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ABSTRACT
Broad ecosystem based classifications are increasingly applied as a context to
consider, understand, and manage biodiversity. The need for more spatially explicit,
repeatable, transferable, transparent, and defensible environmental regionalization has
become apparent. Increased computing power, sophisticated analysis software, and the
availability of spatially explicit descriptions of the environment, principally derived from
Earth observation data, has facilitated the development of statistical ecosystem
regionalizations. These regionalizations are desired to produce environmentally unique
ecoregions to provide the basis for stratification for ongoing biodiversity monitoring
efforts. Using a suite of indicators of the physical environment, available energy such as
vegetation production, and habitat suitability all derived from remote sensing technology
at 1 km spatial resolution, we undertook a environmental regionalization using a twostage multivariate classification of terrestrial Canada. A relatively large number of
classes was initially derived (100) and a hierarchical clustering approach was then
applied to derive a 40 level classification. These clusters where then used to assess
which clusters were the most dissimilar to the majority thus providing indication of the
most unique environmental domains across Canada. Secondly, a 14 class stratification
was then produced to emulate the current ecozone stratification commonly used in
Canada. Results indicated that a number of unique clusters exits across Canada,
specifically the forest/urban-industrial/cropland mosaic in the southern portion of
Ontario, the mixed wood forests in south-central Ontario and western Quebec, the
foothills of south western Alberta, regions of the southern Arctic and the northern Boreal
shield (particularly the areas south of Hudson Bay and Labrador). A resemblance
between the 14 class stratification and the ecozone classification for Canada is evident;
locations of within and between ecozone heterogeneity are also indicated. A critical key
benefit of utilising ecoregions quantitatively using key indicators, such as those derived
from remote sensing observations, is the capacity to establish, and quantify, how well
particular networks of sites, or plot locations, represent the overall environment. As
such, the incorporation of these types of methods, and remotely derived indicators, into
biodiversity assessment is an important area of ongoing research.
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1. INTRODUCTION
Ecosystem based approaches to the management of biodiversity within the broader
terrestrial and aquatic environment are becoming increasing utilised tools for
sustainable management (Christensen et al., 1996, Leathwick et al., 2003). Critical for
success is the underlying classification that identifies geographic areas with similar
ecological features or characteristics (Leathwick et al., 2003). These individual
groupings, often labelled clusters, ecoregions or ecozones, provide an underlying basis
for systematic conservation and management over large areas principally including the
assignment of biodiversity values based on the characteristics of the natural
ecosystems (Pressey et al., 2004), setting ongoing priorities for conservation and
protection (Metrick and Weitzman, 1998), and identifying areas which are undergoing
unusual perturbations where management action may be required.
The definition of these clusters, or ecoregions, and the boundaries that delineate them
in time and space, is inherently difficult with ongoing discussion as to the optimum
developmental approach. Issues such as whether the stratifications should be
undertaken for specific applications or promote general purpose applications, whether
the resulting clusters are spatially contiguous as opposed to disjointed, nestable or nonhierarchical clusters, and if the derived stratification units can subsequently form the
basis for management (Omernik 1995; Omernik, 2003; Hargrove and Hoffman, 2005).
Historically, the process of developing and delineating ecoregions, a process known as
regionalization (Hargrove and Hoffman, 1999), has been subjective with a number of
experts integrating a wide range of environmental characteristics, and applying a
weight-of-evidence approach (McMahon et al., 2001). As a result, the derived
ecoregions are subjective, and often subject to ongoing revision and discussion over
particular locations (Hargrove and Hoffman, 1999). As such, the acceptance of
ecosystem classifications by resource managers is largely dependent on their
information needs to meet a particular suite of management objectives (Noss, 1996).
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With increases in computing power, and the availability of spatially explicit descriptions
of the environment and its biota (Leathwick et al., 2003), the potential to develop
quantitative rather than qualitative models has increased significantly in the past decade
with quantitative regionalization models more explicit, repeatable, transferable, and
defensible than subjective models based on human expertise (Lugo et al., 1999). These
characteristics, we consider, enhance and expand the utility of ecoregions and provide
an indispensable component for ecosystem management, allowing areas of common
environmental characteristics to be grouped, dissimilar classes compared, as well as
quantitative analysis of how unique locations are, and their subsequent role in ongoing
monitoring programs.
In this paper, we present the results of an environmental clustering classification of
Canada’s terrestrial land base using a number of factors which have been shown to be
relevant as indirect indicators of biodiversity. The input factors have all been derived
from Earth observation data and include satellite derived measures of productivity,
topography, and land cover. The overall goal is the production of ecoregion
regionalizations to enable the development of tools to provide meaningful spatial
context for monitoring, to capture the dynamics of an ecoregion, and to aid in
considerations of biodiversity at a national level; whereby, a national early warning
system, indicating where areas of potential biodiversity change may be occurring. The
objectives of this paper are to present the needs and options for quantitative ecosystem
regionalization, definition of a recommended approach, application, and subsequent
investigation of the nature and utility of the derived clusters. Key questions are
addressed to explore and understand the uniqueness of the regionalizations developed
