels. The maps are at 25 km resolution 

covering the landmass and all water areas over Ontario. 

a) Temperature changes 

Figure 5.19 shows the projected changes of Tmax at different probability levels. The 

central estimates of change are projected to increase significantly with time periods, so are 

the changes at 10% and 90% probability levels. Specifically, in the period of 2020-2049, 

the central estimates of change are projected to be generally between 2 to 3 °C across most 
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of the province, with slightly larger changes in the north east next to the James Bay. The 

changes of Tmax at 50% probability level in 2040-2069 would go up to [4, 5] °C in most 

of the domain. Furthermore, the projected central estimates of change in 2070-2099 would 

be as high as [6, 8] °C in the north east, with slightly smaller changes between 5 to 6 °C 

in the south east and the west of Ontario. It seems that the projected changes are very 

unlikely to be less than 2 °C (in 2020-2049) and very unlikely to be greater than 10 °C (in 

2070-2099). 

The changes of Tmin, as shown in Figure 5.20, reveal the similar patterns as that of 

Tmax do, but with relatively smaller magnitudes compared to the changes of Tmax. The 

central estimates of changes in mean daily minimum temperature are projected to be [2, 

3] °C in 2020-2049, [4, 5] °C in 2040-2069, and [6, 7] °C in the north east and [5, 6] °C 

in the south east and the west, respectively. The changes in Tmin are very unlikely to be 

less than 1 °C (in 2020-2049) and very unlikely to be greater than 10 °C (in 2070-2099). 

Figure 5.21 shows that, as Tmax and Tmin, there is a temporally gradient increase 

in terms of changing magnitudes of daily mean temperature from 2020-2049 to 2070-2099. 

In addition, each map shows a gradient decreasing pattern for Tmean changes from the 

north east, where the central estimates of changes in Tmean can be as high as 8 °C in 2070-

2099, to the south west, where the projected changes in the same period at 50% probability 

level can be 6 °C or less. Such a spatially-distributed pattern may be somewhat related to 

the large water bodies (i.e., Hudson Bay and James Bay) which are surrounding most parts 

of northern Ontario. 
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Figure 5.19 Tmax changes at 10%, 50%, and 90% probability levels 



165 

Figure 5.20 Tmin changes at 10%, 50%, and 90% probability levels 
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Figure 5.21 Tmean changes at 10%, 50%, and 90% probability levels 
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b) Precipitation changes 

To help understand how the annual and seasonal precipitation over the entire 

province of Ontario would change in the context of global warming, we develop high-

resolution maps of precipitation changes by synthesizing the probabilistic projections at 

all 25-km grid cells. The maps of annual precipitation changes for three time periods at 

typical probabilities are shown in Figure 5.22. We also carry out statistics on the frequency 

of occurrence of the projected changes at each probability level among all grid cells to 

help analyze the possible outcomes of changes in precipitation. The frequencies of 

occurrence of changes in annual precipitation at different probabilities are shown in Figure 

12. The maps in Figure 5.22 demonstrate that changes in annual precipitation over Ontario 

exhibit a certain degree of spatial variability, but they are largely bounded by 0% and 20% 

according to the statistics as illustrated in Figure 5.23. This may imply that the total 

precipitation over Ontario is more likely to increase in the context of global warming. 

Besides, a slight increasing trend in the magnitude of annual precipitation changes from 

2030s to 2080s is reported. For example, the median changes in 2030s are mostly 

distributed within three intervals: [0, 5]% (accounting for 18% of all grid cells), [5, 10]% 

(for 56%), and [10, 15]% (for 15%). As for 2050s, the percentages of the grid cells with 

their median changes falling in either [0, 5]% or [5, 10]% are slightly decreased but the 

number of grid cells with changes in [10, 15]% is apparently expanded. Such a similar but 

more significant right shift in the changes of annual precipitation is projected to continue 

in 2080s when the proportion of grid cells with their changes in [10, 15]% would jump to 

as high as 40%, but the percentages for other two intervals (i.e., [0, 5]% and [5, 10]%) are 
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Figure 5.22 High-resolution maps of changes in annual precipitation over Ontario 
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Figure 5.23 Frequency of occurrence for the projected changes in annual precipitation20

20 The percentage of each segment (with a length of 5%) of the projected changes is computed, but only 

those percentages greater than or equal to 5% is labeled. 
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likely to decrease to 10% and 33%. Similar increasing trends are also projected for the 

changes in annual precipitation at 10% and 90% probability levels. 

Figure 5.24 presents the high-resolution maps of median changes in seasonal 

precipitation for future periods while the statistics on the corresponding frequency of 

occurrence are illustrated in Figure 5.25. Apparently, the spatial variability of seasonal 

precipitation changes is more significant than that of annual precipitation changes. This is 

especially true for the changes in spring precipitation. For example, spring precipitation 

over the Lake Huron in 2050s is likely to increase significantly by 45-55% while some 

areas in north (close to the Hudson Bay and James Bay) may suffer an abrupt decrease by 

35-45%. Such obvious spatial variability in the changes of spring precipitation may be the 

primary cause leading to its widely-spread distributions (largely varying between -40% 

and 50%). As displayed in Figure 5.25, it looks like that the projected changes in seasonal 

precipitation follow Gaussian distributions. Thus, we may use the most frequently 

occurred interval to represent a range by which the average precipitation change would be 

included. For example, with regard to the changes in winter precipitation in 2030s, the 

interval bounded by 5% and 10% exhibits the highest frequency of occurrence (accounting 

for 26% of the total grid cells); we therefore claim that the average change in winter 

precipitation over Ontario in 2030s would vary between 5% and 10%. Furthermore, we 

notice that there is a slightly right shift in the average changes of winter precipitation from 

[5, 10]% in 2030s to [15, 20]% in 2050s, and then to [25, 30]% in 2080s, implying that 

winter precipitation over Ontario tends to increase continually with time. Similar 

increasing trends are also reported for spring and autumn precipitation. In particular, 

spring precipitation over Ontario is likely to increase by [10, 15]% in 2030s and 2050s, 
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and by [15, 20]% in 2080s; while autumn precipitation would increase by [5 ,10]% in 

2030s and 2050s, and by [10, 15]% in 2080s. In comparison, summer precipitation over 

Ontario tends to increase slightly in the next three decades by ~5%; but afterwards, it is 

more likely to suffer a decrease by 5% or even higher to the end of this century. 

Finally, the degrees of uncertainty of the projected precipitation changes are further 

investigated at grid point scale. Following the aforementioned analyses at the selected 

stations, we calculate the difference between the big change at 90% probability and the 

small change at 10% probability and regard it as a measure of the degree of uncertainty. 

Figure 5.26 shows the high-resolution maps of degrees of uncertainty for the projected 

changes in annual and seasonal precipitation for three future periods. It can be found that 

degrees of uncertainty in annual precipitation changes are mostly varying between 0% and 

5%. However, higher degrees of uncertainty are reported in the projected changes of 

seasonal precipitation. In detail, the projected changes in spring precipitation over north 

Ontario demonstrates very high degrees of uncertainty, especially for some areas near to 

the Province of Manitoba or to the Hudson Bay and James Bay where their degrees of 

uncertainty can be as high as 90%; but for south Ontario, the degrees of uncertainty of 

spring precipitation changes are largely bounded by 5% and 10%. With regard to the 

projected changes in winter, summer, and autumn precipitation, their degrees of 

uncertainty are more likely to fluctuate between 0% and 10%. 
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Figure 5.24 High-resolution maps of median changes in seasonal precipitation over 

Ontario 
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Figure 5.25 Frequency of occurrence for the median changes in seasonal precipitation21

21 The percentage of each segment (with a length of 5%) of the projected changes is computed, but only the 

highest percentage is labeled in each histogram. 
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Figure 5.26 High-resolution maps of degrees of uncertainty for the projected changes in 

annual and seasonal precipitation over Ontario  
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5.5 SUMMARY 

In this study, we developed a high-resolution RCM ensemble for the Province of 

Ontario, Canada, by using a subset of 17-member PPE ensemble from HadCM3 as 

boundary conditions to drive the PRECIS regional modeling system from 1950 to 2099. 

An advancement to the method proposed by Tebaldi et al. (2005) was presented to 

facilitate the calculation of the probabilities of temperature changes at grid point scale. 

The advanced method treated the unknown quantities of interest, such as observational 

errors, model reliability and temporal correlation, and true climate signals, as random 

variables with uninformative prior distributions. A Bayesian hierarchical model was 

employed to quantify the uncertainties of these quantities in a statistical framework based 

upon a limited number of explicit assumptions. By feeding the observations for current 

climate and simulations from the RCM ensemble into the Bayesian model, we obtained 

posterior distributions of all the uncertain quantities of interest through MCMC 

simulations. Following that, we computed the probabilities of changes in temperature and 

precipitation at ~1800 25-km grids for three 30-yr periods: 2020-2049, 2040-2069, and 

2070-2099. Posterior distributions for all uncertain parameters at twelve selected weather 

stations were derived and analyzed in detail to investigate the practical significance of the 

proposed statistical model. We then presented maps of projected temperature and 

precipitation changes at different probability levels to help understand their spatial patterns 

across the entire province.  

The results show that there is likely to be a significant warming trend throughout the 

21st century over Ontario. The central estimate of change in mean temperature in 2020-

2049 would be 2 to 4 °C, but this value is likely to increase dramatically with time periods 
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(3 to 5 °C in 2040-2069, and 5 to 8 °C in 2070-2099). The maps for Tmax and Tmin reveal 

the similar temporally increasing trends in terms of the magnitude of change from 2020-

2049 to 2070-2099. In addition, there is obviously a spatially gradient decrease in the 

significance of changes for three temperature variables from the north east (with higher 

changes) to the south west (with lower ones). The probabilistic projections suggest that 

people in Ontario are very unlikely to suffer a change less than 2 °C to mean temperature 

in the forthcoming decades and very unlikely to suffer a change greater than 10 °C to the 

end of this century. 

It is reported that the projected changes in annual precipitation exhibit a certain 

degree of spatial variability with the median changes mostly bounded by 0% and 20%. 

This may imply that the annual precipitation over Ontario is more likely to increase in the 

context of global warming. Specifically, the mean changes in annual precipitation for 

2030s and 2050s would be ~7.5%, while the annual precipitation for 2080s is likely to 

increase by an average of ~12.5%. By contrast, the spatial variability of seasonal 

precipitation changes is more significant, especially for the changes in spring precipitation. 

For example, spring precipitation over the Lake Huron in 2050s is likely to increase 

significantly by 45-55% while some areas in north (close to the Hudson Bay and James 

Bay) may suffer an abrupt decrease by 35-45% for the same period. The analyses of 

average changes in seasonal precipitation suggest that there would be a continuous 

increasing trend in winter, spring, and autumn precipitation from 2030s to 2080s, but 

summer precipitation is likely to decrease slightly. Particularly, summer precipitation over 

Ontario tends to increase slightly in the next three decades by ~5%; afterwards, it is more 

likely to suffer a decrease by 5% or even higher to the end of this century. 
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The Bayesian hierarchical model presented here is not restricted to the high-

resolution PRECIS ensemble developed for the Province of Ontario. It can be applied 

directly to other GCM or RCM ensembles to construct more reliable projections for future 

climate change by quantifying related uncertainties in a statistical framework, thus to 

provide useful information for assessing the risks and costs associated with climatic 

changes at global and regional scales. 
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CHAPTER 6 

HIGH-RESOLUTION PROBABILISTIC PROJECTIONS OF 

FUTURE CLIMATE  

6.1 BACKGROUND 

Global warming induced by the increasing concentration of greenhouse gases 

(GHGs) in the atmosphere is driving many significant and harmful changes to our climate, 

health, and surrounding environment in various forms (IPCC, 2014; Rosenzweig, 2007; 

Yohe et al., 2007), such as frequent and intense heat waves (Beniston, 2004; Fouillet et al., 

2006), heavy precipitation and flooding (Christensen and Christensen, 2003; Leung and 

Qian, 2009), severe and widespread droughts (Hanson and Weltzin, 2000; Nicholls, 2004), 

accelerating sea level rise (Church and White, 2006; Rignot et al., 2011), as well as 

growing risks to public health, biodiversity, food supplies (Botkin et al., 2007; Diaz, 2006; 

Game et al., 2011; La Sorte and Jetz, 2010; Lobell et al., 2011; Martens, 2002; 

Schmidhuber and Tubiello, 2007). Global warming usually has serious worldwide 

implications, however, the climate change impacts associated with global warming on 

different nations or communities may vary considerably by region in terms of the type and 

magnitude of local effects. Planning of mitigation and adaptation strategies to climate 

change therefore requires a nationwide or regionalized planning and decision making 

behavior, though the international consensus and collaboration are fundamental and 

indispensable towards combating the changing climate (Adger et al., 2009; Neil Adger et 

al., 2005).  



179 

Assessing the potential impacts of climate change at regional scales can provide a 

scientific basis for decision making on mitigation and adaptation policies, thus is of great 

interest to local decision makers, stakeholders, as well as development practitioners. A 

thorough assessment of the local climate change effects is based upon a good 

understanding of what kind of a climate is expected in future, which in turn leads to the 

development of the projections of future climate at regional scales. With the advancement 

of numerical modeling and simulation, global climate models (GCMs) has been widely 

used to project future climate under different emission scenarios (Nakićenović, 2000; Van 

Vuuren et al., 2011). Because the spatial resolution of GCM outputs is typically too coarse 

for regional impact studies, further downscaling is required for deriving regional climate 

details from the coarse-resolution outputs (Giorgi et al., 1993a; Giorgi et al., 1993b; 

Maurer et al., 2007). Downscaling techniques are usually classified into two categories: 1) 

dynamical downscaling through nesting fine-resolution regional climate models (RCMs) 

into GCMs, and 2) statistical downscaling involving the development of quantitative 

relationships between large-scale atmospheric variables and local weather variables such 

as temperature and precipitation (Hewitson and Crane, 1996; Wilby and Wigley, 1997). 

Statistical downscaling approaches are usually referred to as black-box models and widely 

used in the climate research communities because of their easier implementation and lower 

computational requirements in comparison with dynamical ones (Christensen et al., 2007; 

Feddersen and Andersen, 2005; Ghosh and Mujumdar, 2008; Khan et al., 2006; Maurer 

and Hidalgo, 2008; Wilby et al., 2004). Nevertheless, statistical downscaling methods 

have many limitations and are subject to a number of widely-known assumptions on the 

underlying probabilistic model, parameter stability, as well as temporal dependence which 
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are not always satisfied (Estrada et al., 2013). By contrast, RCMs are developed using the 

same laws of physics as described in GCMs to account for the sub-GCM grid scale 

processes with more regional details (such as mountain ranges, coastal zones, inland 

waters, and details of soil properties) in a physically-based way (Feser et al., 2011). By 

nesting RCMs into GCMs, dynamical downscaling can be used to develop the improved 

simulation of the local climate system with provision of a large number of climate 

variables at fine spatial scales, and is thus increasingly attracting the attention of climate 

impact researchers in recent years (Caldwell et al., 2009; Castro et al., 2005; Chan et al., 

2014; Fujihara et al., 2008; Gao et al., 2013; Gao and Giorgi, 2008; Kanamitsu et al., 2010; 

Nobre et al., 2001; Rockel et al., 2008; Salathé et al., 2014). 

In the past few decades, extraordinary changes have taken place to the climatology 

over the Province of Ontario where people are seeing more frequent and intense weather 

anomalies including heat waves, floods, droughts, and wind gust, as well as shorter 

duration of ice cover on and fluctuating water levels in the Great Lakes, leading to a large 

number of weather-related catastrophes accompanied by massive losses of life and 

tremendous socio-economic damages (MoE, 2011a). In response to these changes, the 

Government of Ontario has been taking prudent steps to protect its public health, economy, 

and communities from the harmful effects of climate change (MoE, 2011b). The 

realization of such an adaptation initiative mainly depends upon how well we know and 

how confident we are about the potential impacts of a changing climate in the context of 

Ontario. Therefore, as an extension of the previous work of Wang et al. (2014a), we will 

investigate in this study how the near-surface air temperature (at 1.5m above sea level) 

and precipitation over Ontario would be influenced by the global warming through a 
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regional modeling approach. Specifically, we adopt the PRECIS modeling system which 

is driven by the boundary conditions of a perturbed-physics ensemble of HadCM3 to carry 

out ensemble simulations to the regional climate of Ontario. The proposed Bayesian 

hierarchical model is then employed to help develop the probabilistic projections of future 

near-surface air temperature (including mean, maximum, and minimum daily temperature) 

and precipitation. Following that, the most likely estimates and uncertain ranges of future 

temperature and precipitation outcomes at 17 major cities are first calculated and analyzed 

in detail, and then the similar analyses are extended to all PRECIS grid cells over the entire 

province with the purpose of providing decision makers or policy makers with helpful 

information for assessing the potential effects of climate change in the context of Ontario. 

6.2 DATA AND METHOD 

6.2.1 Observations of Current Climate 

The observed data for maximum and minimum daily temperature (hereinafter 

referred to as Tmax and Tmin) and precipitation is obtained from the 10-km gridded 

climate dataset provided by the National Land and Water Information Service (NLWIS), 

Agriculture and Agri-Food, Canada. The NLWIS dataset is interpolated from daily 

Environment Canada climate station observations through a thin plate smoothing spline 

surface fitting method as implemented by ANUSPLIN V4.3 (NLWIS, 2007). Mean daily 

temperature (or Tmean) on each 10-km grid is estimated by the average of Tmax and Tmin. 

Observations from the NLWIS dataset are available for the period of 1961-2003, here we 

extract the data for 1961-1990 (hereinafter referred to as baseline period) to represent the 

observations of current climate in the context of Ontario. The NLWIS dataset is further 
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regridded to the 25-km grids specified by the PRECIS model such that the undermentioned 

validation and probabilistic analysis can be conducted at the same spatial resolution.  

