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Abstract 

In the past few decades, there have been more extreme climate events occurring worldwide, 

constituting a growing risk for our societies. For example, Canada has experienced several extreme 

precipitation events that resulted in billions of dollars of damage, such as the flood events of 

Calgary and Toronto in 2013. Meanwhile, the 2001–2002 drought in the Canadian Prairies (CP) 

swept almost the entire southern part of the country, which was recorded as one of the top ten 

worst droughts observed over the instrumental period.  

 

However, most past studies have focused on changes in the mean climate (such as precipitation 

and temperature). This dissertation aims to address the spatial and temporal variabilities of climate 

extremes in Canada under the possible impact of a changing climate, which will improve our 

understanding of the changing hydroclimate extremes in Canada. Therefore, the objectives of this 

dissertation are: (1) to characterize spatiotemporal changes of climate extremes under the possible 

impacts of climate change; (2) to identify how atmospheric convection, temperature, and humidity 

have contributed to climate extremes; (3) to detect the influences of large-scale climate patterns 

on climate extremes in Canada. 

 

Chapter 2 investigates the spatial and temporal changes in precipitation extremes over Canada, as 

well as their teleconnections to large-scale climate patterns by using trend analysis, principal 

component analysis, and wavelet analysis. The results show that extreme precipitation defined 

from 10 extreme precipitation indices of Canada has generally become more severe since the mid-

twentieth century. Meanwhile, strong teleconnections are found between extreme precipitation and 

climate indices, but the effects of climate patterns differ from region to region.  
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Chapter 3 analyses the relationship between Convective Available Potential Energy (CAPE) and 

extreme precipitation event, which indicates a positive correlation over much of the eastern US 

and some parts of the Canadian prairies. In addition, increasing temperature and surface specific 

humidity could potentially lead to an overall increase in CAPE and extreme precipitation observed 

over these regions.  

 

Chapter 4 studies the variations in drought characteristics in terms of duration, frequency, area, 

and severity in Canada using the Standardized Precipitation Evapotranspiration Index (SPEI) at 

seasonal and annual time scales. The results suggest that droughts in Canada have generally 

become less severe over 1950-2016, and the relationships between climate patterns and drought 

variability have changed over time.  

 

Chapter 5 evaluates the non-stationary behavior of dry and wet spells in Canada using the 

generalized extreme value (GEV) distribution and Bayesian quantile regression. This analysis 

shows that dry spells have aggravated in the southern Canadian Prairie from 1979 to 2018, and the 

stationarity has been compromised as more grids are found to be non-stationary under the impacts 

of El Niño–Southern Oscillation (ENSO) and Pacific-North American pattern (PNA).  

 

Conclusions and future research are provided in Chapter 6. 
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Chapter 1. Introduction 

1.1 Background and Problem Statement 

In recent decades, climate change is one of the most significant, global-scale challenge to mankind 

in the 21st century given climatic extremes such as floods and droughts have been occurring more 

frequently and in greater severity across the world, resulting in significant impacts to both our 

society and the natural environment. The recent assessment and special report of the 

Intergovernmental Panel on Climate Change (IPCC) affirmed that the radiative forcing of rising 

concentration of greenhouse gases such as CO2, methane, and nitrous oxide due to anthropogenic 

activities have caused the earth to warm by about 1°C above pre-industrial levels (with a range 

between 0.8°C and 1.2°C) globally since the beginning of the twentieth century. Further, according 

to the climate projections of climate models, under the current warming trend, global warming is 

likely to reach by 1.5°C in 2030-2052 (IPCC, 2018). 

 

Our climate has been changing, especially climatic extremes which are expected to become more 

severe with more significant impacts over the 21st century (Easterling, 2000). Rising temperature 

at a global scale is likely to affect the global water cycle with major consequences, and sea level 

rise due to worldwide melting of sea ice and glaciers. According to the Clausius-Clapeyron 

equation, the water-holding capacity of the atmosphere will increase at about 7% per K in 

temperature, which could increase the occurrences of precipitation extremes (Allan and Soden, 

2008). Therefore, as the atmospheric water holding capacity increases with rising temperature, a 

warmer world is expected to experience more extreme rainfall events, as has been observed in 

many parts of the worldwide in recent decades (Hansen et al., 2012). For example, the increase in 

the frequency or intensity of precipitation extremes have also been reported in southern China 
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(Zhai et al., 2005), Japan (Duan et al., 2015), Denmark (Gregersen et al., 2013), Sweden 

(Gregersen et al., 2015), the United States (Dhakal and Tharu, 2018; Huang et al., 2017), and 

Brazil (Zilli et al., 2017). 

 

Canada has also been impacted by several extreme precipitation events which resulted in billions 

of dollars of damage, such as the flood events of Calgary and Toronto in 2013 which, as the 

respective worst natural disaster of Alberta and Ontario, are also ranked the first and the third 

largest natural insured disasters in the Canadian history, respectively (Milrad et al., 2015; X. Wang 

et al., 2014). In southern Alberta of Canada, Gizaw and Gan (2016) projected an overall increase 

in its future extreme precipitation in the mid and late 21st century, while Kunkel et al. (1999) 

detected increasing trends in extreme precipitation of 1-7 day durations over 1951-1993 in Canada.  

 

In addition to extreme precipitation, drought is another form of climatic extreme due to a prolonged 

period of abnormally dry weather, often resulting in severe water shortages and acute hydrological 

imbalance (Pachauri et al., 2014). Even though increased heating due to global warming may not 

directly cause droughts, it is expected that when droughts occur they tend to be more intensive 

(Trenberth et al., 2014), and the warming-induced drying from increased evaporation will likely 

be the largest over northern mid-high regions (Dai, 2011a). For example, the severe drought across 

northern China in 1997 resulted in 226 days of zero flow in the lower reach of the Yellow River 

(Cong et al., 2009), and another drought in 2000 damaged more than 40 million hectares of crops 

(Yu et al., 2014). From the trend analysis, Joshi et al. (2016) found that the occurrence of droughts 

had increased significantly in northeastern and central India over the second half of the 20th 

century. In Mexico, Escalante-Sandoval and Nuñez-Garcia (2017) projected that under RCP 4.5 
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and 8.5 climate scenarios of IPCC (2013), the duration and intensity of droughts would increase 

significantly. Meanwhile, an analysis of the spatial and temporal characteristics of droughts in the 

continental United States (US) also revealed that drought duration, severity, and intensity have 

increased in the western and eastern US over the past century (Ge et al., 2016). On the whole, the 

global percentage of dry areas has increased by about 1.74% per decade over 1950-2008 (Dai, 

2011a).  

 

In Canada, droughts have been identified as one of the most damaging natural disasters with 

enormous impacts on agriculture, industry, municipal services, and human health, among other 

sectors. The 2001–2002 drought in the Canadian Prairies (CP) that almost affected the entire 

southern part of Canada, was one of the top ten worst droughts observed over the instrumental 

period (Bonsal and Regier, 2007). In Alberta, crop producers lost $413 million and $1.33 billion 

in 2001 and 2002, respectively, while the estimated reduction in crop production in Saskatchewan 

accounted for losses of $925 million and $1.49 billion in 2001 and 2002, respectively (Wheaton 

et al., 2008). Furthermore, the spring and summer drought of 2015 was noted for its severity, extent, 

and impacts. Large areas in southern British Columbia were assigned with the highest drought 

rating, and the Alberta government designated the province as an Agricultural Disaster Area (Szeto 

et al., 2016). Moreover, the extreme dry and warm conditions led to one of the most active and 

persistent wildfire seasons for western Canada, while some rivers experienced their lowest historic 

flow levels in 100 years (CMOS, 2016). Therefore, as the climate continues to change, the risks 

and losses coupled with climate extremes could lead to greater impacts. 
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1.2 Research Objectives 

Most previous studies on the extreme precipitation in Canada have either used the generalized 

extreme value distribution (GEV), or they have only focused on some regions in Canada. Given 

the positive correlation between convective available potential energy (CAPE), sea surface 

temperature (SST), and specific humidity (Riemann-Campe et al., 2009; Seeley and Romps, 2015), 

we would anticipate an increase in CAPE values and precipitation extremes due to the observed 

and projected warming for the 21st century. Although large-scale climate drivers have been 

teleconnected to seasonal precipitation in Canada (e.g., Gan et al. (2007)), their influences on 

precipitation extremes have not received much attention and thus require further investigation.  

 

Studies have been conducted regarding droughts in the CP, but so far limited research has been 

conducted to investigate drought characteristics across Canada, especially the dynamic and time-

varying relationships between large-scale climate signals and Canadian drought characters. In 

addition, most past studies are based on monthly precipitation; however, relying only on the 

monthly precipitation amount or frequency can sometimes lead to misleading conclusions. 

Furthermore, few previous studies have systematically and simultaneously examined dry and wet 

spell characteristics and performed a comprehensive evaluation with sufficiently long daily 

precipitation in Canada. 

 

Given the recent extreme climatic events that had incurred significant impacts to both the Canadian 

government and the general public, the key objective of this thesis is to address the spatial and 

temporal variabilities of climate extremes in Canada under the impacts of a changing climate. The 

results of this study can provide a better understanding of the dynamics of climate extremes in 
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Canada, which is essential for policymakers and practitioners to improve risk management and to 

implement mitigation strategies. 

 

The objectives of this research are:  

(1) To characterize spatiotemporal changes of climate extremes under the possible impacts of 

climate change;  

(2) To identify how atmospheric convection, temperature, and humidity have contributed to 

climate extremes;  

(3) To detect the influences of large-scale climate patterns on climate extremes in Canada. 

 

1.3 Organization of Thesis 

The Thesis is organized into six chapters. The background information, problem statement, and 

research objectives are presented in Chapter 1; the spatial and temporal changes in precipitation 

extremes over Canada and their teleconnections to large-scale climate patterns in Chapter 2; 

changes to the summer Convective Available Potential Energy and extreme precipitation of 

southern Canada and the United States in Chapter 3; the variations of drought characteristics and 

their dynamic drivers in Chapter 4; and how dry and wet spell characteristics have altered in 

Canada in Chapter 5. Finally, the overall summary of conclusions and recommendations to future 

work to variabilities of climate extremes over Canada are given in Chapter 6. 
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Chapter 2. Spatiotemporal Changes in Precipitation Extremes over Canada 

and Their Teleconnections to Large-scale Climate Patterns 

2.1 Introduction 

In recent decades, hydrologic extremes such as floods and droughts have caused more public 

attention because they have been occurring more frequently and in greater severity worldwide 

(Easterling et al., 2000; Costa and Soares, 2009; Wang et al., 2014; Chen et al., 2015; Elewa et al., 

2016; Zilli et al., 2016). As the Earth warms, a higher temperature likely means that more 

precipitation will fall over shorter time intervals, thus increasing the frequency and severity of 

extreme storm events, which could incur significant damage and severe hardship to our society 

and natural systems (L. Gao et al., 2017; Zhang et al., 2011). Conversely, because of the global 

warming impact, droughts in semi-arid/arid regions of Africa have worsened in recent years (Gan 

et al., 2016). A brief review of some related studies is presented below. 

 

Climatic extremes can have devastating impacts on our societies (Hales et al., 2003; Mass et al., 

2011). For example, Canada has experienced several climate extremes which resulted in billions 

of dollars of damage, such as the extreme precipitation events of Calgary and Toronto in 2013 

which, as the respective worst natural disaster of Alberta and Ontario, are also ranked the first and 

the third largest natural insured disasters in Canada, respectively (Milrad et al., 2015; X. Wang et 

al., 2014). In southern Alberta, Canada, Gizaw and Gan (2016) projected an overall increase in its 

future extreme precipitation in the mid and late 21st century, while Kunkel et al. (1999) detected 

increasing trends in extreme precipitation of 1-7 day duration over 1951-1993 in Canada. 

Meanwhile, the increase in the frequency or intensity of precipitation extremes have also been 

observed in southern China (Zhai et al., 2005), Japan (Duan et al., 2015), Denmark (Gregersen et 
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al., 2013), Sweden (Gregersen et al., 2015), the United States (Dhakal and Tharu, 2018; Huang et 

al., 2017), and Brazil (Zilli et al., 2017). 

 

Flooding may cause an outbreak of cholera, typhoid, and diarrhoeal disease because of 

environmental pollution resulted from floodwater mixed with human and animal waste. On the 

other hand, droughts that reduce the amount of water available for sanitation can increase the risk 

of diseases such as malaria and dengue fever (Hales et al., 2003). Other than damage and hardships 

caused by floods and famines by droughts, extreme climate events can also have significant 

impacts on human health. Li et al. (2018) have shown that human perceived temperature or 

apparent temperature (AP) has increased faster than air temperature over land, and the summer 

increase in AP-based thermal discomfort is expected to outpace the winter decrease in AP-based 

thermal discomfort. 

 

Global warming could increase occurrences of precipitation extremes (Allan and Soden, 2008) 

since according to the Clausius-Clapeyron equation, the water-holding capacity of the atmosphere 

will increase at about 7% per K in temperature. According to the Synthesis Report (SYR) of the 

IPCC Fifth Assessment Report (AR5), the surface temperature is projected to increase over the 

21st century under all Representative Concentration Pathway (RCP) emission scenarios of IPCC 

(2013), and extreme precipitation events are projected to become more intensive and frequent in 

many regions across the world (Pachauri et al., 2014). Located in high-latitude areas, warming and 

extreme precipitation in Canada are expected to be more pronounced (Lemmen and Warren, 2004; 

Bush et al., 2014; Fischer and Knutti, 2016). From 1948 to 2012, the air temperature has increased 
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in most parts of Canada, with the largest warming in winter and spring, and precipitation has also 

increased, especially in northern Canada (Jiang et al., 2015; Vincent et al., 2015). 

 

Among various climate indices used for research in extreme climate, 27 indices developed by the 

Expert Team on Climate Change Detection and Indices (ETCCDI, http://etccdi.pacificclimate.org/) 

have been relatively popular, for they are designed to provide scientifically robust measures of the 

characteristics of precipitation and temperature, two most important daily climate variables (Zhang 

et al., 2011), e.g., Miao et al. (2015) and Jiang et al. (2017) used ETCCDI indices to study changing 

behaviors of precipitation extremes in China. 

 

Past studies on the extreme precipitation in Canada have either used probability distributions such 

as the generalized extreme value distribution (GEV) (Simonovic et al., 2016; Tan and Gan, 2017), 

or they have only focused on extreme precipitation of some parts of Canada (Benyahya et al., 2014; 

Wang et al., 2015). Even though large-scale climate patterns have been teleconnected to 

precipitation in some parts of Canada (e.g., Gan et al. (2007)), their influences on precipitation 

extremes have not received much attention and thus require further investigations (Xi et al., 2018; 

Zhang et al., 2001). Using teleconnection patterns PDO, PNA, and AO as covariates, Asong et al. 

(2016) built a Generalized Linear Model (GLM) to model seasonal precipitation, temperature, and 

their extremes in the CP. Based on the Bayesian spatiotemporal quantile (BSTQR) model, Tan et 

al. (2018a) examined the effects of large-scale climate patterns on Canadian winter precipitation 

at different quantile levels. They found that the teleconnections of Canadian winter precipitation 

to climate patterns are stronger at higher than at medium quantiles, implying that large-scale 

climate patterns likely exert a stronger influence on precipitation extremes. 

http://etccdi.pacificclimate.org/
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The primary objectives of this study are: (1) to analyze spatiotemporal changes of historical 

extreme precipitation over Canada using ten extreme precipitation indices; and (2) to find the 

influence of large-scale climate patterns on precipitation extremes of Canada. The results of this 

study will provide a more comprehensive understanding of precipitation extremes and their 

observed changes in Canada. The datasets are described in Section 2.2, the research methodology 

in Section 2.3, results and discussions in Sections 2.4, and conclusions in Section 2.5. 

 

2.2 Datasets 

2.2.1 Precipitation Time Series 

Among 464 stations of daily precipitation data given in the second generation, Adjusted Daily 

Precipitation dataset (ACP2) for Canada (Mekis and Vincent, 2011), 164 stations across Canada 

(Figure 2.1) which met the following requirements were selected in this study. The station should 

have data over the 1950 to 2012 period, and it should have no more than 2 consecutive years of 

missing values. ACP2 is part of the Adjusted and Homogenized Canadian Climate Dataset 

(AHCCD), and it is the most homogeneous long-term observed daily precipitation data currently 

available for Canada (Tan and Gan, 2017). Among the 164 stations selected, only few stations are 

located in northern Canada. More details about the adjustments and quality control including wind 

undercatch, evaporation and wetting losses, and  trace observation of the dataset have been 

extensively discussed by Mekis and Vincent (2011).  
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Figure 2.1 Study area and meteorological stations. Abbreviations: Alberta (AB), Saskatchewan (SK), Manitoba 

(MB), Newfoundland and Labrador (NL), Prince Edward Island (PE), Nova Scotia (NS), Northwest Territories 

(NT), Nunavut (NU), Ontario (ON), New Brunswick (NB), Yukon Territory (YT), British Columbia (BC), 

Quebec (QC). 

 

2.2.2 Extreme Precipitation Indices 

Out of 27 indices recommended by ETCCDI, we have adopted ten extreme precipitation indices 

grouped into two types to analyze extreme precipitation data of Canada and made the results 

comparable internationally (Fu et al., 2014; Lovino et al., 2018; Wang et al., 2013): (1) 

precipitation amount or intensity, which includes PRCPTOT, SDII, R95p, R99p, Rx1day, and 

Rx5day; and (2) number of days exceeding certain thresholds in rainfall depth, which are CDD, 

CWD, R10mm, and R20mm. The definitions and units of these indices in mm, mm/day and days, 

respectively are described in Table 2.1. 
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Table 2.1 Definitions of extreme precipitation indices 

Index Definition Unit 

Rx1day Monthly maximum 1-day precipitation mm 

Rx5day Monthly maximum consecutive 5-day precipitation mm 

R95p Annual total precipitation when daily precipitation > 95p mm 

R99p Annual total precipitation when daily precipitation > 99p mm 

PRCPTOT Annual total precipitation in wet days (daily precipitation≥1mm) mm 

SDII Simple precipitation intensity index mm/day 

R10mm Annual count of days when daily precipitation≥10mm Day 

R20mm Annual count of days when daily precipitation≥20mm Day 

CDD Max number of consecutive days with daily precipitation < 1mm Day 

CWD Max number of consecutive days with daily precipitation≥1mm Day 

 

2.2.3 Climate Indices 

We have selected certain large-scale climate patterns that have contributed to the precipitation 

variability over Canada (Coulibaly, 2006), such as North Atlantic Oscillation (NAO), Pacific-

North American (PNA), North Pacific Gyre Oscillation (NPGO), Pacific Decadal Oscillation 

(PDO), and El Niño–Southern Oscillation (ENSO). ENSO likely has the most significant inter-

annual climate variability and influence on the climate of Northern Hemisphere (Rasmusson and 

Wallace, 1983), including Africa (e.g., Ntale and Gan, 2004). The Multivariate ENSO Index (MEI) 

is selected to represent ENSO. 

 

PDO is the leading principal component (PC1) of North Pacific (poleward of 20N) monthly sea 

surface temperature anomalies since 1900 (Mantua and Hare, 2002). The warm and cold phases of 

PDO has an influence on the precipitation of North America. For example, winter precipitation in 
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the western United States (Brown and Comrie, 2004) and western Canada have been found to be 

affected by PDO (Gan et al., 2007). PNA depicts a quadripole of 500 millibar geopotential height 

anomalies, with opposite anomalies centered over Hawaii and central Canada, and with similar 

signals over the south of Aleutian Islands and southeastern USA 

(ncdc.noaa.gov/teleconnections/pna/). It is one of the most significant modes of low-frequency 

variability in the extra Tropics of Northern Hemisphere throughout the year except June and July. 

 

NAO represents the climate variability from the east coast of the United States to Siberia, and from 

the Arctic to the subtropical Atlantic (Hurrell et al., 2001). It is characterized by changes in surface 

pressure, and it is one of the dominant and prevailing modes of atmospheric behavior in North 

Atlantic (Hurrell et al., 2001; Coulibaly, 2006). NPGO is the second dominant mode of sea surface 

height (SSH) variability in the Northeast Pacific correlated with fluctuations of salinity, nutrients, 

and chlorophyll in the California Current and Gulf of Alaska. It indicates changes in the intensity 

of central and eastern North Pacific gyre circulations, and it is driven by upwelling and horizontal 

advection (Di Lorenzo et al., 2008). 

 

MEI is the first un-rotated principal component of six atmosphere-ocean variables over the tropical 

Pacific: sea-level pressure, zonal and meridional components of the surface wind, sea surface 

temperature, surface air temperature, and total cloudiness fraction of the sky over the tropical 

Pacific. It gives a more comprehensive description of the ENSO event than traditional ENSO 

indices, Nino3 and SOI (Wolter and Timlin, 2011, 1998, 1993).  

 

http://www.ncdc.noaa.gov/teleconnections/pna/
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2.2.4 Convective Available Potential Energy and Specific Humidity 

Convective Available Potential Energy (CAPE), a proxy for weather conditions amenable for the 

occurrence of extreme precipitation events, is the vertical integral of parcel buoyancy between the 

level of free convection and the level of neutral buoyancy (Ye et al., 1998). CAPE (Joule/kg) has 

been widely used to measure the onset of convection given high CAPE values represent favorable 

conditions for the occurrence of severe convective storms and tornado events (Brooks et al., 2007; 

Dong et al., 2018; Kishtawal et al., 2010; Monkam, 2002; Seeley and Romps, 2015). We used 

monthly CAPE data of the Twentieth Century Reanalysis (20CRv2) of National Oceanic & 

Atmospheric Administration (https://www.esrl.noaa.gov/psd/data/gridded/ 

data.20thC_ReanV2.html), which is an international project aimed at producing a high-quality 

global atmospheric circulation dataset (Compo et al., 2011). The dataset covers from 1871 to 2012, 

and it is available at 2˚ spatial resolution. Comparisons with satellite data and other reanalysis data 

show that 20CR is generally of high quality (Compo et al., 2011). Using the CAPE data from 

20CR, Krichak et al. (2015) found that heavy precipitating events are associated with an intense 

intrusion of humid tropical air and the presence of high CAPE values in the Mediterranean region. 