and the utility of the regionalizations as a context for Canada-wide ecological and
biodiversity monitoring purposes.
2. BACKGROUND
2.1 Quantitative methods for ecoregion characterisation
A wide range of quantitative methods exist for ecosystem definition (see review by
Hargrove and Hoffman (2005)) with the development of quantitative methods principally
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driven by the need to map the geographic range of a single species of animal or plant
(Hargrove and Hoffman, 2005), a range of assemblages, or more general regional
clustering to form homogeneous regions. These approaches vary based on whether
they are designed to map domains of a single species or for wider area mapping of
species assemblages or types. One of the earliest attempts at classifying ecosystems
based on explicit environmental layers was undertaken by Holdridge (1947), who
developed the Holdridge Life Zone model which utilised data on growing season length
and temperature, mean annual precipitation which is combined with potential
evapotranspiration to stratify terrestrial environments. More recently, multivariate
classification techniques have been applied directly to suites of environmental layers
with this approach generally referred to as environmental domains with many papers on
differing statistical methods (Belbin, 1993; Faith et al., 2001), methodologies (Mackey et
al., 1988; Hargrove & Hoffman, 1999), and applications (Leathwick et al., 2003). As
discussed by Hargrove & Hoffman, (1999), for single species approaches, a range of
multivariate techniques including generalised linear and additive models (Austin et al.,
1990; Overton et al., 2000; Leathwick, 2001), Classification and Regression Trees
(CART) (Stoms and Hargrove, 2000), and geographic range prediction (Iverson et al.,
1999) have successfully been applied. In addition, a number of software packages have
been specifically developed which apply envelope-based methods to capture
environmental variation (Busby 1991, Walker and Cocks 1991) which form envelopes
around clusters of cells with similar environmental conditions.
Rather than defining the environmental domain around a single species, an alternative
approach is multivariate clustering which delineates regions of homogeneity objectively
using a series of input spatial layers (Host et al.,1996). These clustering approaches are
statistical in nature allowing derivation of both sub- and super-groups based on
similarity. Host et al. (1996) applied clustering approaches to establish a range of
climatic and physiographic regions for northern Wisconsin, USA. Soriano and Paruelo
(1992) applied a normalized multidimensional ordination of remotely sensed imagery to
form clusters for Argentinian Patagonia. More recently, Leathwick et al. (2003) created a
suite of environmental domains at 1 km spatial resolution for New Zealand using a two-
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stage multivariate classification derived from 10 climatic and landform variables, with
the Gower metric as the statistical similarity measure (Hirzel and Arlettaz, 2003).
In this paper we utilise a suite of indicators of the physical environment, available
energy through indices of vegetation production, and habitat suitability, all derived from
remote sensing technology at 1 km spatial resolution, and undertake an environmental
regionalization using a two-stage multivariate classification approach. First we develop
a cluster classification with a relatively large number of initial classes and a hierarchical
clustering approach applied initially. These clusters where then used to assess which
clusters were the most dissimilar to the majority thus providing indication of the most
unique environmental domains across Canada. Our second analysis involved a 14 class
stratification to emulate the current ecozone stratification commonly used in Canada
allowing the comparison of within and between ecozone heterogeneity.
3. METHODS
3.1 Study area
Canada’s land mass is approximately 10 million km2, characterized by a wide range of
topographic, climatic, and ecological variation. Topographic changes found across
Canada are the most dramatic in the mountainous western regions, with topography
flattening eastward, with less significant regional variation across the prairie, boreal and
arctic regions. Eastern and Atlantic Canada topography, in contrast, is typified by gentle
terrain changes primarily resulting from the last glaciation. Variations in temperature and
precipitation are driven by both regional and continental influences, with precipitation
across the arctic, boreal, and prairie regions low to moderate, with wetter regimes on
the east and west coasts. The annual temperature gradient across Canada reflects hot
continental summers with extremely cold winters, with temperatures generally
decreasing when moving northward in latitude. The Pacific and Atlantic coastal regions
have cooler summers and warmer winters than the interior.
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3.2 Data
Vegetation of the land surface provides a critical and sensitive indicator of the climate
and topography (Bailey et al., 1985). As a result, researchers often construct ecozone
characterisations of vegetation growth patterns and species groupings (Lieth, 1975). As
the direct estimation of vegetation composition and function over the landscape is often
impossible and inaccurate due to the scarcity of data on climate, vegetation, and soil,
remotely sensed data is often utilised to overcome, for instance, limitations in data
availability, spatial extent, and information currency.
In a recent review of the potential of remote sensing technology to provide factors, or
explanatory indicators, understood to be related biodiversity present over large areas,
Duro et al. (2007) proposed broad categories which capture previous and current
research trends. Of the categories defined and explored in the review, three measures
described in detail below are particularly relevant to this application: (i) the physical
environment, such as topography and land cover, (ii) indicators of available energy such
as vegetation production, productivity, or function, and (iii) habitat suitability, with
respect to its spatial arrangement and structure. These three spatial layers are shown in
Figures 1(a)-(c), and for reference the existing 14 class ecozones are shown in Figure
1(d).
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Figure 1 (a)-(d): The three remotely sensed indicators used in the regionalization (a) Land cover, (b) the
Dynamic Habitat Index (DHI) and (C) terrain. Figure 1(d) shows the existing 14 class ecozones derived by
Environment Canada for reference.