6.2.2 Model Description and Experimental Design 

In this study, we use the PRECIS regional climate modeling system developed at the 

UK Met Office Hadley Centre to perform high-resolution climate simulations for the 

Province of Ontario. The PRECIS is a flexible, easy-to-use and computationally 

inexpensive RCM designed to provide detailed climate scenarios. It can be applied easily 

to any area of the globe to generate detailed climate change projections, with the provision 

of a simple user interface as well as a visualization and data-processing package. The 

PRECIS is able to run at two different horizontal resolutions: 0.44° (approximately 50 km) 

and 0.22° (approximately 25 km), with 19 vertical levels using a hybrid coordinate system 

(Wilson et al., 2011). The PRECIS is a comprehensive physical model with consideration 

of both the atmosphere and land surface components of the climate system, and thus is 

capable of representing the important physical processes within the climate system, such 

as dynamical flow, atmospheric sulphur cycle, clouds and precipitation, radiative 

processes, and the interactions between land surface and deep soil (Jones et al., 2004).  

The PRECIS model requires surface boundary conditions and lateral boundary 

conditions at its edges, but there is no prescribed constant at the upper boundary of the 

model (except for the input of solar radiation). Surface boundary conditions are only 

required over ocean and inland water where the model needs time series of surface 

temperatures and ice extents. Lateral boundary conditions provide the necessary 

dynamical atmospheric information at the latitudinal and longitudinal edges of the model 
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domain (e.g., surface pressure, winds, temperature, humidity, as well as the necessary 

chemical species when the sulphur cycle is being modeled). Lateral boundary conditions 

are updated every six hours in the PRECIS model while surface boundary conditions are 

updated every day (Jones et al., 2004). Here we derive boundary conditions from a 

HadCM3-based perturbed physics ensemble (known as QUMP, available at: 

http://www.metoffice.gov.uk/precis/qump) under the SRES A1B emission scenario to 

drive the PRECIS simulations over Ontario. The QUMP consists of 17 members and is 

developed by the Hadley Centre to allow users to generate an ensemble of high-resolution 

regional climate projections (Collins et al., 2006). Downscaling the 17-member PPE 

ensemble with PRECIS would require very large inputs of computing resources, data 

storage, and data analyses. In order to explore the range of uncertainties while minimizing 

these requirements, we select 5 members (i.e., HadCM3Q0, Q3, Q10, Q13, and Q15) from 

the QUMP ensemble according to the Hadley Centre’s recommendation (McSweeney et 

al., 2012). HadCM3Q0 is first selected as it is the standard, unperturbed model using the 

original parameter settings as applied in the atmospheric component of HadCM3. 

Selection of the remaining four members is based on: a) their performances in simulating 

the climate of the present day, to ensure that the selected members can represent the 

climate of the region of interest realistically, and b) the range or spread of future outcomes, 

in order to ensure that the selected members can sample the full range of outcomes 

simulated by the 17-member ensemble (McSweeney and Jones, 2010). In this study, we 

carry out the PRECIS ensemble simulations for the Province of Ontario in a continuous 

run from 1950 to 2099 with a resolution of 25km. There are ~1800 25-km grid points over 
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the entire province (see Figure 6.1). Thus, the spatial variability of local climatology in the 

context of Ontario can be simulated in detail. 

6.2.3 Probabilistic Projections of Future Climate 

Forecasts of future climate change with current state-of-the-art climate models are 

often subject to many uncertainties due to our incomplete understanding of the climate 

system in terms of its complicated physical processes and natural variability (Allen et al., 

2000; Murphy et al., 2004; Stainforth et al., 2005). It is necessary to utilize results from 

ensemble modeling approaches to project future climate change because no single model 

can be powerful enough to tackle the uncertainties all at once (Greene et al., 2006; Harris 

et al., 2013; Houghton et al., 2001; Watterson and Whetton, 2011). Projections of future 

climate change are usually presented in a probabilistic way based upon a variety of 

statistical methods (Giorgi and Mearns, 2003; Giorgi and Mearns, 2002; Tebaldi et al., 

2005; Xu et al., 2010), such that more helpful information for climate change impact 

studies and decision making can be obtained reasonably given that none of the model 

projections for future climate can be validated at this stage. In the paper of Wang et al. 

(2014a), a Bayesian hierarchical model has been proposed to help develop probabilistic 

projections of future climate change based on the PRECIS ensemble simulations. Here we 

adopt the same Bayesian model to develop future climate scenarios.  

Specifically, the future temperature scenarios (denoted as futureT ) can be expressed 

as follows: 

future obs TT T� 	 3   (6.1) 
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Figure 6.1 Major cities and 25-km PRECIS grid points in Ontario, Canada 
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where 
obs
T  means the observed temperature for current climate which can be obtained 

directly from the NLWIS dataset, and 
T

3  indicates the projected change in mean 

temperature by the PRECIS ensemble simulations.  

Similarly, future precipitation scenarios (denoted as futureP ) can be calculated by: 

(1 )future obs PP P� $ 	3   (6.2) 

where 
obs
P  means the observed precipitation for current climate and 

P
3  indicates the 

projected percentage change in precipitation for future climate by the PRECIS ensemble 

simulations.  

According to Wang et al. (2014a), 
T

3  is a random variable that can be represented 

by the difference between the true value of future climate (denoted as � ) and that of 

current climate (denoted as � ), as follows: 

T
� �3 � �   (6.3) 

Similarly, 
P

3  is a random variable and it can be calculated as: 

100%P

� �
�
�

3 � $   (6.4) 

Here �  and �  are subject to a number of unknown parameters which are often treated as 

random variables with uninformative prior distributions. Posterior distributions for �  and 

�  can be derived through Bayesian inference theory. Assumptions on the non-informative 

priors of all unknown parameters and the derivation of their posteriors are detailed in the 

paper of Wang et al. (2014a). The posterior distributions for �  and �  are expressed as 

follows: 
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  (6.6) 

where n  means the total number of members in the PRECIS ensemble; 
i
x  and 

i
y

represent the simulated temperature means for current and future climate by the i th 

PRECIS run; 
0
x  indicates the biased observations of mean temperature for current climate 

with consideration of random errors (e.g., measurement and sampling) and systematic 

errors due to different measurement platforms and practices. The remaining parameters 

(i.e., 
0

� , 
i

� , � , � ) are adopted to reflect various uncertainties associated with the 

PRECIS ensemble simulations, and their definitions are detailed in the paper of Wang et 

al. (2014a). Empirical estimates of the posterior distributions for 
T

3  and 
P

3  can be 

obtained through a Gibbs-based Markov chain Monte Carlo (MCMC) implementation to 

the proposed model, thus the probabilistic projections for futureT  and futureP  can be 

generated accordingly. 

6.2.4 Interpretation of Probabilistic Projections 

Probabilistic projections assign a probability to the different possible outcomes for 

future climate, instead of giving a single answer, to help with making robust adaptation 

decisions (Murphy et al., 2009). Due to the imperfectness of climate models, we only can 

give plausible distribution for future climate outcomes. We cannot provide an absolute 
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probability to describe the occurrence of each possible outcome. Instead we talk about the 

probability of future projections being less than or greater than a certain value. Following 

the approach used in UK Climate Projections Science Report - UKCP09 (Murphy et al., 

2009), we employ the cumulative distribution function (CDF) in this study to define the 

probability of future temperature projections being less than or greater than a given amount. 

Specifically, we use a cumulative probability of 90% to describe probabilistic projections 

by saying that the projected temperature is very likely to be less than or very unlikely to 

be greater than a given value; we use a cumulative probability of 10% to indicate very 

likely to be greater than or very unlikely to be less than; and we define the value with a 

cumulative probability of 50% as the central estimate of future projections (also known as 

the median of the distribution). For convenience, we use the term of probability rather than 

cumulative probability in the rest of this chapter.  

6.3 RESULTS 

6.3.1 Ensemble Validation 

a) Temperature 

To validate the capability of PRECIS ensemble experiments in reproducing the 

temperature means of current climate in the context of Ontario, we extract the simulations 

of three temperature variables (i.e., Tmean, Tmax and Tmin) for the baseline period from 

each model run. By combining the simulations from five PRECIS runs, we obtain a range 

of projected temperature for the baseline period which are bounded by the maximum and 

minimum of the ensemble runs. Thus, we can validate the performance of PRECIS 

ensemble simulations by checking if observations of current temperature are within the 
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predicted range. We first analyze the performance in simulating the observed temperature 

means at 17 major cities (including some Indian reserves) which are spatially distributed 

across the landmass of Ontario (see Table 6.1). Then, we extend the similar analysis to 

cover all 25-km grid cells over the entire province, by generating the maps of difference 

between the ensemble simulations (including the minimum, mean, and maximum of the 

ensemble) and the observations for the three temperature variables. 

Figure 6.2 shows the validation results at the major cities for three temperature 

variables. The observed means for Tmean and Tmax at the major cities are well captured 

by the ensemble simulations, except for small warm bias (by less than 0.3 °C) for the 

observation of Tmean in the city of Marathon. By contrast, the ensemble simulations 

demonstrate poor performance in reproducing the observed means for Tmin at most of the 

major cities. In particular, only the observations for Tmin at those cities in southern 

Ontario (i.e., Toronto, Ottawa, London, Windsor, Kingston, and Owen Sound) and at the 

most north city (i.e., Fort Severn) are well covered by the ranges of the ensemble 

simulations; otherwise, the simulations for the remaining cities show slight warm bias to 

the observed Tmin by 0.2 to 1.5 °C. 

Figure 6.3 shows the maps of difference between the ensemble simulations and 

observations for all 25-km grid cells over the entire province of Ontario. For each 

temperature variable, we calculate the minimum, mean, and maximum of the PRECIS 

ensemble simulations and map their differences from the observations at grid point scales. 

The results indicate that the differences for Tmean mainly range between -3 °C (in the Min 
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Table 6.1 Major cities in the Province of Ontario 

No. City Name Longitude Latitude Populationa

1 Toronto 79°23' W 43°39' N 2,615,060

2 Ottawa 75°41' W 45°24' N 883,391

3 London 81°15' W 42°59' N 366,151

4 Windsor 83°03' W 42°18' N 210,891

5 Kingston 76°30' W 44°14' N 123,363

6 Thunder Bay 89°14' W 48°25' N 108,359

7 Sault Ste. Marie 84°20' W 46°31' N 75,141

8 Timmins 81°20' W 48°29' N 43,165

9 Owen Sound 81°00' W 44°34' N 21,688

10 Sudbury 81°00' W 46°29' N 21,196

11 Kenora 94°29' W 49°46' N 15,348

12 Marathon 86°23' W 48°43' N 3,353

13 Moose Factoryb 80°36' W 51°16' N 2,458c

14 Sandy Lakeb 93°20' W 53°04' N 1,861

15 Fort Hopeb 87°54' W 51°34' N 1,144d

16 Kitchenuhmaykoosibb 89°53' W 53°49' N 904

17 Fort Severnb 87°38' W 56°00' N 334

a Mostly obtained from the 2011 Census of Population released by Statistics Canada, 

available at: http://www12.statcan.gc.ca/census-recensement/2011/dp-pd/index-eng.cfm. 

b Indian reserve.   

c Derived from other data source: http://www.wakenagun.ca/Adobe/moosefactory.pdf. 

d Obtained from the 2006 Census of Population released by Statistics Canada, available at: 

http://www12.statcan.gc.ca/census-recensement/2006/index-eng.cfm. 
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Figure 6.2 Validation results at the major cities22

22 The observed temperature means are displayed as round points, and the range bounded by the maximum 

and minimum of the ensemble simulations is indicated by the linear bar. 
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Figure 6.3 Validation results of Tmean, Tmax, and Tmin at all 25-km grid cells over 

Ontario23

23 The Min maps (placed in the 1st column) show the difference between the minimum of the PRECIS 

ensemble simulations and the observations for each temperature variables. Similarly, the Mean and Max 

maps (placed in the 2nd and 3rd columns) show the differences of the mean and maximum of the ensemble 

from the observed values, respectively. 
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maps) and 3 °C (in the Max maps), which means that the observed Tmean at most of gird 

cells is included within the range bounded by the minimum and maximum of the ensemble 

simulations. Similarly, it can be found that the maps also demonstrate the good 

performance of the PRECIS ensemble in terms of simulating the observed Tmax, except 

for slight cold bias by -1 to -3 °C at those grid cells over the Great Lakes (i.e., Lake 

Superior, Lake Huron, Lake Erie, and Lake Ontario). As for the maps of Tmin, the 

calculated differences are mainly varying between 0 °C (in the Min map) and 6 °C (in the 

Max map), implying that the PRECIS ensemble tends to slightly overestimate the observed 

Tmin at most of the grid cells. 

b) Precipitation 

To validate the capability of the PRECIS ensemble in capturing the spatial patterns 

of precipitation over Ontario, we extract the simulated annual and seasonal precipitation 

in the baseline period from the five member runs and calculate their differences from the 

observations according to the following equation: 

100% if  

0 if  

100% if  

min obs
obs min

obs

min obs max

max obs
obs max

obs

P P
P P

P

D P P P

P P
P P

P

�� $ �
� � ��
 �
 $ �
�

  (6.7) 

where 
obs
P  indicates the observed precipitation for current climate which can be derived 

from the NLWIS dataset, 
min
P  and 

max
P  represent the minimum and maximum 

precipitation simulated by the PRECIS ensemble. Apparently, positive values of D

indicate overestimation to the observed precipitation while negative values mean 

underestimation.  
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Figure 6.4 Difference in annual precipitation 
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Figure 6.4 shows the difference map of annual precipitation. It is clear that most of 

grid cells within the domain of Ontario present little differences (ranging between -10% 

and 10%) from the observations, while the remainder are likely to manifest positive 

differences higher than 10%. The differences in annual precipitation at all grid cells also 

demonstrate a slight but still distinguishable spatial distribution along with the latitude. 

Specifically, most of grid cells in the south show negative differences within [-10, 0]% 

while the grid cells in the north are largely with positive differences varying within [0, 

20]%. This may suggest that the PRECIS ensemble is likely to slightly underestimate the 

observed annual precipitation in the south but it tends to generate more precipitation in the 

north. To further analyze the magnitude of differences in annual precipitation over all grid 

cells, we draw a frequency histogram of these differences (shown in Figure 6.5). It can be 

found that the total percent of grid cells with their differences within [-2, 2]% is higher 

than 60% (i.e., 52.9% for the interval of [-2, 0]% and 7.9% for [0, 2]%), while grid cells 

with differences within [2, 10]% account for at least another 20% of the total. This 

confirms that the PRECIS ensemble performs very well in simulating the observed annual 

precipitation over Ontario.  
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Figure 6.5 Frequency histogram of difference in annual precipitation24

24 We split the differences in precipitation into 50 intervals from -50% to 50% (each interval with a length 

of 2%). The frequency of each interval is calculated as the total number of grid cells with their differences 

falling within the interval. The corresponding percent of each interval is calculated and only those intervals 

with percent greater than 5% are labeled (above the bar). 
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Similarly, we further validate the performance of the PRECIS ensemble in 

simulating the observed seasonal precipitation over Ontario. The maps of difference in 

seasonal precipitation are shown in Figure 6.6 and the corresponding frequency histograms 

are presented Figure 6.7, respectively. It is interesting to find that the PRECIS ensemble 

is not always showing good performance in hindcasting seasonal precipitation although it 

is generally capable of capturing the observed annual precipitation over Ontario. In detail, 

the ensemble shows reasonable performance in simulating winter, summer, and autumn 

precipitation but its performance in spring precipitation is relatively poor (i.e., a great 

number of grid cells shows positive differences higher than 10%). The frequency 

histogram for spring precipitation further confirms its poor performance because the grid 

cells with differences within [-10, 10]% only accounts for ~20% of the total while the 

remaining grid cells are all showing positive differences greater than 10%. However, the 

overestimation in spring precipitation appears to be offset by slight negative biases in the 

other seasons. In other words, the overwhelming majority of grids cells are showing 

negative differences within [-2, 0]% in the other seasons (i.e., 64.9% in winter, 85.4% in 

summer, and 63.4% in autumn). The negative differences in these three seasons are likely 

to balance the positive bias in spring precipitation, and thus enabling the PRECIS 

ensemble capable of capturing the observed annual precipitation. 
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Figure 6.6 Difference in seasonal precipitation 
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Figure 6.7 Frequency histograms of difference in seasonal precipitation 
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6.3.2 Temperature Projections 

The projections for future temperature in the context of Ontario are developed by 

adding the probabilistic changes in temperature to the observed temperature for current 

climate. Here we divide the projections for this century into three 30-yr periods: 2020-

2049 (or 2030s), 2040-2069 (or 2050s), and 2070-2099 (or 2080s). The annual averages 

of three temperature variables (i.e., Tmean, Tmax, and Tmin) are calculated for each 30-

yr period to represent the plausible climatology corresponding to the period. For each 

variable, the threshold values at three probabilities (i.e., 10%, 50%, and 90%) are 

calculated to provide a better understanding of possible future outcomes of the three 

temperature variables. Specifically, we regard the threshold value at 50% probability as 

the most likely value of the future outcome; the interval bounded by the threshold values 

at 10% and 90% probabilities is used to represent the mostly likely range within which the 

future outcome will fall. We first analyze the projections of three temperature variables at 

the major cities, and then present the maps of projected future temperature covering all 

25-km grid cells over the Province of Ontario.  