Further, given precipitation is also related to air temperature and humidity, monthly temperature, 

and specific humidity, these data were also analyzed in this study. 

 

2.3 Research Methodology 

2.3.1 Trend Analysis 

The non-parametric Mann-Kendall (MK) trend test (Mann, 1945; Kendall, 1955) recommended 

by the World Meteorological Organization (WMO) was used for the trend analysis of the 

precipitation data. The null hypothesis (H0) is that the data are independent and randomly 

https://www.esrl.noaa.gov/psd/data/gridded/%20data.20thC_ReanV2.html
https://www.esrl.noaa.gov/psd/data/gridded/%20data.20thC_ReanV2.html
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distributed, while the alternative hypothesis (H1) is that a monotonic trend exists (Song et al., 2015). 

The MK method has been widely used in the trend analysis of hydrologic and climate data 

(Shadmani et al., 2011; Frazier and Giambelluca, 2016; Pedron et al., 2016). However, the 

presence of autocorrelation in a time series can affect the detection of trends in the time series. 

Hamed and Rao (1998) proposed subtracting a non-parametric trend estimator from the original 

time series to account for the autocorrelation, and a detailed calculation procedure was given by 

Daufresne et al. (2009). The modified MK test was then applied to the time series of all indices 

listed in Table 2.1, and trend magnitudes were estimated using the non-parametric Sen’s slope 

estimator (Sen, 1968). 

 

2.3.2 Field Significance and False Discovery Rate 

Statistically, an individual test performed at a given significance level has a chance of falsely 

rejecting the null hypothesis. When conducting multiple tests simultaneously on data that are 

spatially correlated, it is necessary to adjust to avoid falsely rejecting a large number of the null 

hypothesis (Ventura et al., 2004). In view of a large number of stations selected in the study, it is 

necessary to consider the field significance statistically in relation to multiple tests. Here the false 

discovery rate (FDR) method which controls the expected percentage of falsely rejected null 

hypotheses is employed to identify the significance of tests conducted in this study (Benjamini and 

Hochberg, 1995). We applied the FDR method by using the “p.adjust” function in the R language 

(R Core Team, 2017). 
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2.3.3 Principal Component Analysis 

Principal component analysis (PCA) is a statistical method to reduce the dimensionality of a 

multivariate time series to several orthogonal principal components (PCs) that explain a large 

percentage of the variability in the time series (Jolliffe, 2002). For R95p and R99p indices analyzed 

in this study, the first two leading PCs account for more than 30% of the total variance. Following 

Cioffi et al. (2015) and for brevity, the leading PC1s are used for subsequent analysis of the time 

series of R95p and R99p.  

 

2.3.4 Wavelet Analysis 

Wavelet transform is an effective tool designed to transform a time series into time and frequency 

domains simultaneously, revealing temporal and frequency changes of the dominant oscillations 

of the time series (Torrence and Compo, 1998). Compared to the traditional Fourier transform, 

wavelet transform is well known for its ability to analyze nonstationary time series (Cazelles et al., 

2008), which is particularly useful for climate series that exhibits nonstationary behaviors (Chang 

et al., 2015; Tan and Gan, 2017).  

 

Another important application of wavelet transform is the wavelet transform coherence (WTC) 

between two time series, defined as the square of their cross-spectrum normalized by the power 

spectrum of each time series, which gives us their cross-correlation (between 0 and 1) as a function 

of frequency (Torrence and Compo, 1998). Wavelet analysis has been extensively used in climate 

research (Gan et al., 2007; Mwale et al., 2009; Jiang et al., 2014; Okonkwo, 2014). Herein we 

chose the Morlet wavelet as the mother wavelet because it finds a delicate balance between time 

and frequency localizations (Grinsted et al., 2004). It should be noted that since we are dealing 
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with finite-length time series, zeros are padded at the ends of the time series to reduce the edge 

effects (Torrence and Compo, 1998), and so the wavelet power beyond the cone of influence (COI) 

should be explained with caution (Gan et al., 2007).  

 

2.4 Results and Discussion 

2.4.1 Changes in Extreme Precipitation Amount/Intensity 

To present overall changes to extreme precipitation of Canada in 1950-2012, Figure 2.2 shows the 

average annual time series of Canada for all indices, while Table 2.2 shows the number of 

individual stations detected with positive or negative trends for the indices analyzed in this study. 

Overall, in these indices, positive trends dominate over negative trends, which means that extreme 

precipitation over Canada shows more increasing than decreasing trends in the study period.  

 

Over 1950-2012, both the average time series of RX1day (Figure 2(a)) and RX5day (Figure 2 (b)) 

of Canada show statistically significant increasing trends at 0.34 and 0.90 mm/decade, respectively. 

Figures 2(c) and (d) show that the average time series of R95p and R99p also show significant 

positive trends at 3.13 and 1.52 mm/decade, respectively. However, for individual stations, R99p 

trends ranged from -8.77 to 21.06 mm/decade (Table 2.2). As for the average time series of 

PRCPTOT, the trend of 9.44 mm/decade is statistically significant, while the average SDII time 

series of Canada has a non-significant negative trend. 
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Figure 2.2 Annual series of extreme precipitation indices from 1950 to 2012. The red line is the linear trend; The 

blue dashed line is the mean. S is the trend per decade by Sen’s slope. 

 

There are more stations showing positive than negative trends for RX1day and RX5day 

(respectively 102 and 107 versus 60 and 55), but only about 10% of positive trends are statistically 

significant, which agrees with Shephard et al. (2014) who also reported a general lack of significant 

trend signals. By contrast, no station has shown a significant negative trend in either index. A 

comparable number of stations show positive and negative trends in R95p and R99p (respectively 

108 and 103 versus 54 and 60), but for R99p only 2 stations show statistically significant positive 

trends. Additionally, a comparable number of stations show positive and negative trends in SDII 

(88 versus 76), but more positive than negative trends are statistically significant (20 versus 9).  
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Spatial patterns of these results are presented in Figure 2.3. Generally, stations with positive 

extreme precipitation amount/intensity trend were located along the southern border of Canada 

while trends that are more negative are found in the central Canadian Prairies (CP): British 

Columbia (BC), Alberta (AB), Saskatchewan (SK), and Manitoba (MB). Meanwhile, positive 

trends dominate the northern part of Canada. 

 

Table 2.2 Trends per decade and number of stations showing positive or negative trends of extreme 

precipitation indices during 1950-2012 

Index 
Regional trends 

(unit/decade) 
Range 

Positive 

trend 

Significant 

positive trend 

Negative 

trend 

Significant 

negative 

trend 

Rx1day 0.34 -3.19 to 3.46 102 9 60 0 

Rx5day 0.90 -3.93 to 8.95 107 10 55 0 

R95p 3.13 -38.25 to 50.91 108 10 54 3 

R99p 1.52 -8.77 to 21.06 103 2 60 0 

PRCPTOT 9.44 -65.92 to 89.47 117 32 47 3 

SDII -0.005 -0.54 to 0.34 88 20 76 9 

R10mm 0.27 -2.67 to 2.63 107 27 56 9 

R20mm 0.08 -1.71 to 1.32 101 10 63 7 

CDD -0.33 -5.00 to 2.08 62 0 101 3 

CWD 0.08 -0.77 to 1.25 114 16 50 2 

Annual trends that are statistically significant at the 0.05 level are in bold. 
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Figure 2.3 Spatial patterns of trends for extreme precipitation amount/intensity indices from 1950 to 2012. The 

abbreviations are P: positive trend, SP: significant positive trend, N: negative trend, SN: significant negative 

trend and NT: no trend. 

 

2.4.2 Changes in Number of Days with Extreme Precipitation 

About twice as many stations show positive than negative trends in R10mm and R20mm (number 

of days ≥ 10 and 20mm of precipitation per day, respectively), and more positive trends are 

statistically significant especially for R10mm (27 versus 9). Therefore, out of 164 stations of 

R10mm data of Canada analyzed, the average trend estimated was about 0.27 day/decade. For 

R20mm, a comparable number of negative and positive trends are significant which over 1950 to 

2012 range from -1.71 to 1.32 day/decade. It is noted that more stations show negative trends in 
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Consecutive Dry Days (CDD) than in Consecutive Wet Days (CWD) (101 versus 50), but the 

reverse number of positive trends between CDD and CWD (62 versus 114). However, most of the 

detected trends are not statistically significant except for positive trends in CWD. The trend 

magnitude for the average CDD time series (-0.33 day/decade) is much higher than that of the 

average CWD time series (0.08 day/decade). The overall results obtained for the above 10 indices 

show that from 1950 to 2012, Canada has generally become wetter, which is what we would expect 

from increasing atmospheric moisture as the global climate has become warmer since the mid-

20th century. 

 

Figure 2.4 shows spatial distributions of trends for extreme precipitation indices, R10mm, R20mm, 

CWD, and CDD across Canada, of which the first three indices display analogous spatial 

distributions with the indices Rx1day, Rx5day, R95p, R99p, SDII, and PRCPTOP discussed in 

Section 4.1. However, CDD displays a different spatial distribution: negative trends dominated in 

the north and a mixed pattern in the south, which again shows that Canada had generally become 

wetter since the 1950s especially in the North. 

 

We have detected decreasing trends in the annual SDII and CDD over Canada and more increasing 

trend in days with heavy precipitation (R10mm) in 1950–2003, similar to the results of Vincent 

and Mekis (2006). One consequence of this change could be an increased frequency and severity 

of flash floods (Limsakul and Singhruck, 2016). From analyzing changes in global precipitation 

extremes using ETCCDI indices, Alexander et al. (2006) also found a widespread and significant 

increase in precipitation extremes. Wang et al. (2015) detected decreasing heavy rainfall intensities 

in eastern and southern Ontario, which is similar to the decreasing SDII of southern Ontario in 
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Figure 2.3(f). However, using a regional climate model, Wang et al. (2014) projected both the 

intensity and frequency of extreme rainfall of Ontario would likely increase in the future. Even 

though hydrologic extremes are generally expected to become more severe in North America 

(Kunkel, 2003), locally possible changes to future extreme precipitation remain uncertain because 

of many possible factors involved, such as moisture availability, thermodynamic instability 

(warming near the surface and cooling in the upper troposphere), effects of large-scale atmospheric 

circulations, terrain features, and others.  

 

Spatially, these extreme precipitation indices exhibit a mixture of increasing and decreasing trends 

across Canada in 1950-2012, which is consistent with the relatively low spatial coherence of 

extreme precipitation shown by Vincent and Mekis (2006). However, other than CDD, all indices 

exhibit more increasing than decreasing trends in southern Canada, except in central CP where 

decreasing trends are more dominant. Zhang et al. (2001) found that albeit the temporal 

distribution of the number of heavy precipitation events in Canada is spatially coherent, it varies 

considerably between seasons and regions. Tan and Gan (2017) who analyzed the non-stationarity 

of heavy precipitation events of Canada concluded that stations with increasing trends are mostly 

located in the southwest and in Quebec while more decreasing trends are detected in the CP. 
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Figure 2.4 Spatial patterns of trends for extreme precipitation day indices from 1950 to 2012. The abbreviations 

are the same as Figure 2.3. 

 

2.4.3 Relationship between extreme precipitation indices and annual precipitation 

To examine if extreme precipitation indices are good indicators of the annual precipitation, their 

relationships are estimated using the Spearman's rank correlation rho (Spearman, 1904). As Table 

2.3 shows, all indices are significantly correlated to the annual precipitation, especially for R95p, 

PRCPTOT, R10mm, and R20mm whose Spearman rank correlation coefficients exceeded 0.80. 

CDD is the only index negatively correlated to the annual precipitation, which is expected because 

CDD represents the number of consecutive dry days. The result demonstrates that these 10 extreme 

precipitation indices can adequately reflect changes in the annual precipitation of Canada. 
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Table 2.3 Correlation coefficients between extreme precipitation indices 

and annual precipitation 

 Rx1day Rx5day R95p R99p PRCPTOT SDII R10mm R20mm CDD CWD 

AP 0.571 0.657 0.847 0.723 0.989 0.583 0.946 0.832 -0.448 0.398 

AP stands for annual precipitation. Coefficients that are statistically significant at the 0.05 level are in bold. 

 

2.4.4 Probability Distribution Functions (PDF) 

To investigate the temporal variation in extreme precipitation further, all indices were divided into 

three 20-year sub-periods: 1950-1970, 1971-1991, and 1992-2012 (Figure 2.5). Based on results 

obtained from the Kolmogorov-Smirnov test, it is noted that distributions of RX5day, PRCPTOT, 

R10mm, CDD, and CWD of sub-period 1 are statistically different from that of sub-period 3, 

suggesting a shift in these extreme precipitation indices. Generally, all indices except CDD, tend 

to shift to the right from sub-periods 1 to 2 and to 3, which demonstrates that probabilistically, 

extreme precipitation of Canada has been increasing in severity and frequency since the mid-

twentieth century. For example, R10mm was less than 32 days in 1950-1970, but it exceeded 32 

days in 1971-1991 and 1992-2012.  

 

Moreover, from PDFs of RX1day, RX5day, R99p, PRCPTOT, and R10mm, it seems that the 

probability of occurrence of moderate extreme precipitation events has decreased since the 1950s. 

For example, the probability of getting RX1day at 46mm was about 35% in 1950-1970, but the 

probability decreased to just over 10% in 1992-2012. In contrast, the probability of getting 

moderate CDD has increased in the 2nd and 3rd sub-periods, while CWD has shifted so that the 

duration of CWD tends to increase compared to the past. Overall, it seems that extreme 

precipitation in Canada will tend to occur more frequently in the future, probably leading to more 

flooding events.  
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Figure 2.5 Annual probability density functions for extreme precipitation indices from 1950 to 2012 for three 

time periods: 1950-1970, 1971-1991, and 1992-2012. 

 

2.4.5 Relationship between R95p/R99p and Climate Indices 

2.4.5.1 Wavelet Analysis of R95p and R99p 

Given the vast landmass and various climatic zones of Canada, we have divided Canada into three 

regions, eastern, central, and western Canada. A similar regionalization approach has been adopted 

to analyze synoptic circulation patterns related to heavy precipitation (Tan and Gan, 2017) and 

seasonal precipitation (Coulibaly, 2006) in Canada. Figure 2.6 shows the wavelet power spectra 

of PC1 for R95p and R99p of western, central and eastern Canada. The thick black contours 

represent statistically significant power at 95% significance level against red noise, and the white 
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sag line is the cone of influence (COI), outside which results may be affected by edge effects of 

zero paddings.  

 

In general, R95p and R99p showed somewhat similar oscillation patterns in the same regions. 

However, each region exhibited different oscillation patterns for R95p and R99p. As shown in 

Figures 2.6(a) and (b), the power spectrum plot of western R95p reveals two distinct bands at 4-8 

year and 2-4 year periodicities from 1960 to 1975 and in the 1980s, respectively. Two bands of 2-

6 year and 12-16 year periodicities are in the 1980s for the power spectrum plot of western R99p. 

In contrast, an 8-16 year band and a 1-4 year band dominate the central R95p and R99p power 

spectrum plots in 1950-1970 and 2000s, respectively. A small band of 1-year in the 1980s, two 

bands of 2-4 year and 6-8 year periodicities in 2000s are found in eastern R95p and R99p power 

spectrum plots, respectively.  

 

In investigating heavy precipitation of Canada for 1900-1998, Zhang et al. (2001) also found 

decadal oscillation as a dominant feature in precipitation extremes, while wavelet analysis of R95p 

and R99p indices in Figure 2.6 show a combination of significant interannual and decadal 

oscillations that appeared and disappeared over 1950-2012 in eastern, central, and western Canada 

without any consistent pattern.  
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Figure 2.6 Wavelet power spectra of PC1 for R95p and R99p in the eastern, central, and western Canada. 

 

2.4.5.2 Wavelet Transform Coherence (WTC) 

The WTC plots between extreme precipitation indices (PC1 of R95p and R99p) and selected 

climate indices are shown in Figures 2.7-2.9. The arrows indicate the phase difference: arrows 

pointing to the right (left) mean that two time series are in phase (anti-phase) while arrows pointing 

up (down) mean that one time series leads (lags) the other by90 . Analogous to Figure 2.6, WTC 

between R95p and climate indices are similar to WTC between R99p and climate anomalies in the 

same region, and so we only present results of R99p. The coherence spectrum plots between the 

MEI and R99p show statistically significant power at 2-4 year bands in some years over western 

Canada (Figure 2.7(a)) and at 2-6 year bands over eastern Canada, respectively. After the 1970s, 
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there was a consistently strong coherence at 8-16 year bands between R99p and MEI in western 

and eastern Canada, although parts of the bands are outside the COI. For central Canada, the power 

of the wavelet coherence between MEI and R99p (Figure 2.7(c)) was relatively weak, which is 

expected because of the blocking effect of the Canadian Rockies.  

 

There was a strong 8-12 year wavelet coherence since the 1980s between PDO and R99p in 

western Canada (Figure 2.7(b)), but a weak coherence between PDO and R99p in eastern and 

central Canada. There was a high 2-8 year coherence between PNA and R99p from the 1950s to 

1990s in western Canada (Figure 2.8(a)) and a strong 8-14 year coherence between PNA and R99p 

during the 1950s and after 1995 in eastern Canada (Figure 2.8(e)). For central Canada, other than 

a strong 1-4 year coherence that appeared since the 1990s, PNA did not seem to have much effect 

on R99p. Figure 2.8(b) shows that there are scattered strong interannual (1-4 year) coherence 

between NAO and R99p in western Canada and a significant coherence band of 6-8 year 

periodicity in central Canada. The band of high 12-16 year coherence mainly occurred after the 

1990s, but it is outside the COI of the wavelet coherence plot (Figure 2.8(f)). The wavelet 

coherence between NPGO and R99p was active in western Canada, of interannual 2-8 year cycle 

and 8-16 year cycle for R99p (Figure 2.9(a)). Some scattered coherence between NPGO and R99p 

of 4-6 year cycle can be found in central Canada, and a strong 8-16 year coherence from the 1990s 

is detected in eastern Canada (Figure 2.9(c)).  

 

From a non-stationary analysis of the frequency and intensity of heavy Precipitation over Canada 

using a generalized extreme value distribution (GEV), Tan and Gan (2017) found a strong non-

stationary relationship between heavy precipitation and large-scale climate patterns. For example, 



 

28 

 

annual maximum daily precipitation in southwestern coastal regions and southern CP tend to be 

larger in El Niño than in La Niña years. In our study, results of the WTC analysis further show 

that extreme precipitation of western Canada based on R95p/R99p indices are strongly correlated 

with MEI, PDO, PNA, and NPGO. For extreme precipitation of central Canada, NAO and NPGO 

exerted more influence than other climate anomalies, while for eastern Canada, extreme 

precipitation primarily comes under the influence of MEI, PNA, and NPGO. Jiang et al. (2014) 

also found the seasonal precipitation of Alberta (central Canada) to be strongly influenced by 

ENSO, PDO, and NPGO, while Gan et al. (2007) showed the influence of ENSO and PDO on the 

winter precipitation of southwestern Canada. 

 

Figure 2.7 Wavelet coherence between the MEI/PDO and R99p for the eastern, central, and western Canada. 
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Figure 2.8 Same as Figure 2.7 but for the PNA and NAO. 
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Figure 2.9 Same as Figure 2.7 but for the NPGO. 

 

2.4.5.3 Relations of Atmospheric Circulations with Climate patterns and Anomalous Precipitation 

Oceanic and atmospheric circulation patterns are potential drivers behind climate extremes 

worldwide through their impacts on sea surface temperatures, surface winds, and sea level pressure 

(Limsakul and Singhruck, 2016; Xi et al., 2018). Using storm back-trajectory analyses, Tan et al. 

(2018b) showed that extreme precipitation events in southwestern Canada are generally associated 

with the atmospheric river over the North Pacific, while moisture pathways for central and eastern 

Canada follow westerlies in mid-latitudes coming from the North Pacific Ocean or the northern 

polar jet stream over high-latitudes regions. 
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Using boosted regression tree analysis, Theobald et al. (2018) demonstrated that teleconnections 

do not act in isolation, and their complex interactions with synoptic atmospheric circulation can 

affect precipitation variability. Furthermore, Tan et al. (2018c) applied the self-organizing map 

(SOM) algorithm on vertically integrated water vapor transport (IVT) data to analyze large-scale 

meteorological patterns (LSMPs) associated with precipitation extremes for summer and fall in 

Canada. During summer, the occurrence of LSMPs associated with ENSO in western Canada is 

higher than that in eastern Canada (Tan et al., 2018c), as shown by more extensive statistically 

significant wavelet-coherence between MEI and R99p in Figure 2.7(a) than that in Figure 2.7(e). 

In addition, Tan et al. (2018) further show that LSMPs associated with more frequent occurrence 

of extreme precipitation over western Canada are more likely to occur during positive phases of 

ENSO, as shown by the coherence phase in Figure 2.7(a), implying that ENSO has considerable 

influence on certain LSMPs patterns identified by Tan et al. (2018c). Similarly, the occurrence of 

LSMPs associated with NAO in western Canada is larger than that in eastern Canada (Tan et al., 

2018c), which again agrees with the more extensive wavelet-coherence of NAO-R99p in Figure 

2.8(b) than that in Figure 2.8(f). Additionally, LSMPs patterns associated with less frequent 

summer extreme precipitation events over western Canada tend to occur during the negative phase 

of NAO, which has also been shown by the coherence phase in Figure 2.8(b), indicating that NAO 

also has a significant influence on certain LSMPs patterns they have identified. 