3.3 Topography
While elevation is a relatively static variable compared to other biophysical factors (e.g.,
climate), its function as a key biodiversity driver has been well documented
(Rosenzweig, 1995). For example, in the tropics, curvi-linear relationships have been
proposed with species diversity, with higher species diversity occurring at the midelevations (Rosenzweig, 1995) with relatively less at the lower and higher elevations.
Conversely, Patterson et al. (1998) found a decreasing trend in bat and bird richness as
elevation increased. In 2000, NASA and the United States National Imagery and
Mapping Agency (NIMA) launched the Shuttle Radar Topography Mission (SRTM)
which has made available 90-m spatial resolution data, for 80% of the Earth surface,
between ± 60º latitude (Farr and Kobrick, 2000). Utilising this highly consistent and
freely available dataset, Iwanicka et al. (2008) undertook a regional analysis to
investigate, at the 1km resolution, which of a number of terrain attributes, such as
mean, standard deviation, and normalised mean, produced the most significantly
separable discrimination across the country. The research demonstrated that the zscore of elevation (the scaled elevation 90-m elevation within each 1km cell) provided
the most significant differentiation of topography across the range of environments
across Canada and, as a result, forms the first indicator in this regionalization.
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3.4 Land cover
While climate and productivity have been linked to broad global patterns of biodiversity
(Willig et al., 2003; Hawkins et al., 2003), finer scale spatial patterns such as land use
and land cover, forest structural stage, and their associated spatial patterns, are
increasingly being investigated as potential predictors of species diversity and
abundance at regional and local scales (Fahrig, 2003). Land cover maps, in particular,
depicting individual or assemblages of land cover types or species are critical to
biodiversity assessments as they represent a “first-order” analysis of species
occurrence (Turner et al., 2003). Additionally, land cover data may prove useful as a
predictive variable when assessing habitat diversity of species not directly imaged by
the remote sensor system. Kerr et al. (2001), for example, applied land cover from by
satellite data along with environmental measurements of potential and actual evapotranspiration, and vegetation production, to predict butterfly species richness across
Canada. Study findings revealed that over 90 % of butterfly species richness could be
explained by the number of land cover types.
Information on current land cover is available at the 1 km scale from the University of
Maryland (UMD) land cover classification (Hansen et al., 2000). The dataset is derived
from Moderate Resolution Imaging Spectroradiometer (MODIS) satellite data and was
developed using a classification tree approach based on the individual spectral bands
as well as spectral transformations to enhance vegetation greenness. The application of
the tree classier utilizes an hierarchy of vegetation types similar to that discussed by
Running et al. (1994), however the relationships between the remote sensing data and
vegetation type are empirically derived (Hansen et al., 2000). The classification defines
14 land cover classes, including evergreen needleleaf, evergreen broadleaf, deciduous
needleleaf and deciduous broadleaf forest, and a fifth mixed forest class. The remaining
classes include 2 classes each for shrub and woodland complexes grassland, cropland,
bare ground, urban, and water.
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3.5 Vegetation productivity
A direct correlation between landscape productivity and species richness is expected as
areas of high production have more resources to partition among competing species;
thereby, supporting a greater number of species and larger populations than areas with
lower production (Walker et al., 1992). Using remotely sensed data, vegetation
production can be assessed through relationships with standing biomass, such leaf area
index (LAI) or canopy light absorption. A key metric of vegetation production from
satellite imagery is the prediction of the fraction of photosynthetically active radiation
(fPAR) intercepted by vegetation, which is analogous to greenness cover (Knyazikhin et
al., 1998) and ranging from zero (on barren land) to one (for dense cover). In theory, the
