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As the need to understand climate induced changes increases, so too does the need to 

understand the long-term spatial-temporal characteristics of snow cover and snow water 

equivalence (SWE).  Snow cover and SWE are useful indicators of climate change. In 

this research, we combine methods from spatial statistics, geographic information 

systems (GIS), time-series analysis, ecosystems classification, cluster analysis, and 

remote sensing, to provide a unique perspective on the spatial-temporal interactions of 

SWE.  We show that within the Canadian Prairies, extreme SWE are becoming more 

spatially constrained, and may cause some regions to be more prone to flooding.  As well, 

we find that the temporal characteristics of SWE are not captured by current ecological 

management units, highlighting the need for Canadian ecological management units that 

consider winter conditions.  We then address this need by developing methods designed 

to generate geographically distinct SWE regimes.  These regimes are used to partition the 

landscape into winter-based management units, and compared with conventional summer 

based units.  We find that regional variations in the ability of current ecological units to 
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capture SWE characteristics exist, and suggest that SWE regimes generated as a result of 

this analysis should be used as guidelines for developing winter-based management units 

in conjunction with current ecological stratifications.
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1.0 INTRODUCTION

1.1. Research context

The magnitude of change and variability in climate conditions is increasing at both global 

and local scales. These effects are especially prevalent in polar, and other snow-covered 

regions (Raisanen 2001; Johannessen et al. 2004; Quayle et al. 2002; Walther et al. 2002; 

Robinson et al. 1993).  This is due in part to the increased surface albedo, sensitivity of 

terrestrial snow cover to atmospheric conditions and overlying air temperatures, as well 

as the high degree of annual and inter-annual variability (Derksen and LeDrew 2000) in 

these areas, making regions with snow and ice susceptible to smaller changes in 

temperature and climate (Derksen et al. 2000).  Several modeling efforts presented by the 

Intergovernmental Panel on Climate Change (Houghton et al. 2001) have indicated that 

warming in northern high-latitude regions will be approximately 40% greater than the 

global mean (Johannessen et al. 2004).

Significant changes in snow depth and extent has implications for local snow-melt release 

(Luce et al. 1998), global and regional atmospheric circulation (Gong et al. 2003; Barnett 

et al. 1989; Derksen et al. 1998a), as well as global and local climate and hydrological 

cycles (Cohen and Entekhabi 2001; Derksen and McKay 2006; Derksen et al. 2000; 

Wulder et al. 2007; Serreze et al. 2000). In many of these regions, snow has a significant 

influence on both morphological (e.g., Thorn 1978) and biological systems, such as 

species habitat (e.g., Karl et al. 1993), and reproductive rates (e.g., Van Vuren 1991). As 

well, the timing and spatial distribution of seasonal activities in both plants and animals 

(phenology) is often controlled by snow and climate (Walker et al. 1999; Kudo 1991; 
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Walther et al. 2002; McCarty 2001).

Snow is typically measured as snow water equivalence (SWE), which describes the 

amount of water stored within the snow-pack that would be available upon melting. SWE 

is an important part of global and local water budgets, as it makes up the bulk of the 

frozen storage term (Derksen et al. 1998). As such, snow cover and SWE have been cited 

as useful indicators of climate change (Serreze et al. 2000; Barry 1985; Schlesinger 1986; 

Robinson 1993; Chang et al. 1990; Derksen et al. 2000; Goodison and Walker 1993), 

making the characterization of winter conditions through the analysis of SWE spatial-

temporal patterns important for future climate change research.

Due to the declining costs and increasing demand for environmental monitoring at both 

local and global scales, the availability of large area, long-term spatial datasets has 

increased. This has largely been the result of the greater use of satellite remote sensing to 

monitor terrestrial and marine environments. The repetitive and continuous nature of 

remotely sensed data presents new opportunities to examine the spatial and temporal 

patterns of  SWE over long time intervals, which is desired when attempting to isolate 

significant temporal trends in SWE across the landscape (Derksen et al. 2000; Meir 

2006).  For example, high quality SWE datasets over large areas throughout Canada 

(Derksen et al. 2000; Derksen and McKay 2006; Walker and Goodison 2000), and the 

world (Tait 1996; Pulliainen and Halliskainen 2001), have been developed using passive 

microwave radiometry.  The Scanning Multichannel Microwave Radiometer (SMMR 

1978-1987), and the Special Sensor Microwave/Imager (SSM/I, 1987-present) provide 
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over two decades of continuous satellite data for North America from which SWE can be 

derived.  The large spatial and temporal extents of this dataset provides a means of 

examining the persistence and/or variability of observed SWE spatial patterns, outlining 

areas where snow cover and SWE may be more or less sensitive to climate variability.

Amalgamating ecological information at an ecosystem level provides a means to study 

and understand interactions between the landscape, atmosphere, and cryosphere. 

Furthermore, characterization of these ecosystems into ecological management units aids 

in organizing knowledge and generalizing complex interrelationships, highlighting 

geographic regions with similar ecological properties (Hirsch 1978).  The analysis of 

pressures induced by a changing climate is facilitated by considering regions with 

comparable ecological properties, as these will tend to respond similarly. However, 

conventional large-area ecological management units (EMUs) are based largely on spring 

and summer landscape conditions (e.g., Rowe and Sheard 1981, Wiken 1986, Wiken et 

al. 1996; Ironside 1991). Indeed, the characterization of land-cover at both regional (e.g., 

Moody and Johnson 2001), and global scales (e.g., Moulin et al. 1997; DeFries et al. 

1995, Justice et al, 1985), is frequently based on the timing of spring green-up and fall 

senescence. Using spring and summer based conditions presents a problem for 

understanding seasonal, or year-long climatic processes, as well as winter-based 

processes in regions where a substantial portion of the year is spent covered or influenced 

by snow. In order to effectively use snow cover and SWE to characterize winter 

conditions, a long-term, spatial-temporal perspective on the year-long interactions of 

SWE is needed. This in turn will help us understand the dynamics of cryospheric 
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interactions with the landscape and atmosphere at various temporal and spatial scales.

1.2. Thesis themes and objectives

This research is ultimately concerned with understanding the processes affecting snow 

cover by characterizing regional variations in both spatial and temporal patterns of SWE. 

In order to better understand the spatial-temporal patterns of SWE, we combine two 

underlying themes, each with unique goals and methods. The first theme aims to quantify 

if and how the spatial patterns of SWE vary across the landscape, and examines how 

these spatial patterns vary though time. We find that within the Canadian Prairies, 

extreme SWE are becoming increasingly spatially constrained though time, and may 

cause some regions to be more prone to flooding.  In addition, significant associations 

between SWE spatial-temporal patterns and elevation are found, suggesting that the level 

of SWE variability in a particular region may be profoundly impacted by the distribution 

of elevations in that region.  These findings are considered within the context of current 

ecological management units, which are largely based on spring and summer landscape 

conditions, highlighting the need for Canadian ecological management units that consider 

winter conditions. The second theme examines the long-term temporal characteristics of 

SWE, identifying if and how they vary spatially. These results are then used to identify 

the spatial and temporal patterns in SWE, delineating geographically distinct SWE 

regimes which can be used to partition the landscape into winter-based management 

units. Results indicate that while SWE processes tend to operate at relatively large spatial 

scales, fine-scale variations in SWE temporal characteristics do exist, and may influence 

the overall spatial distribution of SWE across the landscape.  In addition, regional 
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variations in SWE temporal patterns are marked, and often do not correspond with 

current ecological management units.  We highlight some of these differences, and 

suggest that integration of SWE regimes into current ecosystem classification systems 

might help to improve our understanding of climate induced changes on the landscape.

The goal of this thesis is to aid in understanding the processes driving SWE through long-

term analysis of SWE spatial and temporal patterns.  We aim to address this goal by 

accomplishing the following underlying objectives:

1. Chapter two examines the relationships between the spatial association of SWE 

with land-cover and elevation,

2. Chapter three compliments these findings by developing methods to objectively 

determine regional snow regimes based on the spatial and temporal patterns and 

trends in SWE.

3. Finally, in Chapter four, further discussion of the findings presented in this thesis 

is undertaken, including summarizing the results, and discussing the 

contributions, implications, and future directions of the current research.
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2.0 RELATIONSHIPS WITH LAND-COVER AND ELEVATION

2.1. Abstract

Snow cover is often measured as snow water equivalence (SWE), which refers to the 

amount of water stored in a snow-pack that would be available upon melting.  SWE is a 

major driver of local snowmelt release, regional and global atmospheric circulation, 

climate, and hydrological cycles.  Monitoring of SWE using satellite-based passive 

microwave radiometry has provided over two decades of continuous data for North 

America. 

The availability of spatially and temporally extensive SWE data enables a better 

understanding of space-time trends in snow cover, changes in these trends, and linking 

these trends to underlying landscape and terrain characteristics. To address these interests, 

we quantify the spatial pattern of SWE by applying a local measure of spatial 

autocorrelation to twenty five years of mean February SWE passive microwave 

retrievals.  Using a novel method for characterizing the temporal trends in the spatial 

pattern of SWE, temporal trends and variability in spatial autocorrelation are quantified. 

Results indicate that within the Canadian Prairies, extreme SWE are becoming more 

spatially constrained, and may cause some regions to be more prone to flooding.  As well, 

results highlight the need for Canadian ecological management units that consider winter 

conditions.

2.2. Introduction

The spatial and temporal distributions of terrestrial snow cover impacts local snowmelt 
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release (Luce et al. 1998), global and regional atmospheric circulation (Barnett et al. 

1989; Derksen et al. 1998a), as well as global and local climate and hydrological cycles 

(Derksen and McKay 2006; Derksen et al. 2000; Wulder et al. 2007; Serrezez et al. 

2000).  The sensitivity of terrestrial snow cover to atmospheric conditions and overlying 

air temperatures also makes it a useful indicator of climate change (Derksen et al. 2000; 

Goodison and Walker 1993). As such, examining the spatial distribution of terrestrial 

snow cover over time aids in understanding current and future trends in changing climate 

conditions (Wulder et al. 2007). 

Snow cover is often measured as snow water equivalence (SWE), which refers to the 

amount of water (expressed as a depth in millimeters) stored in a snow-pack that would 

be available upon melting (NSIDC 2007).  Due to issues with in situ data collection, 

traditional methods for snow cover and depth measurement have been spatially and 

temporally sparse (Walker and Goodison 2000; Wulder et al. 2007; Tait 2005).  However, 

as climate and hydrological models have become more accurate, high quality SWE 

datasets over large areas throughout Canada (Derksen et al. 2000; Derksen and McKay 

2006; Walker and Goodison 2000) and the world (Tait 1996; Pulliainen and Halliskainen 

2001) have been developed using passive microwave radiometry.

In Canada, much of the total annual precipitation falls in the form of snow, causing snow-

pack melt to be a significant portion of the total water available for stream-flow, 

agriculture, reservoir management, and natural processes (Brown et al. 2000; Derksen 

and McKay 2006; Tait 1996).  This has lead the Climate Research Branch of the 
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Meteorological Service of Canada (MSC) to establish an ongoing program to develop 

algorithms for estimating SWE in open environments, as well as coniferous, deciduous, 

and sparse classes of forest cover (Walker and Goodison 2000; Goita et al. 2003). 

Among other projects, these algorithms have been used to generate weekly SWE maps 

for water resource management and weather forecasting (Goodison et al. 1990; Pietroniro 

and Leconte 2005).

The Scanning Multichannel Microwave Radiometer (SMMR 1978-1987), and the Special 

Sensor Microwave/Imager (SSM/I, 1987-present) provide over two decades of 

continuous satellite data for North America from which SWE can be derived.  The large 

spatial and temporal extents of this dataset provide a unique opportunity to study spatial 

and temporal patterns in SWE, and generate hypotheses about the spatial variability in 

processes influencing SWE.  Consideration of large spatial and temporal extents, with 

relatively fine spatial and temporal resolutions, is a development over previous space-

time SWE research which has emphasized spatial trends of snow cover and SWE over 

short time periods (e.g., Derksen et al. 1998a,1998b), or coarse-scale spatial trends (i.e. 

regional analysis) of snow cover and SWE for longer time-series (e.g., Brown 2000; 

Laternser and Schneebeli 2003).

The availability of temporally extensive geographical data on SWE enables new 

questions of the spatial-temporal trends in SWE to be investigated.  For instance, it is 

possible to apply measures of spatial autocorrelation to quantify if and how SWE values 

deviate from a random geographical distribution (Boots 2002).  In the present study, 
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measures of spatial autocorrelation are used to identify clusters of extreme high and low 

SWE values and to investigate trends over multiple years.  This type of analysis can be 

used to locate areas of SWE abundance or absence relative to average conditions within 

the study region.  By characterizing temporal trends in SWE clusters over multiple time 

periods, it is possible to examine persistence and/or variability of these spatial patterns 

through time, outlining areas where SWE processes may be more or less sensitive to 

climate variability.  Furthermore, by comparing the spatial-temporal patterns in SWE 

with environmental data, such as land-cover, ecological systems, and elevation, 

hypotheses on the nature of SWE processes can be formulated.

The goal of the present chapter is to quantify how the spatial patterns of SWE vary across 

the study region, and how these spatial patterns vary through time.   The objectives are 

three-fold:

1. to quantify the level of spatial association and identify trends in locations of 

significant clusters of high or low SWE for each year in the time-series,

2. to characterize the relationship between existing ecological management units and 

spatial-temporal trends in SWE, and

3. to quantify how spatial-temporal trends in SWE relate to elevation.