 

Furthermore, it has been shown that regional positive (negative) precipitation anomalies are 

generally associated with mid-tropospheric convergence (divergence), located to the right (left) of 

the ridge axis and left (right) of the trough. Extremely large IVT over western Canada is related to 

the Aleutian low and Gulf cyclone, which forces moisture from North Pacific to western Canada, 
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however, it is not necessarily associated with positive precipitation anomalies or frequent extreme 

precipitation events, because intensive moisture fluxes sometimes just pass over a region without 

precipitating. In comparison, anomalously low IVT is associated with more frequent extreme 

precipitation events, partly caused by an extremely low ground surface temperature that facilitates 

the moisture flux to precipitate (Tan et al., 2018c). 

 

2.4.6 Correlation between extreme precipitation and seasonal CAPE, specific humidity, and 

temperature 

Table 2.4 shows that extreme precipitation tends to occur more frequently in summer and winter 

for eastern Canada, in summer for central Canada, and in summer and winter for western Canada. 

To investigate the possible impacts of CAPE, specific humidity, and temperature on extreme 

precipitation of Canada, Figure 2.10 shows the spatial distribution of trends in seasonal CAPE, 

specific humidity, and surface temperature respectively.  

 

In summer, both CAPE and specific humidity show increasing trends in central and eastern Canada, 

but decreasing trends along the southern border and parts of northern Canada in 1950-2012. For 

seasonal surface temperature, negative trends were widespread in central Canada, while positive 

trends dominated northern and southern Canada. In winter, there had been more increasing trends 

in CAPE in central and southeastern Canada, and more increasing trends in specific humidity over 

central and western Canada. However, widespread increasing trends in the winter surface 

temperature were detected across Canada except for the easternmost part. 
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Table 2.4 Months from January (1) to December (12) are ranked in terms of the number of extreme 

precipitation events occurred in each month. 

Province Month 

West    

BC 1 11 12 

YK 6 7 8 

Central    

AB 6 7 8 

MB 7 6 8 

NU 8 9 7 

SK 6 7 8 

NT 7 8 6 

East    

NB 1 11 2 

NL 1 3 2 

NS 1 12 2 

ON 9 7 6 

PE 2 8 12 

QC 8 9 7 
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Figure 2.10 Spatial distribution of the seasonal CAPE, specific humidity, and surface temperature trend from 

1985 to 2012. The abbreviations are P: positive trend, SP: significant positive trend, N: negative trend, SN: 

significant negative trend. 

 

Using the Spearman rank correlation, the influence of CAPE, specific humidity, and surface 

temperature on extreme precipitation (Rx1day) is further investigated (Figure 2.11). Given CAPE 

values are much higher in summer than in other seasons, the correlation analysis is only conducted 

for the summer. Figures 2.11(a) and (b) show that summer  CAPE and specific humidity values 

are positively correlated with extreme precipitation in southern Canada, respectively. The annual 

cycle of CAPE generally reaches its maximum during summer in northern hemisphere (Riemann-

Campe et al., 2009) and summer precipitation is often of convective origin, for which latent heat 
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release is the primary source of energy driving the upward air motions (Guichard et al., 2004; 

Lenderink and Van Meijgaard, 2008). Apparently, increasing trends of extreme precipitation 

detected in this region are at least partly attributed to increasing CAPE and specific humidity in 

the summer. Our results agree with Lepore et al. (2015), who investigated the dependency of 

rainfall extremes on temperature and CAPE in the United States. They found that rainfall intensity 

quantiles are related to CAPE by a power-law relationship. In Turkey, Lolis and Türkeş (2016) 

also found that the occurrence of extreme precipitation events in summer is linked to low upper 

air temperatures and high static instability (through CAPE) associated with the summer heating of 

land and upper air disturbances. Similarly, Murugavel et al. (2012) also found that increasing 

CAPE over India compensates the weakening of monsoon circulation and it is responsible for the 

increase in the frequency of extreme events over the 1984-2008 period. From simulating the future 

regional climate of the Great Lakes using a regional climate model called Weather Research and 

Forecasting (WRF), Orgeville et al. (2014) projected the future moisture availability and the 

rainfall of the Great Lakes basin to increase because of climate change. Besides, extreme rainfall 

is projected to increase more than the mean annual rainfall because extreme rainfall is projected to 

originate from the mid-troposphere where warming is projected to be higher than surface warming.  

 

For the CP, negative correlation between extreme precipitation and specific humidity (Figure 

2.11(c)), and between extreme precipitation and temperature (Figure 2.11(e)) have been detected 

in winter. This means that winter extreme precipitation has decreased even though both specific 

humidity and surface temperature have increased under climate warming. Zhang et al. (2001) 

detected both positive and negative trends in summer heavy rainfall, but negative trends in winter 

heavy snowfall in central CP, respectively. Vincent and Mekis (2006) confirmed that annual total 
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snowfall in southern Canada has decreased significantly in the second half of the twentieth century, 

and annual maximum snow depth in Canada have also decreased (Kunkel et al., 2016; Vincent et 

al., 2015), which is likely related to climate warming impact. Wang and Zhang (2008) used 

statistically downscaled principal components of sea level pressure and specific humidity as 

covariates to a GEV to derive winter maximum daily precipitation over North America. From 

projected changes in covariates obtained from climate change simulations of the Canadian GCM 

(CGCM3.1) forced by the IPCC SRES-A2 scenarios, they projected that the maximum daily 

precipitation over the CP to decrease. This is because higher humidity in the CP are associated 

with smaller GEV location parameters, which means that higher humidity is associated with large-

scale circulations unfavorable for precipitation in the CP, where circulations exert a stronger 

influence over humidity. Additionally, climate models projected a smaller decrease in the intensity 

of daily snowfall extreme than in the mean snowfall over many terrestrial regions of Northern 

Hemisphere due to global warming (O’Gorman, 2014). This could be related to the theory of rain-

snow phase transition that snowfall extremes occur in a range near the optimal temperature that is 

insensitive to warming (Dai, 2008). These together may contribute to the negative correlation with 

specific humidity and the general decline of extreme precipitation in the central CP. 
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Figure 2.11 Spatial distribution of Spearman rank correlation between extreme precipitation and (a) summer 

CAPE, (b) summer specific humidity, (c) winter specific humidity, (d) summer temperature, and (e) winter 

temperature. 

 

From simulations of the Canadian Regional Climate Model, Mladjic et al. (2011) projected that 1–

7 day precipitation extremes of 20-, 50-, and 100-yr return levels will increase over most of Canada, 

especially for northern regions, which would have severe implications for managing water 

resources of Canada such as sewer systems, flood control, and water storage systems. However, 

precipitation extremes of some regions in southern Canada (mainly the central CP) are projected 

to decrease. Results of Mladjic et al. (2011) and Zhou et al. (2018) generally agree with our results 

based on historical precipitation data of Canada. In addition, Emori and Brown (2005) separated 
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the dynamic (atmospheric motion) change and atmospheric moisture content (thermodynamic) 

change of extreme precipitation changes projected in 6 climate model experiments. Their climate 

model results consistently show that over the sub-tropics, the thermodynamic change for extreme 

precipitation is an overall increase as a result of increased atmospheric moisture, while for mean 

precipitation the thermodynamic change is small or it decreases. Tandon et al. (2018) also noted 

that large-scale upward motion of air during extreme precipitation events could be related to 

changes in vertical stability in subtropical areas or changes in the seasonal mean circulation near 

the equator. Therefore, while changes to the summer extreme precipitation could be attributed to 

the thermodynamic impact, winter extreme precipitation changes are more complicated and are 

likely attributed to the combined thermodynamic and dynamic effects (Ban et al., 2018; Tandon et 

al., 2018; Zhou et al., 2018). 

 

2.5 Summary and Conclusions 

Due to the effects of climate warming, hydrologic extremes such as droughts and floods have 

occurred more frequently and in greater severity globally in recent decades, resulting in severe 

environmental and societal impacts (Beniston and Stephenson, 2004). This study analyzed 

monotonic trends of 10 extreme precipitation indices and possible relationships between 

R95p/R99p and several climate patterns over Canada. Statistically significant trends have been 

detected for all indices except for SDII and R20mm. Except for CDD, most indices analyzed 

exhibit positive trends, which demonstrate that increasing extreme precipitation events have 

occurred in Canada over 1950-2012, constituting a growing risk for urban settlements and 

infrastructure losses (Lovino et al., 2018). In addition, probability distribution functions of these 

indices plotted over three subsequent sub-periods further confirm this conclusion. Spatially, even 
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though these extreme precipitation indices exhibit a mixture of increasing and decreasing trends, 

positive trends dominate over negative trends across the southern and northern part of Canada, 

except for CDD. While in the central CP, more decreasing trends were detected. 

 

From wavelet analysis and wavelet transform coherence plots, extreme precipitation of western 

Canada was strongly teleconnected to MEI, PDO, PNA, and NPGO, that of central Canada was 

highly associated with NAO and NPGO, and for eastern Canada by MEI, PNA, and NPGO. 

However, teleconnections do not act in isolation, and their complex interactions with synoptic 

atmospheric circulation can affect precipitation variability. For example, LSMPs related to more 

frequent extreme precipitation in western Canada tend to occur during the positive phase of PNA, 

ENSO, and PDO. 

 

Detected increasing trends in extreme precipitation in southern Canada are related to the increasing 

CAPE and specific humidity in summer, while decreasing extreme precipitation over central CP 

is associated with the decreasing snowfall and the influence of circulation in winter. It is noted that 

while changes to the summer extreme precipitation could be explained by the thermodynamic 

impact, winter extreme precipitation changes are more complicated and are likely attributed to the 

combined thermodynamic and dynamic effects. 

 

In addition to the influence of large-scale climate patterns, land reclamation, urbanization, and 

other human activities can also cause changes in climate extremes (Xi et al., 2018). For example, 

as terrestrial evapotranspiration is the primary moisture source to many extreme precipitation 

events in Canada (Tan et al., 2018b), urbanization and reclamation that change the land surface 
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could also have impacts on extreme precipitation events. Therefore, a comprehensive analysis of 

the influence of climatic and non-climatic factors on precipitation extremes will require further 

research. 
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Chapter 3. Changes to the 1979-2013 Summer Convective Available Potential 

Energy (CAPE) and Extreme Precipitation over North America 

3.1 Introduction 

Convective Available Potential Energy (CAPE) (Equation 1), an integral of the parcel buoyancy 

between the levels of free convection and neutral buoyancy vertically, is a popular index to 

measure meteorological conditions for the occurrence of intensive precipitation events (Seeley and 

Romps, 2015). Large CAPE (Joules/kg) has been widely used to represent conditions favorable 

for the occurrence of severe convective storms and tornado events (Brooks et al., 2007; Doswell 

and Evans, 2003; Rasmussen and Blanchard, 1998). Therefore, changing trends in CAPE data of 

a region could be used to identify changes in convective systems of that region (Murugavel et al., 

2012; Riemann-Campe et al., 2009). 

 

:
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   (3-1) 

Statistically significant trends in CAPE derived from radiosonde records since the late 20th century 

have been detected in different parts of the world, e.g., the 1979-2014 CAPE in West Africa 

(Meukaleuni et al., 2016), the 1984-2008 CAPE over the Indian sub-continent (Murugavel et al., 

2012) the 1958-2001 CAPE over the Tropics(Riemann-Campe et al., 2009), and the CAPE data in 

the western Pacific and Caribbean (DeMott and Randall, 2004). Given the positive relationship 
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between CAPE, Sea Surface Temperature (SST) and specific humidity (Riemann-Campe et al., 

2009; Seeley and Romps, 2015), we would expect an increase in CAPE values and extreme 

weather  events due to the observed and projected warming trends for the 21st century by 

successive assessment reports of the Intergovernmental Panel on Climate Change (IPCC). The 

continuous increasing trend in the global mean temperature compared to observations since 

instrumental records has likely contributed to more frequent and severe hydrologic extremes 

occurring across the world in recent years (Groisman et al., 2004; Hartmann et al., 2013; Jiang et 

al., 2015).  

 

The objective of this study is to identify change points and increasing or decreasing trends in CAPE 

values over United States (US) and southern Canada for the summer of 1979-2013, and how they 

relate to trends in single or multiple extreme precipitation events, average surface temperature and 

surface specific humidity over this period. Study area, data, and methodology are given in Section 

3.2, results and discussions in Section 3.3 and conclusions in Section 3.4. 

 

3.2 Study Area, data and methodology 

As North America (NA) extends from about 10˚ north of the Equator to the North Pole, its climate 

ranges from equatorial and humid subtropical in Mexico and southeastern United States (US) to 

bitter cold, polar deserts in the Canadian Arctic. Further, its climate is also influenced by the Rocky 

Mountains of the west to vast expanses of the Great Plains in central US and Canada and coastal 

lowlands of southern and eastern US. Due to the low temperature, the CAPE values are much 

smaller in northern Canada compare to that in southern Canada. Therefore, this study is focused 

on the US and southern Canada, where orographic precipitation dominates the Pacific Northwest 
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between May and October, while convective and cyclonic (frontal) precipitations dominate the 

May-September season in the Great  Plains, and the Atlantic and Gulf coast regions, respectively. 

As expected, southern USA has a warmer temperature than the Rockies and southern Canada 

(Gutowski et al., 2008; Karl and Koss, 1984). 

 

3.3 Datasets 

Monthly CAPE data in this study was taken from the North American Land Data Assimilation 

System-phase 2 (NLDAS-2), a collaborative project among American research institutes, 

including NCEP (National Center for Environmental Prediction), Environmental Modeling Center, 

Princeton University and others (Mitchell, 2004; Xia et al., 2012). NLDAS-2 data, assimilated 

from a large quantity of observed and climate model reanalysis data, and validated against 

observations, is available at 0.125˚ spatial resolution over central North America. The CAPE data 

of NLDAS-2 was interpolated from NCEP’s North America Regional Reanalysis (NARR) data 

generated from, among others, lateral boundary conditions of NCEP-DOE R-2 reanalysis data 

(Kanamitsu et al., 2002), NCEP’s operational version of Eta regional climate model (Mesinger et 

al., 2006) and some observed climate data assimilation systems. Monthly specific humidity data 

at various pressure levels are also derived from the NARR dataset, and observed daily precipitation 

and temperature data for stations across the US and southern Canada were collected from the 

Global Historical Climatology Network (GHCN)-Daily, which is a processing system for the 

official archive of US daily data. GHCN also incorporated quality-assured data from over 80,000 

stations for 180 countries (Menne et al., 2012). Only GHCN stations with less than 1% of missing 

precipitation or temperature data for the summer of 1979-2013 were selected for trend analysis in 
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the US and southern Canada where monthly and seasonal precipitation and temperature data are 

computed from daily data of GHCN stations.  

 

3.4 Research Methodology 

The mean summer CAPE data for 1979-2013 show significant spatial and temporal variability 

across the US and southern Canada with the warm summer of June-August dominated by intensive 

convective storms and maximum CAPE values, particularly in the warmer southern US region 

(Figure 3.1). Therefore, in this study, changes in CAPE and extreme precipitation over North 

America were mainly analyzed for the June-August season. Homogeneity tests in CAPE data were 

conducted to identify any change points in the 1979-2013 study period using the Wilcoxon rank-

sum test (Fu et al., 2014; Gibbons and Chakraborti, 2011), a widely used method to detect whether 

two samples come from the same population. The nonparametric Theil-Sen regression estimator  

(Sen, 1968; Theil, 1992; Wilcox, 1998) was used to estimate trends in CAPE, extreme precipitation, 

surface temperature and specific humidity while statistical significance of seasonal trends at 

p<0.05 were tested using the nonparametric Mann-Kendall test capable of handling seasonality, 

missing values, and non-normality in a time series (Gan et al., 2013; Hirsch et al., 1982; Kendall, 

1948; Mann, 1945). Extreme precipitation indices of the Expert Team on Climate Change 

Detection and Indices (ETCCDI, http://etccdi.pacificclimate.org/) were used as a proxy to identify 

changes in extreme precipitation at GHCN stations. These are RX1day (RX5day) which is the 

maximum precipitation depth in one (five) day, and R20mm is the number of days where daily 

precipitation exceeded 20 mm ( e.g., Gizaw and Gan, 2016). Trends for these indices of every 

summer of 1979-2013, for mean air temperature recorded at GHCN stations and surface specific 

humidity derived from NARR data over the US and southern Canada were computed. 
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Figure 3.1 (a) Mean summer (June-August) CAPE for 1979-2013 period, (b) Mean annual CAPE values over 

the US and southern Canada, the gray area shows the range of CAPE data while the dotted line shows the mean 

annual profile of CAPE over the region. 

 

3.5 Results and Discussion 

3.5.1 Change point analysis in summer CAPE data and trend analysis in CAPE and extreme 

precipitation indices 

Change point analysis on summer CAPE data using the Wilcoxon-rank-sum test shows statistically 

significant change points (years) in the Great Plains, Rocky Mountains and its foothills, most parts 

of the northeastern US, southern Québec and Ontario and the Great Lakes region, parts of the 

Atlantic and Gulf Coastal regions such as southern Florida, Texas and parts of western British 

Columbia (Figure 3.2). Overall, 80% of detected change points occurred between 1997 and 2003 

with 70% occurring from 2000 to 2003, which could be partly caused by the change in radiosonde 

instruments over this period to measure climate variables needed for computing CAPE. By a 

detailed study on systematic errors of global radiosonde data from 1997 to 2006, Wang and Zhang 

(2008) showed that the introduction of protective shields in the late 2000 and 2001 for humidity 

sensors of Vaisala RS-80A and RS-80H radiosondes used in parts of the US have reduced biases 

of precipitable water in wet and dry days. Vincent and Milewska (2007) also examined potential 

biases in radiosonde data for Canada and identified a major decreasing step change in temperature 
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and relative humidity departures around 1995. After examining the history of radiosonde stations 

in the 1980s and 1990s, they concluded that detected changes in trends around 1995 were probably 

due to the correction of radiation that was implemented gradually in Vaisala RS-80 sensors from 

1995 to late 1999. As these types of radiosondes were also used in parts of the US, we believe that 

detected change points in CAPE data are most likely caused by changes in the instrumentation of 

radiosondes. Since change points are mostly detected in the early 2000s, trend analysis was done 

separately over 1979-2001 and 2002-2013 for areas where statistically significant change points 

are detected, and over 1979-2013 for areas where no statistically significant change point was 

detected. 

 

Figure 3.2 Detected change point years in summer CAPE data over the US and southern Canada for the 1979-

2013 period, (a) areas in the US and southern Canada where statistically significant change points in CAPE data 

were detected, (b) the proportion of detected change points. 

 

For CAPE data with detected change points, increasing trends in CAPE values for the 1979-2001 

period were as high as 20 Joules/kg/year (Figure 3.3) in areas which include most of the Great 

Plains extending from northern Texas northward to parts of the Canadian Prairies (CP), low laying 

areas in the Atlantic and Gulf coast such as southern Texas and Florida. Detectable increasing 

trends for the 2002-2013 period include the northeastern Atlantic coast, the Great Lakes region, 
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particularly southern Ontario and Québec, and parts of southern British Columbia near the Pacific 

coast. However, increasing trends detected for parts of Texas, Oklahoma, and Louisiana in 1979-

2001 were largely reversed in 2002-2013. The US mid-west experienced both mild increasing and 

decreasing trends, whereas areas west of the Rockies mainly experienced minor or no trends. 

Statistically significant trend magnitudes were mainly detected for some areas in the Atlantic and 

Gulf coast, and in the Great Plains (Figure 3.3). 

 

Figure 3.3 Detected trends in CAPE data (a) trend magnitudes from 1979-2001 (hatched areas indicate regions 

where change points were detected) and 1979-2013 regions where no change points were detected, (b) trend 

magnitudes in CAPE data for 2002-2013 for regions where change points were detected. (c) and (d) show regions 

(shaded in light green) where the detected trend magnitudes are statistically significant for (a) and (b), 

respectively. 

 

The spatial distribution of increasing or decreasing trends of extreme precipitation indices, namely, 

RX1day, RX5day, and R20mm, detected for GHCN stations (Figures 3.4 to 3.6) are similar to the 

spatial distribution of trends detected in CAPE data (compare Figure 3.4 and Figure 3.3). For 

instance, increasing trends dominate the eastern Atlantic coast of the US for all extreme 

precipitation indices analyzed. This corresponds to the mild to moderate increasing trends in CAPE 
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data detected in this region for 1979-2001 and 2002-2013. Increasing trends in RX1day and 

RX5day were also detected for 1979-2001 for GHCN stations in southern Florida and parts of 

northern Texas in the Atlantic and Gulf coastal regions and for most stations in the Great Plains 

extending from northern Texas to the CP. Similar trends in CAPE data were also detected for 

1979-2001. Furthermore, Figures 3.4 to 3.6 also show that more GHCN stations in southern Texas 

had decreasing trends for the 2002-2013 period, which agrees with the results obtained for CAPE 

data. Trends in the US mid-west and the Great Lakes were mixed, with most GHCN stations 

showing both mild increasing and decreasing trends for both the pre and the post-2001 periods. 

For the mountainous region of western US where summer CAPE values are small (Figure 3.1), 

either minor or no trends were detected in extreme precipitation indices over 1979-2013. 

 

Detected trends in R20mm show similar spatial variability to trends in RX1day and RX5day. 

However, no trend was detected in R20mm for most GHCN stations in the US and southern 

Canada. For GHCN stations located in regions where no statistically significant change points in 

CAPE data were detected, average trends in RX1day and RX5day were about 0.2 mm/decade and 

0.5 mm/decade over 1979-2013, respectively. For GHCN stations located in regions with 

statistically significant change points in CAPE data, trends in RX1day and RX5day were 0.2 

mm/decade and 1.2 mm/ decade over 1979-2001, and 1.2 mm/decade and 1.7 mm/decade over 

2002-2013, respectively. Even though detected trends in extreme precipitation indices vary 

spatially, on the whole, extreme precipitation indices show an overall increasing trend, albeit less 

than 10% of the trends are statistically significant. Furthermore, trends in RX1day and RX5day 

are higher for the post change-point, the 2002-2013 period which likely means that recent 
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consistent warming trends detected (IPCC, 2013) favor the occurrence of more extreme 

precipitation events over the study area. 