higher the average fPAR level observed over the course of a seasonal plant growing
cycle, the more dense the green leaf cover, the higher the productivity, and the less
disturbed the vegetation cover. Potter et al. (2003) demonstrated that 10 years of
greenness observations (fPAR), observed by daily satellite observations, provided a
successful means to monitor large-area ecosystem behaviour.
In order to condense daily or weekly time series of fPAR we implement a Dynamic
Habitat Index (DHI) proposed by Mackey et al. (2004) and Berry et al. (2007) and
applied to Canada by Coops et al. (2008c). The index utilises a time series of satellite
observations of greenness to derive three indicators of the underlying vegetation
dynamics; the total annual production, the minimum level of perennial cover, and the
degree of vegetation seasonality. To derive the index we utilized data from the MODIS
sensors, launched in 2000 and 2002 on the Terra and Aqua platforms which provide
two-daily coverage of the globe at 1 km spatial resolution in 36 spectral bands (Heinsch
et al., 2006). MODIS data provides not only improvements in spatial and spectral
resolution compared with NOAA’s Advanced Very High Resolution Radiometer
(AVHRR) sensors, but also include state-of-the-art engineering to provide improved
geo-referencing, atmospheric correction, and cloud-screening capabilities (Justice et al.,
2002). NASA provides a suite of data products on a routine basis, including calibrated
fPAR which is derived from seven spectral bands, taking into account sun angle,
background reflectance, and view angle influences (Yang et al., 2006). To minimize the
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influence of cloud and snow cover, atmospheric variation, and other confounding
environmental conditions, the maximum daily fPAR is selected for each 8-day period
and these 8-day composites combined into monthly maximum fPAR products and
mapped at a spatial resolution of 1 km. Global fPAR monthly images from 2000 to 2005
were accessed from the Boston University Climate and Vegetation research group
website (http://cliveg.bu.edu).
From these data we computed the three DHI components: Annual primary production
which can be expressed as integrated greenness over the growing season, or for the
entire year. Our annual estimate of greenness was derived by summing monthly fPAR
observations for each year, and then averaging annual productivity for the period 20002005. The annual remotely-sensed index of landscape greenness has a strong
theoretical base (Goward et al., 1985), as well as empirical justification for forests
(Coops et al., 1999), grasslands (Wang et al., 2004), and crops (Groten, 1993). Annual
minimum cover relates the potential of a given landscape to support permanent resident
species throughout the year (Schwartz et al., 2006). Locations bereft of significant snow
cover accumulations following summer often maintain greenness into winter, and fPAR
remains above 0. In areas where snow covers the vegetation, fPAR approaches 0. The
higher the value of annual minimum cover the more permanent vegetated cover
remains throughout the year. Seasonal variation in greenness, expressed by fPAR, is
an integrated measure of climate, topography, and land use. For example, forests and
grasslands at northern latitudes display a much shorter growing season and higher
seasonality than those in more southern areas. Many researchers have used greenness
indices, such as fPAR, to estimate the length of the growing season and to compare
seasonal variation among sites and from one year to another (Reed et al., 1994). To
assess variation in the fPAR throughout the year, we computed the standard deviation
of monthly values for each cell, and then divided that value by the mean annual fPAR to
attain the coefficient of variation (CV). High CV values signify seasonal extremes in
climatic conditions or limited periods with agricultural production. Sites with low CV
typically represent irrigated year around pasture, barren land, or evergreen forests. The
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three annual DHI composite were then averaged over the 5 years to provide a long term
average DHI for this study.
A summary of the three sets of remotely sensed indicators used in the study are
provided in Table 1.
Table 1: A summary of the characteristics of the three suites of indicators derived from remote sensing
technologies, utilise by the regionalization.
Topography