The projected Tmean, Tmax, and Tmin for the major cities at 50% probability are 

presented in Table 6.2. There is a consistent increasing trend in all three temperature 

variables throughout the 17 major cities. For example, the average daily mean temperature 

(i.e., Tmean) in the City of Toronto is most likely to be 10.9 °C in 2030s and 12.3 °C in 

2050s, and it is likely to jump to as high as 13.7 °C to the end of this century (i.e., in 2080s); 

by contrast, the average Tmean in the most north city (i.e., Fort Severn) is projected to be 

less than 0 °C (most likely to be -1.6 °C) in 2030s, while the value for 2050s is projected 
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Table 6.2 Projected Tmean, Tmax, and Tmin for the major cities at 50% probability 

Tmean (°C, 50%) Tmax (°C, 50%) Tmin (°C, 50%) 

No. City Name 
2030s 2050s 2080s 2030s 2050s 2080s 2030s 2050s 2080s 

1 Toronto 10.9 12.3 13.7 15.3 16.8 18.2 6.6 7.9 9.2 

2 Ottawa 8.4 9.9 11.4 13.8 15.4 16.8 3.2 4.6 6.2 

3 London 10.2 11.6 13.1 15.1 16.6 18.2 5.4 6.6 8.0 

4 Windsor 12.1 13.5 15.0 16.6 18.0 19.6 7.6 8.9 10.3 

5 Kingston 9.8 11.3 12.6 14.3 15.9 17.2 5.3 6.7 8.2 

6 Thunder Bay 4.7 5.9 7.6 10.5 11.9 13.7 -0.9 0.5 1.9 

7 Sault Ste. Marie 6.2 7.4 9.1 11.6 13.0 14.5 0.9 1.9 3.9 

8 Timmins 4.1 5.7 7.4 10.4 11.9 13.6 -2.1 -0.6 1.3 

9 Owen Sound 9.0 10.3 11.7 13.7 15.2 16.8 4.3 5.4 6.6 

10 Sudbury 6.5 7.9 9.3 12.1 13.5 15.0 0.9 2.3 4.0 

11 Kenora 4.8 6.2 7.8 10.5 11.8 13.7 -0.8 0.6 2.0 

12 Marathon 3.8 5.0 7.1 9.1 10.5 12.1 -1.0 0.3 2.4 

13 Moose Factory 2.0 3.8 6.1 8.0 9.8 12.1 -4.0 -2.2 0.0 

14 Sandy Lake 1.6 3.1 4.6 7.0 8.5 10.1 -3.7 -2.3 -1.0 

15 Fort Hope 1.6 2.8 4.6 7.6 9.0 10.6 -4.3 -2.8 -0.8 

16 Kitchenuhmaykoosib 0.0 1.5 3.0 5.3 6.8 8.3 -5.7 -3.7 -1.8 

17 Fort Severn -1.6 0.4 3.0 3.2 5.2 7.7 -6.5 -4.8 -2.4 
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to exceed 0 °C (most likely to be 0.4 °C) and the mean temperature to the end of this 

century would be as high as 3.0 °C. The similar increasing trends for Tmax and Tmin are 

also reported by the PRECIS ensemble simulations.  

Figure 6.8, Figure 6.9, and Figure 6.10 show the most likely ranges (expressed as 

10%-90% probability range) of the possible future outcomes of Tmean, Tmax, and Tmin 

at all major cities. It is reported that the spread of the ranges at all major cities for all three 

temperature variables shows a consistent widening trend with time periods. For example, 

the most likely range of the Tmean in the City of Ottawa would be [8.3, 8.6] °C (with a 

spread of 0.3 °C) in 2030s, while the projected ranges in 2050s and 2080s would expand 

to [9.6, 10.3] °C (with a spread of 0.7 °C) and [10.7, 12.1] °C (with a spread of 1.4 °C), 

respectively; by comparison, the width of the projected ranges of Tmean in Fort Severn is 

likely to increase significantly from 0.8 °C in 2030s, to 1.4 °C in 2050s, and to as wide as 

3.5 °C to the end of this century. Similar expanding patterns in terms of the spread of the 

most likely ranges of Tmax and Tmin are also revealed at all major cities. Such a consistent 

expanding trend in the width of the most likely ranges of future temperature outcomes 

from 2030s to 2080s suggests that the long-term climate change is more difficult to 

forecast than the near-term change, as many more uncertain or unknown factors affecting 

the long-term climate change might emerge as time goes and thus challenge our current 

understanding of the climate system as well as the complexity of climate change 

mechanisms (Claussen et al., 2002; Held, 2005).  
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Figure 6.8 Projected ranges of Tmean at the major cities 



204 

Figure 6.9 Projected ranges of Tmax at the major cities 
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Figure 6.10 Projected ranges of Tmin at the major cities 
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Figure 6.11 presents the maps of projected Tmean, Tmax, and Tmin for three periods 

(i.e., 2030s, 2050s, and 2080s) at 50% probability for all 25-km grid cells over the Province 

of Ontario. The results suggest that the most likely mean temperature in 2030s would be 

[-2, 2] °C in northern Ontario, [2, 6] °C in the middle, and [6, 12] °C in the south. The 

mean temperature in 2050s is projected to increase by 2 °C throughout the province and 

would be [0, 4] °C in the north, [4, 8] °C in the middle, and [8, 14] °C in the south, 

respectively. Likewise, the projected mean temperature in 2080s is likely to keep rising 

following the similar pattern. Such a consistent warming trend throughout the province 

would drive the lowest mean temperature up to 2 °C in the north and the highest mean 

temperature up to 16 °C in the south. Similar increasing patterns in the context of Ontario 

are also projected for the other two variables (i.e., Tmax and Tmin). The projected highest 

Tmax in the south is likely to jump to as high as 20 °C in 2080s, while the lowest Tmin in 

the north is projected to be above -4 °C to the end of this century. 

To future investigate the uncertainties involved in the probabilistic projections for 

future temperature obtained from the PRECIS ensemble simulations, we define the degree 

of uncertainty which is expressed as the width or spread of most likely range (i.e., 10%-

90% probability range) because the wider the range is, the more uncertain or the less 

reliable the projection is. Figure 6.12 shows the maps of degree of uncertainty for future 

projections of Tmean, Tmax, and Tmin in the periods of 2030s, 2050s, and 2080s. It can 

be found that there is an overall increasing trend in the degree of uncertainty for three 

temperature variables with time periods, which further confirms our findings based on the 

projections for the major cities – the long-term climate change tends to be more difficult 

to predict than the short-term does due to many emerging or unknown factors in the long- 



207 

Figure 6.11 Future temperature projections over Ontario at 50% probability 
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Figure 6.12 Maps of degree of uncertainty for future temperature projections 
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term climate simulation. The maps show that projections of Tmax demonstrate the least 

degree of uncertainty, while Tmean reveals moderate degree of uncertainty and Tmin 

comes with the highest degree of uncertainty. Moreover, the maps report an apparent 

decreasing trend in the degree of uncertainty for three temperature variables along with 

the latitude, especially for the projections in 2080s. In other words, the projections for 

northern areas display higher degree of uncertainty than those for southern areas do. For 

example, the projections of Tmean in 2080s show less degree of uncertainty (ranging 

between 0 and 1 °C) in the south while degree of uncertainty can be as high as [2.5, 3.5] °C 

in the north, implying that the projections of Tmean in the south seems to be more reliable 

than those in the north. Similar findings on the spatial pattern of degree of uncertainty are 

also reported for Tmax and Tmin.  

6.3.3 Precipitation Projections 

Probabilistic projections of precipitation at all grid cells over Ontario in the 21st 

century are divided into three 30-year periods: 2020-2049 (or 2030s), 2040-2069 (or 

2050s), and 2070-2099 (or 2080s), to help understand the near- and long-term outcomes 

of precipitation in the context of Ontario due to global warming. Here we first analyze 

future precipitation projections for 17 major cities which are geographically distributed 

across the landmass of Ontario (see Figure 6.1). Figure 6.13 shows the probability 

distributions of annual precipitation at these major cities in 2030s, 2050s, and 2080s. Each 

city tells a totally different pattern from others in terms of the mean and variation of the 

probability distributions from 2030s to 2080s. For example, the mean of probability 

distribution for annual precipitation in Toronto is likely to increase from ~890mm in 2030s 
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to ~990mm in 2050s, and then would decrease significantly from 2050s to 2080s (as low 

as ~860mm); meanwhile, its variation would be notably shrunk in 2050s but no apparent 

change is projected for 2080s in comparison to 2030s. Similar patterns in the mean of the 

distribution (i.e., increasing in 2050s and decreasing in 2080s) are also reported in Ottawa, 

Kingston, and Sandy Lake, but these cities are not likely to suffer obvious changes in the 

variation of the distribution. Nonetheless, it is difficult to identify a generalized pattern to 

summary the probability distributions at all cities.  

Instead of comparing the probability distributions in annual precipitation among 

three future periods (i.e., 2030s, 2050s, and 2080s), we calculate the central estimate of 

each distribution for all future periods and compare it to the observed annual precipitation 

in the baseline period. This is to help understand the most likely outcomes of annual 

precipitation in each future period and the corresponding changes relative to the baseline 

period. Figure 6.14 shows the likely trends in annual precipitation at major cities from 

2030s to 2080s relative to the baseline period. Although there is unlikely to be a continuous 

increase in annual precipitation from 2030s to 2080s, we find that the vast majority of 

cities are likely to suffer positive changes in annual precipitation in three future periods in 

comparison to the baseline observations. For example, annual precipitation in Ottawa is 

projected to be 1017mm in 2030s and would rise up to 1084mm in 2050s, while in 2080s 

it is likely to drop below the level in 2030s but it is still greater than the observed 

precipitation in the baseline period by 8%. Negative changes in precipitation are projected 

in the cities of Owen Sound and Sudbury for 2030s and 2050s only, but their annual 

precipitation is likely to increase significantly in 2080s (by 38% in Owen Sound and 12% 
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Figure 6.13 Probability distributions of annual precipitation at major cities 
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Figure 6.14 Trends in annual precipitation at major cities25

25 Note that the values for three future periods (i.e., 2030s, 2050s, and 2080s) are the central estimates (i.e., 

at 50% probability) of their probabilistic projections. The values in parentheses indicate percentage changes 
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in Sudbury). This may suggest that the whole province of Ontario is likely to gain more 

annual precipitation throughout the 21st century in response to global warming. 

Probability distributions of seasonal precipitation at major cities for three future 

periods are also developed to help understand the temporal patterns in their means and 

variations (shown in Figure 6.15, Figure 6.16, Figure 6.17, and Figure 6.18). Similar to 

the variability in annual precipitation distribution, each city presents distinct patterns from 

others in terms of the mean and variation of seasonal precipitation distribution. 

Furthermore, the distribution pattern in each season for one city is obviously different from 

its patterns in other seasons. For example, the distribution of winter precipitation in 

Toronto is likely to suffer a noteworthy jump in its mean from 2030s to 2050s but only a 

slight increase is projected from 2050s to 2080s; meanwhile, its variation is likely to be 

slightly enlarged from 2030s to 2080s. By contrast, the distribution of summer 

precipitation in Toronto is projected to suffer a completely reversed pattern in its mean 

(i.e., a continuous decrease is reported from 2030s to 2080s); in the meantime, its spread 

is likely to be slightly shrunk from 2030s to 2050s but would be considerably widened 

afterwards. 

To further analyze the plausible outcomes of seasonal precipitation at major cities, 

we calculate the central estimates in 2030s, 2050s, and 20080s from their seasonal 

precipitation distributions and compare them with the observations in the baseline period. 

The results are shown in Table 6.3. We also calculate the percentage changes in the central 

estimates of seasonal and annual precipitation at major cities in 2030s, 2050s, and 2080s  

in precipitation for three future periods relative to the baseline period. The sign of “+” means increase and 

“-” indicates decrease in annual precipitation, respectively. 
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Figure 6.15 Probability distribution of winter precipitation in 2030s, 2050s, and 2080s 
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Figure 6.16 Probability distribution of spring precipitation in 2030s, 2050s, and 2080s 
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Figure 6.17 Probability distribution of summer precipitation in 2030s, 2050s, and 2080s 
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Figure 6.18 Probability distribution of autumn precipitation in 2030s, 2050s, and 2080s 
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Table 6.3 Comparison between the central estimates of seasonal precipitation at major cities in 2030s, 2050s, and 2080s and the 

observations in the baseline period 

Winter Spring Summer Autumn 

No. City Name Baseline 2030s 2050s 2080s Baseline 2030s 2050s 2080s Baseline 2030s 2050s 2080s Baseline 2030s 2050s 2080s 

1 Toronto 173 225 259 262 192 252 278 147 211 224 205 197 210 219 220 215 

2 Ottawa 206 235 242 268 205 243 264 206 245 276 262 222 246 233 241 232 

3 London 224 241 253 264 223 258 289 220 236 239 234 205 252 250 244 252 

4 Windsor 178 223 225 268 214 289 316 209 237 227 202 151 204 222 212 228 

5 Kingston 229 237 245 260 215 257 265 238 200 233 221 185 258 265 272 275 

6 Thunder Bay 122 93 130 106 153 165 186 180 246 273 274 251 195 183 198 243 

7 Sault Ste. Marie 229 244 249 234 195 210 262 251 234 227 229 197 277 273 280 293 

8 Timmins 164 183 190 208 171 198 206 177 267 276 266 254 231 241 246 256 

9 Owen Sound 283 248 269 380 193 209 158 238 226 203 203 257 278 203 330 334 

10 Sudbury 181 196 185 188 182 183 203 207 213 209 199 192 243 204 197 270 

11 Kenora 80 81 94 94 116 73 128 103 248 264 245 216 144 130 126 165 

12 Marathon 165 174 162 178 158 160 167 174 239 255 233 208 236 252 232 266 

13 Moose Factory 113 153 154 159 124 118 125 143 246 272 259 282 216 216 230 231 

14 Sandy Lake 84 105 106 126 95 106 94 128 208 223 201 189 151 148 157 154 

15 Fort Hope 104 112 120 133 123 109 128 126 244 247 226 193 193 201 198 206 

16 Kitchenuhmaykoosib 88 93 101 109 101 106 105 130 232 249 243 227 174 194 177 221 

17 Fort Severn 68 94 100 111 73 77 74 77 174 182 185 174 141 160 152 166 
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Table 6.4 Changes in the central estimates of seasonal and annual precipitation at major cities in 2030s, 2050s, and 2080s (relative to 

the baseline period) 

Winter Spring Summer Autumn Annual 

No. City Name 2030s 2050s 2080s 2030s 2050s 2080s 2030s 2050s 2080s 2030s 2050s 2080s 2030s 2050s 2080s 

1 Toronto 30.2% 49.6% 51.5% 31.5% 44.7% -23.4% 5.8% -3.0% -6.8% 4.0% 4.8% 2.3% 13.1% 26.2% 9.7% 

2 Ottawa 13.8% 17.4% 30.0% 18.4% 28.9% 0.6% 12.6% 6.8% -9.5% -5.2% -1.8% -5.7% 12.8% 20.2% 8.3% 

3 London 7.6% 12.9% 17.5% 16.1% 30.0% -1.2% 1.3% -1.0% -13.0% -1.1% -3.1% -0.2% 6.8% 8.8% 7.3% 

4 Windsor 25.2% 25.9% 50.4% 35.0% 47.4% -2.7% -4.2% -14.9% -36.3% 8.5% 3.6% 11.3% 14.0% 12.6% 1.7% 

5 Kingston 3.5% 7.2% 13.6% 19.2% 22.9% 10.6% 16.7% 10.9% -7.3% 3.0% 5.4% 6.6% 9.6% 15.9% 8.8% 

6 Thunder Bay -23.8% 6.8% -12.8% 7.9% 21.6% 17.6% 11.0% 11.4% 1.9% -6.4% 1.6% 24.2% 10.1% 11.0% 20.7% 

7 Sault Ste. Marie 6.9% 8.8% 2.6% 8.1% 34.6% 28.9% -3.1% -2.2% -15.7% -1.6% 0.9% 5.4% 4.6% 6.6% 5.4% 

8 Timmins 12.1% 16.1% 27.0% 16.2% 20.5% 3.6% 3.6% -0.4% -4.9% 4.5% 6.7% 10.9% 6.2% 6.8% 11.5% 

9 Owen Sound -12.7% -5.0% 33.9% 8.2% -18.4% 23.1% -10.1% -10.2% 13.9% -27.1% 18.8% 20.1% -13.4% -7.9% 38.1% 

10 Sudbury 8.8% 2.2% 4.0% 0.4% 11.3% 13.7% -1.9% -6.4% -9.8% -16.0% -18.9% 11.0% -1.9% -2.0% 12.4% 

11 Kenora 2.3% 18.0% 17.6% -37.2% 9.6% -11.6% 6.4% -1.2% -12.7% -9.7% -12.1% 14.7% 6.2% 10.6% 20.8% 

12 Marathon 5.4% -2.0% 7.9% 1.6% 5.8% 10.1% 6.7% -2.5% -12.8% 7.1% -1.4% 12.9% 6.7% 1.3% 9.7% 

13 Moose Factory 35.4% 36.2% 40.9% -4.3% 0.9% 15.1% 10.5% 5.0% 14.3% -0.1% 6.4% 6.6% 5.1% 7.1% 9.6% 

14 Sandy Lake 24.3% 26.3% 50.0% 12.2% -1.1% 35.3% 7.6% -3.0% -9.2% -1.7% 3.8% 2.2% 6.5% 7.9% 4.6% 

15 Fort Hope 7.8% 15.0% 27.7% -11.7% 3.9% 2.7% 1.1% -7.4% -20.9% 4.4% 2.8% 7.0% 9.7% 12.6% 15.9% 

16 Kitchenuhmaykoosib 6.3% 15.6% 24.0% 5.0% 4.7% 29.0% 7.4% 4.8% -1.9% 11.5% 1.7% 26.7% 6.1% 5.9% 8.3% 

17 Fort Severn 37.0% 45.5% 62.1% 5.5% 1.2% 6.1% 4.3% 6.1% -0.1% 14.1% 8.3% 18.1% 16.2% 17.3% 21.5% 

 Average 11.2% 17.4% 26.4% 7.8% 15.8% 9.3% 4.5% -0.4% -7.7% -0.7% 1.6% 10.2% 7.0% 9.5% 12.6% 
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relative to the baseline period. Table 6.4 shows the calculated changes for each city and 

the average changes for all major cities. It seems that the most significant changes in 

seasonal precipitation are projected in winter. For example, the winter precipitation in 

Toronto would be 225mm in 2030s, 259mm in 2050s, and 262mm in 2080s which are 

apparently above the average level (i.e., 173mm) in the baseline period by 30.2%, 49.6%, 

and 51.5%, respectively. Similarly, a large number of cities (e.g., Windsor, Moose Factory, 

Sandy Lake, and Fort Severn) are likely to suffer considerable increases in winter 

precipitation in three future periods, especially for 2080s when the potential changes 

would be greater than 40% and can be as high as 62.1%. Even though negative changes in 

winter precipitation are also anticipated in a few cities (e.g., Thunder Bay and Owen 

Sound), the average changes in winter precipitation for three future periods are still 

projected to increase significantly: by 11.2% in 2030s, 17.4% in 2050s, and 26.4% in 

2080s relative to the baseline period. Likewise, the spring precipitation at most of the cities 

is likely to increase for three future periods, leading to an average change of 7.8% in 2030s, 

and 15.8% in 2050s, and 9.3% in 2080s. However, the summer precipitation at these cities 

is likely to decrease by 7.7% on average to the end of this century although a slight increase 

(by 4.5% on average) is projected in the next few decades. It seems that the majority of 

these cities would receive more precipitation in autumn (by 10.2% on average) in the long 

run till to the end of this century, while the magnitude of changes in 2030s and 2050s is 

very small on average (by -0.7% and 1.6%, respectively). As the selected cities in this 

study are largely evenly distributed within the Province of Ontario, it is reasonable to 

speculate that similar changes in seasonal precipitation are likely to be anticipated for the 

entire province. In other words, the whole province is likely to receive more precipitation 
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in winter, spring, and autumn throughout this century while summer precipitation tends to 

slightly increase in 2030s but would decrease gradually afterwards. However, because the 

magnitude of projected decrease in summer precipitation is relatively small in comparison 

with the anticipated increases in other three seasons, the annual precipitation over the 

entire province is likely to suffer a progressive increase throughout this century (by 7.0% 

in 2030s, 9.5% in 2050s, and 12.6% in 2080s).  