A measure of spatial association is used to describe geographical variation in the 

dominant spatial patterns of SWE.  Prevailing temporal trends in SWE spatial association 

are then highlighted using a novel method for quantifying temporal trends over multiple 
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time periods. Locations with space-time trends that indicate the potential for sensitivity to 

climate variability are highlighted and the underlying landscape and terrain 

characteristics are related to trends in the space-time patterns of SWE.

2.3. Study area and data

2.3.1. Study area

The study region is constrained to the interior regions of the Canadian prairies, and is 

comprised of both the Prairies and Boreal Plains ecozones (Figure 2.1).  The region was 

selected in part due to strong inter-annual variability in raw SWE (Wulder et al. 2007). 

These ecozones are defined based on the Canadian terrestrial ecozones, which are 

boundaries delimiting relatively homogeneous ecosystems within Canada.  According to 

Wiken et al. (1996), an ecosystem can be defined as a unit of nature which is 

characterized by living and non-living elements and their interrelationships.  Prairie and 

open tundra regions occur in the Prairie and Boreal Plains ecozones and are characterized 

by relatively flat, rolling plains and low-lying valleys.  Vegetation is primarily restricted 

to shrubs and sparse treed areas, with cold winters and short, warm summers.  In the 

Prairie ecozone, approximately 25% of the total precipitation falls as snow (Wiken et al. 

1996), providing a relatively large portion of the total annual precipitation as measurable 

SWE.  Furthermore, according to Wulder et al. (2007), regions which may be classified 

as either open prairie or open tundra appear to contain the most temporally variable raw 

SWE estimates.  As such, these areas are particularly susceptible to the impacts of climate 

change.  
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2.3.2. Brightness temperature data

The primary data-source used for the present analysis is brightness temperatures (in 

Kelvin) acquired by both the SSM/I passive microwave radiometer on-board the Defense 

Meteorological Satellite Program (DMSP) F13 satellite and the SMMR passive 

microwave radiometer on-board the NIMBUS-7 satellite, which can be used to estimate 

SWE.  The estimation of SWE from dry snow is primarily a function of changes in the 

scattering of naturally emitted microwave radiation caused by snow crystals, such that as 

the depth and density of the snow increases, the amount of volume scattering also 

increases (Foster et al. 1999).  Given this relationship, detected microwave brightness 

temperature decreases with increasing snow depth due to the greater amount of snow 

Figure 2.1: Study region includes both the Boreal Plains and 
Prairies Terrestrial Ecozones of central Canada.
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crystals available for volume scattering of the microwave signal (Derksen et al. 2000). 

Shorter wavelength energy (37 GHz) is more readily scattered by crystals in the snow-

pack than the longer wavelength energy (19 GHz).  Thus, to quantify SWE in 

millimeters, the difference between the shorter wavelength microwave energy and the 

longer wavelength energy can be used.  Although the estimation of SWE from passive 

microwave brightness temperatures is theoretically simple, operational issues arise in 

practice.  Potential complications may develop from a range of physical parameters 

including: snow wetness, snow crystal size, depth hoar, and ice crusts, as well as the 

underlying land cover, topography, and overlying vegetation (Derksen et al. 2000).

The SSM/I and SMMR data are provided in the Equal Area Scalable Earth Grid (EASE-

Grid) format (see Armstrong and Brodzik 1995) from the National Snow and Ice Data 

Center, Boulder Colorado (Knowles et al. 1999; Armstrong et al. 1994).  Values represent 

the difference between the 37 GHz and 19 GHz vertically polarized channels, which are 

the conventional frequencies used to estimate SWE in most algorithms (Goodison 1989). 

As such, this brightness temperature difference can be used as a proxy for SWE 

estimates.  The advantage to working with the brightness temperatures rather than actual 

SWE estimates is that the data are not constrained by algorithm issues, and can reduce 

errors induced through excess data manipulation and estimation.  For the present study, 

February brightness temperature gradients were derived for the study area over twenty-

six years (1979-2004, excluding 1994 due to sensor download issues).  Using mean 

February brightness temperature gradients allows spatial and temporal variability in 

spatial association to be measured when snow extent for North America is expected to be 
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at a maximum (McCabe and Legates 1995, Derksen et al. 2003).

2.3.3. Ecoregions and ecoprovinces

In order to provide a finer-scale spatial context with which to consider how the spatial-

temporal pattern of SWE are impacted by terrestrial characteristics, the study area can be 

further broken down into terrestrial ecoprovinces and ecoregions.  Ecoprovinces are 

largely based on characterizing major assemblages of structural or surface forms and 

faunal realms, as well as vegetation, hydrology, soil, and macro climates (Marshall et al. 

1998).  Ecoprovinces were created as part of an ecological framework to address the 

environmental concerns of the Commission for Environmental Cooperation (CEC) by 

Canada, Mexico, and the United States (Marshall and Schut 1999).  Subsequently, 

ecoregions subdivide the terrestrial ecoprovinces, and are characterized by distinctive 

large order landforms or assemblages of regional landforms, small order macro- or meso-

climates, vegetation, soil, and water features (Wiken et al. 1996).  These ecological units 

are useful for describing the major driving factors of an ecosystem, and as such are useful 

for conservation planning and analysis (Kerr and Deguise 2004).   The six terrestrial 

ecoprovinces, and twenty-nine ecoregions in the study area are presented in Table 1, in 

addition, Figure 2.2 shows the boundaries of the individual ecoregions.

2.3.4. Elevation

 Spatial-temporal patterns in SWE are also interpreted using elevation, enabling an 

assessment of the relationship between SWE spatial-temporal features and ground-

surface characteristics.  Elevation data are obtained from a digital elevation model 
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(DEM) with a 1 km spatial resolution.  The DEM (GTOPO30) is a global digital 

elevation model produced as part of a collaborative effort led by the US Geological 

Survey's (USGS) EROS Data Center (Gesch et al. 1999).  It is reported to be accurate to 

within ± 30 m in most areas (Defense Mapping Agency 1986; US Geological Survey 

1993). The DEM will be used to determine elevation, which may have some bearing on 

the amount and type of snow deposition. 
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Figure 2.2: Terrestrial ecoregion boundaries across the study 
region. Each number is the unique identifier for the corresponding 
ecoreigon, these values are given in Table 2.1.



Table 2.1: List of Ecoregions and associated Ecozone and Ecoprovince.
Ecozone Ecoprovince Ecoregion Description
Boreal Central Boreal Plains Slave River Lowland (136) Subhumid mid-boreal ecoclimate, with cool summers and long, cold winters.
Plains Boreal Foothills Clear Hills Upland (137) Cool, short summers and cold winters with severe temperatures moderated by frequent chinooks.

Central Boreal Plains Peace Lowland (138) Subhumid, low boreal ecoclimate, marked by warmer summers than the surrounding areas.
Central Boreal Plains Mid-Boreal Uplands (139) Upland area, with subhimid mid-boreal ecoclimate, short, cool summers and cold winters.
Central Boreal Plains Mid-Boreal Uplands (140) Upland area, with subhimid mid-boreal ecoclimate, short, cool summers and cold winters.
Central Boreal Plains Mid-Boreal Uplands (141) Upland area, with subhimid mid-boreal ecoclimate, short, cool summers and cold winters.
Central Boreal Plains Wabasca Lowland (142) Lowland area, with subhumid mid-boreal ecoclimate, and cool summers and long, cold winters.
Central Boreal Plains Western Boreal (143) Poorly drained, low-relief plain, with cool, short summers and cold winters.
Central Boreal Plains Mid-Boreal Uplands (144) Upland area, with subhimid mid-boreal ecoclimate, short, cool summers and cold winters.
Boreal Foothills Western Alberta Upland (145) Upland area, marking transition between mid-boreal and mid-cordilleran vegatation.
Boreal Foothills Western Alberta Upland (146) Upland area, marking transition between mid-boreal and mid-cordilleran vegatation.
Central Boreal Plains Mid-Boreal Uplands (147) Upland area, with subhimid mid-boreal ecoclimate, short, cool summers and cold winters.
Eastern Boreal Plains Mid-Boreal Lowland (148) Upland area, with subhimid mid-boreal ecoclimate, short, cool summers and cold winters.
Central Boreal Plains Boreal Transition (149) Transition zone, with subhumid low boreal ecolimate, and warm summers and cold winters.
Central Boreal Plains Mid-Boreal Uplands (150) Upland area, with subhimid mid-boreal ecoclimate, short, cool summers and cold winters.
Central Boreal Plains Mid-Boreal Uplands (151) Upland area, with subhimid mid-boreal ecoclimate, short, cool summers and cold winters.
Central Boreal Plains Mid-Boreal Uplands (152) Upland area, with subhimid mid-boreal ecoclimate, short, cool summers and cold winters.
Central Boreal Plains Mid-Boreal Uplands (153) Upland area, with subhimid mid-boreal ecoclimate, short, cool summers and cold winters.
Central Boreal Plains Mid-Boreal Uplands (154) Upland area, with subhimid mid-boreal ecoclimate, short, cool summers and cold winters.
Eastern Boreal Plains Interlake Plain (155) Subhumid low boreal ecoclimate, with warm summers and cold winters.

Prairies Parkland Prairies Aspen Parkland (156) Transitional grassland ecoclimate, with short, warm summers, and long, cold winters.
Central Grassland Moist Mixed Grassland (157) Northern extension of open grasslands in Interior Plains, with semiarid moisture conditions.
Central Grassland Fescue Grassland (158) Part of Rocky Mountain foothills, with warm summers and mild winters controlled by chinooks.
Central Grassland Mixed Grassland (159) Semiarid grasslands region, with summer moisture deficits, and low annual precipitation.
Central Grassland Cypress Upland (160) Upland region, with cooler, more moist climate than surrounding ecoregions.
Parkland Prairies Aspen Parkland (161) Transitional grassland ecoclimate, with cold winters with continuous snow cover.
Eastern Prairies Lake Manitoba Plain (162) Transitional zone, with warmest and most humid regions in the Canadian prairies
Parkland Prairies Boreal Transition (163) Elevated upland area, with  high annual precipitation.
Parkland Prairies Boreal Transition (164) Elevated upland area, with  high annual precipitation.

                                                                                                                                            16
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2.4. Methods

2.4.1. Quantifying spatial patterns

Quantifying the spatial interaction of localized areas within a study region provides 

information on the location, type, and magnitude of local SWE extremes.  Aspatial 

analysis generalizes spatial trends, but by implicitly considering the spatial distribution of 

SWE within a study region, new patterns and variability emerge, and can be quantified. 

There are a number of statistics available for quantifying the level of spatial 

autocorrelation in a dataset, at both local and global scales.  Table 2.2 highlights several 

of these measures of spatial autocorrelation, indicating the scale, and type of spatial 

autocorrelation that they are designed to measure.  For the present analysis, we are 

interested in location regions of SWE abundance or absence.  As such, we use the Getis 

and Ord Gi* statistic (Getis and Ord 1992; Ord and Getis 1995), which is a local measure 

of spatial association designed to highlight spatial clusters of similarly high or low values 

that are extreme relative to average trends in the data (Boots 2002).  The Gi* statistic 

assigns a measure of the level of spatial association at each individual pixel, highlighting 

areas which display strong brightness temperature gradients (both high and low).

Table 2.2: Spatial autocorrelation measures and their properties.

Statistic Scale Type Selected Reference
Moran's I Global Positive and Negative Cliff and Ord (1973)
Geary's c Global Positive and Negative Cliff and Ord (1973)
Local Moran's Ii Local Positive and Negative Anselin (1995)
Local Geary's ci Local Positive and Negative Anselin (1995)
Getis and Ord Gi & Gi* Local Positive (both high and low values) Getis and Ord (1992)
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In general, the Gi* statistic is designed to compare spatially local averages to global 

averages by considering both the locational, and attribute relationship between each pixel 

(i) and its surrounding neighbours (j) (Boots 2002).  Formally, the Gi* statistic is given as

∑∑=
j

ij
j

ijiji yyw*G
,

where wij defines the locational relationship between i and j, and is given a value of one if 

i and j are neighbours, and zero otherwise.  The attribute relationship is defined by yij, In 

this sense, the Gi* statistic is the sum of pixel values within a neighbourhood centered on 

i, relative to the sum of all pixel values within the study region (Boots 2002).  Ord and 

Getis (1995) derive a standardized version of the Gi* statistic, whose values are reported 

in z-score standardized form.  Using z-scores, analysis using Gi* is suitable for 

comparison between different time periods and datasets.  For details on this standardized 

form, see Ord and Getis (1995).  All reported Gi* results in the current chapter are given 

in the standardized form.  

In order to maintain the finest spatial grain of analysis possible while maintaining 

stability of the Gi* statistic, the locational relationship in this analysis is based on all 

pixels within a 3 x 3 grid surrounding the target location i.  This ensures neighbourhoods 

have a minimum of 9 pixels (inclusive), which is above the suggested minimum 

neighbour size required to maintain validity of the statistic (Boots 2002; Griffin et al. 

1996).  Due to issues of spatial dependence and multiple testing, which are problematic 

for many local spatial statistics, it is often best to consider Gi* results as exploratory 
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rather than confirmatory (Boots 2002; Sokal et al. 1998a, 1998b).