 

In summary, increasing trends of both CAPE and extreme precipitation indices have been detected, 

particularly in eastern US and parts of the Atlantic and Gulf coast (southern Florida), and mixed 

increasing and decreasing trends in areas such as the Great Plains. 

 

Figure 3.4 Trend magnitudes at GHCN stations for RX1day, (a) and (b) respectively show increasing and 

decreasing trends for RX1day from 1979-2001 for areas with detected change points in CAPE data (shaded in 

light blue) and 1979-2013 for areas with no detected change points in CAPE data. (c) and (d) respectively show 

increasing and decreasing trends for periods after detected change points in CAPE data (2002-2013) 
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Figure 3.5 As in Figure 3.4 but for RX5day. 

 

 

 

Figure 3.6 As in Figure 3.4 but for R20mm. 
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3.5.2 Trends in summer temperature and surface specific humidity, correlation of CAPE 

with climate indices and comparison with other climate variables 

Because the rate of depletion of moisture from the atmosphere by precipitation far exceeds its rate 

of replenishment, the higher water-holding capacity of a warmer atmosphere will likely favor a 

general increase in the occurrence of extreme precipitation events, particularly convective 

precipitation (Trenberth, 1999). Corresponding to detected increasing trends in CAPE and extreme 

precipitation indices over the summer of 1979-2013, average trends in the average 2m air 

temperature were about 0.14 ˚C/decade over 1979-2013, and most summer temperature trends 

detected were positive (Figure 3.7). For those GHCN stations where statistically significant change 

points in CAPE data were detected, average trends in 2m mean air temperature were about 

0.1˚C/decade in 1979-2001 but 0.3˚C/decade in 2002-2013. About 15% of the detected increasing 

trends at the GHCN stations were statistically significant at p<0.05. Decreasing trends were also 

detected for several stations around the US Great Plains and the Pacific coast of California, but 

only 3% of the detected decreasing trends were statistically significant (Figure 3.7). Similarly, the 

distribution of change points (years) and detected trends of specific humidity were spatially 

comparable with that of CAPE data, for more than 55% of detected change points in specific 

humidity also occurred between 2000 and 2003 (Figure 3.8). 

 

In general, the rainfall falling rate far exceeds the evaporation rate. Since the water holding 

capacity of the atmosphere increases by about 7% for every degree Celsius increase in temperature, 

known as the Clausius-Clapeyron (C-C) rate, this means that a warmer atmosphere could favor 

more intense extreme precipitation events (Trenberth, 1999). With the C-C rate as the basis, 

different studies have found varying rates of increase in extreme rainfall with respect to increase 
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in temperature for different parts of the world (Berg et al., 2013; Lenderink and Van Meijgaard, 

2008; Utsumi et al., 2011). Similarly, detected increasing trends in temperature and specific 

humidity for eastern US and southern Canada (Figures 3.7 and 3.8) complement increasing trends 

in CAPE and extreme precipitation indices in these regions. Therefore, increase in air temperature 

and specific humidity could be responsible for much of the increasing trends in extreme 

precipitation indices and CAPE over the convective storm dominated regions of eastern US and 

parts of southern Canada since CAPE is strongly dependent on surface specific humidity 

(Riemann-Campe et al., 2009). 

 

Figure 3.7 As in Figure 3.4 but for 2m average air temperature. 
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Figure 3.8 Detected change point years and trends in summer specific humidity over the US and southern Canada 

for the 1979-2013 period, (a) and (b) same as in Figure 3.4 (a) and (b) but for specific humidity, (c) and (d) same 

as in Figure 3.5 (a) and (b) but for specific humidity. 

 

The Spearman rank correlation between the gridded CAPE dataset interpolated to selected GHCN 

stations and extreme precipitation indices (RX1day, RX5day, and R20mm) are positive for over 

75% of the stations (Figure 3.9). However, about 90% of the positive correlations detected range 

between 0.10 and 0.50, which means that only about 10% of the stations show Spearman 

correlation between 0.50 and 1.0 with the CAPE data. Altogether about 45% of stations show 

Spearman correlations that are 0.30 and higher, which are statistically significant. In general, 

positive Spearman correlations dominate most regions, irrespective of whether increasing or 

decreasing trends are detected in both CAPE and extreme precipitation indices (Figures 3.9 to 

3.11). With the exception of mountainous areas dominated by orographic precipitation, statistically 

significant Spearman correlations (≥0.3) are also detected between CAPE and average temperature 

of the selected GHCN stations (Figure 3.12). 
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Finally, the above trend and change point detection results obtained from the CAPE data of 

NLDAS-2 and climate data of GHCN are qualitatively compared with results obtained from the 

NCEP reanalysis dataset, and GPCP precipitation data. For the latter, simple differences between 

2002-2013 and 1979-2001 June-Aug the mean of surface precipitable water, air temperature, sea 

surface temperature, specific humidity of the USA and southern Canada are presented in Figure 

3.13. Figure 3.13 shows that over 1979-2013, surface precipitable water had increased by about 1-

2 kg/m2 at Atlantic/Gulf Coastal Plains or southeastern states of US and at its eastern coastal 

region while Canadian Prairies, Rocky Mountains, Great Plains, and Great Basin had decreased 

by up to about 0.5 kg/m2, especially at the Great Plain areas. Similar spatial patterns of changes 

are observed in the specific humidity (g/kg) with some minor differences, that specific humidity 

had increased up to 1g/kg in Gulf Coast areas but had decreased almost proportionally in the 

Rockies and Great Plain areas. However, comparing air temperature with precipitable water and 

specific humidity, spatial pattern of changes observed between the two periods are partially 

opposite to each other, in that air temperature had increased less in the Gulf Coastal areas than in 

the Rocky and Great Plain areas while specific humidity and precipitable water had changed in an 

opposite manner. Interestingly, the sea surface temperature (SST) of the east coast had increased 

up to 0.5 ˚C but had decreased by a similar amount along the west coast of the US and southern 

Canada. Apparently, changes in SST had contributed to the observed regional changes in 

precipitable water and specific humidity and also could have contributed to higher CAPE values 

(Seeley and Romps, 2015). According to GPCP, precipitation had increased up to 0.5 mm/day 

along the east coast and Atlantic/Gulf coast areas, parts of the Canadian Prairies but had broadly 

decreased in the western US, the Great Plains, the Rockies and Great Basin to the west coast areas. 
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To some extent, detected changes on surface precipitable water and specific humidity from a 

simple difference between 2002-2013 and 1979-2001 data complement the trend analysis of CAPE 

data, in that areas where surface precipitable water and specific humidity had increased/decreased 

somewhat agree with areas where large statistically significant increasing/decreasing trends were 

detected for CAPE, even though as expected, there are some differences between their spatial 

distributions. 

 

Figure 3.9 Spearman rank correlation between gridded CAPE data interpolated to selected GHCN stations and 

the RX1day index, where (a) and (b) respectively show positive and negative Spearman correlation between 

CAPE and RX1day over 1979-2001 for areas with detected change points in CAPE data (shaded in light blue), 

but over 1979-2013 for areas with no detected change points in CAPE data; (c) and (d) respectively show 

corresponding positive and negative Spearman correlations for periods after change points are detected in the 

CAPE data (2002-2013). 
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Figure 3.10 As in Figure 3.9 but for RX5day. 

 

 

Figure 3.11 As in Figure 3.9 but for R20mm. 
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Figure 3.12 As in Figure 3.9 but for 2m average temperature 

 

 

Figure 3.13 Differences between 2002-2013 and 1979-2001 June-August averages of the mean of (a) 

Geopotential height (m), (b) surface precipitable water (kg/m2), (c) 1000mb air temperature (°C), (d) sea surface 

temperature (°C), (e) 1000mb Specific Humidity (g/kg) from the NCEP  reanalysis dataset, and (f) precipitation 

(mm/day) from the GPCP dataset. 
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3.6 Summary and Conclusions 

Analysis of the 1979-2013 North American summer CAPE data shows that there have been 

statistically significant change points (years) detected in CAPE data over the 2000-2003 period for 

most areas in the Great Plains, Rockies, Great Lakes, northeastern Atlantic coast of US, and 

southern parts of Ontario and Québec. A trend analysis in CAPE and extreme precipitation indices 

was conducted for the 1979-2013 period in areas where no statistically significant change point 

was detected in CAPE data, but in two periods, 1979-2001 and 2002-2013, if statistically 

significant change points in CAPE were detected. Increasing trends in CAPE were detected in 

areas along the Atlantic and Gulf coastal plains, eastern and northern Atlantic coast of the US, the 

Great Lakes, parts of southern Ontario, Québec, southern Alberta, Saskatchewan, and Manitoba. 

Similarly, increasing trends were also detected in single or multiple event extreme precipitation 

indices (RX1day, RX5day, and R20mm) over much of northeastern Atlantic coast of the US and 

southern Canada, parts of the Atlantic and Gulf coastal plains, the Canadian Prairies and the Great 

Plains. Further, the Spearman rank correlation between CAPE and extreme precipitation indices 

are predominantly positive, of which about 45% is statistically significant, which demonstrates the 

relationship between CAPE and extreme precipitation of southern Canada and the USA. 

 

In contrast, most parts of the US mid-west and areas west of the Rockies experienced modest 

increasing or decreasing trends in both CAPE and extreme precipitation indices. Increasing trends 

in 2m average air temperature were mainly detected for GHCN stations analyzed in the study, with 

a mean trend ranging from 0.1 to 0.3 ˚C/decade for US and southern Canada. Furthermore, 

increasing trends in the summer surface specific humidity closely resembled the detected trends in 

CAPE data. The observed increase in surface 2m air temperatures and in surface specific humidity 
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could therefore be the major cause for increasing trends observed in extreme precipitation indices  

and CAPE over the summer of 1979-2013 in much of eastern US and some parts of southern 

Canada (Berg et al., 2013; Lenderink and Van Meijgaard, 2008; Utsumi et al., 2011). To some 

extent, detected changes on surface precipitable water and specific humidity from the NCEP 

reanalysis and GPCP datasets complement the trend analysis of CAPE data, because areas where 

surface precipitable water and specific humidity had increased/decreased somewhat agree with 

areas where large statistically significant increasing CAPE trends were also detected. Ficklin et al. 

(2015) detected increasing trends in temperature over much of the USA but decreasing trends in 

precipitation and specific humidity over large areas in southwestern US for 1979-2013 and also 

increasing trends in droughts in south-western US and parts of Texas which also complements our 

results on detected decreasing trends in extreme precipitation, particularly in northern and eastern 

Texas for the 2002-2013 period. Our results suggest that if the detected increasing trends in 

temperature and specific humidity for some regions in the US and south Canada persist through 

the 21st century, areas in the US Atlantic corridor and some parts of southern Canada could 

experience more frequent and intense extreme precipitation events. 

 

Lastly, various studies have shown that large-scale climate anomalies have also contributed to 

detected trends and change points in extreme precipitation of parts of North America ( e.g., Tan et 

al., 2017, 2016). Islam and Gan (2015) showed that climate change could cause an overall decrease 

in the streamflow of southern Alberta, Canada, but under the combined impact of climate change 

and El Niño Southern Oscillation, a higher (less) decrease in the streamflow of the southern Alberta 

of Canada by 2050s was simulated if the climate anomaly considered was El Niño (La Niña). 
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Therefore, it will be interesting to investigate the possible combined impact of climate warming 

and large-scale climate anomalies such as ENSO on the future CAPE of North America. 
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Chapter 4. Spatiotemporal Changes of Drought Characteristics and Dynamic 

Influences of Climate Patterns in Canada 

4.1 Introduction 

In recent decades, there have been growing concerns regarding droughts given increased 

incidences in the frequency and intensity of droughts have been observed worldwide, giving rise 

to billions of dollars in economic losses. Moreover, the severity of drought will likely increase by 

the end of the 21st century for many regions (Dai, 2013; Wilhite, 2000). For example, the severe 

drought across northern China in 1997 resulted in 226 days of zero flow in the lower reach of the 

Yellow River (Cong et al., 2009), and another drought in 2000 damaged more than 40 million 

hectares of crops (Yu et al., 2014). From the trend analysis, Joshi et al. (2016) found that drought 

occurrences increased significantly in the northeast and central India over the second half of the 

20th century. In Mexico, Escalante-Sandoval and Nuñez-Garcia (2017) suggested that climate 

change under RCP 4.5 and 8.5 scenarios would significantly increase the duration and intensity of 

droughts. Meanwhile, an analysis of the spatial and temporal characteristics of droughts in the 

continental United States (US) also revealed that drought duration, severity, and intensity have 

increased in the western and eastern US over the past century (Ge et al., 2016). On the whole, the 

global percentage of dry areas has increased by 1.74% per decade from 1950 to 2008 (Dai, 2011a).  

 

Drought is a creeping recurrent natural hazard but unfortunately, there is no easily identifiable 

onsets and terminations. It is an extreme climatic phenomenon that can last for weeks, months, or 

even years, and the number of people affected by drought and the spatial extent of drought are 

typically larger than that of other natural hazards such as floods and hurricanes (Ge et al., 2016). 

As mentioned in the fifth assessment report (AR5) of the Intergovernmental Panel on Climate 
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Change (IPCC), drought is defined as “a period of abnormally dry weather long enough to cause 

a serious hydrological imbalance”, but it is a relative term that requires the specification of the 

appropriate precipitation-related activity (IPCC, 2014).  

 

Wilhite and Glantz (1985) classified droughts into four categories: a) meteorological drought, b) 

hydrologic drought, c) agricultural drought, and d) socio-economic drought. This study will focus 

on meteorological drought, which is defined as a deficiency of precipitation across a region during 

a certain time period (Zhang, 2012), as it is a precursor of hydrological, agricultural, and socio-

economic droughts. To quantify a drought, drought indices have been widely applied because they 

can provide a comprehensive delineation of drought, making drought characteristics such as 

duration, severity, and intensity measurable (Jiang et al., 2014b). More importantly, these indices 

allow for direct comparison between regions of different climatic conditions. The commonly used 

meteorological drought indices include the Palmer Drought Severity Index (PDSI) (Palmer, 1965), 

the Crop Moisture Index (CMI) (Palmer, 1968), the Standardized Precipitation Index (SPI) (Mckee 

et al., 1993, 1995), the self-calibrating PDSI (sc_PDSI) (Wells et al., 2004), the Reconnaissance 

Drought Index (RDI) (Tsakiris et al., 2007), the Standardized Precipitation Evapotranspiration 

Index (SPEI) (Vicente-Serrano et al., 2010), and the Water Surplus Variability Index (WSVI) 

(Gocic and Trajkovic, 2015).  

 

Specifically, in Canada, droughts have been identified as one of the most damaging natural 

disasters that have enormous impacts on agriculture, industry, municipal services, and human 

health, among other sectors. For example, the 2001–2002 drought in the Canadian Prairies (CP) 

swept almost the entire southern part of the country, and it was one of the top ten worst droughts 
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observed over the instrumental period (Bonsal and Regier, 2007). In Alberta, crop producers lost 

$413 million and $1.33 billion in 2001 and 2002, respectively, while the estimated reduction in 

crop production in Saskatchewan accounted for losses of $925 million and $1.49 billion in 2001 

and 2002, respectively (Wheaton et al., 2008). Furthermore, the drought that occurred in the spring 

and summer of 2015 is noteworthy in terms of its severity, extent, and impacts. Large areas in 

southern British Columbia were assigned the highest drought rating, and the Alberta government 

designated the province as an Agricultural Disaster Area (Szeto et al., 2016). Moreover, the 

extreme dry and warm conditions led to one of the most active and persistent wildfire seasons for 

western Canada, and some rivers ran at their lowest historic flow levels in 100 years (CMOS, 

2016).  

 

These aforementioned overwhelming drought conditions have been major concerns to both the 

Canadian government and the general public in recent decades. As a result, many studies have 

evaluated the dryness or wetness variations over Canada using different drought indices. For 

example, Quiring and Papakryiakou (2003) compared four agricultural drought indices, whose 

results revealed that the Z-index (derived from the Palmer model) was better for measuring 

agricultural drought and predicting crop yield during growing seasons from 1920 to 1999. Gobena 

and Gan (2013) who assessed the trend in summer moisture availability in western Canada using 

the sc_PDSI detected a significant increasing dryness and wetness in the CP and west of the 

continental divide, respectively, from 1950 to 2003. Using PDSI and SPI, Bonsal et al. (2012) 

assessed the variability of summer drought duration and intensity in the CP, and they pointed out 

the necessity of considering the impact of climate warming to evaluate future droughts. Various 

studies have been conducted regarding droughts in the CP, but so far only limited research has 
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been conducted to examine the drought characteristics across Canada. Even though Asong et al. 

(2018) investigated the coherence between Canadian drought and large-scale climate oscillations 

using wavelet analysis, the dynamic and time-varying relationships between large-scale climate 

signals and Canadian drought characters have yet to be examined.  

 

Therefore, the objectives of this study are to (1) assess the spatial and temporal variability of 

drought duration, frequency, area, and severity in Canada from 1950 to 2016; (2) identify 

subregions characterized by distinct drought behaviors; and (3) investigate the dynamic effects of 

large-scale climate drivers on droughts in Canada. The paper is organized as follows. The data and 

methods are described in Section 4.2, while Sections 4.3 and 4.4 provide the results and discussion, 

respectively. Summary and conclusions are presented in Section 4.5. 

 

4.2 Data and Methods 

4.2.1 Data 

In this study, we used the SPEI for drought identification and evaluation. The monthly 

precipitation and potential evapotranspiration data from 1950–2016 with a spatial resolution of

 0.5 0.5 in latitude and longitude were obtained from the Climatic Research Unit Version 4.03 

(CRU TS4.03) (http://www.cru.uea.ac.uk/data/). The CRU TS dataset has been adopted by IPCC 

as it has undergone strict time uniformity tests in data reconstruction, has a high spatial resolution, 

and a long time series (Q. Wang et al., 2014). Potential evapotranspiration (PET) is taken from the 

CRU TS dataset, in which PET was estimated using the FAO-56 Penman-Monteith method (Harris 

et al., 2014) considered to be an accurate and robust PET equation (Guo et al., 2018b).  

 

http://www.cru.uea.ac.uk/data/
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The CRU dataset has been widely applied in drought analysis. For example, Guenang and 

Mkankam Kamga (2014) found that the SPI calculated using the CRU exhibits similar results with 

those calculated from station data in Cameroon from 1951 to 2005. Based on the CRU dataset, 

Guo et al. (2018) examined droughts in Central Asia and found a tendency towards more dryness 

after 2003 over the period 1966-2015. Hu et al. (2018) found that the CRU dataset performed 

better in capturing drought events in central Asia than the Global Precipitation Climatology Centre 

(GPCC) and Willmott and Matsuura (WM) precipitation datasets. In addition, Gobena and Gan 

(2013) used gridded vapor pressure, cloud cover, and wind speed data from the CRU dataset to 

calculate PET in western Canada. The CRU data has been used to validate model simulated 

precipitation and drought characteristics over the CP (PaiMazumder et al., 2013). Swain and 

Hayhoe (2015) used the CRU data to compute historical SPI index to assess how spring and 

summer drought will change over North America. Moreover, Rapaić et al. (2015) evaluated the 

performance of eight gridded datasets (CANGRD, CRU-TS3.1, CRUTEM4.1, GISTEMP, GPCC, 

GPCP, HadCRUT3, and UDEL) and eight reanalyses (20CR, CFSR, ERA-40, ERA-Interim, 

JRA25, MERRA, NARR, and NCEP2) for the Canadian Arctic, and they found that CRUTS3.1 

agreed most closely with CANGRD in all seasons. 

 

To study the influence of various climate patterns on drought conditions, we have selected certain 

large-scale climate oscillations that have contributed to the precipitation and temperature 

variability over Canada (Coulibaly, 2006; Tan et al., 2016; Yang et al., 2019). For example, 

monthly indices of El Niño–Southern Oscillation (ENSO), Pacific Decadal Oscillation (PDO) 

(https://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/), Pacific-North American Oscillation 

(PNA), Atlantic Multi-decadal Oscillation (AMO), Arctic Oscillation (AO) 

https://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/
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(https://www.esrl.noaa.gov/psd/data/climateindices/list/), and solar activity represented by 

sunspots (http://sidc.oma.be/index.php3) were selected.  

 

4.2.2 The Runs Theory 

Diverse drought conditions are characterized in terms of frequency, duration, severity, and 

intensity. To provide an analytical solution to drought events, Yevjevich (1967) proposed the runs 

theory for identifying drought parameters. A run is defined as a portion of the time series of a 

variable, in which all values are either less or greater than the selected truncated value; accordingly, 

it is referred to as either a negative or a positive run. Drought frequency (DF) is the number of 

drought events occurred in the period considered; drought duration (DD), expressed in months, is 

the duration in which a drought parameter is continuously less than the critical level; and drought 

severity (DS) is the cumulative deficit of a drought parameter below the critical level. More details 

on drought parameters can be referred to Mishra and Singh (2010). 

 

4.2.3 The Standardized Precipitation Evapotranspiration Index (SPEI) 

PDSI is a milestone in the development of drought indices as it integrates prior precipitation, 

moisture supply, runoff, and evaporation demand at the surface level. Nevertheless, it suffers from 

having a fixed temporal scale and an autoregressive characteristic, whereby index values have a 

long-term memory of previous conditions (Vicente-Serrano et al., 2010), even with the improved 

sc_PDSI (Zhao et al., 2017). The SPI, transformed from a precipitation time series using a 

probabilistic method, can be estimated at different time scales which allow drought events to be 

compared across time and space (Y. Wang et al., 2017). However, SPI is criticized for only using 

https://www.esrl.noaa.gov/psd/data/climateindices/list/
http://sidc.oma.be/index.php3
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precipitation data without including other important climate variables such as temperature, water 

balance, and wind speed. 