Following the analyses on precipitation projections at major cities, here we present 

the developed probabilistic projections for the Province of Ontario. Figure 6.19 shows the 

projections of annual precipitation for three future periods at three typical probability 

levels (i.e., 10%, 50%, and 90%). There is an apparent gradually increasing pattern along 

with the latitude for annual precipitation. For example, the central estimates of annual 

precipitation in the north is projected to be mostly varying within [500, 700] mm in 2030s, 

while in the middle and the south the medians of annual precipitations in the same period 

would largely be [700, 900] mm and [900, 1100] mm, respectively. Besides, it appears 

that such a meridionally distributed pattern in annual precipitation across the entire 

province is unlikely to change too much in 2050s and 2080s, although evident spatial 

variations in annual precipitation are still projected at local scales (e.g., in the south end). 

As for the temporal trend in annual precipitation, it is clear that the whole province of 

Ontario would suffer a continuous increase in its annual precipitation from 2030s to 2080s 

because the areas with annual precipitation less than 600mm are gradually reduced after 

2030s. However, we should note that slight decreases are also likely to occur in some 

southern regions with their annual precipitation greater than 1000mm. 
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Figure 6.19 Projections of annual precipitation over Ontario 
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Figure 6.20 shows the central estimates of seasonal precipitation for three future 

periods. Similar meridionally-increasing patterns in seasonal precipitation (i.e., less in the 

north and more in the south) are also projected for winter, spring, and autumn, apart from 

summer when no obvious spatial pattern is reported. Besides, there are clear temporally-

increasing trends throughout this century for winter, spring, and autumn precipitation. For 

example, in the north, the areas with winter precipitation less than 110mm or spring 

precipitation less than 90mm are apparently reduced from 2030s to 2080s; while the 

southern areas with autumn precipitation greater than 270mm are evidently increased. We 

also notice that there is likely to be a sharp increase in spring precipitation from [210, 290] 

mm in 2030s to [250, 330] mm in 2050s in most areas of south Ontario but afterwards it 

would drop to [190, 250] mm in 2080s. By contrast, the central estimates of summer 

precipitation over Ontario are likely to decrease slightly from 2030s to 2080s. This is 

especially true in the middle-west where summer precipitation would decline gradually 

from [250, 290] mm in 2030s to [230, 270] mm in 2080s. However, the projected decrease 

in summer precipitation is unlikely to offset the evident increases in other three seasons 

which consequently lead to an overall increasing trend in annual precipitation over Ontario 

throughout the 21st century.  



224 

Figure 6.20 Projections of seasonal precipitation over Ontario (50% probability) 
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Figure 6.21 Maps of degree of uncertainty for annual and seasonal precipitation 

projections 
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To further investigate the uncertainties involved in the probabilistic projections of 

precipitation in the context of Ontario, we here introduce the degree of uncertainty which 

is defined as the width or spread of the most likely range bounded by the estimates at 10% 

and 90% probability. The unit of the degree of uncertainty is mm. Accordingly, the wider 

the range is, the more uncertain or the less reliable the projections are. Figure 6.21 shows 

the maps of degree of uncertainty for annual and seasonal precipitation for three future 

periods. For the seasonal precipitation, we notice that the projections for winter, summer, 

and autumn present relatively small degrees of uncertainty (mostly ranging within [0, 10] 

mm) while the spring projections manifest high degrees of uncertainty which may vary 

between 0 and 50 mm. This is especially true in the middle-west where the degree of 

uncertainty for spring precipitation would be as high as [25, 50] mm. This may suggest 

that the projections for spring precipitation obtained through the PRECIS ensemble are 

less reliable than those for the other three seasons. Consequently, this will further result in 

more uncertainties in annual precipitation projections whose degrees of uncertainty are 

mainly varying between 0 and 20 mm.  

6.4 SUMMARY 

In this study, high-resolution projections of near-surface air temperature (including 

mean, maximum, and minimum daily temperature) and precipitation over the Province of 

Ontario are developed. The aim was to investigate how global warming can affect the local 

climatology of the major cities as well as the spatial patterns of air temperature over the 

entire province. We first carried out five-member RCM ensemble simulations using the 

PRECIS modeling system which was driven by the boundary conditions of a HadCM3-
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based perturbed-physics ensemble. The Bayesian hierarchical model proposed by Wang 

et al. (2014a) was then used to obtain probabilistic projections of future temperature and 

precipitation with consideration of some uncertain parameters involved in the regional 

climate modeling process. Following that, the most likely estimates and uncertain ranges 

of future temperature and precipitation at 17 major cities were calculated and analyzed in 

detail, and then the similar analyses were extended to cover all 25-km grid cells over the 

entire province with the purpose of providing decision makers or policy makers with 

helpful information for assessing the potential effects of climate change in the context of 

Ontario. 

The PRECIS ensemble simulations were validated in terms of their capability of 

reproducing the current climate, through comparison with the observed temperature means 

from the NLWIS dataset. The validation results showed that the ensemble simulations 

performed very well in capturing the major features of the observed Tmean and Tmax at 

most areas in Ontario, while the projected Tmin for the current climate by the ensemble 

tended to slightly overestimate the observations at most of the grid cells. Simulations of 

annual and seasonal precipitation for the baseline period were compared to the 

observations to validate the capability of the PRECIS ensemble in capturing the spatial 

patterns of precipitation over Ontario. The validation results showed that the PRECIS 

ensemble performs very well in simulating the observed annual precipitation and seasonal 

precipitation in winter, summer, and autumn while its performance in hindcasting spring 

precipitation is relatively poor. 

To minimize the influence of the bias of PRECIS ensemble simulations on future 

temperature and precipitation projections, we only used the ensemble simulations to 
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calculate the probabilities of possible changes in temperature and precipitation. The 

probabilistic change scenarios were then applied to the observations for current climate to 

develop the probabilistic projections of future temperature and precipitation for the 

Province of Ontario. The probabilistic projections suggested that there would be a 

consistent increasing trend in three temperature variables (i.e., Tmean, Tmax, and Tmin) 

with time periods from 2030s to 2080s. The most likely mean temperature in next few 

decades (i.e., 2030s) would be [-2, 2] °C in northern Ontario, [2, 6] °C in the middle, and 

[6, 12] °C in the south, afterwards the mean temperature is likely to keep rising by ~2 °C 

per 30-yr period. The continuous warming across the province would drive the lowest 

mean temperature up to 2 °C in the north and the highest mean temperature up to 16 °C in 

the south. We also found that the spread of the mostly likely ranges of future temperature 

projections showed a consistent widening trend from 2030s to 2080s, implying that the 

long-term climate change is more difficult to predict than the near-term change because 

many more uncertain or unknown factors may continue to emerge as time goes and thus 

challenge our understanding and knowledge of the climate system and climate change 

mechanisms. The results showed that the vast majority of cities are likely to gain positive 

changes in annual precipitation in 2030s, 2050s, and 2080s in comparison to the 

observations in the baseline period. This may suggest that the whole province of Ontario 

is likely to face more annual precipitation throughout the 21st century in response to global 

warming. Our analyses on the projections of seasonal precipitation further showed that the 

entire province is likely to receive more precipitation in winter, spring, and autumn 

throughout this century while summer precipitation is only likely to increase slightly in 

2030s but would decrease gradually afterwards. However, because the magnitude of 
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projected decreases in summer precipitation is relatively small in comparison with the 

anticipated increases in other three seasons, the annual precipitation over Ontario is likely 

to suffer a progressive increase throughout the 21st century (by 7.0% in 2030s, 9.5% in 

2050s, and 12.6% in 2080s). 

The high-resolution probabilistic projections developed in this study can provide 

direct inputs for climate impact researchers to study the possible impacts of global 

warming in the context of Ontario, meanwhile, the findings and implications of the study 

are potentially helpful for decision makers and development practitioners in terms of 

assessing the risks and costs associated with climatic change as well as planning the 

mitigation and adaptation strategies against the global warming at regional scales. 
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CHAPTER 7 

PROJECTED CHANGES IN INTENSITY AND FREQUENCY OF 

RAINFALL EXTREMES   

7.1 BACKGROUND 

Extreme weather and climate events, such as floods, droughts, rainstorms, and wind 

gusts, have received increased attention in the past few decades, due to the often large 

economic loss, fatalities, as well as many other severe consequences for human society 

(Easterling et al., 2000a; McMichael et al., 2006). This is especially true for Canada where 

severe floods have frequently struck its major cities and caused billions of dollars in 

damage in recent years. For example, the extreme precipitation events in Calgary and 

Toronto in 2013 have been recorded as the largest natural disasters in Alberta’s and 

Ontario’s history respectively, and the insurance damages caused by these two events have 

constituted the first and third largest natural insured catastrophes in Canadian history. 

Recent modeling efforts suggest that there will be significant changes in these extreme 

events in the future either due to natural climate fluctuations or greenhouse gas (GHG) 

induced warming (Easterling et al., 2000b; Gao et al., 2006; Kharin et al., 2013; Meehl et 

al., 2000; Peterson et al., 2012; Tebaldi et al., 2006; Zhang et al., 2001). Planning for such 

changes based on our latest knowledge of the frequency of extreme weather and climate 

events has become a major focus of both policy makers and development practitioners. 

As a consequence of global warming, the hydrological cycle has been amplified in 

the form of increased cloudiness, latent heat fluxes, and intense precipitation events and 

flooding (Knapp et al., 2008). Assessing the potential changes in extreme precipitation 
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events is becoming one of the most important practical issues for hydrological risk analysis 

and engineering design. The intensity-duration-frequency (IDF) relationship of the rainfall 

extremes is usually summarized in the evaluation process and widely used as a convenient 

tool for understanding the characteristics of extreme rainfall events at given locations 

(Ben-Zvi, 2009; Koutsoyiannis et al., 1998; Langousis and Veneziano, 2007; Mailhot et 

al., 2007; Veneziano and Furcolo, 2002). However, previous studies on IDF curves are 

largely based on the observational data at given weather stations, and the curves are not 

often updated until new observations are available. Moreover, the development of IDF 

curves rely on an assumption of rainfall series stationarity that the intensity and frequency 

of extreme hydrological events remain unchanged over time (Mailhot et al., 2007). In fact, 

such assumptions may not be appropriate in the context of climate change (Chen and Rao, 

2002).  

In recent years, the projections of global climate models (GCMs) are often used to 

estimate the effects of climate change on the intensity and frequency of extreme rainfall 

events under different GHG emission scenarios (Allan and Soden, 2008; Fowler et al., 

2007a; Fowler and Kilsby, 2003). However, the spatial resolution of GCM outputs is too 

coarse to capture regional variations in precipitation which are closely related to the local 

topography and surface characteristics; furthermore, the size of precipitation storm is 

usually much smaller than the spatial resolution of large-scale climate models. 

Downscaling to the GCM outputs is therefore needed to develop high-resolution climate 

projections at regional scales with considerations of local characteristics using either 

statistical or dynamical approaches. Statistical downscaling mainly involves developing a 

quantitative relationship between large-scale atmospheric variables and local-scale 
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weather indicators such as temperature and precipitation (Prudhomme et al., 2002; Wang 

et al., 2013; Wilby and Wigley, 1997). The obvious drawback of statistical technique is 

that it cannot simulate the complex interactions among the various components of the local 

climate system, especially the dynamics of small-scale storms. By contrast, dynamical 

downscaling is usually implemented by nesting a regional climate model (RCM) into 

GCMs such that the interactions can be simulated in a physically-based way (Feser et al., 

2011; Rummukainen, 2010). This is largely because RCMs are developed using the same 

laws of physics as described in GCMs to account for the sub-GCM grid scale processes 

with more details (such as mountain ranges, coastal zones, and details of soil properties) 

(Feser et al., 2011). As a result, RCMs are widely used to develop high-resolution climate 

projections to help assess the potential changes in local precipitation extremes in the 

context of climate change (Buonomo et al., 2007; Eden et al., 2012; Frei et al., 2006; 

Herrera et al., 2010; Huntingford et al., 2003; Wang and Zhang, 2008; Zhang et al., 2006).  

Therefore, in this study, a regional climate modeling approach will be proposed to 

investigate how the intensity and frequency of extreme rainfall events will be influenced 

by the changing climate within a regional context. Specifically, our research will focus on 

the Province of Ontario, Canada. We first develop an ensemble of high-resolution climate 

projections at a resolution of 25 km using the PRECIS modeling system, which is driven 

by a set of boundary conditions from a perturbed physics ensemble (PPE) provided by UK 

Met Office Hadley Centre. The Gumbel extreme value distribution is then adopted to 

develop projected IDF curves at PRECIS grid point scales under both current and future 

forcing conditions. The projected IDF curves for the entire province are developed and 

made available at Ontario Climate Change Data Portal (http://ontarioccdp.ca), and this 
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paper mainly presents analyses on the projected IDF curves for the City of Toronto. The 

PRECIS projections are divided into four 31-year periods: 1960-1990 (namely baseline 

period), 2015-2045 (2030s), 2035-2065 (2050s), and 2065-2095 (2080s). The simulated 

rainfall annual extremes for the baseline period are compared with the observed extremes 

at twelve gauged weather stations to validate the performance of the PRECIS ensemble; 

the rainfall projections for future periods are then used to develop projected IDF curves 

and to calculate their changes relative to the baseline period. 

7.2 METHODOLOGY 

7.2.1 Regional Climate Modeling 

Dynamical downscaling to the large-scale projections of GCMs is usually 

implemented with the aid of high-resolution RCMs to represent the detailed processes, 

interactions and feedbacks between the components of a local climate system. In this study, 

the PRECIS regional climate modeling system will be used to develop high-resolution 

climate projections at regional scales. The PRECIS is a flexible, easy-to-use and 

computationally inexpensive RCM designed to provide detailed climate scenarios (Wilson 

et al., 2011). It can be applied easily to any area of the globe to generate detailed climate 

change projections, with the provision of a simple user interface as well as a visualization 

and data-processing package. The PRECIS is able to run at two different horizontal 

resolutions: 0.44° (approximately 50 km) and 0.22° (approximately 25 km), with 19 

vertical levels using a hybrid coordinate system (a combination of ' -coordinate and 

pressure-based coordinate); and its output variables are available at various temporal 

scales (i.e., annual, seasonal, monthly, daily, and hourly). Owing to its powerful capability 
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in regional climate modeling, the PRECIS model has been widely used for many climate 

change impacts studies in the past few years (Akhtar et al., 2008; Bhaskaran et al., 2012; 

Buonomo et al., 2007; Cerezo-Mota et al., 2011; Chenoweth et al., 2011; Dulièère et al., 

2011; Karmalkar et al., 2011; Shahgedanova et al., 2010; Taylor et al., 2011; Wang et al., 

2014a).  

Climate simulation with a single model only provides us with information about one 

possible outcome of future climate changes, but it does not provide us with more 

information about how confident we should be in those changes (Bellprat et al., 2012). 