When interpreting the standardized Gi* z-score values, a high value of Gi* (strong 

positive) indicates clustering of extreme high values, and a low value of Gi* (strong 

negative) indicates clustering of extreme low values.  Mid-range values of Gi* can be 

caused by both clustering of values that are near the average global value, as well as an 

absence of clustering (Tiefelsdorf and Boots 1997). Therefore, the Gi* statistic is useful 

for capturing spatial clusters of values that are extreme relative to the mean.

In the current analysis, Gi* z-score values are categorized into three classes: greater than 

or equal to 2 standard deviations from the mean indicates a cluster of high values, less 

than or equal to -2 standard deviations from the mean indicates a cluster of low values, 

and greater than -2 and less than 2 standard deviations from the mean indicates no 

significant clustering in extreme values.  This classification scheme allows the computed 

statistics to be visualized, clearly highlighting areas of significant clustering with respect 

to the mean, and is the standard approach to interpreting Gi*.  In addition, where 

measures of temporal variability require discrete values (modal state), this classification 

provides a representation of the computed Gi* values which is not continuous.

2.4.2. Inter-annual spatial association

Computing the Gi* statistic for each successive year (yi – yn) in the study period provides 

a means for inter-annual comparison of the spatial pattern in extreme SWE values. To aid 

interpretation, a cluster of SWE is defined as a grouping of spatially adjacent significant 

values (both high and low).  Scatterplots which examine the relationship between the 
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number of significant pixels in the study region (significant spatial autocorrelation in both 

high and low SWE), and the number of significant clusters (both high and low SWE) 

were generated to compare how clusters of extreme SWE change relative to the overall 

abundance or absence of extreme values.  Exploratory analysis indicated that 

relationships between the number of clusters and pixels differed in two time periods: 

1979-1988 and 1989-2002, and by generating scatterplots for each time period we 

highlight how the spatial processes of SWE change through time.  To compare 

differences in the slope of the observed relationships (number of clusters vs. pixels), 

comparisons between different temporal windows were performed using standard t-tests.

2.4.3. Temporal variability and trends

Changes in the level of spatial association through time were quantified to assess inter-

annual trends in Gi* results.  A spatial grid of individual time-series’ was generated, each 

with it's own temporal signature.  These time-series' were then individually analyzed for 

temporal trends and variability using methods which treat each pixel within the study 

region as a separate temporal vector.  This is a novel use of SWE time-series data, in that 

each time-series is analyzed within a larger spatial context.  Temporal analysis is 

primarily concerned with decomposing a time-series into trends, variations, and other 

temporal characteristics (Chatfield 1975).  Different measures may be employed which 

describe and explain the temporal characteristics of a time-series in order to make 

inferences about the underlying generating process.

Several measures were used to quantify temporal trends in the SWE data. The observed 
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SWE time-series’ were compared to hypothetical random SWE time-series to assess the 

hypothesis that the temporal SWE observations are independent and identically 

distributed along the time-series, and thus equally likely to have occurred in any order 

(Kendall and Ord 1990).  To assess the hypothesis of randomness in the time-series, 

turning points were used.  Turning points are defined as either a peak or trough within a 

time-series, and usually refers to a value which is either greater than (peak) or less than 

(trough) it's neighbouring values (Kendall and Ord 1990).  The test statistic (p) is a count 

of the number of peaks and troughs in the time-series, and according to Kendall and Ord 

(1990), as the total number of time periods (n) increases, the distribution of the test 

statistic approaches normality, with an expected value of (2n – 4) / 3, and variance equal 

to (16n – 29) / 90.  Thus, the statistic may be represented as a standard variate, such that:

1/2[var(p)]
E(p)pz(p) −= .

Two descriptive measures provide further insight into the temporal patterns of SWE 

observed in the study area: relative variability, and the modal state of each individual 

temporal vector. The relative variability of SWE spatial association is the count of the 

number of state changes (the number of times a value increases or decreases from a 

previous value in the time-series), and the modal state of the time-series is the most 

commonly occurring value in the time series  Where ties in the modal state occur, the 

modal value which occurs first in the time-series is given.

2.4.4. Comparison with ecoregions and elevation
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Comparing the distribution of temporal metrics between ecoregions, as well as comparing 

the distribution of elevations for different temporal metrics, provides insight into the 

characteristics of these different spatial and temporal features.  Ecoregions were 

intersected with images of the variability in SWE spatial autocorrelation for each pixel in 

the study region.  A quantitative comparison of the distribution of pixels with statistically 

significant variability (both high and low) in Gi* z-scores over each ecoregion was 

performed using a Mann-Whitney U test (Hollander and Wolfe 1999; Mann and Whitney 

1947). This highlights ecoregions which display significantly different distributions of 

variability in computed Gi* z-scores, highlighting the differences in variability between 

ecoregions, as well as outlining areas where the spatial-temporal pattern in SWE 

variability is not captured by current ecological management units defined.

Relationships between the temporal trends in SWE spatial autocorrelation and elevation 

were quantified using the Mann-Whitney U test to compare variations in elevation for 

both variability and modal state classes.  By classifying modal states into two different 

classes: spatial autocorrelation of high SWE (high), and spatial autocorrelation of low 

SWE (low), the frequency distributions of elevations for each modal state class were 

quantified.  A similar comparison was performed for variability classes, in which 

variability was classified into significantly high variability in Gi* z-scores, and 

significantly low variability in Gi* z-scores, to compare elevation frequency distributions.

2.5. Results

2.5.1. Inter-annual spatial association
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The spatial distribution of clustering in extreme SWE values is variable over the study 

region and through time.  Initial analysis revealed a break in the observed relationship 

between 1988 and 1989.  Figure 2.3a shows the relationship between the number of 

individual significant pixels (spatial autocorrelation in both high and low SWE), and the 

number of significant clusters of SWE values (spatial autocorrelation in both high and 

low SWE) from 1979-1988.  As the number of individual pixels with significant  values 

increases, the number of contiguous clusters also increases, indicating that pixels with 

positive spatial autocorrelation in extreme high SWE values are occurring as smaller 

isolated pockets, rather than contributing to existing clusters.  The observed relationship 

for significant spatial autocorrelation of pixels and clusters of high SWE is significant at 

α = 0.05 (t = 7.016, p-value = 0.000); whereas, significant spatial autocorrelation in low 

SWE is not significant (t = 0.314, p-value = 0.762). 
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Figure 2.3b presents the number of individual significant pixels (spatial autocorrelation in 

both high and low SWE) with respect to the number of significant clusters (spatial 

autocorrelation in both high and low SWE) for the years 1989-2004.  The relationship 

between the number of individual significant pixels (spatial autocorrelation in both high 

and low SWE) and the number of individual clusters (spatial autocorrelation in both high 

and low SWE) is roughly inverse in both cases, such that, in general, as the number of 

significant pixels (or total area that the clusters occupy) increases, the number of clusters 

decreases.  This indicates that the range of spatial association in extreme SWE processes 

is increasing through time, and that significant pixels are contributing to large, spatially 

constrained clusters.

Figure 2.3: Relationship between the number of individual pixels which show 
statistically significant spatial autocorrelation (both high and low SWE) and the number 
of contiguous clusters of statistically significant pixels. Note: relationship from 
1979-1988 (a) is significantly different than from 1989-2004 (b).
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While the relationships between individual significant pixels and significant clusters of 

spatial autocorrelation in both high and low SWE within the 1989-2004 time period are 

not significant, the difference in the slope of the relationship between the two time 

periods (a and b) for significant spatial autocorrelation in high SWE is significant (t = 

22.609, p-value = 0.000).  This is further evidence that prior to 1989, SWE spatial 

processes were different, with extreme events less spatially constrained than during the 

1989-2004 time period.

2.5.2. Relationships with ecoregions and elevation

Characterization of the relationship between existing ecological management units and 

the spatial-temporal trends in SWE was performed by an initial evaluation of relative 

variability for each ecoregion using the Mann-Whitney U test.  When comparing the 

distribution of relative variability values within each ecoregion with the distribution of 

relative variability values of all other ecoregions, in most cases no significant differences 

were observed (p-values >0.05).  Only a single ecoregion in the periphery of the north-

western portion of the study region was found to display a significantly different 

distribution of relative variability values (Z-value = -6.71, p-value = 0.000).  The Clear 

Hills Upland, located in the Boreal Plains ecozone displayed a range in relative 

variability values which was significantly smaller than the rest of the study region, and 

showed no significant variability along the time-series.  Figure 2.4 shows the distribution 

of variability values throughout the study region.  The distribution of variability values 

throughout the study region has a clear spatial component, with similar levels of 

variability occurring together across the landscape, as captured with Moran's I (0.559 p-
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value = 0.010).  Moran's I is indicative of global, or study-area-wide spatial 

autocorrelation.  For information on the Moran statistic, see (Cliff and Ord 1981). 

However, the distribution and boundaries of the ecoregions do not coincide with the 

distribution of variability values (see Figure 2.2 for ecoregion boundaries).

The distribution of elevations for modal state classes showing significant spatial 

autocorrelation in both high and low SWE values were found to be significantly different 

from each other, as well as from the study area as a whole (p-values <=0.05).  Figure 2.5 

shows the distribution and summary statistics of elevations for significant spatial 

autocorrelation in high SWE values (Figure 2.5a), and low SWE values (Figure 2.5b) 

respectively.  While the number of pixels in the study region displaying spatial 

autocorrelation in high SWE values (n = 423) is larger than the number of pixels 

displaying significant spatial autocorrelation in low SWE values (n = 231), the level of 

dispersion is lower for spatial autocorrelation in low SWE values (CV = 0.22 vs CV = 

0.48).  This is partly influenced by the bimodal shape of the distribution of elevations in 

Figure 2.4b.  Statistically significant spatial association in low SWE values occurs 

primarily over regions where elevations are ±1 standard deviation (>860.06 m or <341.24 

m) from the mean elevation (600.65 m); therefore, spatial autocorrelation of low SWE 

values is restricted to the more ‘extreme’ elevations in the study region, particularly in the 

lowland regions, where over 40 percent of the data in this class are found.
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Classifying variability into two statistically significant classes: significantly high 

variability in the spatial association of SWE through time (high variability), and 

significantly low variability in the spatial association of SWE through time (low 

variability), separates regions with significant variability in SWE spatial association from 

the remainder of the study region, and allows differences in the distributions of elevations 

between these two classes to be assessed.  The Mann-Whitney U test indicates that the 

distribution of elevations for the low variability class is significantly different from the 

high variability class (Z-value = -4.13, p-value = 0.00).  Figure 2.6 characterizes how 

elevation is different between the high and low variability classes.  Although the 

distributions of elevations for both classes are negatively skewed, the range in elevations 

Figure 2.4: Spatial distribution of SWE temporal variability across  
the study region. Lighter values correspond to significantly high 
temporal variability in SWE values, whereas darker values 
correspond to significantly low temporal variability in SWE values.
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is significantly different between the two classes (max. (high variability) = 1334.17 m vs. 

max. (low variability) = 2438.14 m).  As well, the elevations in Figure 2.5b fall into two 

clear groupings, with the majority of values occurring close to the mean (644.76 m), and 

the rest of the values, in regions with significantly high elevations (± 2 standard 

deviations from the mean).  The differences in the range and distribution of elevations 

between these two classes are likely due to the spatial distribution of the variability 

values: all pixels which are characterized by significantly high variability in SWE spatial 

association are located in the northwestern and southeastern portions of the study region, 

with no pixels having high variability in SWE values through the central portion of the 

study region.  This is contrasted by pixels which are classified as having significantly low 

temporal variability in SWE values, which are located randomly throughout the study 

region, and occur only in relatively small, isolated clusters of approximately 200 Km2 on 

average.
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Figure 2.5: Distribution and summary of elevations for regions with statistically  
significant spatial autocorrelation in both high (a), and low (b) SWE. Note: CV = 
Coefficient of Variation (Std. Dev./Mean).

Figure 2.6: Distribution and summary of elevations for regions with significantly high 
variability (a), and significantly low variability (b). Note: CV = Coefficient of Variation 
(Std. Dev./Mean).



30

2.6. Discussion 

Significant spatial association occurred within the study region in most years, and the 

level of spatial association in SWE varies through both space and time.  While the 

number of individual pixels showing significant spatial autocorrelation in both high and 

low SWE was increasing throughout the study period, they tended to coalesce into larger, 

contiguous regions of extreme (both high and low) SWE.  These larger regions appear to 

coalesce towards the center of the study area, and are potentially important drivers of 

atmospheric processes (e.g. Dewey 1977; Namias 1985; Liu and Yanai 2002; Gong et al. 

2004), as well as potentially sensitive to the effects of changing climate conditions 

(Bednorz 2004; Keller 2005).  