 

To address the shortcoming of SPI, SPEI is devised to combine the multi-temporal nature of SPI 

and the sensitivity of PDSI in providing a more comprehensive approach to investigate the effect 

of global warming on drought conditions. In this study, SPEI is based on monthly climatic water 

balance, the difference between precipitation and potential evapotranspiration. (Vicente-Serrano 

et al., 2010). Since SPEI could indicate water deficits caused not only by precipitation shortages 

but also by excessive evapotranspiration, it is a robust index for drought monitoring and analysis 

in the context of climate change at global and regional scales. Details about SPEI have been 

extensively described (Beguería et al., 2014; Vicente-Serrano et al., 2010). On a global scale, 

Wang et al. (2014) studied the changing characteristics of severe droughts based on the SPEI and 

revealed an overall increasing trend in the global extent of drought areas from 1902 to 2008.  

 

A 3-month SPEI index for a given month is based on the current month and preceding two months, 

e. g., the 3-month SPEI in February represents the December-January-February precipitation and 

PET. Thus, the 3-month SPEI values for February, May, August, and November were used in the 

seasonal analysis for winter, spring, summer, and autumn, respectively, whereas the 12-month 

SPEI values for December were used in the annual analysis (He et al., 2015). Table 4.1 shows the 

classification of drought based on SPEI values. 
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Table 4.1 Classification of SPEI drought category. 

Drought category Index value 

Mild drought -1.0 to -0.5 

Moderate drought -1.5 to -1.0 

Severe drought -2.0 to -1.5 

Extreme drought ≤-2.0 

 

4.2.4 Trend Detection 

The rank-based non-parametric Mann-Kendall (MK) trend test (Kendall, 1948; Mann, 1945) was 

applied to detect trends in the SPEI time series. As the autocorrelation can affect the probability 

of detecting trends, we have used the modified MK trend test which subtracts a trend estimator 

from the original time series to eliminate the effect of autocorrelation (Hamed and Rao, 1998). The 

modified MK test was then applied to the SPEI time series, and trends with p-values less than 0.05 

were considered statistically significant. Trend magnitudes were evaluated using the non-

parametric Sen’s slope estimator (Gan, 1998; Sen, 1968) and abrupt change points were detected 

using the Pettitt test (Pettitt, 1979). 

 

4.2.5 Drought Regionalization 

Due to the possible impacts of complicated topographical properties and diverse climate types 

within Canada, the study area was divided into different homogeneous sub-regions. In this study, 

k-means clustering was conducted on seasonal SPEI to partition regions into mutually exclusive 

sub-regions, and the optimal number of clusters was determined using the R package “NbClust” 

(Charrad et al., 2014). The package provides 30 validity indices (e.g., Gap Statistic, Silhouette 

index, etc.) to determine the number of clusters in a dataset based on different distance measures 
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and aggregation methods. For each index, NbClust proposes the best number of clusters and we 

can then compare all indices to choose the number of clusters. 

 

Typically, k-means clustering can produce distinct clusters with the aim of (1) minimizing 

variability within clusters and (2) maximizing variability among clusters (Santos et al., 2010). 

Gong and Richman (1995) stated that nonhierarchical methods, such as the k-means algorithm, 

outperformed hierarchical methods (Ward’s method and average linkage method) when dealing 

with precipitation data. Given the large number of grids (over 6000) in the dataset, k-means 

clustering provides a more decent partition result. To investigate the spatial and temporal 

variability of droughts in Portugal, Santos et al. (2010) applied k-means clustering to the SPI series 

and found three clusters. Meanwhile, Zhang et al. (2001) used the k-means clustering to assess the 

spatial and temporal characteristics of heavy precipitation events over Canada. In order to study 

the pooled frequency analysis of droughts in the CP, Sadri and Burn (2014) also applied the k-

means clustering to form sub-regions. More recently, Liu et al. (2018) partitioned a study area by 

k-means clustering to study the long-term change of PET in China from 1961 to 2013. 

 

4.2.6 Bayesian Dynamic Linear Model 

To assess the time-varying influences of large-scale climate drivers on drought, the Bayesian 

Dynamic Linear (BDL) model from the R package “dlm” was used (Petris, 2010). Unlike the 

traditional linear regression which has static regression coefficients, BDL is able to model the 

dynamic and time-varying relationships between climate drivers and drought, and therefore it has 

higher accuracy than the traditional linear regression (Nguyen and Galelli, 2018). BDL has been 

widely applied to identify the time-varying characteristics of time series in hydrology and climate 
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research. For example, Ciupak et al. (2015) used BDL in modeling the annual hydrographs and 1-, 

2-, and 3-day lead time streamflow forecasting in Poland. Gao et al. (2017) applied BDL to assess 

the dynamic influence of ENSO, IOD, PDO, NAO, and AMO on extreme regional precipitation 

in China from 1960 to 2014. However, only limited studies have employed the BDL model in 

drought analysis. 

 

The BDL model can be described as follows (T. Gao et al., 2017; Petris et al., 2013): 
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where ty  is the response variable (a drought index), tx  is the covariate (a climate pattern), and 

t  and t  are the dynamic intercept and slope coefficients, respectively, at time t.  

 

4.3 Results 

4.3.1 Homogenous Regions 

Given Canada has many climatic regimes and the huge orographic effects of the Canadian Rockies, 

Canada has experienced a wide range of spatial variability in precipitation and temperature (Tan 

et al., 2018b). Results show that grids belonging to the same group are generally located in a 

continuous region, implying that the temporal distribution of the SPEI is spatially coherent. From 

Figure 4.1, four subregions were identified in Canada, namely, subregion 1 (S1) in the south and 

southeast, sub-region 2 (S2) in Arctic Canada, sub-region 3 (S3) in the west coast, and sub-region 

4 (S4) in north-central. Figure 4.2 shows the mean annual SPEI series for the four sub-regions of 
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Canada. Among them, both S1 and S4 have a significant increasing trend from 1950 to 2016, 

indicating that annually droughts in the south and north-central Canada has become less severe.  

 

Using k-means clustering, Zhang et al. (2001) studied heavy precipitation events over Canada 

(excluding the high Arctic) during 1900-98 and found four clusters for heavy rainfall during spring 

and two clusters for heavy rainfall and snowfall in other seasons. It is noted that their cluster 

delineating southern Canada extends from southern British Columbia, through southern Canadian 

prairie, to southeastern Canada, which generally agrees with cluster S1 in our study. Moreover, 

Whitfield et al. (2002) examined the variability in the seasonality of temperature and precipitation 

in Canada and determined that the variations in climate are occurring at a broader scale than the 

local climate regime: most of the temperature and precipitation clusters span one or more ecozones 

despite their different climatic conditions. This could be related to large-scale atmospheric 

circulation changes affecting regions much larger than single climatological or ecological zones. 

 

Figure 4.1 Study area and spatial distribution of four subregions. 
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Figure 4.2 Annual SPEI series for four subregions: S1 (a), S2 (b), S3 (c), and S4 (d). The red line is the linear 

trend and S is the trend using Sen’s slope (significant values are in bold). 

 

4.3.2 Seasonal Drought Trends 

To further study the temporal evolution of drought, the MMK test was employed to estimate the 

SPEI trend in each season. Figure 4.3 presents the spatial distribution of the MMK trend statistic 

of the seasonal SPEI. In general, droughts show remarkable spatial variations in different seasons; 

however, positive trends dominate over major parts of Canada while most negative trends in spring, 

summer, and autumn are not statistically significant, which is consistent with the results in Figure 

4.2. In spring, scattered significant increasing trends are predominantly found in S1 and S4. In 

summer, S3 exhibits more significant increasing trends compared with that in Figure 4.3(a). 

Furthermore, southern Alberta and Saskatchewan (S1) have exhibited more negative trends in 

summer compared with that in spring. Moreover, the majority of decreasing trends are located in 

the southeast, although they are not significant. In autumn, the spatial distribution is similar to that 

for spring, except that there are more negative trends in Alberta, east S2, and east S3, whereas for 
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winter (Figure 4.3d), a prevalent decreasing trend appears mostly in southwest Canada, which 

means that among the four seasons, winter has an apparent drying tendency. 

 

From 1950 to 1998, Zhang et al. (2000) found that precipitation in Canada has increased by 5% to 

35%, but with significant negative trends found in the southwest during winter (Mekis and Vincent, 

2011). In addition, warming in the south and west (Bonsal et al., 2017) and cooling in the northeast 

is evident in winter and spring. Together, these trends could have contributed to the tendency of 

drying detected in southwest Canada in winter and wetter spring detected in northern Canada. 

Using the singular value decomposition (SVD), Shabbar and Skinner (2004) reported that the first 

SVD pattern of the summer PDSI in Canada exhibited both interannual and decadal variability 

with a general wetting trend from 1940 to 2002. Meyn et al. (2010) analyzed trends in wildfire and 

summer drought in British Columbia from 1920 to 2000 and revealed that the summer sc_PDSI 

exhibited a positive trend, which significantly contributed to the decrease in wildfire frequency 

and area burned. Similarly, Gobena and Gan (2013) reported that summer moisture availability in 

southern British Columbia has shown a significant increasing trend from 1950 to 2003, which 

corresponds with the increasing trend in Figure 4.3(b). In addition to the previous research, our 

results further emphasize that the drought risk in winter has worsened. 
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Figure 4.3 Spatial distributions of the MMK trend statistic of the seasonal SPEI at 95% significance level. The 

abbreviations are P: positive trend, SP: significant positive trend, N: negative trend, and SN: significant negative 

trend. The yellow curves denote the cluster boundaries. 

 

4.3.3 Changes in Drought Frequency (DF) 

Changes in the drought frequency (SPEI<-1) over Canada were investigated for 5-year (lustrum) 

periods (1950–1954, 1955–1959, etc.) in 1950–2016, as shown in Figure 4.4. Overall, there were 

more drought events during the first two lustrums (1950–1959) than the last two lustrums periods 

(1996–2015) for all regions. Additionally, S1 and S4 experienced significant decreasing trends of 

-0.15 and -0.32 per decade, respectively. Spinoni et al. (2014) reported that North America has 

experienced a significant decrease in drought frequency over 1951–2010, which they estimated 

using SPI, and is verified in this study using SPEI (Figure 4.4). 

 

Among all sub-regions, droughts in S1 are less frequent (4.7/lustrum), compared with S2 

(6.0/lustrum), S3 (5.1/lustrum) and S4 (6.2/lustrum). On the other hand, as pointed out by Bonsal 

et al. (2011a), the low frequency has generally led to a lower adaptive capability, thus making the 
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region more vulnerable to the impacts of drought (Hryciw et al., 2013). For example, the CP and 

interior valleys of British Columbia are susceptible to drought primarily due to their location in 

the leeward side of major mountain ranges, with low precipitation of high spatial and temporal 

variability. Although the drought frequency in northern Canada is higher (S2 and S4), it is less of 

concern largely because of its low population density and a lack of agricultural activity. Even 

though significant warming has been reported over Canada (Zhang et al., 2000), it has not resulted 

in an increase in the drought frequency, which tends to exhibit decadal variability consistent with 

that of precipitation (Bonsal et al., 2011). 

 

Figure 4.4 Temporal variation of quinquennial drought frequency for S1 (a), S2 (b), S3 (c), and S4 (d). 1952 

denotes 1950–1954 and 1962 denotes 1960–1964, etc. The red line is the linear trend and S is the trend using 

Sen’s slope (significant values are in bold). 

 

4.3.4 Changes in Drought Duration 

4.3.4.1 Longest drought duration (LDD) 

In this study, the longest drought duration (LDD) is defined as the longest consecutive months 

with SPEI<-1 over 1950–2016. From the spatial distribution of LDD shown in Figure 4.5(a), it is 
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evident that the LDD in most parts of Canada is less than 12 months. In addition, it seems that the 

LDD in Canada has a dipolar pattern: northern Canada tends to have a longer LDD (12–24 months), 

whereas the CP and southeast region have a shorter LDD (3–6 months). The decadal spatial 

distribution of the occurring time of LDD in Figure 4.5(b), illustrates that S2 and S4 (northeast 

Canada) have been stricken by their LDDs primarily in the 1950s and 1960s. However, the CP and 

east S1 have been affected in more recent decades (after the 1990s), suggesting that south and east 

Canada have experienced more long-lasting droughts in the past few decades. 

 

 

Figure 4.5 Spatial distribution of (a) the longest drought duration and (b) the longest drought duration occurring 

time. 

 

4.3.4.2 Total drought duration (TDD) 

Figure 4.6(a-d) depicts the temporal variations of the annual TDD for the four sub-regions. Except 

for S3 (Figure 4.6c), all sub-regions (S1, S2, and S4) have exhibited significant decreasing trends 

at -0.20 month/decade, -0.42 month/decade, and -0.69 month/decade, respectively. Moreover, S1, 

S2, and S4 all experienced short-duration droughts circa the 1980s; in contrast, S3 encountered 

droughts of short durations in the 2000s. A change point analysis (Table 4.2) shows that Canada’s 

west coast underwent an abrupt change in the 2000s, whereas the remainder of the country was 

subjected to an earlier abrupt change in TDD in 1980s. 
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4.3.4.3 Severe and extreme drought duration (SEDD) 

Figure 4.6(e-f) depicts the temporal evolution of the annual SEDD (SPEI 1.5  ) for four sub-

regions. Unlike the TDD, the annual SEDDs exhibit a significant decreasing tendency for all sub-

regions at -0.11 month/decade, -0.32 month/decade, -0.14 month/decade, and -0.48 month/decade, 

respectively. In addition, the annual SEDDs have experienced change points similar to the annual 

TDD (Table 4.2). Consistent with Figure 4.6(d), S4 has the largest decreasing SEDD trend among 

all sub-regions. In addition, given the decreasing trends estimated using Sen’s slope for S2 (-0.42 

month/decade and -0.32 month/decade), S4 (-0.69 month/decade and -0.48 month/decade), and S3 

(-0.19/decade and -0.14/decade) in Figure 4.6, it is evident that severe and extreme events have 

contributed significantly to the general decline of TDD in northern Canada. 

 

Among all sub-regions, the mean TDDs in S1 are less persistent (2.1 month/year), compared with 

S2 (3.2 month/year), S3 (2.2 month/year) and S4 (3.1 month/year). However, the CP suffered one 

of the most severe and prolonged droughts in Canadian history from 1999 to 2005 (Greene et al., 

2011), which was well captured by the SPEI in Figure 4.5(b). Furthermore, the region that 

experienced the LDD in the CP was predominantly located in Alberta and Saskatchewan (S1), 

which is also consistent with Greene et al. (2011). From Figure 4.5(a), the droughts in southern 

Ontario and Quebec are typically short in duration, and they tend to occur in more recent decades. 
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Figure 4.6 Temporal variation of annual total drought duration (TDD) (a, b, c, d) and severe-extreme drought 

duration (SEDD) (e, f, g, h) for S1, S2, S3, and S4. The red line is the linear trend and S is the trend per decade 

using Sen’s slope (significant values are in bold). 

 

4.3.5 Changes in Drought Area 

4.3.5.1 Total drought area (TDA) 

The annual temporal variability of the TDA during 1950–2016 over different sub-regions is 

presented in Figure 4.7(a-d). The TDA is the percentage of grids with SPEI 1   over the total 



 

79 

 

grids. The most significant decreasing trend is found in S4, with a rate of -6%/decade (Figure 4.7d). 

Over the study period, TDAs are more widespread in S2 and S4 (24% and 23%, respectively), 

whereas TDA in S1 is the lowest (15%). On an annual time scale, widespread droughts have 

occurred in the 1950s for all sub-regions. Additionally, striking droughts occurred in 1961 and 

1962 for S1 (>40%), in 1965, 1972, and 1990 for S2 (>70%), in 1983, 1995, and 2004 for S3 

(>50%), and in 1964 and 1965 for S4 (>70%). As shown in Figure 4.7(a), there seems to be an 

increasing trend in TDA after 2005 for S1; however, the magnitude is much smaller than that 

during the period 1950–1970. In other words, spatially less extensive droughts had occurred in 

Canada after 2000s. Abrupt change points of TDA also occurred in the 1970s (Table 4.2), which 

are similar to that of drought frequency. 

 

4.3.5.2 Severe and extreme drought area (SEDA) 

Figure 4.7(e-f) exhibits the time series of the annual SEDA (SPEI<-1.5) for the four sub-regions. 

Similar to Figure 4.7a and d, the most significant decreasing trends for SEDA were found in S1 (-

1%/decade) and S4 (3%/decade). Moreover, SEDAs are widespread in S2 and S4 (14% and 13%, 

respectively) and that for S1 is the lowest (6%). Again, similar to TDA, abrupt change points 

appeared in the 1970s (Table 4.2). From the decreasing trends estimated by TDA and SEDA for 

S2 (-0.03/decade and -0.009/decade) and S3 (-0.02/decade and -0.007/decade) shown in Figure 

4.7, it seems that moderate drought events occurring in recent decades have resulted in an overall 

decline of drought area in S2 and S3. 

 

An overall decline in the drought areas in Canada is also detected by Van Der Schrier et al. (2013). 

As demonstrated by Szeto et al. (2016), the extreme drought event in British Columbia and Alberta 
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(western S1) in 2015 was exceptional because of its severity and extent, which was well captured 

by the ridge during the 2010s in Figure 4.7(a) and (e). Bonsal et al. (2012) also noted that drought 

conditions in the twentieth century were relatively mild when compared to the pre-instrumental 

period on the CP, reinforcing our findings of a general decline in the drought areas of S1 (Table 

4.3). 

Table 4.2 Change points of annual drought duration, drought area, and drought severity. 

Subregion Drought duration Drought area Drought severity 

 Total 

drought 

Severe and 

extreme 

drought 

Total 

drought 

Severe and 

extreme 

drought 

Total 

drought 

Severe and 

extreme 

drought 

S1 1976 1976 1974 1972 1976 1976 

S2 1993 1994 1972 1972 1994 1994 

S3 2004 2004 1983 1985 2004 2004 

S4 1983 1983 1978 1978 1983 1983 

Whole 1978 1978 1972 1972 1978 1978 

Change points that are statistically significant are in bold. 

 



 

81 

 

 

Figure 4.7 Temporal evolution of annual total drought area (TDA) (a, b, c, d) and severe-extreme drought area 

(SEDA) (e, f, g, h) for S1, S2, S3, and S4. The red line is the linear trend and S is the trend per decade using 

Sen’s slope (significant values are in bold). 

 

4.3.6 Changes in Drought Severity 

4.3.6.1 Total drought severity (TDS) 

TDS is defined as the absolute value of SPEI (<-1) multiplied with the duration. As shown in 

Figure 4.8(a-d), the annual TDS in all sub-regions has declined at -0.33/decade, -0.81/decade, -
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0.35/decade, and -1.25/decade, respectively (Table 4.3), which means that the severity of drought 

events have generally mitigated from 1950 to 2016, especially for S4. All sub-regions suffered 

droughts of high-severity in the 1950s and 1995–2005 was a difficult period for S3. For S1, 1999–

2005 is also marked by high severity, which has been reported by Hanesiak et al. (2011) and 

Hryciw et al. (2013). 

 

4.3.6.2 Severe and extreme drought severity (SEDS) 

Figure 4.8(e-f) presents the evolution of the annual SEDS (SPEI<-1.5) for four sub-regions. 

Coincidentally, all sub-regions have the same change points as that of TDS (Table 4.3). Similarly, 

all sub-regions experienced a negative trend in SEDS especially for S4 (-0.96/decade), and 

droughts of high-severity in the 1950s. From Figure 4.8(e), even though trends of SEDS became 

positive after 2005 for S1, the magnitude was small compared to that for the negative trend in 

1950–1970, indicating that the 1950s was a decade impacted by severe and prolonged droughts. 

Given consistent negative trends estimated by the Sen’s slope for S1 (-0.33/decade and -

0.21/decade), S2 (-0.81/decade and -0.69/decade), S3 (-0.35/decade and -0.27/decade), and S4 (-

1.25/decade and -0.96/decade) in Figure 4.8, the general decline in severe and extreme droughts 

have contributed significantly to the general decline of TDS across Canada over 1950-2016. 

 

The above results agree with that of past drought studies. For example, using sc_PDSI and 

intermediate future climate scenarios simulated by 14 global climate models (GCMs) of CMIP5, 

Dai (2013) projected a large increase in wetness over high latitudes in North America. Moreover, 

under climate warming, summer and fall precipitation are projected to increase at high northern 

latitudes (Swain and Hayhoe, 2015), which would lead to wetter conditions in Canada. Choi and 
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Kim (2018) assessed how warming could affect spring and early summer droughts in North 

America and found that regions with drought relief are predominantly located in Canada and 

Alaska, partly due to more spring snowmelt. Based on projections from 21 GCMs of CMIP5, 

Swain and Hayhoe (2015) projected a pronounced increase in wet conditions across Canada in 

spring of the 2020s to 2080s, and the magnitude of projected changes in wetness may scale with 

global temperature. Even though regions such as Yukon (S3) is projected to become wetter with 

higher spring SPI, given the distribution of SPI is highly skewed, it could also experience 

prolonged dry conditions. 

Table 4.3 The Sen's slope of drought duration, drought area, and drought severity 

Subregion Drought duration Drought area Drought severity 

 
Total 

drought 

Severe and 

extreme 

drought 

Total 

drought 

Severe and 

extreme 

drought 

Total 

drought 

Severe and 

extreme 

drought 

S1 -0.20 -0.11 -0.02 -0.01 -0.33 -0.21 

S2 -0.42 -0.32 -0.03 -0.009 -0.81 -0.69 

S3 -0.19 -0.14 -0.02 -0.007 -0.35 -0.27 

S4 -0.69 -0.48 -0.06 -0.03 -1.25 -0.96 

Whole -0.32 -0.21 -0.04 -0.02 -0.56 -0.43 

Trends that are statistically significant are in bold and the unit is per decade. 
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Figure 4.8 Temporal variability of annual total drought severity (TDS) (a, b, c, d) and severe-extreme drought 

severity (SEDS) (e, f, g, h) for S1, S2, S3, and S4. The red line is the linear trend and S is the trend per decade 

using Sen’s slope (significant values are in bold). 

