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Abstract: The Prairie Pothole Region (PPR) of North America is an extremely important habitat for
a diverse range of wetland ecosystems that provide a wealth of socio-economic value. This paper
describes the ecological characteristics and importance of PPR wetlands and the use of remote sensing
for mapping and monitoring applications. While there are comprehensive reviews for wetland remote
sensing in recent publications, there is no comprehensive review about the use of remote sensing
in the PPR. First, the PPR is described, including the wetland classification systems that have been
used, the water regimes that control the surface water and water levels, and the soil and vegetation
characteristics of the region. The tools and techniques that have been used in the PPR for analyses
of geospatial data for wetland applications are described. Field observations for ground truth data
are critical for good validation and accuracy assessment of the many products that are produced.
Wetland classification approaches are reviewed, including Decision Trees, Machine Learning, and
object versus pixel-based approaches. A comprehensive description of the remote sensing systems
and data that have been employed by various studies in the PPR is provided. A wide range of
data can be used for various applications, including passive optical data like aerial photographs or
satellite-based, Earth-observation data. Both airborne and spaceborne lidar studies are described.
A detailed description of Synthetic Aperture RADAR (SAR) data and research are provided. The state
of the art is the use of multi-source data to achieve higher accuracies and hybrid approaches. Digital
Surface Models are also being incorporated in geospatial analyses to separate forest and shrub and
emergent systems based on vegetation height. Remote sensing provides a cost-effective mechanism
for mapping and monitoring PPR wetlands, especially with the logistical difficulties and cost of
field-based methods. The wetland characteristics of the PPR dictate the need for high resolution in
both time and space, which is increasingly possible with the numerous and increasing remote sensing
systems available and the trend to open-source data and tools. The fusion of multi-source remote
sensing data via state-of-the-art machine learning is recommended for wetland applications in the
PPR. The use of such data promotes flexibility for sensor addition, subtraction, or substitution as a
function of application needs and potential cost restrictions. This is important in the PPR because of
the challenges related to the highly dynamic nature of this unique region.

Keywords: prairie pothole region; wetland; remote sensing; monitoring; classification; ecology

1. Introduction and Background

Wetlands are a known provider of substantial economic, environmental and social
value through a host of vital services [1]. For example, wetlands play a crucial role in
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the replenishment and storage of groundwater [2,3], not only serving as natural water
retention ponds that prevent flooding and erosion [4,5] but also by filtering and purifying
water [6,7]. Furthermore, wetlands directly influence wet area and riparian vegetation
zone extents [8], hydrological regimes [9], and biodiversity [10]. In addition, wetlands
often provide locations for human recreation and incubate socio-cultural values through
hunting and gathering activities within native communities [11]. Wetlands have also been
found to play a significant role in climate change mitigation [12–15]. Despite their known
value, wetland ecosystems are declining at an unprecedented rate, particularly in regions
undergoing development [16]. One such region is the Prairie Pothole Region (PPR) of
North America.

The PPR encompasses an area of approximately 777,000 km2 in the northern Great
Plains of North America that extends from Iowa through the Dakotas in the United States
(US), into the Canadian provinces of Manitoba, Saskatchewan, and Alberta [17] (Figure 1).
The PPR is predominantly a series of gently rolling plains dominated by agricultural
activities and modified grasslands. Prairie potholes are depressions formed after glacial
retreat in the last ice age, approximately 12,000 years ago [18,19]. The majority of wetlands
in the PPR are mineral wetlands that form due to frequent, seasonally fluctuating water
levels [20] that pool in depressions, promoting the formation of wetlands that are highly
variable in size and permanency [19]. Most PPR wetlands exist as isolated (or closed) basins
that only connect within a hydrological system during wet conditions when depressions
reach ‘bank-full’ conditions and begin to spill into adjacent depressions, known as the
‘fill and spill’ mechanism [21]. The limited amount of organic matter, dry conditions,
and shallow topsoil in the PPR generally discourages the formation of peaty organic
substrates. In North America, wetlands that form in the PPR provide important habitat for
waterfowl [22,23] and migrating birds [24,25]. It is estimated that PPR wetlands provide
habitat to one-third of all Canada’s bird species at risk [26–28]. In addition, prairie pothole
wetlands are highly productive nutrient sinks [29,30] and provide flood attenuation and
purification, as well as water storage [4].

Wetlands in the PPR were first classified by Stewart and Kantrud [26] and Cowardin
et al. [31] as marsh and open water wetlands. Marshes in the PPR are commonly located
between uplands and open water. Within Alberta, shallow open-water (SOW) wetlands (i.e.,
less than 2 m depth) [32] are identified separately from open water wetlands (permanent
lakes under the Stewart and Kantrud [26] classification system) and are typically located
between marshes and deep-water bodies. Many of the pothole wetlands are ephemeral
and highly variable in size and permanency [33] as a result of varying water levels related
to source availability from precipitation, runoff, groundwater, and streams. Many PPR
wetlands have a water depth of <1 m at peak volume; water level and surface water
extent can fluctuate daily, seasonally, and unpredictably following prolonged periods of
rainfall or (conversely) drought, affecting the wetland’s ecological characteristics [34,35].
In some cases, a sufficient reduction in water level can expose mudflats and alkaline soil.
Conversely, floating and/or submerged vegetation may occur in nutrient-rich wetlands
when water depths are too great for emergent vegetation to establish [36]. The temporal
longevity of wetlands on the prairie landscape varies dramatically. Some are present during
peak saturation only (temporary), others exist for the duration of the growing/wet season
and sometimes beyond (seasonal to semi-permanent), whereas others are permanent [37].
Typically, temporary or seasonal wetlands are most abundant across the southern prairies
of the Alberta PPR, thus making them sensitive to multi-year climate cycles, such as El
Niño-southern oscillation (ENSO) events [31]. Therefore, pothole wetlands in the PPR are
especially sensitive to natural climatic variability, human-induced climate change, and
human modification of land-surface hydrology (e.g., ditches and draining), making them
one of the most dynamic hydrological systems in the world [38].
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Figure 1. Extent of the Prairie Pothole Region in North America. Polygon is based on delineation from Mann [39]. 