Production

Land cover

1000 m

1000m

Image spatial
resolution / grain

90 m < 60° N
1000 m > 60°N

Image extent
Type of remotely
sensed data
Platform
Temporal Capacity
Ownership / cost
Size of Dataset
Processing
strategy
Processing
strategy references

Canada Wide
RADAR

All vegetated areas
MODIS fPAR

Global
AVHRR Land cover

Shuttle
Single
Free
250 MB
Coefficient of Variation
(COV)
Wilson and Gallant
(2000)

Terra / Aqua
Monthly / Annual
Free
100 MB
Dynamic Habitat Index
(DHI)
Mackey et al. (2004),
Coops et al. (2008c)

AVHRR / MODIS
Once
Free
300 MB
Image classification, Pattern
indices
Hansen et al. (2000)

3.6 Ecological Stratification of Canada: Ecozones
To obtain descriptions of the various biomes across Canada, we utilized the National
Ecological Framework of Environment Canada (Rowe and Sheard, 1981). Stratification
of biomes are based on an underlying expert derived classification system where each
region is viewed as a discrete ecological system, with interactions between geology,
landform, soil, vegetation, climate, wildlife, water, and human factors (see Bailey et al.
(1985) for a review of ecological regionalization in Canada). Ultimately, seven levels of
generalization are available with 15 terrestrial “ecozones” forming the broadest of these
spatial generalizations (Rowe and Sheard, 1981; Wiken, 1986; Ironside, 1991). The
commonly used ecozone level of stratification for national investigations (Table 2),
which is also shown in Figure 1(d), provides a basis for comparison of the clusters
developed in this paper.
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Table 2: A description of the 15 terrestrial “ecozones” which form the broadest of the Environment Canada
classification.
Ecozone

Climate

Vegetation / productivity

Arctic
Cordillera

Extremely cold, dry;
continuous permafrost

Mainly un-vegetated; some
shrub–herb tundra

Northern
Arctic

Very cold, dry; continuous
permafrost

Herb–lichen tundra

Southern
Arctic

Cold, dry; continuous
permafrost

Shrub–herb tundra

Taiga Plains

Cold, semiarid to moist;
discontinuous permafrost

Open to closed mixed forest

Taiga Shield

Cold, moist to semiarid;
discontinuous permafrost

Open evergreen and
deciduous, lichen, shrub,
tundra
Wetland; some herb, lichen
tundra, evergreen forest

Hudson
Plains

Cold to mild, semiarid;
discontinuous permafrost

Boreal Shield

Cold, moist

Evergreen forest, mixed
evergreen, deciduous forest

Atlantic
Maritime

Cool, wet

Mixed deciduous, evergreen
forest

Mixedwood
Plains

Cool to mild, moist

Mixed deciduous, evergreen
forest

Boreal Plains

Cold, moist

Mixed evergreen, deciduous
forest

Prairies

Cold, semiarid

Grass; scattered deciduous
forest

Taiga
Cordillera

Cold, semiarid;
discontinuous permafrost

Shrub, herb, moss, tundra

Boreal
Cordillera

Moderately cold, moist

Largely evergreen forest;
some tundra, open woodland

Pacific
Maritime

Mild, temperate, very wet to
cold alpine

Coastal evergreen forest

Montane
Cordillera

Moderately cold, moist to arid

Evergreen forest, alpine
tundra, interior grassland

2

Land Area (km )
%of Total Area
230 873
2%

Canadian
population (%)
<0.01

1 361 433
14%
773 041
8%
580 139
6%

0
0
0

1 253 887
13%
353 364
4%
1 782 252
18%
183 978
2%
138 421
1%
679 969
7%
469 681
5%
264 480
3%
459 680
5%
205 175
2%

0
0
10
9
51
3
14
<0.01

479 057
5%

0
9

3

3.7 Analysis
Once the three sets of remotely sensed data were assembled, we classified the
approximately 18 million 1 km grid cells using a two-stage multivariate classification
applying the two-step algorithm available in SPSS (Zhang et al., 1996). The algorithm is
particularly useful in the clustering of environmental data as it allows for both continuous
and categorical data. The algorithm undertakes an initial first pass to develop a cluster
tree which essentially efficiently clusters the large number of cells into a smaller number
of clusters (Zhang et al., 1996). Once the initial pre-clustering has been undertaken, the
clusters are then grouped using an agglomerative hierarchical clustering method. In
both the first and second passes through the data a distance measure is created. In our
14

approach, the log-likelihood distance measure was utilised as it can accommodate both
continuous and categorical variables and provides a probability based distance which is
related to the decrease in log-likelihood as one cluster is combined with another (Zhang
et al., 1996). Our approach was to develop a relatively large number of initial classes
(100) using the two-step process and then apply hierarchical clustering approach to
derive two finer levels of organisation. The first, a 40 level classification was developed
allowing identification of groups of pixels which were the most dissimilar to the majority
indicative of unique environments across Canada. From this, a second level of
clustering was derived at the 14 class level, desired to emulate the level of
organizational detail of the current ecozone stratification commonly used in Canada.
Following the clustering, the derived clustering levels were imported into a geographic
information system for display and analysis. Although two clustering levels (40 and 14
clusters) were derived for national level analysis in this paper, these clustering levels
are user defined and additional analysis could be undertaken allowing the derivation of
a larger number of clusters, and subsequently more detail, which may be more suited
for regional level analysis.
4. RESULTS
The results of the clustering analysis from the initial 100 pre-clusters, to the 40, and 14
cluster levels is diagrammatically presented in the dendogram in Figure 2. At the 15 %
scaled distance 40 clusters are formed, with the 14 cluster level reached at the 25 %
distance level. Once each cluster was formed at the 40 level, the log-likelihood distance
measure was computed between each of the clusters, and the clusters with the 10
largest distances to any neighbouring clusters were extracted. These clusters are
shown in Figure 3. In addition, Table 3 shows the percent of the total area of the country
captured by each of these 10 most unique clusters, as well as the relative rank of the
minimum cover, overall productivity, seasonally and terrain for each of the clusters.
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Figure 2: The results of the clustering analysis from the initial 100 pre-clusters, to the 40, and 14 cluster levels
is diagrammatically shown as a dendogram.