 

4.3.7 Composite Analysis 

Figure 4.9 depicts the composite mean and anomaly of precipitation and surface temperature 

across Canada between 1950–1979 and 1987–2016. From Figure 4.9(e), Canada has mainly 

experienced increasing precipitation (Vincent et al., 2015) except for some regions in the south, 
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which has contributed to the tendency to lower severity and frequency of droughts in Canada. The 

annual rainfall in Canada has increased by about 12.5% while the annual snowfall by about 4% 

from 1950 to 2009; however, the increase in snowfall was not consistent across the country. For 

example, western provinces (British Columbia, Alberta, and Saskatchewan) exhibited significant 

decreasing trends (Figure 4.9e) (Mekis and Vincent, 2011). In addition, higher surface 

temperatures were observed across Canada, especially in the north (Figure 4.9f) (Vincent et al., 

2018). Therefore, these findings suggest that Canada has gradually become wetter and warmer 

since the 1950s.  

 

Based on GCM outputs of CMIP5, Cook et al. (2014) assessed the relative contribution from 

changes in precipitation versus evapotranspiration to the magnitude and extent of drying induced 

by global warming. They show that overall more precipitation may cause the entire Northern 

Hemisphere to become wetter, especially in high latitudes where precipitation increase is projected 

to be the highest, but changes in mid-latitudes would be near neutral or marginally wetter. In 

contrast, an increase in PET could result in drying across all latitudes. In view of projected changes 

in PET and precipitation, the net result is a robust wetting occurring in NH’s high latitudes (Dai, 

2013). Naumann et al. (2018) investigated global drought conditions under different projected 

global warming levels. They revealed that the drought magnitude would halve with a 1.5°C 

warming primarily in the Russian Federation, southern Alaska, and Canada. Further, droughts are 

projected to be shorter in length for most land areas north of 55°N latitude, which further reinforces 

our findings. Therefore, the increase in precipitation is expected to substantially outweigh the 

impact of increased PET (resulting from increased temperature) to future droughts in Canada.  
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According to the Clausius–Clapeyron relationship, the atmospheric water holding capacity will 

increase by about 7% per K rise in temperature, and so warming will give rise to increased 

evaporation, atmospheric moisture, moist static energy and therefore storms are expected to be 

more intensive (O’Gorman and Schneider, 2009). With the Clausius–Clapeyron relationship as the 

basis, the 7% per K rise in water holding capacity is generally true, but different rates of increase 

in extreme rainfall with respect to increase in temperature have been detected (Berg et al., 2013; 

Lenderink and Van Meijgaard, 2008; Tan et al., 2018d), which is expected since precipitation is 

highly variable spatially. Contrasting drivers of precipitation change at the regional and global 

scales, globally there is high confidence that global mean precipitation increases ~2%/K of global 

mean warming (Held and Soden, 2006). Therefore likely attributed to the regional impact of global 

warming, the occurrences of severe and extreme droughts across the four sub-regions of Canada 

have generally declined over 1950-2016. 
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Figure 4.9 Composite mean of (a, c) precipitation, (b, d) temperature, and (e, f) their anomalies during 1950–

1979 and 1987–2016. Regions with dots are at 95% significance level. 

 

4.3.8 Dynamic Influence of Climate Drivers 

Figure 4.10 presents the estimated dynamic regression slope coefficients of six climate drivers on 

four regional SPEI series. Figure 4.10(a) illustrates that the correlation between NINO3 and SPEI 

at S1 experienced a phase change from positive before 1970 to negative until 2015. However, 

NINO3 was negatively correlated with SPEI before 1985 (Figure 4.10s) in S4, and there was a 

trough circa 1970 and a ridge during the 1990s. For S3, the slope exhibited a decadal variability 

and gradually changed from positive to negative (Figure 4.10m). Additionally, the slope 

coefficients of NINO3 tend to approach 0 after 2005, implying that the effects of the ENSO 

weakened for all sub-regions of Canada in recent decades. 
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As the world’s most significant inter-annual climate pattern, ENSO plays a substantial role in the 

variability of climate worldwide. In Canada, El Niño is typically associated with warmer and drier 

winters, whereas La Niña has the opposite effect. For example, the ENSO exerts a strong influence 

on the winter precipitation of southwest Canada and El Niño (La Niña) may lead to a 14% decrease 

(20% increase) in the mean winter precipitation (Gan et al., 2007). El Niño events are typically 

accompanied by a summer moisture deficit in most of western Canada, whereas La Niña events 

produce an abundance of summer moisture in extreme western Canada and in the southeastern part 

of the CP (Shabbar and Skinner, 2004). Our analysis further reveals the time-varying influences 

of ENSO on droughts in Canada. Given the large negative slope coefficient of S1 in 2001-2002 

(Figure 4.10a), the strong influence of El Niño in S1 leading to a significant decline in SPEI is 

expected in 2001-2002, which corresponds to the severe 2001–2002 drought in the CP (Bonsal 

and Regier, 2007). Furthermore, the extreme drought in western Canada is also amplified by the 

intense El Niño episode of 2015–16 (Szeto et al., 2016).  

 

For PDO, the slope coefficient of S1 changed from positive to negative in the 1970s (Figure 4.10b). 

Figure 4.10(t) depicts that PDO was negatively correlated with SPEI but its impact decreased from 

1950 to 2016 in S4. Two troughs are found in both S1 and S3 circa 2000, respectively (Figure 

4.10n), suggesting that PDO’s effect became stronger at that time. For S2, the negative correlation 

was relatively stable after 2000 (Figure 4.10h). Bonsal et al. (1993) reported that positive PDO 

tends to give rise to extended dry spells during the growing season throughout the CP. Similarly, 

Gan et al. (2007) found that a positive (negative) phase of the PDO is associated with an 8% 

decrease (9% increase) in the mean winter precipitation in southwestern Canada (Sheffield et al., 
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2013). Our results reveal that PDO is typically negatively correlated with the SPEI, which further 

confirms that a positive PDO contributes to drier conditions. 

 

PNA exerted a predominant and persistent negative influence on the SPEI in S1 over 1950-2106 

(Figure 4.10c), but a more positive influence in S4 (Figure 4.10u). For S2 and S3, the effects of 

the PNA have been typically weak: the correlation for S2 experienced a phase change circa 1980 

(Figure 4.10i); and the impact of the PNA for S3 was minimal after the 1970s (Figure 4.10o), 

implying a reduction in the strength and a possible phase change in the future. The initiation of the 

positive PNA and associated positive geopotential height anomalies over western Canada results 

in large-scale subsidence over the region, leading to warmer and drier conditions (Bonsal and 

Shabbar, 2008). Given slope coefficients in S3 are predominantly negative (Figure 4.10o), while 

PNA was mostly in positive phases since the mid-1970s, SPEI is expected to decrease, resulting 

in drier climate in western Canada. The result is consistent with that of Gan et al. (2007) who show 

that a strong positive (negative) PNA would lead to a 12% decrease (9% increase) in mean 

precipitation in southwestern Canada.  

 

Distinct effects of AMO are displayed in S1 and S3. For S1, the slope coefficients decreased from 

positive to negative circa 1980 (Figure 4.10d), but an opposite relationship is observed for S3 in 

1985 (Figure 4.10p). The influence of AMO in S2 weakened over the years, although it remains 

positive. However, the slope for S3 changed circa 1985 (Figure 4.10p) from negative to positive. 

From Figure 4.10(d), the AMO warm phase in the late 1990s contributed to a negative slope that 

resulted in dryer conditions in S1, while the cool phase from 1960 to 1970 led to a positive slope 

and wetter conditions in S3, which agrees with the findings of Shabbar and Skinner (2004). In 
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addition, the AMO warm phase with a negative slope coefficient from 2015 to 2016 (Figure 4.10d) 

could stimulate drier conditions in S1, which may have further aggravated the 2015–16 extreme 

drought in western Canada. 

 

The effects of AO changed from negative to positive for both S2 and S4 in 1995 and 1975, 

respectively. A trough appeared in S1 in 1970 (Figure 4.10e), which could mean a stronger effect 

of AO over S1 at that time, but after 1985 that effect decreased to a minimum until 2005. After 

that the slope coefficients tend to decrease, implying a reinforcing effect of AO over S1. For S3, 

the correlation fluctuates over 1950-2016, with a negative slope detected after 2010 (Figure 4.10q). 

The AO is a dominant climate driver affecting the winter temperature in eastern Canada, such that 

winters tend to be colder when AO is positive and vice versa (Bonsal et al., 2001). As shown in 

Figure 4.10(k), a phase change occurred circa 1995, showing a positive influence of AO over S2 

since then. 

 

The effects of sunspots on SPEI appear to be generally stable and predominantly negative after 

1990 for S2, S3, and S4; while for S1, the influence changed from positive to negative in the 1980s, 

with an enhanced negative slope after the 1990s (Figure 4.10f). Noteworthy is that the slope 

coefficients tend to increase after the 2000s for S1, S3, and S4, indicating that the effects of 

sunspots have strengthened in recent decades. The solar cycles, which are driven by the sun's 

magnetic turbulence at an 11-year cycle, have the potential to influence climate systems on Earth 

(Larsen, 2005; Meehl et al., 2002). For example, using wavelet and copula analysis, Zhu et al. 

(2018) and Fang et al. (2018) showed that sunspot activities are closely associated with dry 

conditions in China. In Southern Canada, Fu et al. (2012) examined the combined influence of 
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solar activity and El Niño episodes on streamflow, and Prokoph et al. (2012) also found that years 

with major floods were most likely to occur during years with a low sunspot number. In contrast, 

the 1999–2005 Canadian drought occurred during a period with a high sunspot number. Sunspots 

are primarily negatively associated with the SPEI after the 1980s in S1 (Figure 4.10f), which 

further confirms that increasing sunspots could lead to a decrease in SPEI, indicating that dry 

events are more likely to occur during periods with high sunspot numbers. 

 

Figure 4.10 Variations in the relationship between regional SPEI and large-scale climate oscillations for S1 (a-

f), S2 (g-l), S3 (m-r), and S4 (s-x). The solid black line denotes the estimated time-varying slopes, along with 

the 25th and 75th percentile credible interval lines (red dotted lines) from the Bayesian dynamic linear model. 
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4.4 Discussion 

The global ocean covers over 70% of the Earth’s surface and serves as a tremendous reservoir of 

water, energy, carbon, and other substances. It is a pivotal constituent of the climate system and 

interacts directly with the atmosphere (Bush and Lemmen, 2019). Various studies linking drought 

variability to major circulations of the Northern Hemisphere have identified a dynamic relationship 

over the past 300 years; however because the mechanisms linking regional climate variability with 

ocean-atmospheric circulation patterns are not firmly established, it remains challenging to provide 

a precise explanation of the cause of the atmospheric circulation shift and its dynamic influences 

on droughts, posing excessive challenges for predicting the onset, duration, and severity of 

droughts in Canada (Bonsai et al., 2005; Bonsal et al., 2017; Girardin et al., 2004a; Hanesiak et al., 

2011; Tan et al., 2018c). The above results reveal the haphazard and dynamic nature of climate 

patterns’ influence over the dryness of Canada divided into four sub-regions represented by the 

SPEI in 1950-2016. This is expected because climate patterns have been changing between 

positive and negative phases and at varying strength and frequencies, ranging from inter-annual to 

inter-decadal scales (Gan et al., 2007). 

 

Figure 4.10 presents multiple phase changes for the dynamic regression slope coefficients in the 

1970s, which could be attributed to the extraordinary climatic shift of the 1970s characterized by 

a significant shift from cooler to warmer tropical Pacific sea surface temperatures (SSTs) (Meehl 

et al., 2009). A number of studies have reported global-scale abrupt changes in atmospheric 

circulations and climate detected in the 1970s (Jacques-Coper and Garreaud, 2015; O’Kane et al., 

2014). For example, the second SVD pattern of the summer PDSI in Canada displayed a decreasing 
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trend from 1940 to the mid-1970s, but thereafter increased abruptly (Shabbar and Skinner, 2004). 

As reported by Miller et al. (1994), the atmosphere-ocean climate system over the North Pacific 

Ocean abruptly changed its normal state, whereby SSTs cooled in the central Pacific and warmed 

off the coast of western North America. Meehl et al. (2009) found that the observed 1970s’ climate 

shift may have been the result of changes in external forcing superimposed on an inherent 

fluctuation of the Pacific climate system, which include: (a) a reduction in the northward oceanic 

heat flux associated with the North Atlantic thermohaline circulation, and (b) a rapid increase in 

anthropogenic aerosol emissions, particularly over Europe and North America (Baines and Folland, 

2007). 

 

Droughts in southern Canada are associated with positive 500-hPa geopotential height anomalies 

centered over the Gulf of Alaska and Baffin Bay (Girardin et al., 2004b). Bonsal et al. (2001) 

suggested that El Niño episodes with a positive PDO are associated with strong positive winter 

temperature anomalies over most of Canada, which are the result of a deeper than normal Aleutian 

low, an amplification and eastward displacement of the western Canadian ridge, and negative 500-

hPa height anomalies over the southeastern US. Girardin et al. (2004b) found that drought over 

the Abitibi Plains ecoregion (eastern Canada) displayed a shift in 1850: drought was correlated 

with PDO before 1850, but after which it was more correlated with the NAO, suggesting the 

diminishing effects of Pacific forcing (Wu et al., 2018). Moreover, the shift that occurred circa 

1850 reflects a northward displacement of the polar jet stream induced by a warmer sea surface 

temperature along the North Pacific coast, which inhibits the outflow of cold and dry Arctic air 

over most of Canada and allows the incursion of air masses from the Atlantic subtropical regions. 

Using redundancy analysis, Girardin et al. (2004b) also described the changing relationship 
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between atmospheric circulation indices and droughts in Canada. They demonstrated that the first 

principal component (PC1) was negatively correlated with the PDO and positively with the NAO 

and Southern Oscillation (SO) from 1706 to 1998. However, for PC2, its relationship with the 

PDO changed from positive to negative during 1880–1979, and the effect of the SO weakened 

during 1850–1949. 

 

Dai (2011b) shows that meteorological droughts often result from persistent anomalous large-scale 

atmospheric circulation patterns induced by anomalous tropical SST or other remote climatic 

conditions, and that is why many statistical methods have employed large-scale atmospheric 

circulations as natural precursors to predict droughts (Hao et al., 2018). However, the 1999–2005 

CP drought was related to a northward extension of a persistent drought in America, instead of 

droughts usually attributed to distinct meridional flows over the North Pacific and North America 

(Bonsai et al., 2005). Furthermore, a lack of consistent positive PNA and PDO patterns during the 

recent most severe drought in 2001-02 differs from past droughts that tend to be associated with 

large-scale teleconnections (Hanesiak et al., 2011). Therefore, from a large-scale teleconnection 

perspective, this 1999-2005 drought is different from past droughts of the CP, which again 

confirms our findings on the non-steady and dynamic relationships between large-scale climate 

oscillations and droughts in Canada.  

 

Similarly, Rajagopalan et al. (2000) who examined the teleconnection of past summer U.S. 

droughts to ENSO, recommended the application of the BDL model to better capture non-

stationarities in the relationship between droughts and ENSO over the twentieth century. 

Meanwhile, from CMIP5 climate models’ simulations, Coats et al. (2013) investigated the 
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teleconnection between tropical Pacific SSTs and 200 mb geopotential height in North America. 

They concluded that the non-stationarity of this teleconnection was associated with changes in 

tropical Pacific SSTs, which again highlights the role of ocean dynamics in the non-stationary 

nature of teleconnections observed in North America. 

 

Except for large-scale climate oscillations, Greene et al. (2011) who studied cloud characteristics 

during the 1999–2005 drought in the CP, found that months with below-average precipitation tend 

to have negative cloud amount anomalies, and the occurrence of thick and medium clouds 

decreased with drought severity. Our results further demonstrate the dynamic influences of large-

scale climate oscillations on droughts in Canada and reveal considerable changes in the 

relationship. It seems that the effects of the ENSO across Canada have generally weakened in the 

past few decades, especially after the 2000s. For S1, all large-scale climate drivers exerted more 

negative influences on drought variability after the 1980s, while ENSO, AMO, and sunspots 

underwent a phase change in 1970, 1980, and 1990, respectively. For S2, except for PDO, other 

climate indices are more positively correlated with SPEI after the 1990s. For S3, PDO, PNA, and 

sunspots are negatively correlated with drought variability. For S4, more positive relationships can 

be found with PNA and AO after the 1970s, and the effect of PDO weakened over 1950–2016. 

 

4.5 Summary and Conclusions 

Given understanding the spatiotemporal characteristics of drought is crucial for drought risk 

mitigation, this article aims to provide a comprehensive assessment of drought conditions across 

Canada. The CRU dataset was used to calculate SPEI for four sub-regions of Canada for 1950–

2016. Spatial and temporal variations of drought duration, frequency, percent area, and severity 
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were investigated. The dynamic influences of large-scale climate drivers on the drought variability 

of Canada in terms of SPEI were also identified. The primary conclusions can be summarized as 

follows: 

(1) The 1950s was one of the recent decades most influenced by severe and prolonged drought 

events. Seasonally, wetting trends dominate over major parts of Canada in spring, summer, 

and autumn; however, a prevalent winter drying trend has been detected in southwest Canada.  

(2) For the drought frequency (DF), S1 and S4 have experienced significant declining trends. 

Although DF is higher in northern Canada, it is less of concern mainly because of its low 

population density and a lack of agricultural activity. A significant increase in temperature has 

been reported over Canada, but this has not resulted in an increase in the drought frequency. 

(3) The longest drought duration (LDD) in Canada exhibits a dipolar pattern: the northern part of 

Canada has a longer drought duration, whereas the southern part has a shorter duration. In 

terms of TDD, the most significant decreasing trends were found in S4. Spatially, dry areas 

were widespread in S2 and S4. Temporally, widespread droughts occurred across Canada in 

the 1950s, and there was an increasing trend after 2005 for S1. For the severe & extreme 

drought duration (SEDD), all sub-regions exhibited a significant decreasing trend, which 

contributed significantly to the general decline of the total drought duration (TDD) in northern 

Canada. 

(4) The annual total drought severity (TDS) and severe and extreme drought severity (SEDS) have 

also exhibited negative trends, especially for S4, implying that droughts have generally 

declined from 1950 to 2016. All sub-regions suffered extremely severe droughts in the 1950s. 

The general decline in severe and extreme droughts across Canada has resulted in the general 

decline of annual TDS across Canada. 
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(5) Our results further demonstrate the dynamic influence of large-scale climate drivers on 

droughts in Canada but with considerable changes in the relationship over 1950-2016, which 

is partly associated with the climate shift detected in the 1970s. The effects of ENSO weakened 

across Canada in the past few decades, especially after the 2000s; and ENSO, AMO, and 

sunspots experienced a phase change in 1970, 1980, and 1990, respectively. For S1, climate 

patterns generally exerted more negative than positive influence on the drought variability 

expressed in terms of dynamic regression slope coefficients after the 1980s. For S2, except for 

PDO, other climate indices were more positively correlated with the SPEI after the 1990s. For 

S3, PDO, PNA, and sunspots were negatively correlated with the drought variability, when 

both ENSO and AMO experienced a phase change circa 1985. For S4, more positive 

relationships were identified for PNA and AO after the 1970s, and the effect of PDO has 

weakened during 1950–2016. Overall, likely attributed to the regional impact of global 

warming, the occurrences of severe and extreme droughts across the four sub-regions of 

Canada has generally declined over the last seven decades since 1950. 
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Chapter 5. Changing Characteristics of Dry and Wet Spells in Canada 

5.1 Introduction 

Climate extremes variability including the sequencing and persistence of daily precipitation has 

become a fundamental issue throughout the scientific community due to its significant threats to 

agriculture, hydrology, energy, and terrestrial functions (Casanueva et al., 2014; Roque-Malo and 

Kumar, 2017). According to the Synthesis Report of the Intergovernmental Panel on Climate 

Change (IPCC) Fifth Assessment Report, in many mid-latitude dry regions, mean precipitation 

will likely decline, while in many mid-latitude wet regions mean precipitation is going to rise under 

the RCP8.5 scenario. Meanwhile, extreme precipitation events over most mid-latitude areas are 

highly likely to become more intense and more frequent as global mean surface temperature rises. 

As a result, global losses from climate-related extremes such as heatwaves, droughts, floods, 

cyclones, and wildfires have increased considerably in recent decades (Pachauri et al., 2014).  

 

Many research projects have characterized the non-stationarity of heavy precipitation and its 

intensification (Bracken et al., 2015; Gizaw and Gan, 2016a; R. Jiang et al., 2016; Tan and Gan, 

2017). This amplification is closely related to atmospheric warming as noted by Allan and Soden 

(2008), there is a direct linkage between a warmer climate and an increase in extreme precipitation 

events in both satellite observations and climate model simulations (Dominguez et al., 2012). For 

example, using six extreme indices, Gizaw and Gan (2016a) assessed the impact of climate change 

on future extreme precipitation and suggested a projected increase in the volume of precipitation 

expected in very wet and extremely wet days in southern Alberta, Canada, which could potentially 

increase the risk of future flooding. Except for heavy precipitation, there are studies investigating 

the spatial and temporal patterns of drought, which is defined as a period of abnormally dry 
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weather long enough to cause a serious hydrological imbalance (Pachauri et al., 2014). As one of 

the most disastrous types of natural disasters, drought has caused billions of dollars of damage 

worldwide each year (Faustin Katchele et al., 2017). Gobena and Gan (2013) investigated climate 

change impacts on summer moisture availability in Canada from 1941 to 2003 using the Palmer 

Drought Severity Index, and they reported that moisture availability in the Canadian Prairies (CP) 

has displayed a significant negative trend, whereas southern British Columbia has shown a 

significant positive trend. 