Ensemble modeling approaches through either multi-model ensemble (MME) or PPE are 

widely used to explore the range or spread of climate projections, which enables us to gain 

a better understanding of the uncertainties associated with the projections. In this study, 

we use a HadCM3-based PPE (known as QUMP) under the SRES A1B emissions scenario 

to drive the PRECIS model. The QUMP consists of 17 members and is developed by the 

Hadley Centre to allow users to generate an ensemble of high-resolution regional climate 

projections (McSweeney et al., 2012). Downscaling the 17-member PPE ensemble with 

PRECIS would require very large inputs of computing resources, data storage, and data 

analyses. In order to explore the range of uncertainties while minimizing these 

requirements, we select 5 members (i.e., HadCM3Q0, Q3, Q10, Q13, and Q15) from the 

QUMP ensemble according to the Hadley Centre’s recommendation (McSweeney and 

Jones, 2010). HadCM3Q0 is first selected as it is the standard, unperturbed model using 

the original parameter settings as applied in the atmospheric component of HadCM3. 

Selection of the remaining four members is based on: a) their performances in simulating 

the climate of the present day, to ensure that the selected members can represent the 
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climate of the region of interest realistically, and b) the range or spread of future outcomes, 

in order to ensure that the selected members can sample the full range of outcomes 

simulated by the 17-member ensemble (McSweeney and Jones, 2010). In this study, we 

run the PRECIS experiments at its highest horizontal resolution (i.e., 25 km) with a lengthy 

simulation starting from 1950 and ending at 2099. 

Here, we focus on studying the effects of climate change on rainfall IDF curves in 

the context of Ontario, Canada, and the domain setup for the PRECIS ensemble runs is 

shown in Figure 7.1. As the second largest province in Canada, Ontario is located in the 

east-central region of Canada and covering more than 1 million square kilometers. Ontario 

is bounded by the Province of Quebec to the east, the Province of Manitoba to the west, 

Hudson Bay and James Bay to the north, and the Great Lakes to the south. With a 

population of more than 13.5 million, Ontario is home to about 2 in 5 Canadians. More 

than 85% live in urban centers, largely in cities on the shores of the Great Lakes. It has 

been reported by Ontario Ministry of the Environment (MoE, 2011a) that the average 

temperature in Ontario has gone up by as much as 1.4 °C since 1948. Such a temperature 

increase may lead to large changes in the patterns of wind and precipitation (Trenberth, 

2011). As a consequence, local residents are seeing more frequent and intense weather 

anomalies in recent years. Climate change is becoming one of the most pressing issues 

challenging the Province of Ontario. In 2011, Ontario Ministry of the Environment (MoE, 

2011b) released its adaptation strategy and action plan to create a vision and framework 

for collaboration across government, businesses, communities, institutes and individuals, 

aiming at minimizing the damages caused by climatic changes through taking prudent  
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Figure 7.1 Domain setup of the PRECIS experiments over Ontario, Canada 
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actions in advance. Implementing such initiatives requires a thorough assessment of both 

the short-term and long-term effects of climate change for the entire province.  

7.2.2 IDF Curves 

In general, an IDF curve is produced through a statistical analysis of observed 

extreme rainfall events to present the probability of a given rainfall intensity and duration 

expected to occur at a particular location. The IDF curve can provide a convenient tool for 

analyzing and summarizing the essential characteristics of point rainfall for shorter 

durations, and it has been extensively applied in many hydraulic and hydrological 

engineering practices for design of structures that control storm water and flooding (Alila, 

2000; Borga et al., 2005; Hogg et al., 1989; Madsen et al., 2009; Madsen et al., 2002; 

Mailhot et al., 2007). 

The development of IDF curve starts by gathering time series records of different 

durations. Annual extremes are then extracted for all durations from the time series. 

Typically, an IDF curve includes the frequency of annual extremes of rainfall intensity 

(unit: mm/hr) or rainfall depth (unit: mm) typically corresponding to the following 

durations: 5, 10, 15, 30, and 60 minutes, and 2, 6, 12, and 24 hours. A probability 

distribution will be selected from the extreme value distributions (known as Fisher-Tippett 

Types I, II, and III distributions) to fit the annual extremes such that the extreme rainfall 

intensity or depth at given frequency (known as return period) can be estimated for all 

durations. Return periods are usually expressed in years and commonly-used values of 

return periods in practice includes 2, 5, 10, 25, 50 and 100 years. As a well-known Type I 

distribution, Gumbel extreme value distribution has been widely accepted and used by 
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Environment Canada (EC, 2012; Hogg et al., 1989) and Canadian Standards Association 

(CSA, 2010), as well as many other national meteorological centers around the world 

(Sevruk et al., 1981) to describe the frequency of extreme rainfall events. The Gumbel 

distribution is usually expressed as follows (Hogg et al., 1989): 
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The frequency factor can be calculated by the following equation: 
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For a given return period, its frequency factor can be obtained through (7.4). Thus, the 

exceedance values for all durations corresponding to the return period can be computed 

using (7.1). In reality, rainfall observations are only available for given durations. The IDF 
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information calculated for those given durations is usually extended through interpolation 

to estimate the IDF values for other rainfall durations. In order to make the interpolation 

process more efficient, the IDF data derived with above method is typically fitted to a 

continuous function between rainfall intensity and duration. A three-parameter function 

will be used in this study according to the Drainage Management Manual issued by the 

Ministry of Transportation of Ontario (MTO, 1997), as follows: 
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where 
TD
I  represents the exceedance value of rainfall intensity for given return period (T ) 

and duration (D ), and A
T

, B
T

, and C
T

 are coefficients corresponding to the return period 

(T ). These coefficients can be estimated through the method of least squares to achieve 

the closest possible fit of the data. For consistency, the rainfall duration ( D ) here is 

measured in hours. Once IDF data is fitted to the function given by (7.5), curves of rainfall 

intensity versus duration for different return periods can be produced to help determine the 

average rainfall intensity likely to be attained or exceeded for a specific frequency of 

occurrence and a given duration.  

7.3 STUDY AREA AND DATA 

 As shown in Figure 7.1, the domain of PRECIS ensemble experiments covers the 

entire territory of Ontario with a spatial resolution of 25 km. There will be a large volume 

of climate projections generated for ~1900 grid cells over both land and water in the 

context of Ontario. Considering that the IDF analyses are usually applied for summarizing 

the characteristics of extreme rainfall events at a single point, this study will be focused 
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on analyzing the impacts of climate change on the IDF curves for the City of Toronto. 

Analysis for all grid cells over the entire province has been carried out in a similar way 

and their projected IDF curves are made available at the Ontario Climate Change Data 

Portal (http://ontarioccdp.ca). Toronto is the provincial capital of Ontario, and it is the 

largest and most populous city in Canada. The City of Toronto was built with complex 

underground pipes, sewers, and catch basins and is now facing a large number of 

challenges due to the heavy rainfall, melting snow, and runoff associated with climate 

change. Among them, Basement flooding has become a common issue for the 

homeowners in recent years. To help deal with the problem, the City Council has approved 

a bylaw making it mandatory for property owners to disconnect their downspouts from the 

sewer system in order to reduce the risk of basement flooding by releasing rainwater into 

the local waterways (CoT, 2014). Following that, a multi-year program, named Basement 

Flooding Protection Program, has been initiated from 2011 to help reduce the risk of future 

flooding by making improvements to the City’s sewer system and overland drainage routes. 

Effective assessment of the potential changes in the extreme rainfall events in terms of 

both frequency and intensity is therefore necessary for supporting the decision making and 

engineering practices related to such a multi-year initiative.  

The PRECIS simulations over the City of Toronto are extracted and sliced into four 

31-year periods: one baseline period and three future periods (i.e., 2030s, 2050s, and 

2080s), representing the climate projections under both current and future forcing 

conditions. Steps of data processing and calculating the projected changes by the PRECIS 

ensemble simulations are detailed in Figure 2. The highest temporal resolution of PRECIS 

outputs is 1 hour. In order to obtain annual extremes for durations less than 1 hour (i.e., 5, 
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10, 15, and 30 minutes), indirect estimation methods should be employed. A method by 

World Meteorological Organization (WMO, 1994) suggests that the extreme rainfall 

amounts for short durations less than 1 hour can be estimated by multiplying the one-hour 

extremes by fixed ratios. The average ratios of rainfall extremes for 5, 10, 15, and 30 

minutes to one-hour amounts are 0.29, 0.45, 0.57, and 0.79, respectively. These ratios are 

computed from hundreds of station-year of records with an average error of less than 10 

per cent (WMO, 1994). Since the fixed ratios provided by WMO are averaged values at 

many gauged weather stations throughout the world, applying them to a specific area 

without any adjustments may lead to biased estimation of the annual rainfall extremes for 

short durations. Hence, we conduct regression analyses of the annual extremes for short 

durations versus that of 1 hour using the length observations at the weather station of 

Toronto Lester B. Pearson International Airport (hereinafter referred to as TLA). The 

observed extremes for TLA are obtained from the Engineering Climate Datasets of 

Environment Canada (available at: http://climate.weather.gc.ca/prods_servs/engineer 

ing_e.html). Figure 3 shows the comparison of fitting results between linear regression 

and WMO ratios. Apparently, the WMO fixed ratios shows poor performance in fitting 

the relationships of annual extremes of short durations versus that of 1 hour. We therefore 

apply the ratios obtained through linear regression (i.e., 0.356, 0.52, 0.667, and 0.89) in 

this study to estimate the future projections of annual extremes for durations less than 1 

hour in the City of Toronto. 
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Figure 7.2 Flowchart for data processing 
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Figure 7.3 Regression analysis for extreme rainfall depth between short durations and 1-

hour duration 
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7.4 RESULTS 

7.4.1 Validation 

The annual rainfall extremes for available durations (i.e., 1, 2, 6, 12, and 24 hours) 

simulated by the PRECIS ensemble experiments are extracted for both the baseline and 

future periods. In order to synthesize the multi-model simulations by the PRECIS 

ensemble, we use the Type 7 algorithm defined by (Hyndman and Fan, 1996) hereinafter 

to derive quantiles through a piecewise linear interpolation. Following the approach used 

in UK Climate Projections science report (Murphy et al., 2009), we used three typical 

quantiles (or percentiles) of the PRECIS ensemble simulations to summarize the possible 

outcomes of future projections. In detail, the median (namely the 50th percentile) is used 

here to represent the central value of the distribution, indicating that half of the members 

are less than or equal to it; the 10th percentile is used to describe the ensemble projections 

by saying very likely to be greater than or very unlikely to be less than; while the 90th 

percentile is to indicate very likely to be less than or very unlikely to be greater than. The 

range bounded by the 10th and 90th percentiles is denoted as 10-90th percentile range, and 

we regard it as an interval that the PRECIS simulations are most likely to fall in or most 

unlikely to go beyond. 

The simulated extremes for the baseline period are first compared to the observed 

ones at twelve weather stations which are geographically distributed across the landmass 

of Ontario (see Table 4.1), with the purpose of validating the performance of the PRECIS 

ensemble in reproducing spatial variations in rainfall extremes. Figure 7.4 shows the 

quantile-quantile (Q-Q) plots between the simulated extremes with a duration of 1 hour 

and the observed ones for the baseline period. The Q-Q plots for other durations (i.e., 2, 6, 
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12, and 24 hours) are shown in Figure 7.5, Figure 7.6, Figure 7.7, and Figure 7.8, 

respectively. Q-Q plots are often used to determine if two data sets come from populations 

with a common distribution (Barnett, 1975). Here we use Q-Q plots to visually check 

whether the distribution of the observed extremes can be well captured by the ensemble 

simulations. It seems that each station tells a different story from others in terms of their 

quantile patterns. However, the 50th percentile line and 10-90th percentile area at most of 

the stations are aligned closely to the diagonal line. For example, the comparisons for 1-

hour duration show that the observed extremes at ten of the twelve stations are well 

captured by the ensemble simulations, except for the stations of BTL and MUA where the 

simulations tend to overestimate the extremes with amounts greater than 25 mm. It is also 

reported that the observed extremes for other durations at a few stations are likely to be 

overestimated or underestimated by the ensemble simulations. Nevertheless, the good 

fittingness to the distribution of observed extremes at most of the stations demonstrate that 

the ensemble simulations perform well in capturing the spatial variations of rainfall 

extremes in the context of Ontario.  
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Figure 7.4 Q-Q plots for extreme events with a duration of 1 hour 
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Figure 7.5 Q-Q plots for extreme events with a duration of 2 hours 
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Figure 7.6 Q-Q plots for extreme events with a duration of 6 hours 



249 

Figure 7.7 Q-Q plots for extreme events with a duration of 12 hours 
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Figure 7.8 Q-Q plots for extreme events with a duration of 24 hours 
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The rainfall depths for durations of 1, 2, 6, 12, and 24 hours with different return 

periods can be estimated by fitting the Gumbel extreme value distributions as given in (7.1) 

with direct outputs of the PRECIS ensemble. The annual extremes for other durations 

shorter than 1 hour are estimated by multiplying the simulated annual extremes for 1 hour 

by constant ratios obtained through the regression models as shown in Figure 7.3, such 

that the rainfall depth for these durations can be estimated. Thus, we can obtain the 

simulated rainfall depths at all durations for both baseline and future periods. Figure 7.9 

shows the rainfall depths of all durations with different return periods for the station of 

TLA. The 50th percentiles for 2, 6, 12, and 24 hours are close to the observed rainfall 

depths for all return periods (with slight overestimations), and the observed ones can be 

well covered by the 10-90th percentile range. In contrast, the simulated rainfall depths for 

1 hour slightly underestimate that of the observations for return periods of 2, 5, and 10 

years. Similar underestimations for durations shorter than 1 hour are also reported as their 

annual extremes are estimated by applying constant ratios to the 1-hour extremes.   

Rainfall intensities for different durations can be derived from the simulated rainfall 

depths. They are then fitted into a continuous function as given by (7.5). Figure 7.10 shows 

the simulated rainfall intensities versus various durations for all return periods calculated 

from the ensemble experiments and the observations for the baseline period. It is reported 

that the observation-based rainfall intensities for return periods of 5, 10, 25, 50, and 100 

years are well captured by the median values from the PRECIS ensemble. However, the 

simulated rainfall intensities with a 2-year return period tend to underestimate the observed 

ones for short durations (i.e., 5, 10, 15, 30 minutes, and 1 hour). 
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Figure 7.9 Comparison of rainfall depth for the baseline period at the station of TLA 
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Figure 7.10 Comparison of rainfall intensity for the baseline period at the station of TLA 
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7.4.2 Projected IDF Curves 

The rainfall intensities versus various durations at given return periods for three 

future periods (i.e., 2030s, 2050s, and 2080s) are shown in Figure 7.11, Figure 7.12, and 

Figure 7.13, respectively. Among the five members of the ensemble, the PRECIS 

simulation driven by HadCM3Q15 projects the highest rainfall intensities for the three 

future periods, while the one driven by HadCM3Q3 projects the lowest rainfall intensities. 

However, the simulation driven by HadCM3Q15 generates relatively low rainfall 

intensities in the baseline period while compared to those projected by other members. In 

general, the 10-90th percentile ranges of rainfall intensities for future periods are likely to 

become wider than that of the baseline period, which to some extent indicates that greater 

uncertainty will be introduced in modeling future climate change. In addition, an overall 

increasing trend in the rainfall intensities versus various durations for all return periods is 

revealed from 2030s to 2080s.  

To further evaluate how the future rainfall intensities will change, we extract the 

50th percentiles of the ensemble projections for four 31-year periods and calculate the 

future changes relative to the baseline period. Figure 7.14 shows the comparisons of the 

projected rainfall intensities between future and baseline periods in terms of the 50th 

percentiles (indicated by the colored bars) and 10-90th percentile ranges. Apparently, there 

is an overall rising trend in the 50th percentiles of projected rainfall intensities with time 

periods. Meanwhile, the 10-90th percentile ranges are getting wider with time periods. 

This further supports our hypotheses based on the results shown in Figure 7.11, Figure 

7.12, and Figure 7.13. However, we should note that the medians of projected rainfall 

intensities for 2050s are likely to be equal to or less than that of 2030s, which may suggest  



255 

Figure 7.11 Projected rainfall intensity in 2030s for the City of Toronto 
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Figure 7.12 Projected rainfall intensity in 2050s for the City of Toronto 
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Figure 7.13 Projected rainfall intensity in 2080s for the City of Toronto 



258 

Figure 7.14 Comparison of rainfall intensity between future and baseline periods for the 

City of Toronto 
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that the ensemble simulations would project a temporary decrease in rainfall intensities in 

the middle of this century after an evident increase in the next few decades. But a 

remarkable increase is likely to appear to the end of this century which leads to an overall 

increasing trend throughout the century. However, we should note that using a single large-

scale forcing model (i.e., HadCM3) to drive the PRECIS simulations may lead to less 

distinct ensemble members from each other than those driven by completely different 

models (Salathé et al., 2014). Thus, the temporary decrease in the 2050s probably should 

be considered one possible realization of future decadal variability simulated by the 

HadCM3 rather than an explicit prediction of the sequencing in extreme events. 

Figure 7.15 shows the projected IDF curves for the City of Toronto under both 

current and future forcing conditions. The 50th percentiles for projected rainfall intensities 

versus given durations (indicated by up-triangle points) are used to fit the three-parameter 

function as given by (7.5) such that rainfall intensities for other durations can be directly 

estimated. The IDF curves perform well in terms of fitting the projected rainfall intensities 

for given durations, except for a slight overestimation for those projected values of 1-hour 

duration. The rainfall intensities for different combinations of return period and duration 

can be estimated based on the IDF curves. For example, the median value of projected 

rainfall intensity for 100-year return period and 24-hour duration is around 5 mm/hr for 

the baseline period, but the median value for the same combination in 2080s is likely to 

rise to as high as 8 mm/hr.   



260 

Figure 7.15 Projected IDF curves for the City of Toronto 
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To further estimate the projected changes in extreme rainfall intensities by the 

PRECIS ensemble, we calculate the 50th percentile of changes projected by each member 

of the ensemble and use it as the central estimate for the plausible change in rainfall 

intensity. Figure 7.16 shows a changing map which summarizes the median changes in the 

projected rainfall intensities for future periods relative to the baseline period. The changes 

are presented as relative percentages, and positive values indicate percentage increases 

relative to the baseline projections whereas negative ones indicate percentage decreases. 