Figure 3: Map of the 10 most unique clusters across Canada defined as the 10 clusters with the largest
distances to any neighbouring clusters.
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Table 3: The 10 most unique clusters as defined from the regionalization and the relative ranking of the
remotely sensed derived indicators.
Cluster
1
2
3
4
5
6
7
8
9
10

22
28
21
37
23
39
19
7
20

% of
Canada
0.15%
0.40%
0.52%
0.22%
0.24%
8.38%
0.35%
1.21%
0.66%

Minimum
Cover
1
15
4
25
8
33
3
13
6

Seasonality
40
30
37
22
33
6
39
26
35

Productivity
1
9
3
18
8
38
2
16
5

Terrain
39
36
29
11
31
27
34
9
26

General Location
Central On / SW QB
Southern Ontario
Central On / SW QB
SW Alberta Foothills
Central On / SW QB
Southern Arctic
Central On / SW QB
Rockies
Central On / SW QB

33

3.73%

28

11

33

37

Northern Boreal

ID

As expected, the 10 unique clusters rank most commonly either high or low when
compared to the remaining 30 clusters, in part explaining why these 10 clusters were
separated from the majority. The results confirm that the unique clusters exist in a
number of locations over Canada (Figure 3). The most unique cluster (red, cluster 22)
occurs in the Mixedwood Plain ecozone, in Southern Ontario. For this cluster, the
indicator variables are high productivity, with low seasonality, and high minimum cover
(indicative of little to no persistent snow accumulation). The area is also composed of
relatively flat landscapes. The second most unique cluster (purple, cluster 28) occurs in
southern Ontario around the Lake Erie lowland and south of the Frontenac Axis. This
cluster is moderately seasonal, with snow cover occurring the winter, and is moderately
productive. The area is of relatively low topographic relief compared to the surrounding
areas and dominated by the MODIS cropland land cover class. The third suite of unique
clusters is found in the southern portion of Ontario and Western Quebec, with the
clusters occurring heavily populated areas, with a complex mosaic of land cover types
and land uses present, totalling around 2% of the country, all exhibiting low seasonality,
high levels to minimum cover, and high production. The major difference driving their
“uniqueness” is the different MODIS land cover including mixed forest and deciduous
MODIS classes. The remaining unique clusters across Canada include the south
western Alberta foothills, regions of the southern Arctic and the northern Boreal, in
particular the areas south of Hudson Bay and Labrador.
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Merging the clusters to the 14 cluster level (Figure 4a-d), commensurate with the
existing ecozone classification undertaken by Environment Canada, allows the new
clusters, based on current vegetation condition, topography and land cover to be
compared to each other across the country as well as to the existing ecoregion
classification (Table 4). The first cluster (Figure 4b) encompasses much of the
evergreen broadleaf boreal forest in Canada (approximately 12% of the country), which
is ranked moderately with respect to productivity, seasonality and minimum levels of
cover. The terrain in the cluster is ranked 9th out of 14th indicating the cluster is generally
more flat compared to the other clusters. The second cluster is situated west in the
Rocky Mountains and is similar to the first cluster with respect to its vegetation
characteristics however is much higher in elevation. Clusters 3 and 4 cover the highly
productivity, low seasonality, evergreen needleleaf forests of the west coast of Canada
and Vancouver Island with Cluster 4 containing slightly higher productivity, evergreen,
forests with little seasonality and snow cover. Clusters 5 (Figure 4c) represents the most
productive forest in Canada and consists of the needleleaf forests in eastern Canada in
Southern Ontario, Quebec and Nova Scotia. Clusters 6 and 7 cover the moderately
productive and seasonal mixed deciduous and needleleaf forest in Eastern Canada
which also occurs in scattered patches throughout the Boreal forest. Cluster 8
encompasses the dominant croplands of the Prairies with a higher rank of minimum
cover indicating that the cluster experiences at least some snow cover throughout the
year. It also is ranked 5th with respect to productivity and 10th with seasonality indicating
that the vegetation at some point throughout the year would reach a dormant state, as
may be expected in agricultural crop rotation. Cluster 9 (Figure 4d) encompasses the
barren and sparse vegetation of the Arctic typified by the lowest productivity found in
Canada, the lowest amount of continual green vegetation, and high seasonality
vegetation over very flat terrain. Cluster 10 highlights more natural vegetation and
grasslands within some portions of the Prairies and in northern Canada. These cells are
similar in vegetation characteristics to the cropland cluster (8) except they occur at
higher elevation, are less productive, and experience higher degrees of snow cover
throughout the year. Clusters 11 covers the woody savanna (Taiga) landscapes in the
transition zone between the southern Arctic and northern Boreal forests, and cluster 12
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covers the relatively unique landscape, highlighted previously, south of Hudson Bay
typified by open shrub land with moderate productive, seasonality and terrain. Cluster
13 is characterised by shrub vegetation in the southern Arctic with low productivity, high
seasonality. The final cluster (14) is typified by similar conditions, however at higher
terrain in the western Yukon, adjacent to Alaska.