 

Most previous studies are based on monthly precipitation; however, relying only on the monthly 

precipitation amount or frequency can sometimes result in misleading conclusions (Cindrić et al., 

2010). For example, if an extreme precipitation event is recorded during a period that is followed 

by a long dry spell, one may conclude that the analyzed period was wet. The analysis for evaluating 

the effects of rainfall patterns on the grassland in Kansas, USA reveals that a 50% increase in dry 

spell duration without a change in total rainfall quantity could lead to a 10% reduction in net 

primary productivity (Fay et al., 2003). Therefore, how dry and wet spells change over time 

becomes very important as their changing pattern can provide more useful insights into specific 

precipitation regime, which would be beneficial to agricultural, irrigation, and field operation 

systems (Cindrić et al., 2010).  

 

Accordingly, numerous studies have investigated the fluctuations of dryness and wetness around 

the world (Ionita et al., 2015; Kutiel and Türkeş, 2017; R. Wang et al., 2017). A study by Beniston 

et al. (2007) examined changes in the Mediterranean’s annual maximum length of wet spell 

predicted by three regional climate models (RCMs), and the results indicate a considerable drying 
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trend. By comparing two 3-member ensembles of simulations with a regional climate model, May 

(2008) showed that both the frequency and the length of dry spells were substantially increased 

over most of the European continent, while an opposite trend was found in the frequency and the 

length of wet spells. In Croatia, Cindrić et al. (2010) studied the climatological features of the 

mean and maximum dry spell durations, and they found prevailing increasing trends during winter 

and spring but a negative trend in autumn. The dry spells in India have increased significantly over 

the north and central regions (Panda and Kumar, 2014) and the predictability of both dry and wet 

spells have undergone a rapid increase (Neena and Goswami, 2010). In north-central China, the 

increase in dry spell duration has been found to be positively correlated with a northward shift in 

planetary waves (Zhang et al., 2015). Using high-resolution gridded data from 1901 to 2013, 

Vinnarasi and Dhanya (2016) analyzed characteristics of extreme dry and wet spells over the 

Indian summer monsoon, and they found apparent signs of wet regions turning drier and dry 

regions turning wetter. Gan et al. (2016) also demonstrated that warm spell duration and dry spell 

number are projected to increase in Africa in the context of global warming, and this could affect 

local water resources management and capacity building. 

 

With regard to Canada, Bonsal and Lawford (1999) analyzed the teleconnections between ENSO 

and summer dry spells on the CP from 1948 to 1991, and they found that the average number of 

dry spells associated with El Niño (La Niña) events is significantly higher (lower) than for non-El 

Niño (non-La Niña) periods. Using daily precipitation data generated by the Canadian Regional 

Climate Model (CRCM), Sushama et al. (2010) suggest that both mean number of dry days and 

return levels of maximum dry spell durations are projected to increase for the southern part of 

Canada.  
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In spite of this, few previous studies have systematically and simultaneously examined dry and 

wet spell characteristics and performed a comprehensive evaluation with sufficiently long daily 

precipitation in Canada. Although Roque-Malo and Kumar (2017) have studied the non-extreme 

precipitation variability across North America and found that wet and dry periods have undergone 

significant changes, they selected only a small number of stations in Canada, thus making the 

results for Canada less comprehensive. As addressed by Li and Babovic (2018), dry and wet spell 

characteristics can indicate the temporal persistence and day-to-day variability of precipitation 

time series, which can be used to assess the performance of a weather generator and the long-term 

predictability of climate models. In this study, we look at both extreme and non-extreme dry and 

wet spell characteristics using daily precipitation data. 

 

Furthermore, a detailed view of the changing characteristics of dry and wet spells will be beneficial 

to effective water resources management and flood/drought risk mitigation in Canada. To this end, 

the purposes of this research are to (1) characterize changes in extreme and non-extreme dry and 

wet spells, (2) build return period maps for dry and wet spells by selecting the optimum probability 

distribution, and (3) describe how dryness and wetness variability are affected by large-scale 

atmospheric circulations. The paper is organized as follows: with a brief introduction in Section 

5.1, Section 5.2 presents an overview of the data and methodology, followed by results and 

discussion in Section 5.3. The main conclusions are outlined in Section 5.4. 
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5.2 Data and methods 

5.2.1 Precipitation data 

In this study, the Climate Prediction Center (CPC) Global Unified Precipitation data (Xie et al., 

2010) were used over the 1979-2018 period. The CPC data are based on gauge records with 

uniform quality control (Hou et al., 2014), and are available at 0.5×0.5 degree. Comprehensive 

quality control procedures were applied to the original station data to remove suspicious and 

extremely large values through comparisons with climatological statistics at target stations, 

concurrent radar and satellite observations, and numerical model forecasts (Chen et al., 2008). 

Then, station reports were interpolated through the optimal interpolation to produce analyzed fields 

of daily precipitation with consideration of orographic effects (Xie et al., 2007).  

 

The CPC data have been extensively used in climate research and have often served as reference 

data for many trend analysis and validation studies. For instance, Dominguez et al. (2012) 

simulated a statistically significant increase in the intensity of winter precipitation extremes over 

the western United States, and they used CPC precipitation as the observation dataset to compare 

to the model simulations. Additionally, in order to identify the uncertainties and errors associated 

with reanalyzed precipitation products, precipitation estimates from six reanalyzes were compared 

against the CPC data over the contiguous United States from 1980 to 2013 (Cui et al., 2017). 

Therefore, we used the CPC daily precipitation data to extract dry and wet spells. 

 

5.2.2 Climate indices 

We selected certain large-scale climate patterns that have been related to the dryness and wetness 

variability observed over Canada (Bonsal et al., 2011; Tan and Gan, 2017; Zhang et al., 2010), 
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such as PNA and ENSO. For example, the dominant dry variability in the CP and northern central 

region are found to be associated principally with the PNA and MEI compared to other large-scale 

climate indices (Asong et al., 2018). St. George (2007) concluded that the state of the winter PNA 

is an essential control on streamflow in the Winnipeg River basin (eastern Canada) at both 

interannual and decadal time-scales. In addition, Yang et al. (2019) found that the extreme 

precipitation occurring in Canada is closely teleconnected to MEI and PNA using wavelet 

coherence analysis.  

 

The PNA is one of the most prominent modes of low-frequency variability in the Northern 

Hemisphere extratropics; it denotes a quadripole pattern of 500 millibar height anomalies, with 

anomalies of similar (opposite) signs located over the Aleutian Islands and southeastern United 

States (Hawaii and central Canada). The multivariate ENSO index version 2 (MEI) was used to 

represent ENSO, with negative (positive) values indicating the cold (warm) ENSO phase, i.e., La 

Niña (El Niño). The MEI is the leading empirical orthogonal function (EOF) of five variables (sea 

level pressure, sea surface temperature, zonal wind, meridional wind, and outgoing long-wave 

radiation) over the tropical Pacific basin, providing a more comprehensive description of ENSO 

events than conventional ENSO indices (Wolter and Timlin, 1998).  

 

Monthly time series of PNA was downloaded from Climate Prediction Centre 

(https://www.cpc.ncep.noaa.gov/products/precip/CWlink/pna/pna.shtml), and MEI indices were 

obtained from the National Oceanic and Atmospheric Administration 

https://www.esrl.noaa.gov/psd/enso/mei/. 

 

https://www.cpc.ncep.noaa.gov/products/precip/CWlink/pna/pna.shtml
https://www.esrl.noaa.gov/psd/enso/mei/
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5.2.3 Extraction of wet and dry spells 

Dry spells, defined as extended periods of dry days, can serve as an indicator of drought conditions 

and are often used in the management of water resource systems (Sushama et al., 2010). Following 

the Expert Team on Climate Change Detection and Indices (ETCCDI, 

http://etccdi.pacificclimate.org/), a dry spell is defined as consecutive days with daily precipitation 

< 1mm, while a wet spell is defined as consecutive days with daily precipitation equal to or 

exceeding this threshold. This definition has also been adopted by Philippon et al. (2015), Jiang et 

al. (2016a), and Raymond et al. (2018). To investigate changes in wet and dry spells in Switzerland, 

Fischer et al. (2015) defined that a day was considered to be wet if daily precipitation was equal 

to or above 1mm. All of these studies provide the feasibility to use 1mm as the threshold to identify 

a dry or wet spell. The number of these spells per year then yields the dry and wet spell frequency.  

 

Singh and Ranade (2010) and Li et al. (2016) have developed several dry and wet spells indices 

to better describe the general and extreme features of dry and wet spells. Here we adopt six indices 

and their details are listed in Table 5.1. We mainly focus on dry spells with a duration ≥ 7 days 

because dry spells with longer duration are associated with stronger impacts for the society and 

environment. By contrast, a wet spell duration is usually shorter than a dry spell, and we focus on 

wet spells with a duration ≥ 3 days. The first four indices are general features of dry and wet spells, 

such as the number of spells and their duration, while the last two indices are defined to explore 

the extreme characteristics.  

 

 

 

 

http://etccdi.pacificclimate.org/
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Table 5.1 Dry and wet spell indices used in this study. 

Indices Definition Units 

DSN Number of dry spell per year  

WSN Number of wet spell per year  

DSD The duration of DS per year day 

WSD Total duration of WS per year day 

MDSD Annual maximum dry spell duration day 

MWSD Annual maximum wet spell duration day 

 

5.2.4 Trend analysis 

The non-parametric Mann-Kendall (MK) test at 5% significance level was employed to detect the 

existence of statistically significant monotonic long-term trends. As the MK test makes no 

assumptions regarding data distribution and can handle gaps in data records, it is recommended 

for analyzing time series with skewed distributions and it has been frequently applied in 

quantifying and testing the significance of trends in climate data (Frazier and Giambelluca, 2016; 

Gizaw and Gan, 2016b; Jiang et al., 2015; Tan and Gan, 2015). More details regarding this method 

can be obtained from  Mann (1945), Kendall (1948), and Hamed and Rao (1998). The trend 

magnitude was analyzed using the non-parametric Sen’s slope estimator (Sen, 1968).  

 

5.2.5 Return level analysis 

Extreme events can be identified by the block maxima (BM) method (Ahmed et al., 2016; Coles, 

2001; Khaliq et al., 2006). The BM approach in climate and hydrology research is commonly a 

block size of one year (annual maximum series, AMS) (Santos et al., 2011), and it models extreme 

events using a generalized extreme value (GEV) distribution, which combines the Gumbel, Fréchet, 

and Weibull distributions (Bohlinger and Sorteberg, 2018; Santos et al., 2011; Tan and Gan, 2017). 

Using the BM approach, Lana et al. (2006) examined the statistical patterns of extreme dry spells 
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in Catalonia and obtained estimation for dry spells with return periods of 2, 5, 10, and 25 years 

from 1950 to 2000. The BM method is used here and parameters of the GEV distribution are 

obtained by means of maximum likelihood estimation (MLE) (Gilleland and Katz, 2016). For the 

present study, the spatial distribution of the return level corresponding to the 5- and 25-year return 

periods was estimated. 

 

The GEV distribution function is given as (Coles, 2001; Gilleland and Katz, 2016): 

1/
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Where scale parameter 0  , location parameter   , and shape parameter   . Equation 

1 contains three types of distribution functions depending on the sign of the shape parameter. The 

Fréchet distribution results from 0   and the Weibull distribution is from 0  . The Gumbel 

type is obtained by taking the limit as 0   giving 
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   (5-2) 

The parameters of all distributions were estimated by the maximum likelihood estimation (MLE). 

In order to select the best marginal distribution, the Akaike information criterion (AIC) (Akaike, 

1974) was used to compare the results from different distributions as suggested by Kim et al. 

(2017): a smaller AIC indicates better goodness of fit. The nonparametric Kolmogorov-Smirnov 

(KS) test was also used to further assess the suitability of the distributions (Ayantobo et al., 2018; 

Mascaro, 2018). 
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Milly et al. (2008) asserted that stationarity has been compromised as a default assumption in 

water resources risk assessment and planning because anthropogenic climate change is altering the 

means and extremes of precipitation, evapotranspiration, and streamflow. In this case, it is 

necessary to adopt non-stationary GEV distributions with varying climatic covariates as a 

diagnostic tool (Tramblay and Hertig, 2018). In this study, we employ large-scale climate indices 

as a covariate, imposing a linear trend on the location and scale parameters to detect the influence 

of large-scale climate patterns on dry and wet spells. 
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The models are then compared by means of the likelihood ratio test to decide whether the inclusion 

of non-stationarity has improved the model (Gilleland and Katz, 2016; Wilcox et al., 2018). 

 

5.2.6 Bayesian quantile regression 

Many previous studies have paid much attention to the mean trend of climate extremes estimated 

by linear regression models; however, climate change and large-scale climate oscillations may 

result in changes in the upper tail of the probability distribution of climate variables that are 

associated with extreme events (Tan et al., 2018a). In this study, we focus on investigating slopes 

of regression in different quantiles of the conditional distributions of dry and wet spell indices, 

particularly those in the upper quantiles. For a predictor variable, quantile regression calculates the 

conditional quantiles of a response variable and differs from conventional linear regression that 

only considers the conditional mean of the response variable (Koenker and Bassett, 1978; Koenker 

and Hallock, 2001; Wasko and Sharma, 2014). Details about simple quantile regression can be 

further referred to Koenker and Hallock (2001) and McMillen (2013).  
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The classic linear quantile regression minimizes the functional  

 
2

1

ˆ argmin
n

T

i i

i

y x   


     (5-4) 

where ( ) ( ( 0))x x I x    is a loss function, ( )I is an indicator function, and ˆ
 is the th

regression quantile. Meanwhile, the minimization of Equation (4) is equivalent to the 

maximization of a regression likelihood function formed by asymmetric Laplace densities, which 

is given by Yu and Zhang (2005): 
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From this inference, Bayesian inference can provide the entire posterior distribution of the 

parameter of interest including parameter uncertainty (Yu and Moyeed, 2001). Therefore, we use 

the Bayesian quantile regression method developed in the R package “bayesQR” (Benoit and Van 

den Poel, 2017) to explore the influence of large-scale climate patterns on dry and wet spells in 

Canada.  
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Figure 5.1 The provinces and territories of Canada. Abbreviations: Alberta (AB), Saskatchewan (SK), Manitoba 

(MB), Newfoundland and Labrador (NL), Prince Edward Island (PE), Nova Scotia (NS), Northwest Territories 

(NT), Nunavut (NU), Ontario (ON), New Brunswick (NB), Yukon Territory (YT), British Columbia (BC), 

Quebec (QC). 

 

5.3 Results 

5.3.1 Dry spell characters 

Figure 5.2 shows the spatial pattern of dry spell characteristics. As shown in Figure 5.2(a), central 

Canada has the highest number of dry spells (DSN). In contrast, western BC has the lowest DSN, 

which is expected because of its abundant precipitation. Meanwhile, there is a mixing trend of 

DSN: positive trends dominate over northern Ontario and western Quebec, while most negative 

trends are confined in the northwest and southwest (Figure 5.2b). It is worth mentioning that DSN 

displays an increasing trend in the southern CP, which indicates the adverse impacts of the 

changing climate on agriculture. Figure 5.2(c) presents the spatial distribution of dry spell duration 

(DSD). Similarly, long-lasting dry spells are mainly located in central Canada, while western BC 

and eastern Canada have experienced more short-duration dry spells. As shown in Figure 5.2(d), 
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there is a significant upward trend for DSD in the southern CP, while more downward trends can 

be found in northern Canada. It was evident from Figure 5.2(e) that annual maximum dry spell 

duration (MDSD) in central Canada generally has medium to long duration, and MDSD in the CP 

has mostly shown an increasing tendency. Together, these trends suggest that dry spells have 

become less severe in major parts of Canada except in the southern CP from 1979 to 2018. 

 

Figure 5.2 Spatial patterns of dry spell (a) number, (c) duration, (e) annual maximum duration, and their 

corresponding trends (b, d, f). The abbreviations are P: positive trend, SP: significant positive trend, N: negative 

trend, and SN: significant negative trend. 

 

To further analyze the temporal variation in dry spells, DSN and DSD were separated into two 20-

year subperiods: 1979–1998 and 1999–2018 (Figure 5.3). From the Kolmogorov–Smirnov test, it 
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is noted that the distribution of DSN in western Canada in subperiod 1 is statistically different 

from that in subperiod 2, indicating a shift in dry spell occurrence. In addition, DSD of central and 

eastern Canada from subperiod 1 is statistically different from that in subperiod 2. Generally, DSN 

and DSD in western and eastern Canada tend to shift to the left from subperiod 1 to 2, which 

suggests that, probabilistically, dry spells have occurred less frequently and in shorter duration in 

these regions. In contrast, dry spells in central Canada have occurred more frequently and with a 

shorter duration.  

 

Figure 5.3 Annual probability density functions for DSN and DSD for two subperiods: 1979–1998 and 1999–

2018. 

 

Bonsal et al. (2011) pointed out that the CP and interior valleys of BC are vulnerable to dry 

conditions mostly due to their locations in the leeward of major mountain ranges resulting in low 

precipitation with high variability. Although a high frequency of dry spell event is observed over 

most of the Arctic regions, the DSD has declined, which is also reported by Polade et al. (2014). 
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From an ensemble of 9 global general circulation models (GCMs), Tebaldi et al. (2006) suggest 

an increase of extreme precipitation and a shortening of dry spells in the mid- and high latitudes 

of the northern hemisphere. In contrast, the lower latitudes would undergo a tendency towards 

more extreme precipitation and longer dry spells. Furthermore, using the Canadian Regional 

Climate Models (CRCM) integrations, Sushama et al. (2010) also project an increase in DSD for 

the southern Prairies (Figure 5.2d).  

 

5.3.2 Wet spell characters 

The spatial distribution of wet spell characteristics for the 1979-2018 period is shown in Figure 

5.4. Wet spells in western BC and eastern Canada have occurred more frequently (14-32/year) 

compared with how often they occur in central Canada (1-7/year) (Figure 5.4a), and there is a 

widespread increasing trend for the wet spell number (WSN) across central Canada. For the wet 

spell duration (WSD) in Figure 5.4(c), central Canada has a duration of 3-30 days, which is 

significantly shorter than that in west BC (90-210 days). Figure 5.4(d) indicates an overall wetting 

trend in central Canada except for in the southern CP, a result which corresponds with the drying 

trend found in Figure 5.2(d). As shown in Figure 5.4(e), annual maximum wet spell duration 

(MWSD) with 2-14 days is extensive across Canada, while longer wet spells are restricted to west 

BC. In addition, the shortening of MWSD is found in west BC, southern CP, and eastern Canada, 

which again implies the deteriorating drying condition in the southern CP.  
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Figure 5.4 Same as Figure 5.2 but for the wet spell. 

 

Figure 5.5 presents the probability distribution functions for WSN and WSD during 1979–1998 

and 1999–2018. It is worth mentioning that the distributions of both DSN and DSD in subperiod 

1 are statistically different from those in subperiod 2 across Canada, suggesting a transition in wet 

spell characteristics. On the whole, both WSN and WSD are inclined to shift to the right, which 

demonstrates that there have been more wet spells with longer duration in terms of probability 

across Canada.  
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Figure 5.5 Annual probability density functions for WSN and WSD for two subperiods: 1979–1998 and 1999–

2018. 

 

Changes in the frequency and duration of dry and wet spells could have more profound impacts 

on our environment and society than changes in total precipitation (Ye, 2018). From daily 

precipitation data, Roque-Malo and Kumar (2017) investigated the wet period changes in Canada, 

and they found that southeast Canada showed strong increasing trends in WSD during from 1960 

to 2010, a conclusion which is reinforced by our findings in Figure 2(d). Meanwhile, in mid-

latitude Canada, the latter half of the 20th century was noticeably wetter than in previous decades 

(Dai et al., 1998), and this trend could have contributed to the overall increase of WSN. However, 

for the southern CP, there have been longer periods between rainfall events (more consecutive dry 

days) even though precipitation has generally increased, which could be a potential threat to 

agriculture. 
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5.3.3 Nonstationary return level of dry and wet spells 

5.3.3.1 Dry spell 

The annual maximum dry and wet spells modeled by the GEV using PNA and MEI as covariates 

are shown in Figure 5.6. From Figure 5.6(a), it can be seen that the PNA has greater influences on 

MDSD than the MEI, especially in the central CP and eastern Ontario. However, in northern and 

southwest Canada, the MEI has shown stronger impacts. As shown in Table 5.2, the percentage of 

grids showing stationarity and non-stationarity is 39.4% and 60.6%, respectively. As noted by 

Milly et al. (2008), stationarity should no longer serve as a default hypothesis in water resources 

management because of the considerable anthropogenic impacts on precipitation, 

evapotranspiration, and runoff. Among all the grids, 37.2% have shown non-stationarity with the 

PNA, and 23.4% are more affected by the MEI, indicating a stronger influence of the PNA on dry 

spells. Meanwhile, the location parameter has shown greater effects than the scale parameter in 

both indices (16.8% and 10.6%). 

 

Figure 5.6 Spatial distribution of (a) dry spell type and (b) wet spell type. 
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Table 5.2 Percentage of dry spell grids with stationarity and non-stationarity. 

Stationarity Non-stationarity 

 PNA_loc PNA_scale PNA_both MEI_loc MEI_scale MEI_both 

39.4% 16.8% 11.2% 9.2% 10.6% 8.2% 4.6% 

 

Figure 5.7(a) depicts the spatial distribution of the 5-year MDSD under negative PNA and ENSO 

phases. The first feature to be underlined is the high duration (>60 days) over northern and 

northwest Canada. By comparison, dry spells with shorter duration are located over southwest and 

eastern regions. In the CP, the majority of dry spells are characterized by a 30-60 day duration; 

however, some areas in the south are expected to undergo long-lasting dry spells. The 5-year 

MDSD under positive PNA and ENSO phases is shown in Figure 5.7(b). Analogously, persistent 

dry spells are detected in northern and northwest Canada, but the extent is broader than is shown 

in Figure 5.7(a), suggesting that positive phases of PNA and ENSO could have stronger impacts 

on MDSD. Although the dry spell return level in northern Canada is higher than in other regions, 

it is less of a concern mainly due to the low population and lack of agricultural activities (Bonsal 

et al., 2011). Figure 5.7(c) presents the 25-year return level of MDSD under negative PNA and 

ENSO phases. It is noted that the spatial pattern is similar to that of the 5-year return level. 