The relationship between the number of individual significant pixels and contiguous 

clusters showing spatial autocorrelation in high SWE displayed significant variation 

through time.  Extreme high SWE tended to become more spatially constrained after 

1989, and large clusters occurred through the middle of the study region, in the northern 

portion of the Prairies ecozone, and Southern portion of the Boreal Plains ecozone.  The 

region primarily comprises the Moist Mixed Grasslands, Aspen Parklands and Boreal 

Transition ecoregions of the Central Grassland and Parkland Prairies ecoprovinces, and to 

a lesser extent, the Slave River Lowland ecoregion in the northern reaches of the Boreal 

Plains ecozone.  In general, this group of ecoregions extends in a broad arc from 

southwestern Manitoba, north-westward through Saskatchewan to it's northern apex in 

central Alberta.  As the climate continues to become more variable, the potential for 

flooding may be significantly altered in regions supplied by these areas (Olsen et al. 
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1999; Barnett et al. 2005).  This relationship was not observed in the spatial 

autocorrelation of low SWE values, where the relationship between individual significant 

pixels and significant clusters remains non-significant over both time periods (1979-1988 

and 1989-2004), suggesting that the level and extent of clustering in dry winter 

conditions does not appear to be confined to any specific region.

While in some instances the Canadian terrestrial ecoregions may help to characterize 

some of the variability and trends in the spatial association of SWE, to a large degree 

these ecological units do not provide sufficient explanation for the observed spatial-

temporal patterns in SWE.  Differences in the variability of SWE spatial autocorrelation 

across the study region were observed, and displayed a significant spatial component. 

These differences were generally not related to ecoregions, which highlights the need for 

ecological management units which take into account SWE and other dominant winter 

processes.  Ecoregions, and many other ecological management units, are generally based 

on spring and summer conditions, and as a result do not properly represent snow and 

winter conditions.  In many regions of Canada, a large portion of the year is spent with 

snow, and any models or management strategies that include winter processes would 

benefit from a new classification systems which partitions the landscape with 

consideration to SWE, and other winter conditions.

Several trends emerged in the relationships between space-time trends in SWE and 

elevation.  Firstly, regions of high and low temporal variability in SWE spatial patterns 

display significantly different distributions of elevation, suggesting that processes relating 
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to SWE variability may be linked with elevation and/or some associated phenomenon, for 

example temperature or, net radiation.  Classifying pixels by modal state provides further 

evidence for a linkage between elevation and the spatial-temporal aspects of SWE spatial 

association.  Regions of consistent spatial autocorrelation in high SWE were shown to be 

significantly different in terms of elevation from regions of consistent spatial 

autocorrelation in low SWE.  A clear spatial separation of regions of consistently high 

modal state from regions of consistently low modal state was observed, and elevation was 

shown to be a strong determinant of this relationship.  Low modal states occurred only in 

relatively extreme elevations throughout the study region, and showed no overlap with 

regions of high consistent SWE spatial autocorrelation.  In general, elevation has proven 

to be a relatively effective indicator of SWE spatial-temporal patterns across the study 

region.  While elevation has often been linked to SWE processes, the current analysis 

shows that as climate variability continues to increase over time, elevation may also be a 

useful indicator of changing trends in SWE spatial and temporal patterns, with the 

greatest levels of variability anticipated to occur over elevation extremes, such as upland 

and lowland regions.

2.7. Conclusions

Despite difficulties in characterizing SWE spatial-temporal features using current 

ecological management units, several dominant patterns in SWE spatial autocorrelation 

do emerge, and are captured by the various temporal metrics employed in the current 

analysis.  Results revealed that the number of locations having significant spatial 

autocorrelation within the study region have increased both in number and size 
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throughout the study period.  These regions have continued to grow and coalesce into 

larger, contiguous regions of extreme SWE, particularly after 1989, where extreme high 

SWE has tended to become increasingly constrained to the grassland, parkland, and 

transition zones of the Central Grassland and Parkland Prairies ecoprovinces.  This 

indicates that as the climate in these regions becomes more variable through time, some 

areas will become more prone to extreme weather conditions, leading to droughts, and/or 

flooding in localized regions such as the surrounding Mid-Boreal Uplands regions, and 

lowland planar regions to the east.  This has implications for SWE runoff prediction, 

flood forecasting, and water resource management, which need to take into account the 

spatial nature of SWE.  Furthermore, the relationships between the temporal 

characteristics of SWE and elevation have revealed that the level of SWE variability in a 

particular region may be significantly impacted by the distribution of elevations in that 

region, providing evidence for elevation-controlled SWE processes not captured by the 

ecoregions.  The observed relationship between SWE variability and elevation, coupled 

with knowledge of the changing spatial configuration of SWE clusters through time 

indicates that regions of variable topography, such as those located in the northwestern 

portion of the Central Boreal Plains ecoprovince, may be differentially impacted by 

changing climate conditions.

Future research will use the detected spatial-temporal patterns of SWE to distinguish 

unique regimes of snow cover across Canada.  SWE regimes describe the regular spatial 

and temporal patterns of SWE accumulation in individual regions, and are a major 

control of spatial and temporal patterns and processes in many ecosystems (Walker et al. 
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1999).  Knowledge of the distribution of these SWE regimes will help analysts answer 

key questions regarding their impact on human and ecological processes.  Based upon 

these findings, new ecological units could be developed that also integrate winter snow 

cover characteristics with the existing suite of determinants mainly based upon summer 

land cover conditions. 

The methods demonstrated in this article may have benefit to other research which 

focuses on large-area, spatial-temporal datasets collected over long time periods.  By 

characterizing the temporal signature of spatial patterns over multiple time periods, it is 

possible to generate a mappable representation of the spatial-temporal data which is both 

intuitive and informative.  Furthermore, by employing more complex temporal modeling 

and trend detection techniques as part of this overall methodology, analysts in fields such 

as water resource management, wildlife management, climate change research, and 

forestry may quantitatively characterize trends through time, and develop new knowledge 

to support management.
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3.0 DETERMINATION OF CANADIAN SNOW REGIMES

3.1. Abstract

Ecological management units organize knowledge and generalize complex 

interrelationships, providing a means to identify geographic regions with similar 

properties.  In Canada, standard ecological units are based largely on spring and summer 

landscape conditions.  This may be problematic for understanding the interactions of 

winter-controlled processes.  The spatial and temporal patterns of SWE accumulation and 

melt influence many winter-based ecological systems, and are therefore useful for 

characterizing winter-based processes.

In this chapter, we examine the long-term temporal characteristics of SWE, and identify 

if and how they vary across the landscape in order to delineate geographically distinct 

SWE regimes.  These SWE regimes are then compared with current spring and summer 

based ecological management units.  Results indicate that high variability in melt rates 

and seasonal activity, combined with an abundance of SWE, provide highly sensitive 

regions with strong SWE gradients that are not captured by conventional ecological 

management units.  However, where SWE tends to be low, and variability minimal, 

regions based on spring and summer conditions provide an acceptable representation of 

winter processes.  We suggest that the SWE regimes generated as a result of this analysis 

should be used as guidelines for developing winter-based management units in 

conjunction with current ecological classifications.  

3.2. Introduction
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Ecological management units organize knowledge and generalize complex 

interrelationships, providing a means to identify geographic regions with similar 

properties (Hirsch 1978).  Such geographic regions tend to respond similarly to 

disturbances and pressures, and by defining ecological management units it is possible to 

generalize knowledge regarding the spatial and temporal processes affecting a region 

(Hirsch 1978).  Ecological management units thus aid in the description, characterization, 

and delineation of physical processes necessary for scientific modeling, management, and 

conservation of ecosystems (Blasi et al. 2000; Sims et al. 1996).  As well, ecological 

management units are essential for extrapolating research results from single locations to 

larger areas.

In Canada, standard ecological units are based largely on spring and summer landscape 

conditions (e.g., Rowe and Sheard 1981, Wiken 1986, Ironside 1991).  Temporally, it is 

often spring green-up and fall senescence that are used for characterizing landcover at 

both regional (e.g. Moody and Johnson, 2001), and global scales (e.g. Moulin et al 1997; 

DeFries et al, 1995, Justice et al, 1985).  This may be problematic for understanding the 

interactions of winter-controlled processes, such as spring snow-melt and runoff, or for 

regions where a substantial portion of the year is spent covered with snow.  Terrestrial 

snow cover is a significant driver of many global and regional climatological systems, 

including atmospheric circulation (Barnett, Adam, and Lettenmaier 2005; Derksen et al. 

1998a), and climate and hydrological cycles (Serreze et al. 2000; Derksen et al. 2000; 

Wulder et al. 2007).  The relatively high surface albedo, and high degree of inter-annual 

variability in snow extent, are unique properties which inherently affect the cryosphere-
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climate system (Chang et al. 2003; Derksen, Ledrew, and Goodison 2000).  The current 

suite of ecological management units in Canada do not sufficiently consider these 

physical processes.

The spatial and temporal patterns of SWE accumulation and melt influence the spatial 

and temporal patterns and processes of many ecological systems.  For example, the 

spatial distribution of snow impacts meso-scale processes of biological systems in arctic 

and alpine ecosystems (Walker et al. 1993; Walker et al. 1999).  As well, spatial-temporal 

patterns of SWE influence biodiversity monitoring (Duro et al. 2007), species and 

community distributions (Walker et al. 1999), and many anthropogenic processes such as 

tourism, recreation, and urban and agricultural water supply (Walker et al. 1999). 

Analyzing regional variations in SWE spatial-temporal patterns will highlight unique 

SWE regimes, or groups of locations with similar spatial and temporal interactions of 

SWE.  SWE regimes  are useful for assessing the impact of snow cover and SWE on 

abiotic and biotic systems within a region and, like ecological units, provide a mechanism 

for extrapolating winter processes observed at specific locations to larger landscapes. 

The goals of this chapter are to examine the long-term temporal characteristics of SWE, 

and identify if and how they vary across the landscape, in order to delineate 

geographically distinct SWE regimes.  These SWE regimes can then be used to partition 

the landscape into winter based management zones, and compared with current spring 

and summer based ecological management units.  These goals are guided by four primary 

objectives:
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1. to apply an advanced curve fitting procedure, which takes into account features 

and fall-backs of the SWE dataset, to a temporal sequence of SWE estimates,

2. to derive annual and inter-annual temporal metrics relating to SWE variations 

through time based on the fitted curve,

3. to delineate geographically distinct winter-based management zones by clustering 

temporal metrics generated for local regions within the study area, and

4. to examine the variability of winter conditions derived from the SWE regimes 

within current spring and summer ecological management units.

The repetitive and continuous nature of remotely sensed data provides a means of 

capturing both short-term and long-term spatial-temporal variations and patterns, which 

is desired when attempting to isolate significant temporal trends in snow cover and SWE 

across the landscape (Derksen et al. 2000; Meir et al. 2006).  This allows the nature of 

intra and inter-annual fluctuations in SWE variations to be characterized, and provides 

important data for differentiating SWE regimes.  Over the past two decades, large area 

SWE datasets collected throughout Canada (Derksen, Ledrew, and Goodison 2000; 

Derksen and MacKay 2006; A Walker and Goodison 2000), and the world (Tait 1996; 

Pulliainen and Hallikainen 2001; Grody and Basist 1996), have been developed using 

passive microwave radiometry.  These datasets have largely been the result of SWE 

algorithm development based around the Scanning Multichannel Microwave Radiometer 

(SMMR), and the Special Sensor Microwave/Imager (SSM/I) (Derksen, et al. 2005). 
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Passive microwave derived SWE datasets have been used for a range of research projects, 

including examining the interactions between snow cover and climate (Derksen et al. 

2000), as well as validation of regional climate models (MacKay et al. 2003).  We limit 

our analysis to the SSM/I satellite record, which provides continuous satellite data 

records for North America collected daily since 1988 (Derksen et al. 2005).  Due to the 

inherent characteristics of space-borne passive microwave data, such as all-weather 

imaging, frequent overpass times, the ability to quantify SWE, and an existing long-term 

time series (Derksen et al. 2002; Derksen et al. 2005; Sokol et al. 2003; Derksen et al. 

2000), these datasets are appropriate for SWE regime characterization.  By taking 

advantage of both the fine spatial and temporal resolutions of current passive microwave 

derived SWE datasets, this research provides insight not accessible by conventional 

space-time SWE research which has emphasized spatial trends of snow cover and SWE 

over short time periods (e.g. Derksen et al., 1998b,1998c), or coarse-scale spatial trends 

(i.e. regional analysis) of snow cover and SWE over longer time periods (e.g., Brown, 

2000; Laternser and Schneebeli, 2003).  

3.3. Study area and data

3.3.1. Deriving SWE from passive microwave radiometry

Theoretical estimation of SWE from passive microwave radiometry is primarily a 

function of the interaction of snow crystals with the microwave radiation naturally 

emitted by the earth, and assumes that as the depth and density of snow increases, 

scattering of the passive microwave signal also increases (Foster et al., 1999).  In general, 

shorter wavelength energy (37 GHz) is more readily scattered by crystals in the snow-
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pack than the longer wavelength energy (19 GHz), allowing the difference between these 

two satellite measured frequencies to be used to estimate SWE (Foster et al, 1999; Walker 

and Goodison, 2000).   In regions where interactions between the atmosphere, snow 

cover, and the underlying ground surface are complex, such as highly mountainous 

regions, or regions with dense forest cover, complications may arise in the estimation of 

SWE from passive microwave brightness temperatures (Tait, 1996; Pullianinen and 

Hallikainen, 2001; Foster et al., 1999).  These complications derive from a range of 

physical parameters including: snow wetness, snow crystal size, depth hoar, and ice 

crusts, as well as the underlying land cover, topography, and overlying vegetation 

(Derksen et al., 2000).