The changing map reports that the PRECIS ensemble is likely to project an overall 

increasing pattern in the intensities of all extreme rainfall events, except for a very small 

decrease by 0.2% in the intensity of a 2-year event over a 5-min duration in 2030s. The 

projected changes in rainfall intensities for all durations also show an apparent increasing 

trend with time. In particular, the medians of percentage change for 2030s are mostly in 

the range of 5% and 17%, the median changes for 2050s are mainly ranging from 11% to 

22%, and the median changes for 2080s mainly vary between 25% and 50%. In addition, 

there is an increasing trend for the percentage changes in rainfall intensities with the return 

periods from 2 to 100 years. In other words, the shorter the return periods, the smaller the 

percentage changes. For example, the most evident changes are projected for the 100-year 

rainfall extreme events in 2080s when the smallest median change would be 41.2% (for 

15-min duration) and the biggest median change can be as high as 51.7% (for 24-hour 

duration). 



262 

Figure 7.16 Projected changes in rainfall intensity for the City of Toronto 
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7.5 SUMMARY 

In this study, a regional climate modeling approach based on the PRECIS modeling 

system was proposed for investigating the potential impacts of climate change induced by 

increased GHGs on the intensity and frequency of extreme rainfall events in the context 

of Ontario, Canada. In detail, a 5-member RCM ensemble with a fine resolution of 25 km 

was first developed by using the selected members of the QUMP provided by UK Met 

Office Hadley Centre as boundary conditions to drive the PRECIS model, with the purpose 

of generating more reliable projections for future climate change. The Gumbel distribution 

was then applied to fit the probability of occurrence of extreme rainfall events such that 

the rainfall intensities for various durations (i.e., 5, 10, 15, and 30 minutes, 1, 2, 6, 12, and 

24 hours) with different return periods (i.e., 2, 5, 10, 25, 50, and 100 years) can estimated. 

The projected IDF curves at all 25-km grid points over the Province of Ontario were 

developed and make available for download at a public data portal. Only detailed analyses 

on the projected IDF curves for the City of Toronto were presented.  

The high-resolution projections generated by the PRECIS ensemble were extracted 

for both the baseline and future periods. The simulated rainfall annual extremes for the 

baseline period were compared with the observations from twelve gauged weather stations 

to validate the performance of the ensemble in reproducing the observed extremes. 

Following that, the rainfall projections for future periods were used to develop projected 

IDF curves in 2030s, 2050s, and 2080s, as well as to calculate their changes relative to the 

baseline period. The results reported that intensities of rainfall extreme events versus 

various durations with different return periods were all likely to increase over time. Such 

a consistent increase would lead to an overall uplift in the exceedance values of rainfall 
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intensity of extreme events, implying that the intensive rainfall events were likely to occur 

more frequently in future. In addition, more significant changes in the rainfall intensity 

were projected for extreme events with longer return periods at all given durations. For 

example, the median changes of the rainfall intensity for 2-year extreme events were 

projected to be varying between 18.3% and 29.4% for different durations in 2080s, while 

bigger changes (ranging from 41.2% to 51.7%) were more likely to happen for 100-year 

extreme events to the end of this century.  

This paper presented an effective approach for assessing the climate change impacts 

on both the intensity and frequency of extreme rainfall events by integrating regional 

climate modeling and development of IDF curves into a general framework. However, we 

should note that the achievements of this paper still depend on a number of limitations or 

assumptions that may impose severe caveats on their applications in engineering design 

and risk assessment. First, the high-resolution climate projections for the study area were 

developed based on the data sets of CMIP3 forced by the SRES emissions scenarios. With 

the release of CMIP5, further efforts on updating the climate projections and the projected 

IDF curves using the new data sets are needed. Secondly, this study adopted only one 

extreme distribution function (i.e., Gumbel) to fit the probability of occurrence of extreme 

rainfall events. Even though this function was recommended to be used for the study area 

by Environment Canada, it may be subject to some unexpected changes in the context of 

climate change. Applicability of other extreme value distributions (e.g., Generalized 

Extreme Value distribution (Potter and Lettenmaier, 1990)) for developing future 

projected IDF curves in the context of study area should be further investigated. Note that 

estimating the occurrence of extreme events with a longer return period (e.g., the 100-yr 



265 

event) than the length of observations or simulations (e.g., 30-yr simulations) may involve 

inherent uncertainties due to the choice of extreme value distributions. Thirdly, the 

PRECIS simulations are driven by a single large-scale model (i.e., HadCM3), which may 

lead to less uncertainties associated with the results as the ensemble members are likely to 

be less distinct from each other than those driven by completely different models (Salathé 

et al., 2014). Next, improvements to the spatial resolution of RCM simulations and to the 

accuracy of observational data are still required to allow capturing small-scale but high-

intensity extreme storms. For example, regional models with higher spatial resolution may 

be introduced to simulate the interactions among many factors that affecting extreme 

storms at local scales; alternate observed data sets (e.g., corrected radar data) may be 

needed to help validate extreme storms simulated by high-resolution RCMs. Finally, the 

annual rainfall extremes for short durations less than 1 hour (i.e., 5, 10, 15, and 30 minutes) 

are usually not available from the direct output of RCMs. Here we fitted the observed 

rainfall extremes for both short durations and 1-hour duration using different linear 

regression models such that four fixed ratios can be obtained. These ratios were assumed 

to be time-independent and thus would not change with time. We then applied the ratios 

to the 1-hour annual extremes simulated by the PRECIS ensemble such that extremes for 

short durations can be estimated. But these ratios might also be subject to change in future 

in the context of climate change. Using weather generators (Kilsby et al., 2007; Semenov 

and Barrow, 1997) for developing high-resolution climate projections of short durations 

seems to be more realistic and therefore is worthy of further exploration. However, the 

results presented in this paper are still important for local practitioners and decision makers 

from a planning perspective.  
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CHAPTER 8 

ONTARIO CLIMATE CHANGE DATA PORTAL   

8.1 BACKGROUND 

As one of the most pressing issues in the world, climate change has already caused 

evident impacts on natural and human systems on all continents and across the oceans in 

recent decades (IPCC, 2014). For example, changing precipitation or melting snow and 

ice are altering hydrological systems in many regions which may further affect water 

resources in terms of quantity and quality (Crossman et al., 2013; Jordan et al., 2014; 

Parmesan and Yohe, 2003; Piao et al., 2010; Whitehead et al., 2009; Yang and Yang, 

2014); many terrestrial and marine species have shifted their geographic ranges and 

migration patterns in response to the ongoing climate change (Cheung et al., 2009; Doney 

et al., 2012; Harley et al., 2006; Ling et al., 2014; Poloczanska et al., 2013); climate change 

is also affecting human health as a result of increased frequency and intensity of extreme 

weather events including heat waves, floods, and droughts (Haines et al., 2006; Hansen et 

al., 2012; McMichael et al., 2006; Patz et al., 2005). This is particularly true for Canada 

where extreme weather events have frequently struck its major cities in recent years and 

caused tremendous amounts of damage. For instance, the severe floods in Calgary and 

Toronto in 2013 have been recorded as the largest natural disasters in the histories of 

Alberta and Ontario. The insurance costs caused by these two events have constituted the 

first and third largest natural insured catastrophes in Canadian history. Recent modeling 

efforts suggest that continued emission of greenhouse gases will cause further warming 

and long-lasting changes in all components of the climate system, increasing the likelihood 
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of severe, pervasive and irreversible impacts on human and ecosystems (IPCC, 2014). 

While mitigating climate change would require substantial and sustained reductions in 

greenhouse gas emissions through worldwide consensus and collaborations, adapting to 

climate change has become a major focus of regional and local policy makers and 

development practitioners (Jones et al., 2012; Wende et al., 2012). 

Planning of adaptation strategies against the changing climate requires a thorough 

assessment of the potential impacts of climate change at local scales. However, climate 

change impact assessment is usually subject to a number of challenges which may pose 

barriers to impact researchers and decision makers. In detail, forecasts of future climate 

change under different emission scenarios (Nakićenović, 2000; Van Vuuren et al., 2011) 

can only be implemented with global climate models (GCMs) which usually run at the 

global scale with a coarse resolution of 150-300km. This makes GCM outputs unsuitable 

for driving impact models (e.g., for crops, water resources, and terrestrial ecosystems) 

because these models require projections with a much finer resolution (in the order of 

10km). Further downscaling through either dynamical or statistical techniques is thus 

required for deriving regional climate details from the coarse-resolution outputs (Castro et 

al., 2005; Pierce et al., 2013; Schmidli et al., 2006; Wang et al., 2013). However, effective 

downscaling of GCMs projections is practically difficult for impact researchers due to the 

lack of computation resources and/or long-term reference data which are indispensable for 

either dynamical or statistical downscaling (Fowler et al., 2007a; Jha et al., 2013; Rife et 

al., 2013; Willems et al., 2012). Such difficulty has become a major barrier preventing 

informed mitigation and adaptation planning which is of immediate concern to scientists, 
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practitioners, and policy makers (Bierbaum et al., 2013; Brown and Wilby, 2012; 

Carlsson-Kanyama et al., 2013; Surampalli et al., 2013). 

As the largest economy in Canada, the Province of Ontario is now suffering 

extraordinary changes in its local climatology, such as more frequent and intense weather 

anomalies (e.g., heat waves, floods, droughts, and wind gust), and shorter duration of ice 

cover on and fluctuating water levels in the Great Lakes. Such changes have caused a large 

number of weather-related catastrophes accompanied with massive losses of life and 

tremendous socio-economic damages (MoE, 2011a). In response to these changes, the 

Government of Ontario has initiated prudent steps to protect its public health, economy, 

and communities from the harmful effects of climate change (MoE, 2011b). 

Implementation of such an adaptation initiative is substantially depending on our current 

understanding of future climatic changes in the context of Ontario as well as our 

confidence about these changes. As a result, reliable climate projections with finer 

resolution over Ontario is becoming an urgent need to local policy makers and climate 

researchers who are focusing on climate change impact assessment at regional scales.   

In this study, we will develop high-resolution regional climate projections over 

Ontario using an ensemble modeling approach to provide reliable and ready-to-use climate 

scenarios for assessing plausible effects of future climatic changes. Specifically, we will 

adopt the Providing Regional Climates for Impacts Studies (PRECIS) regional climate 

modeling system to carry out ensemble simulations to the current and future climate over 

Ontario in a continuous run from 1950 to 2099. The PRECIS ensemble consists of five 

members which are driven by different boundary conditions from a perturbed-physics 

GCM ensemble based upon the Hadley Centre Coupled Model, version 3 (HadCM3). The 
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simulated results of temperature and precipitation for the baseline period will be compared 

to the relevant observations to validate the PRECIS ensemble’s performance in capturing 

the current climatology of Ontario. Future projections will then be spilt into three time 

slices (i.e., 2030s, 2050s, and 2080s) to help understand short- and long-term changes in 

the local climate in response to increasing greenhouse gas emissions. Furthermore, a web-

based climate data portal, named Ontario Climate Change Data Portal, will be developed 

with integration of all modeling results from the PRECIS ensemble to ensure that the 

public (e.g., decision makers and impact researchers) have free access to the high-

resolution climate projections. Apart from the representative climate variables, such as 

temperature, precipitation, humidity, solar radiation, wind speed and direction, we will 

also develop projections of rainfall IDF curves to help understand the possible effects of 

climate change on extreme precipitation events. The ensemble projections will be 

available at various temporal resolution levels (i.e., annual, seasonal, monthly, daily, and 

hourly) and thus can be used directly for climate change impact assessment. 

8.2 Methodology 

8.2.1 Regional Climate Projections 

In this study, the PRECIS regional climate modeling system developed at the UK 

Met Office Hadley Centre is used to generate high-resolution climate projections for the 

Province of Ontario. The PRECIS is a flexible, easy-to-use and computationally 

inexpensive RCM designed to provide detailed climate scenarios (Wilson et al., 2011). It 

can be applied easily to any area of the globe to generate detailed climate change 

projections, with the provision of a simple user interface as well as a visualization and 
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data-processing package. The PRECIS is able to run at two different horizontal resolutions 

(i.e., 25 km and 50 km) with 19 vertical levels using a hybrid coordinate system (a 

combination of ' coordinate and pressure-based coordinate). The PRECIS is a 

comprehensive physical model with consideration of both the atmosphere and land surface 

components of the climate system, and thus is capable of representing the important 

physical processes within the climate system, such as dynamical flow, atmospheric sulphur 

cycle, clouds and precipitation, radiative processes, and the interactions between land 

surface and deep soil (Jones et al., 2004). Besides, a full range of meteorological variables 

can be diagnosed by the PRECIS model and its output variables are available at various 

temporal resolutions (i.e., annual, seasonal, monthly, daily, and hourly). 

8.2.2 Boundary Conditions 

Given that RCMs are limited area models, they need to be driven at their boundaries 

by time-dependent large-scale fields (e.g., wind, temperature, water vapor, and surface 

pressure) to provide meteorological forcing for model simulations (Jones et al., 2004). 

These fields are usually known as boundary conditions and can be derived from either 

analyses of observations or GCM integrations in a buffer area that is not considered when 

analyzing the results of the RCM (Bellprat et al., 2012). The PRECIS model requires 

surface boundary conditions and lateral boundary conditions at its edges, but there is no 

prescribed constant at the upper boundary of the model (except for the input of solar 

radiation). Surface boundary conditions are only required over ocean and inland water 

where the model needs time series of surface temperatures and ice extents. Lateral 

boundary conditions provide the necessary dynamical atmospheric information at the 
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latitudinal and longitudinal edges of the model domain (e.g., surface pressure, winds, 

temperature, humidity, as well as the necessary chemical species when the sulphur cycle 

is being modeled). Lateral boundary conditions are updated every six hours in the PRECIS 

model while surface boundary conditions are updated every day (Jones et al., 2004).  

In this study, we derive boundary conditions from a HadCM3-based perturbed 

physics ensemble (known as QUMP, available at: 

http://www.metoffice.gov.uk/precis/qump) under the SRES A1B emission scenario to 

drive the PRECIS simulations over Ontario. The QUMP consists of 17 members and is 

developed by the Hadley Centre to allow users to generate an ensemble of high-resolution 

regional climate projections (Collins et al., 2006; McSweeney et al., 2012). Downscaling 

the 17-member PPE ensemble with PRECIS would require very large inputs of computing 

resources, data storage, and data analyses. In order to explore the range of uncertainties 

while minimizing these requirements, we select 5 members (i.e., HadCM3Q0, Q3, Q10, 

Q13, and Q15) from the QUMP ensemble according to the Hadley Centre’s 

recommendation (McSweeney and Jones, 2010). HadCM3Q0 is first selected as it is the 

standard, unperturbed model using the original parameter settings as applied in the 

atmospheric component of HadCM3. Selection of the remaining four members is based 

on: a) their performances in simulating the climate of the present day, to ensure that the 

selected members can represent the climate of the region of interest realistically, and b) 

the range or spread of future outcomes, in order to ensure that the selected members can 

sample the full range of outcomes simulated by the 17-member ensemble (McSweeney et 

al., 2012). In this study, we perform the PRECIS ensemble simulations in a continuous run 

from 1950 to 2099 with a resolution of 25km. 
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8.2.3 IDF Curves 

The intensity-duration-frequency (IDF) relationships of rainfall extremes (in the 

form of IDF curves) are often analyzed and summarized to help understand the 

characteristics of extreme rainfall events at given locations. An IDF curve can be generated 

through a statistical analysis of observed extreme rainfall events to provide the probability 

of a given rainfall intensity and duration expected to occur at a particular location. IDF 

curves have been extensively applied in many hydraulic and hydrological engineering 

practices for the design of structures that control storm water and flooding (Borga et al., 

2005; Hogg et al., 1989; Madsen et al., 2009; Madsen et al., 2002; Mailhot et al., 2007; 

Veneziano and Furcolo, 2002). However, current development of IDF curves relies on an 

assumption of rainfall series stationarity that the intensity and frequency of extreme 

hydrological events remain unchanged over time (Mailhot et al., 2007). In fact, such a 

stationary assumption is not necessarily applicable for future hydrologic time series in the 

context of climate change (Chen and Rao, 2002). Therefore, we will develop projections 

of IDF curves using the PRECIS ensemble simulations to help assess the potential impacts 

of climate change on extreme rainfall events in the context of Ontario. The projected IDF 

curves will includes the frequency of annual extremes of rainfall intensity (unit: mm/hr) 

or rainfall depth (unit: mm) corresponding to the following durations: 5, 10, 15, 30, and 

60 minutes, and 2, 6, 12, and 24 hours. As a well-known Type I distribution, Gumbel 

extreme value distribution will be used to fit the annual extremes such that the extreme 

rainfall intensity or depth at given frequency (known as return period, usually expressed 

in years) can be estimated for all durations. Return periods considered in this study 
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includes 2, 5, 10, 25, 50 and 100 years. The detailed steps for developing the projected 

IDF curves are provided in the work of Wang et al. (2014b). 

8.2.4 Ensemble Percentiles 

In order to synthesize the ensemble simulations by the PRECIS model, we use the 

Type 7 algorithm (Hyndman and Fan, 1996) hereinafter to derive quantiles (or percentiles) 

through a piecewise linear interpolation. To allow for more freedom in exploring the 

uncertainties associated with the simulations, we calculate the following ensemble 

percentiles: 10th, 20th, 30th, …, 80th, and 90th. Following the approach used in UK 

Climate Projections science report (Murphy et al., 2009), we select three typical 

percentiles (i.e., 10th, 50th, and 90th) to summarize the possible outcomes of future 

projections. In detail, the median (namely the 50th percentile) is used here to represent the 

central value of the distribution, indicating that half of the members are less than or equal 

to it; the 10th percentile is used to describe the ensemble projections by saying very likely 

to be greater than or very unlikely to be less than; while the 90th percentile is to indicate 

very likely to be less than or very unlikely to be greater than. 