Moreover, MDSD has generally increased compared with Figure 5.7(a) due to the larger return 

period. As a whole, regions with higher dry spell duration under positive phases (Figure 5.7d) have 

enlarged compared to those in the negative phases.  
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Figure 5.7 Spatial patterns of (a, b) 5-year and (c, d) 25-year MDSD under (a, c) negative and (b, d) positive 

MEI and PNA phases. 

 

5.3.3.2 Wet spell 

Similar to what is shown in Figure 5.6(a), the MEI also has strong influence on wet spells in 

northern Canada. In eastern Canada, stationary wet spells are more widespread. In addition, 

MWSD types have revealed major differences compared to dry spells. For example, the MEI has 

more influence on wet spells than dry spells in eastern Northwest Territories (NT) and western 

Ontario (Figure 5.6b). The percentages of wet spell grids showing stationarity and non-stationarity 

are listed in Table 5.3. Once again, the stationarity has been compromised as 63% of the grids are 

found to be non-stationary, of which 33.5% have exhibited non-stationarity with the PNA, while 

29.5% are more related to the MEI, implying a greater effect of the PNA on wet spells. It is worth 

mentioning that the location parameter has the highest impact for both types (15.0% and 12.5%), 

which is consistent with the dry spell.  
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Table 5.3 Percentage of wet spell grids with stationarity and non-stationarity. 

Stationarity Non-stationarity 

 PNA_loc PNA_scale PNA_both MEI_loc MEI_scale MEI_both 

37.0% 15.0% 12.7% 5.8% 12.5% 12.0% 5.0% 

 

Figure 5.8(a) shows the spatial pattern of the 5-year MWSD under negative PNA and ENSO phases. 

Generally, a 7-10 day duration is extensive across the country, especially in central Canada, while 

sustained wet spells are mainly confined to parts of western BC, southern CP, and eastern Canada. 

In contrast, the 5-year MWSD under positive PNA and ENSO phases has revealed less sustained 

wet spells (Figure 5.8b), indicating more powerful effects of negative phases of PNA and ENSO 

on MWSD. As can be seen in Figure 5.8(c), the 25-year MWSD under negative phases has 

exhibited more persistent wet spells (>16 days) over western BC and southeast Canada compared 

with Figure 5.8(d). Overall, this may suggest the importance of negative phases on lengthening 

the wet spells.  
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Figure 5.8 Same as Figure 5.5 but for the MWSD. 

 

5.3.4 Effects of large‑scale circulation patterns 

The potential teleconnections between dry/wet spell duration and the ENSO (PNA) are 

investigated by computing the posterior mean of the slope using Bayesian quantile regression. 

Generally, the quantile relationships between the ENSO/PNA and DSD/WSD show significant 

differences in different regions (Figure 5.9 and 5.10). For western Canada, the effects of MEI on 

dry spells are stronger for high quantiles than low quantiles. Additionally, the correlation with 

ENSO changes from negative to positive at the 0.2 quantile, where higher DSD quantiles increase 

with MEI values. This means that for western Canada, high (low) DSD quantiles in El Niño years 

(with larger MEI values) tend to be higher (lower) than those in La Niña years (Figure 5.9a), and 

it is associated with the moisture deficit caused by El Niño events (Shabbar and Skinner, 2004). 

The effect of PNA on DSD in western Canada is relatively stable except for the 0.9 quantile, 
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implying that PNA has exerted more influence on extreme dry spells (Figure 5.9b). For central 

Canada, there is a consistently positive slope for all quantiles (Figure 5.9c), suggesting that 

increasing MEI values tend to prolong the DSD. In contrast, there is a mixing effect of PNA on 

DSD (negative in low quantiles and positive in high quantiles) in central Canada. The magnitudes 

of the slopes for MEI and PNA stay positive and fluctuate significantly at different quantile levels 

in eastern Canada (Figure 5.9e and f), with the most significant magnitude detected around the 

medium for both indices. 

 

Figure 5.10 presents the correlation between WSD and large-scale climate patterns. For western 

Canada, the response of WSD to ENSO is negative, and it occurs more at low quantiles than at 

high quantiles, which indicates that WSD with increasing MEI values tends to be lower, especially 

during El Niño years (Figure 5.10a). As the PNA increases, WSD at 0.2-0.8 quantiles is expected 

to increase; however, WSD at the 0.9 quantile is anticipated to decrease (Figure 5.10b). For central 

Canada, both MEI and PNA have a negative (positive) slope at low (high) quantiles, indicating the 

opposite behavior in low and high WSD, which further demonstrates the limitation of conventional 

linear regression. In addition, the effects of PNA on WSD are much weaker at low quantiles than 

at high quantiles due to the lower regression coefficients at 0.2-0.6 quantiles. As MEI increases 

(towards El Niño-like conditions), WSD at all quantile levels tends to decrease in eastern Canada 

(Figure 5.10e) especially for extreme wet spells, while for the PNA, a similar pattern is found 

except for the positive slope at the 0.2 quantile. 
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Figure 5.9 Regression coefficients between DSD and climate indices varying with quantile levels from the 

Bayesian quantile regression in (a, b) western, (c, d) central, and (e, f) eastern Canada. The grey bands show the 

95% confidence intervals and the blue dashed line represents the classical linear regression. 
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Figure 5.10 Same as Figure 5.9 but for the WSD. 

 

5.3.5 Discussion 

According to the Intergovernmental Panel on Climate Change (IPCC) special report on extreme 

events and disasters, the observed Earth warming would alter climate extremes through changes 

in their frequency, severity, and spatial distribution, as well as through increases in vulnerability 

due to climate impacts (Field et al., 2012).  

 

Figure 5.2 and 5.7 show that dry spells have demonstrated significant changes across Canada, 

particularly for the southern CP, agreeing with previous findings that both mean number of dry 
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days and return levels of maximum DSD are projected to increase for this drought-prone region as 

the annual evaporation typically exceeds precipitation (Sushama et al., 2010). Using the Canadian 

Regional Climate Model (CRCM), Plummer et al. (2006) projected a tendency towards a small 

increase (on the order of 10%) in precipitation over most regions and seasons in Canada; however, 

the southern CP is expected to experience a slight decline in precipitation. Our findings suggest a 

decline in DSN and DSD for higher latitudes, and it could be attributed to the warmer temperature 

observed across Canada, especially in the north (Vincent et al., 2018). The decreasing DSD is 

linked with the stronger moisture-holding capacity of the warmer air, leading to more moisture 

convergence and precipitation. As a result, long dry spells are broken down into several short dry 

spells (Sushama et al., 2010). For the southern CP, the increase in DSN during the studied period 

is mainly associated with declining precipitation. Although Northern Ontario and Quebec show an 

increase in DSN, they are associated with an increase in precipitation, which highlights the 

enhanced role of evapotranspiration due to warming. For the rest of Canada, the decreasing DSN 

and increasing precipitation make these regions less vulnerable to dry conditions in the future 

(Sushama et al., 2010). In contrast, positive trends in WSD are observed over central Canada 

(Figure 5.4), which is consistent with the general wetting trend detected by Zhang et al. (2000) 

and Vincent et al. (2018). Moreover, the shortening of WSD in southern CP is closely related to 

the negative precipitation trends found in southern regions.  

 

Results from various studies have revealed the importance of large-scale circulation patterns in 

affecting climate responses. Table 5.2 and 5.3 indicate that the stationarity has been compromised 

as more grids are found to be non-stationary under the impacts of ENSO and PNA. Similarly, using 

daily precipitation data, Tan and Gan (2017) reported that heavy precipitation in Canada has shown 



 

124 

 

strong non-stationarity, likely because of the influence of large-scale climate patterns given the 

strong correlation detected between extreme precipitation and climate indices.  

 

The positive slope coefficients in Figure 5.9(a) suggest that dry spells tend to have longer durations 

with increasing MEI values. For western Canada, it has been shown that El Niño events are 

accompanied by the amplified western Canadian ridge and deepened Aleutian low. This could 

cause enhanced anticyclones and a northward-shifting mid-latitude jet stream, leading to below 

normal precipitation stretching from southern BC to the Great Lakes region (Gan et al., 2007; 

Shabbar et al., 1997). Tan and Gan (2017) investigated the frequency and intensity of Canadian 

heavy precipitation and found that heavy precipitation in eastern Canada tends to be lower in El 

Niño years than in La Niña years, a pattern which has also been captured by the negative slope at 

high quantiles in Figure 5.10(e). Additionally, our results reveal that a positive PNA phase is likely 

to lengthen drought durations at high quantiles in central Canada (Figure 5.9d), and this is further 

verified by the evidence that dry periods in the CP are usually characterized by a persistently 

positive PNA pattern (ridging over western Canada) and anomalously warm temperatures (Hryciw 

et al., 2013). Meanwhile, using wavelet analysis, Asong et al. (2018) found that PNA has shown 

a strong in-phase relationship with dry conditions over Canada, and this finding again agrees with 

the generally positive slope coefficients for PNA in Figure 5.9. 

 

Furthermore, North American monsoon precipitation is strongly linked to local land temperatures 

attributed to evaporative cooling and radiation changes driven by varying cloud cover. To examine 

extreme dry and wet spell characteristics in the South Asian monsoon region, Singh et al. (2014) 

reported that increases in the frequency of dry spells and the intensity of wet spells are related to 
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increases in the convective available potential energy (CAPE) and low-level moisture convergence 

in response to atmospheric warming. In the meantime, the spatial and temporal evolutions of the 

relationships between large-scale climate patterns and dry/wet spells are greatly affected by hydro-

climatic complexities within individual watersheds, especially in Canada's Cordillera region 

(Bonsal and Shabbar, 2008). Therefore, the role of local temperature and CAPE in persisting long-

term dry and wet spells in Canada is still needed for further investigation. 

 

5.4 Summary and conclusions 

The observed changes in wet and dry spells have great significance in mitigating climate-related 

hazards, especially for water resources, agriculture, and infrastructure planning (Li and Babovic, 

2018; Singh et al., 2014). By discretizing the precipitation time series into two states “dry” and 

“wet”, the present study aims to assess the spatial and temporal variations in dry and wet spells, 

and the influences of large-scale climate patterns in Canada. The identification of spatial 

distribution of dry and wet spell return periods across Canada has also been undertaken for hazard 

mitigation and strategy planning.  

 

The main findings of the paper are summarized as follows: 

1. There is a mixing trend of DSN: positive trends dominate over northern Ontario and western 

Quebec, while most negative trends are confined to the northwest and southwest. Moreover, both 

DSN and DSD have displayed an upward trend in the southern CP, which indicates that dry spells 

have been aggravated from 1979 to 2018. 

 



 

126 

 

2. Wet spells in western BC and eastern Canada have occurred more frequently in these areas 

compared with other parts of Canada. Meanwhile, there is an overall wetting trend in central 

Canada except for in the southern CP, which further suggests the deteriorating drying condition in 

the southern CP.  

 

3. The stationarity has been compromised as more regions are found to be non-stationary under 

the impacts of ENSO and PNA. The PNA has stronger effects on MDSD than the MEI, especially 

in the central CP and eastern Ontario. In contrast, the MEI has a greater impact on wet spells than 

on dry spells in eastern NT and western Ontario. 

 

4. The quantile relationships between large-scale climate patterns and precipitation spells have 

exhibited significant differences in different regions. For western Canada, the influences of ENSO 

on dry spells are stronger for high quantiles than low quantiles, indicating that high (low) DSD 

quantiles in El Niño years (with larger MEI values) tend to be higher (lower) than those in La Niña 

years, which is a result associated with the moisture deficit caused by El Niño events. Meanwhile, 

as the PNA value increases, WSD at 0.2-0.8 quantiles is anticipated to increase; however, WSD at 

the 0.9 quantile is expected to decline. For central Canada, both MEI and PNA have shown a 

negative (positive) slope at low (high) quantiles, implying the opposite behavior in low and high 

WSD and further demonstrating the weakness of traditional linear regression. For eastern Canada, 

the PNA index is positively correlated to DSD, and its effect is largest at the medium. As MEI 

increases (towards El Niño-like conditions), WSD at all quantile levels tends to decrease. 
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Chapter 6. Summary, Conclusions, and Recommendations for Future Work 

6.1 Summary and Conclusions 

Climate change is likely one of the most significant, global scale challenge to mankind in the 21st 

century, and the impact of global warming on the spatial and temporal variability of climate 

extremes has worsened, with devastating effects on the environment, society, and economy across 

the world. A major concern to climate change is the occurrences of extreme events is expected to 

increase (Easterling, 2000). In this research, a rigorous statistical analysis of the long-term 

precipitation and temperature data across Canada was performed to analyze the climate dynamics, 

and to quantify the possible impacts of climate change on climatic regimes of Canada, with an 

emphasis on climate extremes since the mid-twentieth century. The results of this study provide a 

better understanding of the dynamics of climate extremes in Canada, which is essential for 

policymakers and practitioners to improve the risk management and the implementation of more 

effective strategies to mitigate the impact of climatic extremes. 

 

In Chapter 2, trend analysis, probability distribution function, principal component analysis, and 

wavelet analysis were used to investigate the spatial and temporal patterns of extreme precipitation 

of Canada. Ten extreme precipitation indices were calculated using long-term daily precipitation 

data (1950-2012) from 164 Canadian gauging stations. Several large-scale climate patterns such 

as El Niño–Southern Oscillation (ENSO), Pacific Decadal Oscillation (PDO), Pacific-North 

American (PNA), and North Atlantic Oscillation (NAO) were selected to analyze the relationships 

between extreme precipitation and climate indices. In addition, Convective Available Potential 

Energy (CAPE), specific humidity, and surface temperature were employed to investigate potential 

causes of trends in extreme precipitation. The results reveal statistically significant positive trends 
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for most extreme precipitation indices, which means that extreme precipitation of Canada has 

generally become more severe since the mid-twentieth century. Majority of indices display more 

increasing trends along the southern border of Canada while decreasing trends dominated the 

central Canadian Prairies (CP). In addition, strong teleconnections are found between extreme 

precipitation and climate indices, but the effects of climate patterns differ from region to region. 

Furthermore, complex interactions of climate patterns with synoptic atmospheric circulations can 

also affect precipitation variability, and changes to the summer and winter extreme precipitation 

could be explained more by the thermodynamic impact, and the combined thermodynamic and 

dynamic effects, respectively. The seasonal CAPE, specific humidity, and temperature are 

correlated to Canadian extreme precipitation, but the correlations are season-dependent, which 

could be either positive or negative.   

 

In Chapter 3, trends of monthly CAPE and of event extreme precipitation indices, namely RX1day, 

RX5day, and R20mm, were analyzed for the summer of 1979-2013 over the United States (US) 

and southern Canada. A homogeneity test in CAPE data using the Wilcoxon-rank-sum test showed 

that statistically significant change points mainly occurred between 2000 and 2003 probably due 

to changes in humidity sensors during this period. Therefore, the trend analysis was split into two 

categories: 1979-2013 for regions where no statistically significant change points in CAPE were 

detected and 1979-2001 and 2002-2013 for regions where statistically significant change points in 

CAPE were detected. The results show that increasing trends in CAPE and extreme precipitation 

indices dominate the eastern Atlantic coast of the US and some parts of the Great Lakes. Mixed 

increasing and decreasing trends were detected in the US mid-west while the western US and the 

Canadian Pacific coast had little trend in CAPE and extreme precipitation indices. Although both 
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increasing and decreasing trends were detected, the average trends in RX1day and RX5day were 

about 0.2 mm/decade and 0.5 mm/decade over 1979-2013. However, the average trend for 1979-

2001 period was 0.2 mm/decade (RX1day) and 1.2 mm/decade (RX5day) as compared 1.2 

mm/decade (RX1day) and 1.7mm/decade (RX5day) for 2002-2013 period. Temperatures also 

increased more during the 2002-2013 period (0.3˚C/decade) as compared to the 1979-2001 period 

(0.1˚C/decade). The recent higher increasing trends detected suggests that increasing temperatures 

could potentially lead to an overall increase in CAPE and extreme precipitation over the US and 

southern Canada. 

 

In Chapter 4, drought characteristics in terms of duration, frequency, area, and severity are 

investigated using the Standardized Precipitation Evapotranspiration Index (SPEI) at seasonal (3-

month) and annual (12-month) time scales for Canada over 1950-2016. Using k-means clustering, 

Canada is first divided into four sub-regions, each with distinct drought characteristics to facilitate 

the mitigation and management of regional droughts. Next, the time-dependent influences of large-

scale climate drivers such as the ENSO, PDO, and PNA on regional drought variability were 

examined using a Bayesian Dynamic Linear (BDL) model. The results show that between 1950-

2016 (1) there has been a prevalent drying trend in southwestern Canada during winter; (2) changes 

in maximum drought durations have occurred with certain dipolar patterns, i.e., northern Canada 

has experienced a longer drought duration than southern Canada; (3) drought frequency, area, and 

severity have predominantly experienced statistically significant decreasing trends, which means 

that droughts in Canada have generally become less severe; and (4) the relationships between 

climate patterns and drought variability have changed over time and they differed from region to 

region. Droughts are generally more negatively correlated to the ENSO and PDO after the 1970s, 
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while they are more positively correlated to the Atlantic Multi-decadal Oscillation (AMO) and 

Arctic Oscillation (AO) after the 1980s.  

 

In Chapter 5, the spatial and temporal variations of dry and wet spells over Canada are investigated 

using daily precipitation over 1979-2018. Time-varying relationships between precipitation spells 

and large-scale atmospheric circulations are identified using the non-stationary generalized 

extreme value (GEV) distribution and the Bayesian quantile regression. The results reveal that dry 

and wet spells have displayed significant changes across Canada, particularly for the southern 

Canadian Prairies (CP), where both dry spell number and duration have displayed an increasing 

trend. Many regions are found to be non-stationary under the impacts of El Niño–Southern 

Oscillation (ENSO) and Pacific–North American pattern (PNA): the PNA has stronger effects on 

annual maximum dry spells than the ENSO, especially in the central CP and eastern Ontario. In 

addition, the quantile relationship is different from region to region. For western Canada, the 

influences of ENSO on dry spells are strong for high quantiles, a result which is associated with 

the moisture deficit caused by El Niño events. For central Canada, ENSO and PNA have shown a 

negative (positive) slope at low (high) wet spell duration quantiles. For eastern Canada, the PNA 

index is negatively correlated with wet spell duration and its effect is larger at higher quantiles.  

 

6.2 Recommendations for Future work 

(1) Copula-based risk assessment of drought in Canada 

Droughts are closely associated with the stochastic nature of climate variables such as precipitation 

and temperature.  A comprehensive probabilistic analysis of the frequency, duration, and severity 

of precipitation will have major contribution to the planning and management of our water 
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resources (Zhang et al., 2014). Estimating the risk of drought is often based on the probability that 

a specific duration or level of severity of drought will be surpassed, and the recurrence interval of 

droughts. Even though a simple probabilistic drought analysis method is effective, it does not 

account for the interactions and multi-dimensions of droughts which are complex. Since climatic 

variables responsible for the occurrence of drought are usually inter-related, a more comprehensive 

analysis of droughts should be done in a multivariate framework (Ayantobo et al., 2019; Requena 

et al., 2013). The copula method is an effective tool to model multivariate random variables in a 

probabilistic dependency structure, with independent marginal distributions, thus allowing 

multivariate random events to be described using different marginal distributions (Chen and Guo, 

2019; Zhang et al., 2014). 

 

(2) Attribution of human influence on precipitation extremes 

To be able to identify effective mitigation policies and comprehensive adaptation strategies against 

climate change, it is crucial to understand how human activities have contributed to the 

occurrences of precipitation extremes. There has been a growing public demand for more thorough 

assessment of human contributions to extreme climate events (Easterling et al., 2016). Recent 

worldwide occurrences of climate extremes are clear evidence that in recent decades the global 

climate has changed as a result of human-induced rising concentrations of greenhouse gas 

emissions, but this does not imply that human influence has significantly altered the probability of 

every recently observed extreme weather or climate-related event (Stott et al., 2013). In addition, 

compelling evidence of anthropogenic fingerprints on regional climate extremes is obscured by 

observational and modeling uncertainties in spite of substantial ongoing improvements in models 

and new global reanalysis datasets (Sarojini et al., 2016). 
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In recent years, event attribution studies have been conducted to detect how anthropogenic forcings 

have altered the magnitude or probability of a particular type of extreme weather or climate-related 

event (Sarojini et al., 2016). In recent years efforts have been made to carry out such studies shortly 

after the events in question. For example, Tan et al. (2019) studied dynamic and thermodynamic 

changes conducive to the increased occurrence of extreme spring wildfires over western Canada. 

Mondal and Mujumdar (2015) performed a correlation-based detection and attribution analysis on 

extreme precipitation to investigate the presence of anthropogenic signals in observed precipitation 

changes in India. 

 

(3) Nonstationary Intensity-Duration-Frequency (IDF) curves 

Extreme climate events are likely to occur more frequently because of global warming, which is 

expected to result in additional stress over the life spans of critical infrastructures (Forzieri et al., 

2018). However, current municipal infrastructure is designed using precipitation IDF curves 

assumed to be stationary (Cheng and Aghakouchak, 2014). To effectively mitigate the potential 

impact of future extreme precipitation events of Canada, the design of resilient infrastructure and 

resource management systems must account for the non-stationarity and the likelihood of future 

changes of extreme climate events (Diffenbaugh et al., 2017). For example, nonstationary 

precipitation IDF curves have been applied for urban infrastructure and drainage systems design 

(Agilan and Umamahesh, 2016; Kuo et al., 2015; Ouarda et al., 2019; Simonovic et al., 2016). 

More research on developing non-stationary IDF curves for Canadian municipalities are 

recommended. 
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