Atmospheric effects, sensor errors, and the properties of the snow pack on any given day 

will cause temporally local variations in the time-series of detected passive microwave 

signals.  For example, passive microwave derived brightness temperatures used for 

extracting SWE are typically within ±15 mm of actual SWE in the open prairie regions of 

North America (Derksen et al. 2003; Derksen et al. 2005); however, consistent 

underestimation is a problem in many forested areas, and is likely the result of vegetation 

influencing on microwave emission and scatter (Foster et al. 1991: Walker and Silis 

2002; Derksen et al. 2003; Derksen et al. 2005).  In addition, brightness temperature 

fluctuations due to snow melt occur throughout the SSM/I time-series, and are most 

prevalent during the weeks preceding the major snow melt events (spring snow melt). 

These fluctuations in the time-series can be attributed to irregularities induced by a wet 

snow pack (Walker and Goodison 2000; Derksen et al. 2000), and are not reflective of the 
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actual SWE occurring at a particular site.

In general, algorithm development for SWE retrieval from space-borne passive 

microwave brightnesses temperatures in Canada has focused on the open prairies regions 

of central Canada (Wulder et al., 2007; Goodison and Walker, 1995; Walker and 

Goodison, 2000).  Assessments of algorithm performance in these areas have shown that 

retrievals over the planar regions of North America are suitable for large-area 

climatological analysis (Derksen et al., 2003a, 2003b).

3.3.2. Study area and data

This study will be constrained to the Canadian prairies (Figure 3.1), extending from 

approximately -120o to -90o West, and from 60o to 50o North.  SWE estimates in this area 

Figure 3.1: Study region encompasses the Canadian prairies, extending 
from approximately -120o to -90o West, and from 60o to 50o North.
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have high accuracy, and are based on brightness temperatures (in Kelvin) acquired by the 

SSM/I passive microwave radiometer on-board the Defense Meteorological Satellite 

Program (DMSP) F8, F11 and F13 satellites.  We use brightness temperatures from a 

single orbit of the SSM/I passive microwave radiometer provided in the Equal Area 

Scalable Earth Grid (EASE-Grid) format (see Armstrong and Brodzik, 1995) from the 

National Snow and Ice Data Center (Knowles et al, 1999; Armstrong et al, 1994). 

Brightness temperatures represent the difference between the 37 and 19 GHz vertically 

polarized channels, and in all cases, data collected during the morning overpass were 

used for analysis to reduce errors induced by afternoon snow melt (Derksen et al, 2000). 

The 37 and 19 GHz vertically polarized channels are the conventional frequencies used to 

estimate SWE in most algorithms (Goodison, 1989), making it possible to reduce data 

errors induced by algorithm issues, and excess data manipulation and estimation by using 

brightness temperature differences as a proxy for actual SWE estimates.  Values are 

represented using 25 by 25 Km grid cells, and the current analysis focuses on data 

obtained daily from the beginning of the SSM/I satellite record (1987), to 2006.  For a 

review of methods for SWE estimation and algorithm development, see Goodison and 

Walker (1995), Walker and Goodison (2000), and Pietroniro and Leconte (2000).

An ancillary data set used to assess the nature of SWE regimes are ecoprovinces. 

Ecoprovinces are ecological management units based on terrestrial characteristics, and 

were developed as part of the National Ecological Framework of Environment Canada 

(Rowe and Sheard 1981; Wiken 1986; Wiken et al 1996).  Ecoprovinces are largely based 

on characterizing major assemblages of structural or surface forms and faunal realms, as 
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well as vegetation, hydrology, soil, and macro climates (Marshall et al. 1998).  They were 

developed as part of an ecological framework to address the environmental concerns of 

the Commission for Environmental Cooperation (CEC) by Canada, Mexico and the 

United States (Marshall and Schut 1999).  These ecological units are often used to 

describe the major driving factors of an ecosystem, and as such are commonly used for 

conservation planning and analysis (Kerr and Deguise 2004).  We use these 

classifications as the baseline ecological management units with which to compared our 

derived SWE regimes.  For a review of the history of ecological regionalization in 

Canada, see Bailey et al. (1985).  Descriptions, background, and basic ecosystem 

concepts from the Ecological Framework of Canada are also available at 

<http://www.ec.gc.ca/soer-ree/English/Framework/default.cfm>

3.4. Methods

The annual and inter-annual temporal patterns of SWE are determined by the application 

of existing spatial and temporal analysis methods to a long-term, spatially-referenced 

dataset on SWE.  For the current analysis, daily SWE brightness temperature differences 

are obtained for each 25 km by 25 km grid cell in the dataset.  Analysis is carried out over 

19 years, providing a time-series of approximately 6,935 days of SWE estimates per grid 

cell (total of 5325 grid cells).  As SWE is a seasonal variable, these time-series form 

cyclic SWE accumulation/melt curves.  Smoothing functions are fit to the observed data, 

and the temporal components of each time-series are used to generate temporal metrics 

by treating each grid cell within the study region as a separate cyclic time-series.  Several 

temporal metrics are integrated into a hierarchical, multivariate classification algorithm. 
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The results of the classification are used to delineate SWE regimes, providing a means 

for defining SWE management units for ecological processes.

3.4.1. SWE curve fitting procedure

In order to capture important patterns in SWE time-series, various smoothing methods to 

reduce data errors are used in practice.  These methods include the use of weekly (e.g. 

Derksen et al. 2000; Derksen et al. 2002; Derksen et al. 2000), monthly (e.g. Derksen et 

al. 2005), and yearly (e.g. Wulder et al. 2007) running means.  In addition, spatial 

averaging of SWE values has been used to reduce variability, as well as examine 

relationships between SWE and atmospheric circulation (Derksen et al. 2000).  These 

methods rely on data-reduction to correct for problems induced by the atmosphere, 

temperature, and the snow pack itself, and may over-generalize important annual or inter-

annual fluctuations in the SWE time-series.  In addition, these methods do not take into 

account the inherent properties of passive microwave derived SWE data, such as 

systematic and non-systematic underestimation of SWE.

One method which has been used in research on remotely sensed vegetation indices uses 

splines in a recursive setting to fit a continuous model to Normalized Difference 

Vegetation Index (NDVI) data (Bradley et al. 2007; Hermance et al. 2007; Hermance, 

2007).  By recursively fitting high order splines to the data, the effects of drop-outs and 

spurious fluctuations in the data are reduced, and the local variation in vegetation 

temporal cycles captured.  Applying a similar approach to SWE data should reduce 

problems associated with the effects of snow pack inhomogeneities and erroneous 
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fluctuations in the brightness temperature satellite record.

Smoothing splines are an indirect smoothing method based on penalized least squares, 

and define a continuous function using a series of polynomials fitted over adjacent time 

intervals along the SWE time-series (Green and Silverman, 1994).  The function is 

constrained such that both the first and second derivatives, as well as the function itself 

are continuous at the intersections of the temporal intervals.  Thus, for a given time-series 

y, a smoothing spline is used to model the data as

ιιι )f(ty ∈+= ,

where f is some unknown smooth function of t, and є represents independent and 

identically distributed errors.  The estimate of f, f̂ is chosen so that it minimizes
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dt(t))f( 2∫ ′′ .

In the current example, λ is selected using generalized cross-validation.  This is a 

common method for selecting smoothing parameters, and is simply a modified form of 

the usual cross-validation (see Green and Silverman 1994; Craven and Wahba 1979).

Due to the large variability in inter-annual SWE temporal characteristics, fitting a 

harmonic average annual base model to the SWE data, as in Hermance et al. (2007) and 

Hermance (2007), proved problematic.  As such, both the initial and secondary models in 

the recursive spline algorithm applied here are fit using smoothing splines.  Given that 

SWE brightness temperature returns tend to underestimate the actual about of SWE on 

the landscape in certain areas (Derksen et al. 2005), we employ a weighted least squares 

approximation for the second iteration of the spline fitting procedure in order to 

preferentially fit the upper envelope of the data.  As in Hermance et al. (2007), residuals 

between the initial spline model and the observed SWE values are computed from

(i)d(i)dΔd(i) predobs −= ,

where dobs(i) is the observed SWE values, and dpred(i) is the value predicted by the initial 

spline model.  A Gaussian-type weight is applied to each observed value based on
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where w is a parameter used to control the width of the Gaussian operator, and for the 
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current application is set at 5 brightness temperatures, sign is an operator whose value is 

-1 for negative Δd and +1 for positive Δd, and the effects of spurious outlying brightness 

temperature returns (greater than 15 brightness temperature values from initial fitted 

curve) due to confounding snow properties such as wet snow, were controlled by setting 

their weights equal to zero.  The computed weights are applied to each observed value in 

the dataset for the second iteration of the spline algorithm, producing a smoothed, 

continuous, penalized weighted least squares approximation of the SWE temporal 

signature for each grid cell in the dataset.

3.4.2. Derivation of seasonal temporal metrics

A discrete moving window, with a width based on the observed periodic nature of the 

SWE time-series' (approximately 365 days), is used to compute the suite of temporal 

metrics for each SWE season.  The temporal components that are computed from the 

time-series are given in Table 1, and are adapted from Lloyd (1990), Malingreau (1986), 

and Reed et al. (1994).  For each grid cell, temporal trends are summarized using 12 

different temporal metrics, summarized annually (12 metrics X 19 years), and are 

represented graphically in Figure 3.2 and will be in the following paragraphs.  By 

computing each metric for each year in the study period, we are able to investigate inter-

annual variability in the computed metrics.



Table 3.1: Each of the 12 temporal metrics are computed for each grid cell in the study region, for all 19 years of the study 
period.
Metric Description Derivation
SACC Start of SWE accumulation season First negative turning point (trough) of the second derivative of the smoothed SWE curve
EMEL End of SWE melt season Absolute maximum of the second derivative of the smoothed SWE curve 
SMEL Start of SWE melt season Absolute minimum of the second derivative of the smoothed SWE curve 
TINS Time integrated SWE (Sum of SWE) Area under the smoothed SWE curve between the SACC and EMEL
RACC Rate of SWE accumulation Mean value of the first derivative during accumulation season
RMEL Rate of SWE melt Mean value of the first derivative during melt season
SLEN Length of SWE season Time between SACC and EMEL
TMAX Timing of maximum SWE Time of maximum value of the smoothed SWE curve between SACC and EMEL
TMIN Timing of minimum SWE Time of minimum value of the smoothed SWE curve between SACC and EMEL
MAXS Maximum SWE value Maximum value of the smoothed SWE curve between SACC and EMEL
MINS Minimum SWE value Minimum value of the smoothed SWE curve between SACC and EMEL
RNGS Range of SWE values Range between MINS and MAXS
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Derivation of the temporal metrics is based on the properties of the smoothed curve used 

to represent the SWE values through time.  To derive the start of the SWE accumulation 

season (SACC), we use the first negative turning point (trough) of the second derivative 

of the smoothed SWE curve within each discrete temporal window (Figure 3.3c). 

Similarly, to compute the start (SMEL) and end (EMEL) of the SWE melt season, we use 

the absolute minimum and maximum second derivative of the smoothed SWE curve 

within each discrete temporal window respectively (Figure 3.3c).  The start and end of 

melt season for the current analysis represents the start and end of the major melt events, 

as opposed to early-season melt due to fluctuating temperatures, or freeze-thaw 

interactions.

The time integrated SWE (TINS), or seasonal sum of SWE values, is the area under the 

Figure 3.2: Graphical representation of the 12 computed temporal metrics.  
SACC=Start of SWE accumulation season; EMEL=End of SWE melt season;  
SMEL=Start of SWE melt season; TINS=Time integrated SWE (Sum of SWE);  
RACC=Rate of SWE accumulation; RMEL=Rate of SWE melt; SLEN=Length of SWE 
season; TMAX=Timing of maximum SWE; TMIN=Timing of minimum SWE; 
MAXS=Maximum SWE value; MINS=Minimum SWE value; RNGS=Range of SWE 
values.
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smoothed SWE curve between the start of the accumulation season and the end of the 

melt period (Figure 3.2).  In addition, the values of the first derivative of the smoothed 

spline curve are used to compute both accumulation (RACC) and melt (RMEL) rates 

(Figure 3.3b).  For the current analysis, rates are defined as the mean value of the first 

derivative during each subsequent season.  In other words, the SWE accumulation rate is 

the average slope of the smoothed spline curve during the accumulation season, and the 

SWE melt rate is similarly defined for the melt season.

The remaining six temporal metrics are derived directly from the smoothed SWE curve 

(Figures 3.2 and 3.3a), and are based on the previously computed metrics.  The length of 

the SWE season (SLEN) is derived by the time from the start of the SWE accumulation 

season to the end of the SWE melt period.  Season length is then used to constrain the 

values and dates of the maximum (TMAX, MAXS) and minimum (TMIN, MINS) SWE. 

Building on these metrics, the SWE range is the range between minimum and maximum 

SWE in a given year (RNGS).

It is important to note that the metrics presented here may not necessarily represent the 

true SWE conditions on the ground surface, but rather are a representation of the SWE 

temporal dynamics (Bradley et al. 1994).  The exact date, value, and characteristic that an 

individual temporal metric is attempting to capture may not be precise, given the spatial 

resolution provided by this dataset; however, it does provide an indication of the spatial-

temporal dynamics, and differences in the temporal dynamics of SWE.
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3.4.3. Analysis of temporal metrics

In order to reduce data redundancy caused by correlated temporal metrics and aid 

Figure 3.3: Derivation of the 12 temporal metrics. Metrics are based on the properties 
of the smoothed curve used to represent the SWE values through time, including the 
values of the curve itself, as well as the 1st and 2nd derivatives. Grey shaded area 
represents one discrete temporal window.
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interpretation of results, we limit the number of temporal metrics used in the final 

hierarchical cluster analysis based on ecological significance and data characteristics. 