Figure 4 (a)-(d): Four maps of the 14 clusters derived from the regionalization; (a) All clusters, (b) Cluster 1 5, (c) Cluster 5 – 10, and (d) Cluster 11 – 14.
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Table 4: Description of the 14 derived cluster and the relative rank of the remotely sensed indicators.
Cluster
1
2
3
4
5
6
7
8
9
10
11
12
13
14

% Total
Area
11.70
4.80
7.50
2.80
2.70
10.30
0.80
8.00
8.60
2.40
4.80
14.50
16.60
4.40

Minimum
Cover

Productivity

Seasonality

Terrain

9
6
3
2
1
4
7
5
14
8
10
11
13
12

7
9
12
13
14
11
8
10
1
6
5
4
2
3

9
2
8
4
14
7
11
6
13
3
5
10
12
1

7
6
3
2
1
4
5
10
14
11
9
8
12
13

Dominant Land Cover

%

Evergreen Needleleaf
Evergreen Needleleaf
Evergreen Needleleaf
Evergreen Needleleaf
Evergreen Needleleaf
Mixed Forest
Deciduous Needleleaf
Cropland
Barren/Sparse Vegetation
Grasslands
Woody Savanna
Open Shrub land
Open Shrub land
Open Shrub land

100
100
100
78
100
100
43
100
100
86
100
100
100
100

Table 5: Relationship between the derived clusters and the existing 15 class Environment Canada ecozone
classification.
Ecozone
Northern
Arctic
Arctic
Cordillera
Southern
Arctic
Taiga
Cordillera
Taiga Plain
Taiga
Shield
Boreal
Cordillera
Boreal Plain
Pacific
Maritime
Boreal
Shield
Hudson
Plain
Montane
Cordillea
Prairie
Atlantic
Maritime
MixedWood
Plain

1

2

0.0
3

0.0
3

0.8
0
20.
48
13.
70
3.5
7
11.
00
4.6
5
29.
94
15.
02
0.6
2
0.0
1
0.5
3
0.1
4

1.5
2
2.7
2
0.0
9
25.
59
3.9
7
11.
64
0.4
9
41.
61
0.0
1
0.0
3

3

4

5

6

7

8

0.0
1

8.7
8
0.4
4
3.6
6
20.
57
19.
16
17.
75
5.0
6
8.2
1
1.2
4
0.3
2

0.0
6
0.8
5
0.6
4
6.2
3
18.
28
2.6
4
0.2
3
15.
59
0.0
6
7.9
9
6.3
5

0.0
3

0.6
6
3.0
8
7.0
1
0.0
2
0.3
7
42.
51
4.8
3

0.3
4
8.1
9
0.2
5
4.6
6
30.
60
11.
63
23.
06
3.4
9
9.7
2
0.2
8
36.
29
8.0
2

0.1
6
1.4
0
0.2
0
0.3
7
1.3
1
0.5
5
1.1
3
2.8
4
0.3
0
0.3
1
0.6
2
4.4
1

0.0
1
0.0
1
20.
65
0.0
5
0.8
6
0.4
2
85.
17
8.8
6
73.
55

9
68.
58
52.
25
17.
33
0.8
0
0.0
7
0.4
6
0.4
3
0.0
1
1.7
4
0.0
4
0.0
1
0.1
2
0.0
1
0.0
1

10
0.7
4
1.2
2
1.5
7
4.6
8
1.7
8
0.4
7
3.2
1
1.1
9
5.4
1
1.4
0
1.6
6
4.7
7
13.
71
0.6
0
0.8
4

11
0.0
1
0.9
1
0.0
2
16.
76
9.2
1
5.0
6
26.
86
1.8
0
6.1
5
2.9
6
6.7
7
3.8
0
0.1
6
0.5
3
0.5
5