8.3 DEVELOPMENT OF ONTARIO CCDP 

A web-based data portal, known as Ontario Climate Change Data Portal (hereinafter 

referred to as Ontario CCDP), is developed to make the ensemble regional climate change 

projections available to the public at http://ontarioccdp.ca. Ontario CCDP is implemented 

with provision of both visual representations and data downloading functions of climate 

scenarios using geospatial maps, in order to ensure technical or non-technical end-users 



274 

(e.g., municipalities, private sectors) have easy and intuitive access to the refined Ontario-

focused high-resolution regional climate data. 

8.3.1 Framework and Functionality 

As outlined in Figure 8.1, Ontario CCDP consists of five modules: user access, map 

overview, IDF curves, time series downloading, and help center. User access module is 

designed to facilitate the quick and easy access to the data sets of Ontario CCDP. The 

access to Ontario CCDP is free of charge but users are required to create an account 

through user registration while downloading data. Only basic information (e.g., name, 

organization, research purpose) will be collected for statistical purposes. Map overview 

module consists of combining map selector, map layer controller, and panel controller 

which are developed with the up-to-date web-based technologies and online map 

visualization tools (i.e., ArcMap version 10 and ArcGIS Online: 

http://www.esri.com/software/arcgis/arcgisonline). It allows users to view high-resolution 

maps of climate projections (e.g., for temperature and precipitation) over Ontario quickly 

and easily while only required is an Internet browser. Free access to IDF curves is also 

implemented with the aid of IDF curves selector and viewer, which enables users to 

preview IDF curves for each 25-km grid cell and to download the corresponding data file 

for further analysis. Time series downloading module is the most challenging but 

meanwhile the most useful function of Ontario CCDP due to its huge data volume (~4 

terabytes), including daily and hourly time series spanning from 1960 to 2095 for up to 

seven climate variables. With the integration of variable selector and grid data downloader, 

it allows users to easily locate and download the time series at specific points or regions 
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of interest. The time series included in Ontario CCDP can be used directly for driving 

impact models to help assess the impacts of climatic changes at regional scales. In addition, 

Ontario CCDP provides an online help center, consisting of about us, FAQs, and contact 

us, to provide necessary documentation and guidance regarding the use of the data portal. 

The homepage of Ontario CCDP is designed with a neat and user-friendly layout 

(shown in Figure 8.2). Users can explore freely more than 1200 gridded maps to help 

inform the spatial patterns of temperature and precipitation projections over Ontario. The 

main panel serves as a main controller allowing users to select climate variable, time 

period, measurement and averaging options, as well as ensemble percentile. One can also 

switch on or off: 1) a number of map layers, including Ontario boundary, census divisions, 

census subdivisions, census tracts, agriculture regions, and health regions, and 2) other 

information panels such as gauge panel, legend panel, and cursor panel, to facilitate the 

exploration of the high-resolution climate projections included by Ontario CCDP. Besides, 

a number of auxiliary functions are provided to help with map viewing and data 

downloading. For example, the map view controller enables users to change transparency 

of the gridded map, find users’ geographical location, reset the map to default extent, and 

zoom in/out the map; Basemap switcher allows users to choose an appropriate basemap to 

help analyze the spatial variations and local patterns of the projections (see the examples 

shown in Figure 8.3).  
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Figure 8.1 Framework of Ontario CCDP 
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Figure 8.2 Homepage layout of Ontario CCDP 
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Figure 8.3 Examples with different basemaps26

26 (a) annual precipitation for 2080s (50th percentile) with Imagery basemap; (b) projected IDF curves for 
2050s (50th percentile) with National Geographic basemap 
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8.3.2 Climate Data Integration  

As a physically-based model, the PRECIS outputs a full range of meteorological 

variables at various temporal resolutions. Due to the huge data volume, only a small 

number of output variables are provided in Ontario CCDP. Temperature and precipitation 

are included as they are widely regarded as indicators of climate change. Besides, another 

five variables of wide concern for climate impact researchers (i.e., relative humidity, 

surface solar radiation, wind speed, wind components U and V) are incorporated to provide 

driving scenarios for impact models. The data availability for climate variables and IDF 

curves is detailed in Table 1. Projections for daily average temperature and total 

precipitation are available for four time periods (i.e., baseline period, 2030s, 2050s, and 

2080s) at all temporal resolutions (i.e., annual, seasonal, monthly, daily, and hourly). For 

the remaining variables, we only provide time series for either daily or hourly time steps. 

The projections of IDF curves are also available for four time periods. Note that the data 

sets provided in the platform covers ~1900 25km x 25km grid cells over the Province of 

Ontario. 

8.4 RESULTS 

8.4.1 Ensemble Validation 

We use the 10-km gridded climate dataset provided by the National Land and Water 

Information Service (NLWIS), Agriculture and Agri-Food, Canada to validate the 

capability of the PRECIS ensemble simulations in capturing the historical climatology of 

Ontario. The NLWIS dataset is interpolated from daily Environment Canada climate 

station observations through a thin plate smoothing spline surface fitting method as
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Table 8.1 Data availability for all variables and IDF curves27

Variable Unit 
Time period Temporal average Time series 

Baseline 2030s 2050s 2080s Annual Seasonal Monthly Daily Hourly

Daily average temperature (1.5m) °C √ √ √ √ √ √ √ √ √ 

Daily maximum temperature (1.5m) °C √ √ √ √ - - - √ - 

Daily minimum temperature (1.5m) °C √ √ √ √ - - - √ - 

Total precipitation mm √ √ √ √ √ √ √ √ √ 

Relative humidity (1.5m) % √ √ √ √ - - - - √ 

Surface solar radiation W/m2 √ √ √ √ - - - - √ 

Wind speed (10m) m/s √ √ √ √ - - - - √ 

Wind component - U (10m) m/s √ √ √ √ - - - - √ 

Wind component - V (10m) m/s √ √ √ √ - - - - √ 

IDF curves - √ √ √ √ - - - - - 

27 Note that “√” means data for this combination is available while “-” indicates either not applicable or not available. 
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implemented by ANUSPLIN V4.3 (NLWIS, 2007). The NLWIS dataset contains daily 

maximum temperature, minimum temperature, and precipitation for 1961-2003 covering 

the Canadian landmass south of 60°N. Here we estimate daily average temperature on each 

10km grid cell using the average of daily maximum and minimum temperature. The data 

for 1961-1990 is extracted to represent the observations of historical climate in the context 

of Ontario. The NLWIS dataset is re-gridded to the 25-km grids of PRECIS model such 

that the undermentioned validation analyses can be conducted at the same spatial 

resolution. 

We first evaluate the performance of each member of the ensemble by comparing 

each one with the NLWIS dataset separately. Figure 8.4 and Figure 8.5 show the 

comparisons of daily average temperature and annual total precipitation. Here we use the 

name of its driving boundary condition to denote each member in order to distinguish it 

from the others. It seems that most of the ensemble members (i.e., HadCM3Q0, Q10, Q13, 

and Q15) are likely to slightly overestimate the daily average temperature in the baseline 

period. This is especially true for the middle and northern areas of Ontario. Specifically, 

the simulated average temperature by these four members is mostly bounded by [1, 4] °C 

in the middle and [-3, 1] °C in the north, while the observed average temperature is mainly 

ranging within [-1, 3] °C in the middle and [-5, -1] °C in the north. As for the average 

temperature over southern Ontario, these four members show good agreement with the 

observations except for the Q10 member which presents apparent warm bias in most of 

the area. By contrast, the Q3 member shows better performance in capturing the spatial 

pattern of daily average temperature than these four members even though it tends to 

slightly underestimate the observed daily average temperature in the north and south.  
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Figure 8.4 Comparison of daily average temperature between the ensemble members and 

the NLWIS dataset 
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Figure 8.5 Comparison of annual total precipitation between the ensemble members and 

the NLWIS dataset 
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Not surprisingly, the ensemble members demonstrate similar performance in simulating 

the annual total precipitation. The Q3 member shows satisfactory performance in 

reflecting the spatial pattern of precipitation in comparison with the other four members 

which are all likely to generate more precipitation than the observations. In addition, we 

notice that all the ensemble members perform very well in reflecting the spatial variations 

in precipitation at a higher resolution while the NLWIS dataset can hardly do due to its 

basis on a smoothing interpolation algorithm. Based on the initial performance evaluation 

to each member of the PRECIS ensemble, it is apparent that the Q3 member performs the 

best in hindcasting both temperature and precipitation. However, it is not suggested to use 

the results from this member only for the subsequent impact assessment because it can 

hardly reflect the uncertainties associated with the future climate projections. 

To investigate the overall performance of the ensemble simulations in capturing the 

historical climatology over Ontario, we further compare three typical percentiles (i.e., 10th, 

50th, and 90th) of the ensemble with the NLWIS dataset. Apart from daily average 

temperature and annual total precipitation, our comparisons also cover daily maximum 

and minimum temperature, as well as seasonal total precipitation. The comparisons are 

presented in the form of difference between the ensemble percentiles and the NLWIS 

dataset. Figure 8.6 shows differences in daily average, maximum, and minimum 

temperature (unit: °C). The 10th percentiles of difference in average temperature over the 

entire province are mainly ranging within [-1, 1] °C, while its 90th percentiles are largely 

bounded by [1, 3] °C. This means that the observations of average temperature are mostly 

bounded by the 10th and 90th percentiles of the PRECIS ensemble, indicating that the 

ensemble simulations are capable of hindcasting the average temperature over Ontario in 
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Figure 8.6 Difference in daily average, maximum, and minimum temperature between 

the ensemble simulations and the NLWIS dataset 
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the baseline period. Similarly, the ensemble simulations also perform well in capturing 

daily maximum temperature as the 10th percentiles of difference mainly vary within [-2, 

0] °C and the 90th percentiles of difference are mostly within [0, 2] °C. However, apparent 

negative differences in daily maximum temperature are found over the Great Lakes. This 

may suggest that the PRECIS model is likely to underestimate the maximum near-surface 

air temperature over the Great Lakes. It seems that the ensemble simulations perform 

relatively poor in hindcasting daily minimum temperature because its 10th percentiles of 

difference are mainly varying within [1, 3] °C over the most areas of Ontario, except for 

the southern end where the 10th percentiles of difference are largely bounded by [-1, 1] °C. 

Besides, the obvious warm bias over the Great Lakes may suggest that the PRECIS model 

is likely to overestimate the minimum near-surface temperature over large bodies of inland 

water. 

Figure 8.7 shows the differences in annual and seasonal precipitation between the 

ensemble simulations and the NLWIS dataset. The 10th percentiles of difference in winter, 

summer, and autumn precipitation are mostly negative while their 90th percentiles of 

difference are primarily positive within the domain of Ontario, demonstrating the 

reasonable performance of the ensemble simulations in capturing the historical 

precipitation patterns in these three seasons. By contrast, the 10th percentiles of difference 

in spring precipitation shows apparent positive bias over the most areas of Ontario. This 

is especially true for the north and the middle regions where the bias in precipitation can 

be as high as [25, 35] %. This may suggest that the PRECIS model is likely to generate 

more precipitation in spring in the baseline period. Such positive bias in spring 

precipitation more or less affect the annual total precipitation although the ensemble 



287 

Figure 8.7 Difference in annual and seasonal total precipitation between the ensemble 

simulations and the NLWIS dataset  
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simulations perform generally well in simulating precipitation of the other three seasons. 

In detail, the 10th percentiles of difference in annual total precipitation are largely bounded 

by [0, 10] % in the north and are primarily bounded by [-15, 0] % in the south, while the 

90th percentiles of difference in annual total precipitation are mostly positive. This 

indicates that the ensemble simulations are capable of capturing the annual precipitation 

patterns in the south but likely to slightly overestimate the annual precipitation in the north. 

8.4.2 Future Climate Projections 

Ensemble projections for a number of climate variables are provided in Ontario 

CCDP, here we only present the results of two typical variables: daily average temperature 

and annual total precipitation. Figure 8.8 shows the projections of daily average 

temperature over Ontario for three future 30-yr periods at 10th, 50th, and 90th percentiles. 

It seems that there is likely to be an obvious warming trend with time over the entire 

province. This is especially true for the northern end where the central estimate of average 

temperature is projected to be below zero (i.e., [-2, 0] °C) in 2030s, afterwards the average 

temperature is likely to rise above zero (i.e., [0, 2] °C) in 2050s and would continue to 

increase and reach up to [3, 5] °C in 2080s. To further analyze the projected warming trend 

across the province, we choose nine representative cities which are geographically located 

across the landmass of Ontario. The information of the selected cities is listed in Table 8.2. 

We extract the projections of daily average temperature in three future periods as well as 

the simulations of the baseline period for these nine cities and then compare their changes 

in temperature relative to the baseline period. The results are presented in Figure 8.9. It is 

interesting to find that there is no big difference in the magnitude of temperature increase 
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Figure 8.8 Projections of daily average temperature over Ontario 
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Table 8.2 Information of the selected cities 

No. City name Longitude Latitude 

1 Fort Hope 87°54' W 51°34' N 

2 Fort Severn 87°38' W 56°00' N 

3 Kenora 94°29' W 49°46' N 

4 Marathon 86°23' W 48°43' N 

5 Moose Factory 80°36' W 51°16' N 

6 Ottawa 75°41' W 45°24' N 

7 Sudbury 81°00' W 46°29' N 

8 Toronto 79°23' W 43°39' N 

9 Windsor 83°03' W 42°18' N 



291 

Figure 8.9 Project increases in daily average temperature at selected cities (50th 

percentile)28

28 The values in parentheses indicate the changes in daily average temperature relative to the baseline period. 
The sign of “+” means increase and “-” indicates decrease in temperature, respectively. 
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among the selected cities even though their projected values of daily average temperature 

may significantly differ from each other. For example, the average temperature in the most 

northern city (i.e., Fort Severn) is projected to be -1.2 °C in 2030s while the temperature 

for the same period in the most southern city (i.e., Windsor) would be as high as 12.1 °C. 

However, they are likely to suffer the same change in average temperature (i.e., +2.7 °C) 

in 2030s. For all cities, the projected increases in average temperature would be [2.6, 

2.7] °C in 2030s, [4.0, 4.7] °C in 2050s, and [5.9, 7.4] °C in 2080s.  

Figure 8.10 shows the projections of annual total precipitation over Ontario for three 

future periods at 10th, 50th, and 90th percentiles. It can be found that there is an apparent 

spatially increasing pattern for annual total precipitation, like average temperature, along 

with the latitude. For example, the 50th percentiles of annual precipitation in the north 

would likely to be varying within [600, 800] mm in 2030s, while in the middle and the 

south the projected annual precipitation in the same period would mostly be [800, 1000] 

mm and [1000, 1200] mm, respectively. Furthermore, it seems that there are no significant 

changes in such a meridionally distributed pattern in annual total precipitation from north 

to south for 2050s and 2080s. To further investigate the temporal trend in annual 

precipitation, we extract the projected precipitation for the nine cities in three future 

periods and compare with the simulations for the baseline period. The results are presented 

in Figure 8.11. Even though the changes in annual precipitation at these nine cities are 

distinct from each other, the vast majority of cities are projected to suffer positive changes 

varying within [3.2, 17.5] % in the future periods, except for the cities of Windsor and 

Kenora where negative changes in annual precipitation (within [-0.4, -3.4] %) are likely 

to occur. Because the magnitude of these negative changes are relatively small, it is 
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Figure 8.10 Projections of annual total precipitation over Ontario 



294 

Figure 8.11 Projected changes in annual total precipitation at selected cities (50th 

percentile)29

29 The values in parentheses indicate the percentage changes in annual total precipitation relative to the 
baseline period. The sign of “+” means increase and “-” indicates decrease in precipitation, respectively. 
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Figure 8.12 Projections of seasonal precipitation over Ontario (50th percentile) 
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reasonable to believe that there is likely to be a slight increasing trend in annual 

precipitation with time in the context of Ontario. In general, the projected increase in 

annual precipitation would likely to be [4.5, 7.1] % in 2030s, [4.6, 10.2] % in 2050s, and 

[3.2, 17.5] % in 2080s. 

Besides, projections of seasonal precipitation over Ontario are also analyzed in this 

study to help understand their spatial patterns and temporal trends (shown in Figure 8.12). 

Apparent meridional patterns of seasonal precipitation (i.e., less in the north and more in 

the south) are also projected for winter, spring, and autumn, apart from summer when no 

obvious spatial pattern is reported. Meanwhile, an overall slight increasing trend in winter 

and spring precipitation are projected in most regions of the province. This is especially 

apparent for the northern areas where the grid cells with winter precipitation less than 

100mm or spring precipitation less than 150mm are significantly reduced from 2030s to 

2080s. However, it seems that there are no obvious temporal trends in summer and autumn 

precipitation.   

8.4.3 Projected IDF Curves 

Apart from high-resolution projections of a number of climate variables, Ontario 

CCDP also contains projections of IDF curves at 25-km grid point scales for the entire 

province. Because one IDF curve may include a great deal of information on the rainfall 

intensity under different combinations of duration and return period for extreme rainfall 

events, we only present projections of IDF curves for the nine selected cities in this paper 

(as illustrated in Figure 8.13). The projected IDF curves for the entire province can be 

accessed and downloaded freely at Ontario CCDP for further analysis. The generated IDF 
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Figure 8.13 Illustration of projected IDF curves at nine selected cities 



298 

curves for the baseline period have been validated at twelve selected stations in 

comparison with the ones developed with observational data provided by Environment 

Canada, and the validation results are presented in the paper of (Wang et al., 2014b).  