Ecological significance of the three metrics retained will be discussed below and include: 

(a) the coefficient of variation in SWE melt rates (CMR), providing a perspective on 

temporal changes in SWE due to climate; (b) the annual maximum SWE (AMS), 

indicating the water storage levels along the time-series; and (c) the coefficient of 

variation in time integrated SWE (CTS), which is the sum of all measured SWE values, 

and represents seasonal characteristics, and variability in snow pack development over 

the time series.  Using the full 19 year time-series, we compute the mean (AMS), and CV 

(CMR and CTS) for the three temporal metrics and ensured that these metrics were 

uncorrelated using a standard correlation matrix.  As suggested by Everitt (1974), metric 

values were standardized prior to integration into the hierarchical cluster analysis.

Snow accumulation and melt rates, represented by CMR, have important ecological 

consequences, and strongly influence the timing and length of the SWE season.  This in 

turn is an important control of seasonal vegetation growing patterns (e.g. Walker et al. 

1999; Kudo 1991; Walther et al. 2002; McCarty 2001), and animal habitats (e.g. Karl et 

al. 1993).  From a climate change perspective, significant changes in the rates of snow 

melt may cause a shift in the overall snow cover season, a change in the total duration of 

the snow season, or a change in overall snow seasonality.  Characterizing variability of 

SWE melt rates is therefore important for identifying the response of snow cover and 

SWE to climate change.  This makes CMR a useful variable to consider when 

distinguishing regional variations in SWE temporal characteristics, as regional variations 
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in CMR will highlight areas differentially impacted by changes in temperature and 

humidity induce by changing climate conditions.

While the variability of SWE melt events is important for characterizing changes induced 

by climate change, it does not address water storage, which is important for flood 

forecasting, water resource management , and hydroelectric power generation (Pulliainen 

and Hallikainen 2001; Chang et al. 2003).  Water storage is represented by the AMS 

metric, and is an important indicator of spring runoff which controls surface water 

availability for a region.  Regardless of the rate and amount of snow accumulation and 

precipitation over a region, variations in the capacity of an area to store water will have 

major consequences for the surrounding regions, and will ultimately highlight major 

differences in SWE regimes.  The CTS metric provides an indication of the variability in 

characteristics of snow pack development and a means to estimate SWE seasonal activity. 

While it may be difficult to directly determine whether a region experienced steady or 

varied snowfall events, or whether there are changes over time in the nature of snowfall 

events (i.e., an increase in extreme snowfall events or trace precipitation events), these 

characteristics will be indirectly reflected in CTS.

3.4.4. Hierarchical cluster analysis

Hierarchical cluster analysis has been used for a range of applications, including 

ecological analyses (McKenna 2003; Nemec and Brinkjurst 1988), hydrological 

regionalization (Rao and Srinivas 2006; Poff 1996), and climate zone delineation (Gong 

and Richman 1995; Unal et al. 2003).  Cluster analysis is a method for identifying 
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patterns within multivariate data (Sneath and Sokal 1973; Kaufman and Rousseeuw 

1990).  More specifically, hierarchical cluster analysis involves recursively grouping 

similar objects into groups based on multivariate attributes.  There are a range of methods 

for assessing similarity of objects or groups with cluster analysis, and different 

approaches will highlight different aspects of a dataset (McKenna 2003; Johnson, 1976). 

Measures of similarity based on Euclidean (square) distances in attribute space are 

common in the ecological literature (e.g. Fovell and Fovell 1993; Gong and Richman 

1995; Nemec and Brinkhurst 1988), and as such, we compute similarity of grid cells 

based on Euclidean distance in the three temporal metrics (CMR, AMS, and CTS).  In 

addition to the measure of (dis)similarity, hierarchical cluster analysis requires linkages 

between previously formed clusters to be measured and assessed for merging.  This in 

effect dictates how higher-level fusions are executed (McKenna 2003).  For the current 

analysis, we use an average linkage agglomerative clustering algorithm, which computes 

the distance between two clusters as the average measured distance between all pairs of 

objects, in this case grid cells, between the two clusters.  For our dataset, consisting of n 

= 3 temporal metrics, we generate a similarity matrix D using
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where dij is the Euclidean distance in attribute space between grid cell i and j, j≠i.  From 

this, linkages between clusters are assessed based on
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where dij is the Euclidean distance in attribute space between grid cell i in cluster l and 

grid cell j in cluster m, and Ni and Nm are the number of grid cells in clusters l and m 

respectively.  The cluster grouping that minimizes dlm is then used to group the clusters. 

This process is performed recursively until a single cluster remains, providing a 

hierarchical grouping of grid cells based on their associated temporal metrics.  As the 

clusters are grouped to form increasingly larger clusters, a hierarchical grouping tree 

known as a dendrogram is generated, providing a visual representation of the hierarchy of 

SWE clusters at various scales.  Each node in the dendrogram occurs at a specified 

height, which is defined as the linkage distance between the two children clusters.  The 

dendrogram is used to assess the relevance of the clusters, allowing us to reject clusters 

which contain very few grid cells or clusters which contain grid cells that are spatially 

dispersed.  

Once the dendrogram has been formed, we must distinguish between clusters that reflect 

relationships of the phenomena represented by the data, and those generated as a result of 

random effects and/or data uncertainties (Nemec and Brinkhurst 1988; McKenna 2003). 

There have been many methods proposed which use the statistical properties of the data 

to assess significance of clusters (Smith and Dubes 1980; McKenna 2003; Milligan and 

Cooper 1985; Piller, 1999).  One such method employs bootstrap resampling to assess the 

stability of detected clusters (Hennig 2007; McKenna 2003; Efron et al. 1996; Felsentein 

1985).  Bootstrap resampling (Efron 1979) applied to hierarchical cluster analysis has 
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been used in a number of analyses attempting to assess the appropriateness of a particular 

hierarchical arrangement (Hennig 2007; Ellis et al. 1991; Pillar 1999; McKenna 2001; 

Kerr and Churchill 2001).  In it's most basic form, bootstrap resampling for hierarchical 

cluster analysis involves generating a number of random ‘bootstrap samples’ from the 

original dataset, and creating bootstrap replicates of the dendrogram by applying the 

hierarchical cluster analysis to the bootstrap samples.  These dendrogram replicates are 

each compared with the initial hierarchical assemblage, and significance is based on the 

proportion of dendrogram replicates that are similar to the initial dendrogram.  For a 

comprehensive review of methods for bootstrap hierarchical cluster analysis in general, 

see Efron et al. (1996) and Nemec and Brinkhurst (1988).

Bootstrap resampling has been refined to enable the stability of the hierarchical 

classification to be determined by considering the stability of each individual cluster 

(Hennig 2007).  For example, a number of bootstrap replicates of the initial dendrogram 

are created as above, and for each cluster in the initial dendrogram, the most similar 

cluster in each bootstrap replicate is found using the Jaccard coefficient (Jaccard 1901) as 

a measure of similarity.  The level of similarity is recorded, and cluster stability for each 

cluster is assessed based on the mean similarity over all resampled data sets, ensuring that 

only meaningful clusters are identified.  In the current example, these clusters can be 

combined with the geographically nearest valid clusters to maintain spatial contiguity of 

observed clusters, reducing the effects of spurious clusters on the final SWE regime 

delineation.  An additional benefit is that relative to other bootstrap approaches, 

determining the ‘optimal’ number of clusters via this method requires fewer bootstrap 
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replications to produce valid results (Hennig 2007).  As such, we use Hennigs cluster-

wise assessment of stability to determine the ‘optimal’ number, and configuration of 

SWE regimes across the Canadian Prairies.  By constraining the number of possible 

clusters to be between 15 and 25, we select the final hierarchical dendrogram based on 

the cluster arrangement that maximizes the proportion of stable clusters, using a mean 

Jaccard coefficient cutoff of 0.5 (Hennigs, 2007).

3.4.5. Comparison with ecoprovinces

In order to assess the differences between the hierarchically defined SWE regimes and 

current ecological management units (based on terrestrial ecoprovinces), we examine the 

spatial correspondence between these two landscape partitioning methods.  Comparing 

units defined using winter and summer conditions will provide an indication of how well 

winter processes are represented by traditional ecological management units and may 

provide insights for improving winter based modeling and research efforts.  At the current 

scale of analysis, ecoprovinces represent the most appropriate comparison with SWE 

regimes, as they are designed to capture major structural assemblages and macro-climates 

(Marshall et al. 1998), which both tend to have a strong influence on snow deposition and 

accumulation.  The comparison of SWE regimes with ecoprovinces is done by 

intersecting the boundaries of both regions, and considering the distribution of values on 

a pixel-by-pixel basis.  We then examine the variability in winter conditions for each 

ecoprovince, highlighting ecoprovinces with a relatively high and/or relatively low 

number of different SWE regimes within it's boundaries.  
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3.5. Results

3.5.1. Temporal metrics

The spatial and frequency distributions for the three temporal metrics (CMR, AMS, and 

CTS) are given in Figures 3.4a, 3.4b, and 3.4c.  Over the study region, CMR ranges from 

approximately 23.80 cm, to 0.04 cm per day, with the bulk of the study region 

experiencing melt rates of approximately 10.32 cm per day.  Regional variations in the 

variability of CMR highlights a large area towards the south-central portion of the study 

region where melt rates are highly variable relative to the mean melt rate for the entire 

study region (Figure 3.4A).  On the western side of this region, there is an abrupt change 

to more stable CMR conditions, whereas the portion of the study area to the east of this 

highly variable region experiences slower transitions to more stable conditions. 

Conversely, the northern portion of the study area is largely characterized by relatively 

stable CMR throughout the measured time-series.

For AMS, differences in brightness temperatures range from -43.84 Tb to -7.98 Tb, 

corresponding to approximately 92.85 to 0.00 mm.  Values are normally distributed, with 

a mean of -22.04 Tb.  Regions of low AMS generally occur in the south-west portion of 

the study region (Figure 3.4B), and there is a general trend of increasing AMS towards 

the north-east.  Two bands of relatively high AMS occur over the central and northern 

reaches of the study region, both with a north-east to north-west orientation.  These bands 

correspond with regions of relatively high annual precipitation, and long, cold winters 

with continuous snow cover.  Conversely, regional trends are less pronounced with CTS 

than with AMS, with smaller patches of high variability occurring throughout the central 
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portion of the study region (Figure 3.4C).  The frequency distribution of values for CTS 

is slightly skewed (skewness = 0.88), and values range from 0.04 to 0.7 (Figure 3.4c).  In 

general, large CTS values occur over regions of high AMS.  However, these large values 

also appear to be relatively stable, occurring to a large degree over the stable band of CTS 

in the north-east portion of the study region, west of Hudsons Bay.  Regions of high 

values occur at the base of the Rocky Mountains, in some cases extending towards 

central Alberta and across the international boarder to the south.
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Figure 3.4: The spatial and aspatial distribution of values for the three temporal metrics; Annual  
mean maximum SWE (A, a), Variability in SWE melt rates (B, b), and Variability in SWE seasonal  
activity (C, c).



61

3.5.2. Hierarchical cluster analysis

The hierarchical cluster arrangement with the highest proportion of stable clusters for the 

current analysis represents 18 clusters of varying composition and configuration.  This 

arrangement occurs at a clustering height of approximately 1.3 with cluster sizes ranging 

from 823 to 4 grid cells.  All 18 clusters are listed in Table 2, with summary statistics 

computed over all grid cells located within each cluster for each of the three temporal 

metrics.

The first two clusters in the hierarchical arrangement are characterized by average levels 

of variability in terms of SWE melt rates, and relatively low mean maximum SWE.  The 

variability in seasonal SWE activity in these regions is relatively close to the study area 

mean, though the distribution of values is highly skewed towards less stable conditions. 

These traits are particularly pronounced in the first cluster, which occupies the lower 

southeastern slopes of the Rocky Mountains and the western edge of the Alberta Plains, 

and to a lesser degree, some extremely dry highland regions of the Rocky Mountains.  

Clusters located over the open grasslands in the Interior Plains of Canada exhibit an 

interesting pattern.  In general, there is a slow gradient in the values of three temporal 

metrics as we move from clusters 8 and 9, through 12, 11, 6, and 5 to 15.  Clusters 8, 9, 

and 12 are characterized by some of the highest variability in melt rates across the study 

area, as well as average variability in SWE seasonal activity, and consistently low 

maximum SWE values.  Conversely, clusters 11 and 6 appear to be part of a transition 

zone between the high variability in melt rates to the south, and more stable conditions to 
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the north.  This is reflected in the decrease in variability of SWE melt rates, and 

maximum SWE values towards clusters 5 and 15, where melt rates are once again close 

to the mean for the entire study region, and maximum SWE tends to be significantly 

lower than surrounding regions.  Variability in SWE seasonal activity throughout these 

two regions is consistently low, indicating that SWE processes are more stable here.