12
1.3
8
0.7
6
11.
80
27.
43
42.
98
2.2
3
1.9
6
2.8
5
12.
51
63.
24
0.7
5
0.2
0
0.8
0
0.9
7

13
30.
58
38.
53
80.
32
10.
30
16.
67
36.
34
0.2
9
0.0
2
2.5
6
0.1
9
1.6
6
0.0
9

14
0.0
8
5.6
6
52.
77
2.3
8
0.0
1
28.
47
0.0
3
12.
26
0.0
3
13.
60
0.1
0
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Comparing the derived clusters to the existing ecoregions, provides a comparison of
how well the remotely derived indicators used in the regionalization compare to the
existing, more traditionally developed, approaches. Table 5 provides the breakdown of
the clusters, by ecozone occupancy, and demonstrates the Northern Arctic, Arctic
Cordillera and Southern Arctic are essentially covered by clusters 9 and 13. However,
cluster 13 also covers a wide variety of vegetation conditions with overlap in the Taiga
ecoregions. The Taiga Cordillera area is represented principally by Cluster 14, but also
Clusters 11 – 13 covering the north regions of the country. Cluster 12 covers the Taiga
shield and the Taiga plain and the vegetation around the south of Hudson Bay. Cluster
10 is a broad assemblage of classes without a single dominant existing ecoregion type,
except for 10 % of the current Prairie ecozone. Cluster 8 has almost direct
correspondence with the existing Prairie ecoregion and the agricultural component of
the mixed wood plains ecoregion, principally driven by the current land cover indicator.
Similarly cluster 5 is principally comprised of the Atlantic Maritime ecoregion. Clusters 3
and 4 comprise the majority of the Pacific Maritime and the Montane Cordillera
ecoregions, with Clusters 1 and 2 covering a mixture of the Boreal Cordillera, Boreal
Shield, and Hudson Plain ecoregions.
5. DISCUSSION
One of the key benefits of deriving ecoregions quantitatively using key indicators, such
as those derived from remote sensing observations and encapsulating information on
vegetated land cover productivity, seasonality and terrain, is the capacity to establish,
and quantify how well, particular networks of sites, or plot locations, represent the
overall environment. In the case of biodiversity monitoring it is critically important to
ensure that field based monitoring programs either through sites, national parks
programs, or focused conservation areas, are well placed, and optimised to capture as
much information as possible, given limited resources. To do this, the current
geographic positions of these ongoing biodiversity efforts over the country can be
compared to the derived clusters, and the log-likelihood distance measures between
these locations and all of the clusters derived. Clusters which have the largest distances
from the current areas of focus will essentially be poorly represented by the existing
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network. Conversely, this type of analysis can aid in the establishment of new
biodiversity focused environmental programs by providing an initial stratification of
where additional work should be focused to ensure a more even representation of the
biota.
Similarly the quantitative development of clusters using this type of regionalization
ensures that each defined cluster or ecoregion can be regarded, at the output scale of
resolution, as homogenous ensuring that the resultant management of that unit is more
appropriate, robust and consistent than applying a more random approach to
biodiversity management and conservation (Leathwick et al., 2003). This is particularly
apt for the more unique environments, which include in Canada, wetlands and mixed
wood environments which have a variety of broadleaf and needleleaf species.
While the quantitative approach presented in this paper is an attempt to provide options
where appropriate aside from more subjective methods of ecoregion delineation, the
choice of the initial input indicators, and their respective weightings, as well as the
selection of the output number of clusters remains subjective. We believe the initial
selection of the indicators used in the study is well justified by previous reviews
describing the current state of the art approaches to represent biodiversity patterns of
the landscape with demonstrated success in applying these indicators both in Canada
and abroad (Coops et al, 2008a; Coops et al., 2008b; Berry et al., 2007). The approach
however is not limited to this selection of input indicators and additional layers could be
added. One potential addition could be remotely sensed layers of disturbance.
Disturbance often plays an essential role in regulating competitive exclusion and
enhancing the spatial heterogeneity of vegetation communities, both of which may
enhance diversity (Spies and Turner, 1999; Duro et al., 2007). Further, with natural fire
regimes largely intact for much of Canada’s boreal, the presence of change is an actual
component of the ecosystem. Remote sensing technology has been shown to be
successful at monitoring disturbance (Foody et al., 1996; Rignot et al., 1997) particularly
disturbance events which result in stand replacement such as fire, clear cut harvesting,
and wind throw. If this type of information were added however, the clusters would
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reflect a combination of both the current vegetation and terrain conditions as well as the
underlying disturbance regimes. The manner in which disturbance is incorporated into
the ecosystem regionalization will require methods different from those proposed here,
with object-based classification methods likely required.
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