Table 8.3 shows the 50th percentiles of rainfall intensity of 50-yr and 100-yr storms 

in 2080s for the selected cities projected by the PRECIS ensemble simulations. Apparently, 

each city tells a totally different story in terms of the projected rainfall intensities at 

different durations and return periods due to the spatial variations in precipitation. For 

example, the projected rainfall intensity for 50-yr storm with 24-hr duration in Ottawa is 

likely to be the same as the one in Windsor (i.e., 7.4 mm/hr), but the intensities for 50-yr 

storm with 1-hr duration in these two cities are obviously different from each other (i.e., 

65.7 mm/hr in Ottawa and 74.3 mm/hr in Windsor). However, we note that there is an 

increasing tendency of the projected rainfall intensity along with the latitude. In other 

words, the projected rainfall storms in southern cities are usually more intensive than those 

in northern cities. For example, intensities of 100-yr rainfall storm with 24-hr duration in 

Ottawa, Toronto, and Windsor are all likely to be 8 mm/hr or even higher, while the rainfall 

intensities under the same return period and duration in Fort Severn, Fort Hope, and Moose 

Factory are all projected to be lower than 7 mm/hr. 

To analyze the temporal trend in the intensity of rainfall storms, we further extract 

the rainfall intensities with 100-yr return period and 24-hr duration for the baseline and 

future periods at the nine cities. The percentage changes in the rainfall intensity of storm 

events in three future periods relative to the baseline period are then computed. The results 

are shown in Figure 8.14. It seems that most of the cities would likely to suffer an increase 

in the intensity of 100-yr rainfall storm with 24-hr duration because the overwhelming 
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Table 8.3 Projected rainfall intensity of 50-yr and 100-yr storms in 2080s for selected 

cities (50th percentile, unit: mm/hr) 

City name 50-yr return period 100-yr return period 

1 hr 2 hr 6 hr 12 hr 24 hr 1 hr 2 hr 6 hr 12 hr 24 hr 

Fort Hope 63.0 40.6 17.5 10.2 5.9 72.0 46.2 19.8 11.4 6.6 

Fort Severn 47.4 29.8 13.5 8.1 4.8 53.7 34.1 15.5 9.2 5.5 

Kenora 41.2 26.7 12.9 8.1 5.1 47.7 30.7 14.7 9.2 5.7 

Marathon 58.2 36.5 16.5 9.8 5.8 64.9 41.3 18.5 11.0 6.4 

Moose Factory 50.2 31.0 13.8 8.2 4.8 56.7 34.9 15.4 9.1 5.3 

Ottawa 65.7 40.8 19.2 12.1 7.4 73.7 45.6 21.8 13.7 8.3 

Sudbury 67.3 41.0 17.8 10.4 6.0 76.1 46.2 19.9 11.6 6.7 

Toronto 70.4 44.0 20.0 12.0 7.2 79.3 49.5 22.4 13.4 8.0 

Windsor 74.3 45.9 20.6 12.2 7.4 84.3 51.8 23.0 13.6 8.1 
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Figure 8.14 Projected rainfall intensity for the storm event with 24-hr duration and 100-

yr return period (50th percentile)30

30 The values in parentheses indicate the percentage changes in rainfall intensity relative to the baseline 
period. The sign of “+” means increase and “-” indicates decrease in the intensity of storm events, 
respectively. 
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majority of percentage changes are positive while negative changes are only likely to occur 

in Kenora and Moose Factory during the periods of 2030s (by -4.7% and -3%, 

respectively), in Fort Hope during 2050s (by -2.6%), and in Windsor during 2080s (by -

6.4%). However, the magnitude of these negative changes is relatively small in 

comparison with the projected positive changes (mostly higher than 15%). This may 

suggest that there is likely to be an overall increase in the projected rainfall intensity from 

2030s to 2080s at most of the selected cities although the projected intensity in 2050s at a 

few cities may be temporally strengthened (e.g., in Marathon) or weakened (e.g., in 

Sudbury). 

8.5 SUMMARY 

In this study, high-resolution regional climate projections over Ontario, Canada were 

developed through an ensemble modeling approach to provide reliable and ready-to-use 

climate scenarios for assessing plausible effects of future climatic changes at local scales. 

We adopted the PRECIS regional climate modeling system to conduct ensemble 

simulations in a continuous run from 1950 to 2099, which was driven by the boundary 

conditions from a HadCM3-based perturbed-physics ensemble. The ensemble simulations 

were divided into four time slices including one baseline period and three future periods 

(i.e., 2030s, 2050s, 2080s). Simulations of temperature and precipitation for the baseline 

period were compared to the observed ones to validate the performance of the ensemble 

in capturing the current climatology over Ontario. Future projections were then analyzed 

to help understand plausible changes in its local climate in response to global warming. 

To make the ensemble projections available to the general public, a web-based climate 
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data portal named Ontario CCDP was developed and can be accessed at 

http://ontarioccdp.ca. The Ontario CCDP contains a number of representative climate 

variables, such as temperature, precipitation, humidity, solar radiation, wind speed and 

direction. Besides, we have developed the projections of rainfall IDF curves to help 

understand the possible effects of climate change on extreme precipitation events in the 

context of Ontario. The projected IDF curves at 25-km grid point scales were also made 

available at Ontario CCDP.  

Our analyses for the climate projections over Ontario indicate that there is likely to 

be an obvious warming trend with time over the entire province. This is especially true for 

the northern end where the central estimate of average temperature is projected to be below 

zero (i.e., [-2, 0] °C) in 2030s, afterwards the average temperature is likely to rise above 

zero (i.e., [0, 2] °C) in 2050s and would continue to increase up to [3, 5] °C in 2080s. We 

also find that the spatial variability in the magnitude of temperature increase is very little 

even though there is an apparent increasing pattern from north to south in the average 

temperature. For the whole province, the average temperature would likely to increase by 

[2.6, 2.7] °C in 2030s, [4.0, 4.7] °C in 2050s, and [5.9, 7.4] °C in 2080s. Likewise, the 

annual total precipitation over the entire province is projected to increase slightly (i.e., [4.5, 

7.1] % in 2030s, [4.6, 10.2] % in 2050s, and [3.2, 17.5] % in 2080s). The projected increase 

in annual precipitation is mainly contributed by the increases in winter and spring 

precipitation as there are no obvious temporal trends in summer and autumn precipitation. 

Furthermore, our analyses of the projected IDF curves suggest that there is likely to be an 

overall increase in the intensity of rainfall storms at most of the cities in Ontario.  
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Since its initial launch on January 2014, Ontario CCDP has received more than 

15500 downloading requests from about 150 registered users (as of May, 2015), including 

academia, municipal and provincial agencies, non-government agencies, and private 

sectors. The climate data included in Ontario CCDP has been widely used for different 

research purposes, such as agricultural impact and risk assessments, water quality and 

quantity forecasting, infrastructure design and operations, wind power applications, 

impacts of shrinking ice cover of the Great Lakes and Hudson Bay, as well as many other 

applications related to climate change impact assessment and adaptation studies. However, 

we should note that the climate data and IDF curves contained in the current version of 

Ontario CCDP are all based upon the projections of Coupled Model Intercomparison 

Project phase 3 (CMIP3). Along with the release of CMIP5 by the Working Group on 

Coupled Modeling (WGCM) of World Climate Research Program (WCRP) in 2011, a 

state-of-the-art multimodel dataset was produced with the advancement of human 

knowledge in climate systems. Our ongoing efforts are therefore updating the high-

resolution climate projections for the Province of Ontario through ensemble downscaling 

to the CMIP5 dataset. Continuing developments and improvements to the data portal are 

also part of our future efforts. Following that, more climate projections and analysis tools 

will be developed and integrated into the next version of Ontario CCDP.  
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CHAPTER 9 

CONCLUSIONS AND OUTLOOK   

9.1 SUMMARY AND CONCLUSIONS 

In this research, a series of approaches and methodologies have been proposed for 

dealing with the challenges in climate change impact assessment due to the lack of high-

resolution climate projections at regional scales and the difficulty in quantifying the 

uncertainties associated with future climate projections. The proposed approaches and 

methodologies have been applied to the Province of Ontario, which is the largest economy 

in Canada, to demonstrate their effectiveness in generating probabilistic and high-

resolution regional climate change scenarios. The likely changes in temperature and 

precipitation as well as extreme precipitation events across the province were evaluated to 

help understand the local climate’s response to global warming. Besides, a public climate 

change data portal with integration of all climate data generated during the course of this 

research have been established to ensure impact researchers and decision makers have free 

access to the high-resolution climate projections over the Province of Ontario, thus 

supporting further impact studies and development of climate change mitigation and 

adaptation strategies. 

The major achievements of this research are summarized as follows: 

(1) A new statistical downscaling tool – SCADS. The SCADS uses a cluster tree to 

represent the complex relationship between large-scale atmospheric variables (namely 

predictors) and local surface variables (namely predictands). It can effectively deal with 

continuous and discrete variables, as well as nonlinear relations between predictors and 
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predictands. By integrating ancillary functional modules of missing data detecting, 

correlation analysis, model calibration and graphing of cluster trees, the SCADS is capable 

of performing rapid development of downscaling scenarios for local weather variables 

under current and future climate forcing conditions. The SCADS is available at 

http://env.uregina.ca/sca. Recently, an open-source software package of SCADS (named 

rSCA) for use with R programming language (http://www.r-project.org) has been 

implemented by the author and made available at http://cran.r-project.org/package=rSCA. 

More details about the rSCA package can be found in the paper of (Wang et al., 2015). 

(2) A coupled dynamical-statistical downscaling approach. A hybrid downscaling 

approach by coupling the PRECIS regional modeling system and the SCADS model has 

been developed to construct high resolution climate projections for studying climate 

change impacts at local scales. The validation results show that the coupled approach 

performs very well in hindcasting the mean temperature of present-day climate, while the 

performance for precipitation is relatively poor due to its high spatial variability and 

nonlinear nature but its spatial patterns are well captured. The coupled approach is then 

applied for projecting the future climate over the Province of Ontario, Canada at a fine 

resolution of 10 km. The results show that there would be a significant warming trend 

throughout this century for the entire province while less precipitation is projected at most 

of the selected weather stations. The projections also inform apparent spatial variability in 

the amount of precipitation but no noticeable changes are found in its spatial patterns. 

(3) A Bayesian hierarchical model for uncertainty quantification. An advancement 

to the method proposed by Tebaldi et al. (2005) has been presented in this research to 

facilitate the calculation of the probabilities of climatic changes at grid point scale. The 
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advanced method treats the unknown quantities of interest, such as observational errors, 

model reliability and temporal correlation, and true climate signals, as random variables 

with uninformative prior distributions. A Bayesian hierarchical model is developed to 

quantify the uncertainties of these quantities in a statistical framework based upon a 

limited number of explicit assumptions. By feeding the observations for current climate 

and simulations from the PRECIS ensemble into the Bayesian model, posterior 

distributions of all uncertain quantities can be obtained through a Gibbs-based MCMC 

simulation. The Bayesian hierarchical model presented here is not restricted to the high-

resolution PRECIS ensemble developed for the Province of Ontario. It can be applied 

directly to other GCM or RCM ensembles to construct more reliable projections for future 

climate change by quantifying related uncertainties in a statistical framework, thus 

providing useful information for assessing the risks and costs associated with climatic 

changes at global and regional scales. 

(4) Ontario Climate Change Data Portal – CCDP. A web-based climate data portal 

has been developed with integration of all modeling results from the PRECIS ensemble to 

ensure that the public (e.g., decision makers and impact researchers) have free access to 

the high-resolution climate projections refined for the Province of Ontario. Apart from the 

representative climate variables, such as temperature, precipitation, humidity, solar 

radiation, wind speed and direction, projections of rainfall IDF curves are also developed 

to help understand the possible effects of climate change on extreme precipitation events. 

The ensemble projections will be available at various temporal resolution levels (i.e., 

annual, seasonal, monthly, daily, and hourly) and thus can be used directly for climate 

change impact assessment in the context of Ontario. Since its initial launch on January 
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2014, Ontario CCDP has received about 16000 downloading requests from over 150 

registered users (as of June 2015), including academia, municipal and provincial agencies, 

non-government agencies, and private sectors. The climate data included in Ontario CCDP 

has been widely used for different research purposes, such as agricultural impact and risk 

assessments, water quality and quantity forecasting, infrastructure design and operations, 

wind power applications, impacts of shrinking ice cover of the Great Lakes and Hudson 

Bay, as well as many other applications related to climate change impact assessment and 

adaptation studies. 

9.2 RECOMMENDATIONS FOR FUTURE RESEARCH 

Based on the achievements and limitations of the research as presented in this 

dissertation, further studies in the following areas are suggested: 

(1) Improvement of SCADS. The SCADS assumes that the local variables are 

normally distributed so that the cutting and merging process can be effectively handled 

based on the Wilks’ statistic. Therefore, poor results would be obtained for daily 

precipitation because most days in a year might have no precipitation (i.e., 0 mm) which 

leads to a gamma distribution. To deal with this weakness, further improvements regarding 

downscaling daily precipitation could be carried out by introducing precipitation 

occurrence model and precipitation amount model (Fealy and Sweeney, 2007). In addition, 

the cluster tree is trained and calibrated based on the previous climate of the target region. 

It means that future projections of target predictands will not lie outside the range of the 

previous climatology. As a result, new extreme values in the future cannot be captured. 

Therefore, future efforts will also be focused on improving the capability of projecting 
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extremes as caused by local non-stationary process in the context of climate change, such 

as hydro-meteorological extremes (Khaliq et al., 2006). 

(2) Improvement of the methodology used for developing rainfall IDF curves. This 

research adopted only one extreme distribution function (i.e., Gumbel) to fit the probability 

of occurrence of extreme rainfall events. Even though this function was recommended to 

be used for the study area by Environment Canada, it may be subject to some unexpected 

changes in the context of climate change. Applicability of other extreme value 

distributions (e.g., Generalized Extreme Value distribution (Potter and Lettenmaier, 1990)) 

for developing future projected IDF curves in the context of study area should be further 

investigated. Note that estimating the occurrence of extreme events with a longer return 

period (e.g., the 100-yr event) than the length of observations or simulations (e.g., 30-yr 

simulations) may involve inherent uncertainties due to the choice of extreme value 

distributions.  

(3) Updating the climate scenarios of Ontario CCDP. The high-resolution climate 

data and IDF curves contained in the current version of Ontario CCDP are all based upon 

the global projections of Coupled Model Intercomparison Project phase 3 (CMIP3). Along 

with the release of CMIP5 projections in 2011, a state-of-the-art multimodel dataset has 

been produced with the advancement of human knowledge in climate systems. Our 

ongoing efforts are therefore updating the high-resolution climate projections for the 

Province of Ontario through ensemble downscaling to the CMIP5 dataset. Continuing 

developments and improvements to the data portal are also part of our future efforts. 

Following that, more climate projections and analysis tools will be developed and 

integrated into the next version of Ontario CCDP.  
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APPENDIX I 

BAYESIAN MODEL FORMATION 
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(3) Posterior is given by, up to a normalizing constant: 
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Thus, we can obtain full conditional distributions for each parameter by ignoring all 

terms that are constant with respect to the parameter.  
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APPENDIX II 

GIBBS SAMPLING ALGORITHM 

Step 1. Pick a starting value for the Markov chain: 0 1( , , , , , ,..., )
N

� � � � � � � , say: 

1 1

1 1
( , ,0,0.9,0.9,0.7,...,0.7)

N N

i i

i i

x y
N N� �

 


Step 2. Update each parameter in turn: 

(a) Sample a value of �  from its full conditional distribution: 

0 1 1 1( | , , , , ,..., , , ,..., , ,..., )
N o N N

p x x x y y� � � � � � � , using the most up-to-date values 

of all the remaining parameters. 

(b) Sample a value of �  from its full conditional distribution: 

0 1 1 1( | , , , , ,..., , , ,..., , ,..., )
N o N N

p x x x y y� � � � � � � , using the most up-to-date values 

of all the remaining parameters. 

(c) Sample a value of 0�  from its full conditional distribution: 

0 1 1 1( | , , , , ,..., , , ,..., , ,..., )
N o N N

p x x x y y� � � � � � � , using the most up-to-date values 

of all the remaining parameters. 

(d) Sample a value of 
i

�  from its full conditional distribution: 

0 1 1 1 1 1( | , , , , , , ..., , ,..., , , ,..., , ,..., )
i i i N o N N

p x x x y y� � � � � � � � � �� 	 , using the most 

up-to-date values of all the remaining parameters. Repeat for 1, 2,...,i N� . 

(e) Sample a value of �  from its full conditional distribution: 

0 1 1 1( | , , , , ,..., , , ,..., , ,..., )
N o N N

p x x x y y� � � � � � � , using the most up-to-date 

values of all the remaining parameters.  
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(f) Sample a value of �  from its full conditional distribution: 

0 1 1 1( | , , , , ,..., , , ,..., , ,..., )
N o N N

p x x x y y� � � � � � � , using the most up-to-date values 

of all the remaining parameters.  

Step 3. Repeat Step 2. M-1 times to produce a Markov chain of length M. 
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APPENDIX III 

MCMC SIMULATION 

We run the Gibbs sampling for a total of 260,000 iterations for all parameters at 

each 25km grid specified by PRECIS model. The first 10,000 iterations are treated as 

random drawings in the burn-in period during which the MCMC simulation forgets about 

the initial values for all parameters. After that, we save only one iteration result every 50. 

Thus, we can get a total of 5,000 values for each parameter, representing a sample from 

its posterior distribution. Estimated changes of temperature and precipitation at nine 

probability levels (10%, 20%, …, 90%) for three 30-yr periods (2020-2049, 2049-2069, 

and 2070-2099) can thus be calculated based on the CDFs of MCMC samples. 
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