North of this prairie region is cluster 3, which has the largest cluster area, and includes 

much of central Canada.  Values for all three temporal metrics in cluster 3 are close to the 

mean for the entire study region.  Cluster 3 occupies approximately 22.80% of the overall 

study region, stretching from south-western Manitoba, all the way to northern Alberta, 

with an additional branch extending into central Alberta, along the base of the Rocky 

Mountains.  North-west of this central region are three clusters which show strong linear 

spatial patterns stretching from northern Ontario to northern Saskatchewan, and in some 

cases as far as northern Alberta.  This region is composed of clusters 7, 13, and 16, and is 

typified by significantly low variability in melt rates, extreme high maximum SWE 

values, and relatively high levels of variability in SWE seasonal activity.  These 

characteristics are particularly significant in cluster 16, which lies at the northern extreme 

of the study region.

The remaining 5 clusters (4, 10, 14, 17, 18) each occupy no more than 4.35% of the total 

study region, for a total coverage of approximately 5.21%.  These clusters occur over 

regions of rapidly changing gradients for all three metrics, and appear to highlight unique 

SWE regimes.  Cluster 14 appears to be unique from all other remaining clusters.  This 
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cluster is characterized by conditions similar to those located over the southern prairie 

regions, such as increased variability in both melt rates and SWE seasonal activity, with 

significantly low levels of maximum SWE.  Spatially, it occurs as 5 separate regions, 

located along the same linear band as cluster 3.  These regions include two larger 

domains which occur over south-eastern Ontario, one region west of Lake Winnipeg, and 

two smaller regions in central Saskatoon and northern Alberta respectively.  Cluster 14, 

along with clusters 11 through 18, form a unique grouping of grid cells based on their 

configuration of the three temporal metrics, and were not joined with the remaining 

clusters until a grouping height of 3.06 in the hierarchical cluster analysis.



Table 3.2: Summary of temporal metrics for each hierarchical cluster. 

Cluster Metric Mean Median StdDev Min Max Cluster Metric Mean Median StdDev Min Max
1 CMR 0.22 0.22 0.04 0.12 0.33 10 CMR 0.61 0.60 0.05 0.54 0.70

AMS -11.29 -11.62 2.10 -15.97 -6.75 AMS -14.71 -14.25 1.42 -17.77 -13.27
CTS -0.08 -0.07 0.03 -0.18 -0.04 CTS -0.29 -0.29 0.02 -0.31 -0.25

2 CMR 0.39 0.39 0.02 0.34 0.46 11 CMR 0.70 0.69 0.07 0.56 0.86
AMS -12.35 -12.87 2.89 -16.26 -7.14 AMS -16.69 -16.55 1.78 -21.11 -12.50
CTS -0.18 -0.19 0.04 -0.25 -0.11 CTS -0.39 -0.39 0.03 -0.48 -0.32

3 CMR 0.25 0.24 0.04 0.15 0.37 12 CMR 0.94 0.94 0.04 0.86 1.02
AMS -17.04 -17.20 2.59 -23.46 -10.47 AMS -12.33 -12.06 1.25 -14.68 -10.32
CTS -0.20 -0.20 0.03 -0.26 -0.13 CTS -0.34 -0.35 0.04 -0.40 -0.28

4 CMR 0.25 0.25 NA 0.25 0.25 13 CMR 0.14 0.13 0.03 0.08 0.24
AMS -16.57 -16.57 NA -16.57 -16.57 AMS -32.05 -32.02 3.03 -38.36 -25.50
CTS -0.07 -0.07 NA -0.07 -0.07 CTS -0.18 -0.18 0.03 -0.26 -0.11

5 CMR 0.40 0.40 0.04 0.31 0.54 14 CMR 0.29 0.29 0.03 0.22 0.41
AMS -22.20 -22.70 2.58 -26.98 -13.90 AMS -14.92 -15.25 1.85 -19.27 -9.91
CTS -0.28 -0.29 0.03 -0.34 -0.21 CTS -0.28 -0.27 0.03 -0.34 -0.24

6 CMR 0.47 0.48 0.07 0.29 0.59 15 CMR 0.28 0.28 0.04 0.17 0.37
AMS -20.25 -20.63 2.70 -24.80 -11.08 AMS -25.07 -25.67 2.79 -29.75 -17.34
CTS -0.35 -0.35 0.02 -0.42 -0.31 CTS -0.26 -0.26 0.02 -0.33 -0.20

7 CMR 0.16 0.15 0.03 0.09 0.26 16 CMR 0.10 0.10 0.01 0.07 0.13
AMS -23.31 -23.33 2.03 -28.87 -18.46 AMS -40.04 -39.85 1.54 -43.84 -37.11
CTS -0.20 -0.20 0.03 -0.27 -0.14 CTS -0.16 -0.16 0.02 -0.22 -0.11

8 CMR 0.61 0.59 0.07 0.49 0.77 17 CMR 0.41 0.42 0.03 0.37 0.45
AMS -10.15 -9.84 1.39 -13.01 -7.99 AMS -15.16 -15.96 2.92 -19.43 -11.65
CTS -0.18 -0.17 0.03 -0.24 -0.14 CTS -0.43 -0.43 0.02 -0.48 -0.40

9 CMR 0.82 0.83 0.05 0.72 0.91 18 CMR 0.52 0.52 0.02 0.50 0.55
AMS -10.34 -10.17 1.26 -13.12 -8.63 AMS -11.48 -11.46 0.58 -12.12 -10.88

 CTS -0.24 -0.24 0.02 -0.30 -0.21  CTS -0.50 -0.49 0.02 -0.53 -0.49
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Table 3.3: Thematic summary of the hierarchical cluster analysis results by ecoprovince; Values represent the percentage 
composition of each of the ecoprovinces in terms of the 18 clusters. Note: percentages do not necessarily add to 100% due to 
lakes, and other water bodies.

 Clusters
Eco-
province 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

4.3 0 0 31.31 0 0 0 33.33 0 0 0 0 0 33.33 0 1.01 0 0 0
5.1 0 0 1.09 0 0 0 9.06 0 0 0 0 0 40.22 0 0.72 48.19 0 0
6.1 0 0 11.69 0 0 0 45.86 0 0 0 0 0 39.94 0.15 1.18 0.74 0 0
6.2 0 0 59.4 0 0 0 18.05 0 0 0 0 0 0 18.8 2.26 0 0 0
6.5 0.84 0 37.82 0 3.36 6.72 0 0 0 0 0 0 0 42.86 0 0 2.52 1.68
9.1 31.76 12.16 37.16 0 6.76 5.41 0 2.03 0 0 0 0 0 0.68 0 0 0 0
9.2 0.28 0.84 52.88 0 12.52 6.33 6.33 0 0 0.14 0 0 1.55 3.94 14.21 0 0 0
9.3 0 0 30.38 0 4.43 10.13 8.23 0 0 0 0 0 0 16.46 25.32 0 0 0
10.1 0 0 0 0 14.52 46.77 0 0 0 0 14.52 0 0 0 0 0 9.68 0
10.2 0 0 0 0 44.91 11.93 0.35 1.05 0 1.05 1.75 0 1.4 0 34.04 0 0 0
10.3 0 0 0 0 14.95 23.53 0.25 8.58 5.15 2.94 32.84 4.9 0 0 4.17 0 0 0
14.3 39.47 28.95 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
14.4 92.02 0.84 0 0.42 0 0 0 1.26 0 0 0 0 0 0 0 0 0 0
15.1 0 0 1.92 0 0 0 5.77 0 0 0 0 0 42.31 0 9.62 13.46 0 0
15.2 0 0 0 0 0 0 0 0 0 0 0 0 10 0 0 75 0 0

                                                                                                                                            65



66

3.5.3. Comparison with ecoprovinces

A pixel-based summary of the variation in SWE regimes by ecoprovince (Figure 3.5) 

yields the results in Table 3.  Upon examining the spatial correspondence between 

summer and winter partitioning methods, it is clear that there is variability in how well 

winter processes are represented by the various ecoprovinces.  The number of different 

SWE regimes located within a single ecoprovinces ranges from 2  in the Hudson-James 

Lowlands (15.2) and Southern Montane Cordillera (14.3), to 10 in the Eastern Boreal 

Plains (9.3), though the ecoprovinces with very few clusters tended to be located towards 

the edges of the study region.  The largest correspondence in terms of percentage 

coverage of a single cluster is located over the Northern Montane Cordillera (14.4) 

ecoprovince, where 92.02% of the ecoregion is captured by cluster 1.  Similarly high 

levels of correspondence occur in the northern portion of the study area, where the 

Western Boreal Shield (6.1) ecoprovince is covered to a large degree by clusters 7 

(45.86%) and 13 (39.94%), and the Western Taiga Shield (5.1) and Western Boreal Shield 

(15.2) ecoprovinces are able to capture 92.86% of cluster 16, and large portions of cluster 

13.

Regions where ecoprovinces have more variability in associated SWE regimes, occur 

towards the central and southern portions of the study region.  Despite the large size and 

widespread linear spatial patterns of clusters 6, 5, 15, and 3 throughout this central 

region, the ecoprovinces are unable to capture the major SWE patterns that they 

represent.  For example, both the largest and smallest of these clusters (3 and 6) are 

spread across 9 different ecoprovinces each.  In addition, the Parkland Prairies (10.2) and 
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Central Grasslands (10.3) ecoprovinces of the Prairies ecozone appear to miss major 

SWE spatial-temporal patterns, containing portions of 5 and 9 different clusters 

respectively.  Several of the smaller ecoprovinces towards the south-western edge of the 

study region (10.1, 9.3, 6.2, and 6.5) contain a large number of different SWE clusters as 

well, though this is due in part to the larger variability in the spatial arrangement of 

clusters in this region.

Figure 3.5: Examining the spatial correspondence between hierarchical clusters and 
ecoprovinces: 4.3=Hay-Slave Lowlands; 9.1=Boreal Foothills; 9.2=Central Boreal  
Plains; 9.3=Eastern Boreal Plains; 14.4= Columbia Montane Cordillera; 14.3= 
Southern Montane Cordillera; 10.3=Central Grassland; 10.2=Parkland Prairies; 
10.1=Eastern Prairies; 6.1=Western Boreal Shield; 6.2=Mid-Boreal Shield;  
6.5=Eastern Boreal Plains; 5.1=Western Taiga Shield; 15.1=Hudson Bay Coastal  
Plains; 15.2= Hudson-James Lowlands.
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3.6. Discussion

There is a notable spatial component to the distributions of all three temporal metrics 

presented in this analysis, and this is reflected in the delineation of SWE regimes 

produced by combining the variability in melt rates, maximum SWE values, and seasonal 

activity in a hierarchical multivariate setting.  The spatial distribution of the three 

temporal metrics appeared to capture SWE spatial-temporal processes which, to a large 

degree, are left unobserved using terrestrial ecoprovinces, providing evidence that winter-

based processes are not captured by current ecological management units.

The hierarchical cluster analysis successfully incorporated different aspects of SWE 

temporal characteristics to yield distinct geographical regions useful for understanding 

the general spatial-temporal processes affecting those areas.  Emphasis was placed on the 

temporal relationships within individual regions in order to highlight their unique spatial-

temporal attributes.  Despite this emphasis, no single SWE regime was completely unique 

from the overall study region, indicating that there are overarching trends that occur 

similarly across the entire study region.  As a result, similarities in the spatial patterns of 

SWE regimes were observed, highlighting strong north-west to south-east linear patterns 

across much of the study region, similar to the accumulation zone described in Derksen et 

al. (2000b).  In addition to this, the Rocky Mountains along the western border of the 

study region have a clear influence on the spatial patterning of SWE across large portions 

of the prairies.

While in some instances the terrestrial ecoprovinces are able to characterize some of the 
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variability and trends in the temporal characteristics of SWE, to a large degree these 

ecological units do not provide sufficient explanation for the observed temporal patterns. 

The lack of correspondence with observed temporal patterns is especially prevalent in the 

central and southern prairie regions, where high variability in melt rates and seasonal 

activity, combined with an abundance of SWE, provide highly sensitive regions with 

strong SWE gradients.  These strong SWE gradients indicate that where SWE is most 

abundant and variable, current ecological units will be problematic for use when 

investigating winter based processes.  This is corroborated by the comparison between 

SWE regimes and ecoprovinces, which indicated that clusters with both high and low 

maximum SWE values over regions of relatively low variability in melt rates and 

seasonal activity had a higher correspondence than similar regions with relatively high 

variability.

In some areas, ecoprovinces are more appropriate for assessing winter based processes. 

Where SWE tends to be low and variability minimal, regions based on spring and 

summer conditions provide an acceptable representation of winter processes.  Examples 

of this include ecoprovinces along the western extent of the study area, and north of the 

prairies towards the Boreal Plains and Boreal Shield.  In these ecoprovinces, 

correspondence with the SWE regimes was high, and ranged between 48.19 and 92.02%. 

This finding is in line with those found Wulder et al. (2007), in which a north-west to 

south-east zone of relatively stable SWE conditions across the boreal forest which tended 

to be resistant to climate variability through time is discussed.  According to Derksen et 

al. (1998c) this same zone appears to correspond with the direction of atmospheric 
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airflow based on the 500 mb geopotential height field.

The SWE regimes generated as a result of this analysis should be used as guidelines for 

developing winter-based management units in conjunction with current ecological 

classifications.  Regions where correspondence is weak, such as in the prairies and 

southern boreal plains, may warrant reconsideration, or require tailoring for specific 

modeling, or management applications.  Conversely, regions of high correspondence, 

such as those located west of central Alberta and towards the Hudsons Bay, may be 

sufficient for examining winter-based processes in their current state.

3.7. Conclusions

The methods presented in this chapter provide tools for spatially explicit analysis of long 

time-series datasets derived from satellite imagery.  We utilize methods from time-series 

analysis, geographic information systems (GIS), ecosystem classification, and remote 

sensing to provide a unified perspective on the spatial-temporal interactions of SWE. 

Results are useful for environmental monitoring of SWE and SWE processes, as well as 

winter-based modeling and research.  In addition, the results from this research present 

opportunities for modeling spatial processes that are year long.  For instance, summer 

processes can be modeled with regions defined based on summer conditions and winter 

processes modeled using winter based regions, such as SWE regimes.  By integrating the 

two time periods, we are better able to represent processes that occur annually and to 

better understand the temporal dynamics of many physical processes for which a yearly 

perspective is needed.
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While we have demonstrated unique temporal analysis of spatial data on SWE, this 

analysis has implications for other types of spatial-temporal analysis in the natural and 

human environments when data are collected at fine temporal resolutions over long time 

periods.  For example, in the delineation of animal home-ranges, soil and atmospheric 

regimes, assessing change and delineating housing markets, as well to derive estimates of 

representative scales for general spatial analysis.
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4.0 CONCLUSION

4.1. Discussion and conclusions

The need to understand the long-term spatial and temporal characteristics of snow cover 

and SWE is clear.  Research has indicated that as the climate continues to warm, 

hydrologic processes driven by snow and snow melt will be intensified in most systems 

(Maxwell, 1992, 1997).  In addition, it has been shown that the spatial and temporal 

persistence of snow cover has a significant impact on climate and atmospheric processes 

(e.g. Bojariu and Gimeno, 2003; Cohen and Rind, 1991; Barnett et al., 1989).  Thus, 

climate change research and mitigation can be aided by examining the sensitivity of 

terrestrial snow cover to atmospheric conditions and overlying air temperatures in order 

to monitor our changing environment.  Marked changes in snow depth and extent has 

implications for many morphological and biological systems, and snow and climate can 

greatly affect the timing and spatial distribution of seasonal activities in both plants and 

animals.  The goal of this research was to characterize regional variations in both spatial 

and temporal patterns of SWE, focusing on the need to understand the processes affecting 

SWE using long-term analysis of SWE spatial and temporal patterns.  We combine two 

objectives to reach this goal: 1) examine the relationships between the spatial patterns of 

SWE, and land-cover and elevation, and 2) extract relevant snow regimes based on the 

spatial and temporal patterns and trends in SWE.  In doing so, we extend current methods 

for time-series and spatial analysis to SWE research and integrate temporal analysis of 

time-series data with methods for characterizing spatial relationships in a novel context.

In Chapter 2.0, measures of spatial autocorrelation were used to identify clusters of 
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extreme high and low SWE, and the observed spatial patterns were considered through 

time in order to investigate the variability of these spatial patterns through space and 

time.  We showed that the number of locations having significant spatial autocorrelation 

within the study region had increased over the 26 year study period, leading to large 

clusters of extreme SWE over the Central Grasslands regions, potentially impacting the 

surrounding Mid-Boreal Uplands regions, and lowland planar regions to the east. 

Furthermore, the temporal trends and variability in SWE spatial autocorrelation were not 

strongly associated with current ecological management units, and indeed were found to 

be largely associated with the regional distribution of elevations.  We hypothesized that 

these associations were likely the result of SWE processes relating to elevation, not 

captured by the ecoregions, and suggested that consideration of the long-term 

characteristics of SWE may be better suited to explain the variation in SWE spatial-

temporal patterns.

Similarly, in Chapter 3.0, we examined the long-term temporal characteristics of SWE, 

and identified how they varied across the landscape, in order to delineate geographically 

distinct SWE regimes.  We showed that using metrics to represent the temporal 

characteristics of SWE, such as variability in melt rates, maximum SWE values, and 

seasonal SWE activity, in a hierarchical multivariate setting yields SWE regimes with 

strong spatial components.  These SWE regimes were then used to delineate SWE 

spatial-temporal processes not captured by current ecological management units.  We 

then highlighted regional variations in the ability of current ecological management units 

to capture the observed SWE regimes, suggesting that the integration of winter-based 
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processes into current ecological management units is indeed feasible and warranted. 

Regions where this type of integration might be beneficial are the southern prairie regions 

of Alberta, Saskatchewan, as well as portions of central Manitoba.

4.2. Research contributions

Long-term monitoring and analysis of environmental variables will continue to be an 

important part of research, management, and mitigation of climate change.  As datasets 

used for environmental monitoring become increasingly spatially and temporally 

extensive, new and innovative methods which deal with long-term, spatially referenced 

datasets are required.  It is important to draw upon the experiences and expertise of other 

fields and disciplines by injecting methods for spatial, temporal, and spatial-temporal 

analysis into a geographical perspective.  For example, we have combined methods from 

spatial statistics, geographic information systems (GIS), time-series analysis, ecosystems 

classification, cluster analysis, and remote-sensing to provide a unique perspective on the 

spatial-temporal interactions of SWE.  By building on the strengths of each field, and 

combining them in a spatially explicit context, we extend these methods to research 

which has traditionally emphasized spatial trends of snow cover and SWE over short time 

periods (e.g., Derksen et al., 1998a,1998b), or coarse-scale spatial trends (i.e., regional 

analysis) of snow cover and SWE over longer time periods (e.g., Brown, 2000; Laternser 

and Schneebeli, 2003).

Contributions of this research include the results from our comparison of SWE spatial 

autocorrelation with land-cover and elevation in Chapter 2.0.  From a technical 
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perspective, this analysis provides a means of analyzing spatial-temporal data which is 

both intuitive and informative.  We have contributed to the understanding of SWE 

spatial-temporal processes by highlighting spatial-temporal trends that are both regional 

and local in scope.  This includes the tendency for clustering of SWE to become more 

spatially constrained through time, as well as the associations between SWE spatial 

autocorrelation and elevation.  Perhaps the most significant contribution of this analysis 

however, is the identification of a major limitation to the use of current ecological 

management units for winter based research and analysis.  By examining the relationship 

between variability in SWE spatial autocorrelation and terrestrial ecoregions, we 

highlighted the need for ecological management units which take into account SWE and 

other dominant winter processes.

Due to our early recognition of the need for ecological management units that consider 

winter based processes, we have had the unique opportunity to address this need through 

further research and investigation.  This relates primarily to our results from Chapter 3.0, 

in which we present methods for considering the temporal characteristics of SWE, and 

use these methods to generate SWE regimes useful for guiding the development and 

integration of winter based SWE processes into current ecological management units. 

Furthermore, we locate regional variations in the ability of ecoprovinces to account for 

SWE temporal characteristics, highlighting areas which would benefit from a winter, or 

yearlong perspective on the landscape and surrounding ecosystems.  The specific 

contributions of this chapter may have implications for further SWE research specifically, 

and spatial-temporal analysis more generally.
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4.3. General Contributions

There is currently a lack of methods for analyzing the increasing number of datasets 

which are extensive in both space and time.  Although there have been many proposals 

for representing time in GIS and geographical research (e.g., Langran 1990; Langran 

1992; Egenhofer and Golledge 1997; Peuquet 2002; Rey and Janikas 2006), there 

remains a lack of methods designed explicitly for considering both space and time.  As a 

result, treatment of space and time in spatial datasets has tended to remain separate, with 

many researchers limiting their analysis to either space, or time.  Through the course of 

this research, we have attempted to reduce this shortcoming in two specific ways: firstly, 

in both Chapter 2.0 and Chapter 3.0 we integrated several methods for analyzing data 

both spatially and temporally, highlighting their utility as combined methods for spatial-

temporal analysis.  This contribution is designed to address the fundamental need for 

explicit spatial-temporal analysis methods.  Secondly, throughout the course of this 

research we have developed software which combines the treatment of spatial data in a 

GIS with the analytical power of a dedicated statistical package.  The software is 

designed to bridge the gap between spatial analysis in a GIS, and advanced statistical and 

temporal  analysis.   As a result, all analysis performed in this thesis can be implemented 

using this newly developed software: manageR.  Additional information on manageR is 

available in Appendix A.

While the methods employed in this research were limited to examining SWE spatial-

temporal characteristics, they have application in a number of other types of spatial-

temporal analyses in the natural and human environments.  In particular, the methods 
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employed in this research may be useful to analysts interested in obtaining objective 

estimates of animal home-ranges, soil and atmospheric regimes, as well as to derive 

estimates of representative scales for spatial analysis.  In addition, this type of analysis 

will be useful for analyzing the growing number of spatial datasets collected over long 

time periods, at fine spatial and temporal resolutions.

4.4. Research opportunities

The findings presented in this thesis open up many exciting research opportunities.  For 

example, there are several areas where the methods employed in both research chapters 

can be extended and improved.  As described in Chapter 2.0, by employing more 

complex temporal modeling and trend detection techniques, analysts in fields such as 

water resource management, wildlife management, and climate change research will be 

able to quantitatively measure complex spatial-temporal interactions through time, 

developing new knowledge to support management, and mitigation of climate change. 

Furthermore, the classification method employed in Chapter 3.0 could be further refined 

in a number of ways.  Firstly, the integration of additional variables, such as elevation, 

temperature, or humidity, into the classification scheme may help to identify finer-scale 

variations in SWE regimes.  Secondly, we emphasize that in order to fully integrate SWE 

regimes with current ecological management units, a multi-scale, large-area assessment 

of SWE characteristics is required.  A final research opportunity involves the integration 

of the SWE regimes generated as part of Chapter 3.0 with existing and future ecological 

management systems.  This will provide a means for summer and winter-based processes 

to be combined in an effort to better understand the temporal dynamics of many physical 
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processes, as well as model processes that occur over multiple seasons.
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APPENDIX: SOFTWARE DEVELOPMENT

Advanced spatial analysis has seen limited application in standard geographic 

information systems (GIS).  Over the past decade, progress has been made towards the 

integration of spatial statistical methods into GIS research and software (e.g., Anselin et 

al. 2006; Rey and Anselin 2006; Rey and Janikas 2006).  However, many of these 

examples have a limited number of analysis methods, or are unable to accommodate 

additional statistical methods and advancements.  There are now many open sources GIS 

projects currently in development (Ramsey 2007), however none that provide a 

comprehensive solution for data storage, retrieval, representation, analysis and 

visualization.  In this appendix, we outline an open source software project that loosely 

couples the visualization, management, and exploration of spatial data in a GIS, with the 

analytical power of a dedicated statistical software package.  The two components to our 

software include, Quantum GIS, an open source software project for spatial data 

visualization and analysis (QGIS Development Core Team 2008), and the R statistical 

programming language (R Development Core Team 2008), an advanced modeling and 

statistical analysis environment.

Quantum GIS  is a user friendly, cross-platform, open source GIS that supports raster, 

vector, and spatial database formats.  QGIS provides functionality to visualize and query 

spatial data, as well as edit, save, and create new datasets.  R is an open source statistical 

computing language that is quickly becoming the standard platform for the development 

of statistical methods (Ihaka and Gentelman 1996).  Many methods for spatial and 

temporal analysis have been implemented as open source R packages, and it is becoming 
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increasingly common for new methods to be accompanied by an implementation as an R 

package.  In order to bridge the gap between GIS and statistical analysis, we developed 

manageR.  manageR provides the ability to perform advanced statistical analysis through 

R on spatial and aspatial data loaded into QGIS.  Furthermore, manageR is able to export 

analytic results back to file or database formats.  Building on the flexibility and 

extensibility of both R and QGIS, manageR gives the widest possible range of analysis 

options, including statistical methods designed and implemented for spatial 

autocorrelation analysis, temporal modeling and curve fitting, hierarchical cluster 

analysis, landscape partitioning, and much more.  manageR is able to facilitate the 

movement of data between QGIS and R, providing a more integrated approach to spatial, 

temporal, and spatial-temporal analysis.  manageR is currently available for free 

download at http://www.geog.uvic.ca/spar/carson/manageR.html.

In order to use manageR, data is loaded into QGIS using the load vector data button , 

or the load raster data button .  manageR supports raster, vector, and database data 

types, and once the spatial data is loaded into QGIS, it can be accessed by manageR via 

the 'Layer' button.  This loads the layer into the R environment, converting it to the 

appropriate sp class to be used for analysis.  Analysis can be done on the spatial data 

itself (i.e. Based on the spatial relationships between the features and/or grid cells), or on 

the aspatial attributes of the data (i.e. Based on the relationships between the values in 

attribute space), or both.

Most analyses involving spatial data will output new information, either in the form of a 

http://www.geog.uvic.ca/spar/carson/manageR.html
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new spatial layer, as plots and/or figures, or as textual output in the manageR console.  If 

a  new spatial layer is created, this can be saved to file, or exported to the QGIS map 

canvas using the 'File' and 'Map canvas' buttons.  This allows for quick access and 

visualization of R results directly from within QGIS.  In addition, if the output is textual, 

or graphic based, these results can be saved to file, or copied directly into a text editor for 

creating reports and/or scientific papers.  Figure A-1 is a screen shot of manageR in use.

Figure A-1: Screen shot of manageR in use.
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