Changes in the water balance of PPR wetlands are predominantly driven by changes 
in the input (precipitation) and the primary output (actual evapotranspiration; AET), 
which is driven by a range of hydrometeorological and land cover factors [40,41]. Water 
loss in the PPR is primarily through evapo-transpiration (ET), where net ET can exceed 
net precipitation during the growing season [17]. Warmer temperatures and reduced pre-
cipitation trends in the PPR are causing wetland drying, which leads to reduced ground-
water storage [42] that results in changes to hydrology and vegetation [43–45].  

Many national and regional wetland classification governance structures exist across 
the PPR. This review was undertaken from perspectives within the Canadian province of 
Alberta. The PPR in Alberta is highly diverse, with neighbouring boreal forest to the north 
and foothills to the west and represents the northernmost reach of the PPR. Moreover, 
Alberta strives to establish itself as a leader in the sustainable management and develop-
ment of wetlands, evident through various targeted wetland legislation and policies 
[28,32,46] and the development of a province-wide Alberta Merged Wetland Inventory 
(AMWI; [47]) to assist planning and policy decisions. Limitations within the AMWI (pri-
marily the vintage of constituent inventories) have underscored the need for a province-
wide wetland inventory update, where the role of remote sensing over such a large geo-
graphic extent cannot be overstated. 

When considering monitoring in the PPR, a good comparison for cost and complexity 
is the relatively recent National Wetland Inventory (NWI) remapping for Minnesota at 
the South-eastern area of the PPR [48]. This project took 10 years to complete and cost over 
7 million US dollars to remap the state (an area approximately 33% the size of Alberta). 
The Minnesota NWI (MNNWI) represents an update to the original mapping, which was 
conducted in the late 1970s using stereo aerial photography for the national NWI program 
led by the U.S. Fish and Wildlife Service. Using a digital orthophoto interpretation of 2010-
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Changes in the water balance of PPR wetlands are predominantly driven by changes
in the input (precipitation) and the primary output (actual evapotranspiration; AET), which
is driven by a range of hydrometeorological and land cover factors [40,41]. Water loss
in the PPR is primarily through evapo-transpiration (ET), where net ET can exceed net
precipitation during the growing season [17]. Warmer temperatures and reduced precipita-
tion trends in the PPR are causing wetland drying, which leads to reduced groundwater
storage [42] that results in changes to hydrology and vegetation [43–45].

Many national and regional wetland classification governance structures exist across
the PPR. This review was undertaken from perspectives within the Canadian province of
Alberta. The PPR in Alberta is highly diverse, with neighbouring boreal forest to the north
and foothills to the west and represents the northernmost reach of the PPR. Moreover, Al-
berta strives to establish itself as a leader in the sustainable management and development
of wetlands, evident through various targeted wetland legislation and policies [28,32,46]
and the development of a province-wide Alberta Merged Wetland Inventory (AMWI; [47])
to assist planning and policy decisions. Limitations within the AMWI (primarily the vin-
tage of constituent inventories) have underscored the need for a province-wide wetland
inventory update, where the role of remote sensing over such a large geographic extent
cannot be overstated.

When considering monitoring in the PPR, a good comparison for cost and complexity
is the relatively recent National Wetland Inventory (NWI) remapping for Minnesota at the
South-eastern area of the PPR [48]. This project took 10 years to complete and cost over
7 million US dollars to remap the state (an area approximately 33% the size of Alberta).
The Minnesota NWI (MNNWI) represents an update to the original mapping, which
was conducted in the late 1970s using stereo aerial photography for the national NWI
program led by the U.S. Fish and Wildlife Service. Using a digital orthophoto interpretation
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of 2010-2011 imagery with additional elevation data derived from lidar, the Minnesota
Department of Natural Resources remapped the entire state to account for changes in the
landscape (e.g., urban expansion). Contemporary MNNWI maps exhibit greater accuracies
than the original NWI maps; however, they have quickly become outdated because of rapid
wetland change across the landscape driven by climate and water level changes, as well as
human impacts. This demonstrates the importance of selecting appropriate remote sensing
data to meet project needs, such as employing a multi-temporal approach to capture rapid
landscape changes. Such approaches are well suited to projects that anticipate the need
for frequent updates, such as the bi-national Great Lakes project, which uses MAXAR
sub-meter DigitalGlobe optical imagery and Radarsat-2 imagery [49]. The purpose of this
paper is to describe the ecological characteristics and importance of PPR wetlands and
the use of remote sensing for mapping and monitoring applications in wetland projects
in the region. Of note, the intention of this review is not to critically review specific
sensors nor to provide in-depth assessments of specific methodological nuances for their
ability to map and monitor wetland dynamics. While there are comprehensive reviews for
wetland remote sensing [50,51], and classification [52], recent publications note there is a
lack of a comprehensive review about remote sensing in the PPR [17]. In 2008, Johnson
and Oslund [53] provided a review of the history, present, and future conditions of the
PPR as a whole, however, recent technological and methodological advances in the use
of remote sensing for wetland applications in the PPR requires a contemporary review.
This review seeks to build on Johnson and Oslund’s [53] review and provide updated
recommendations related to the use of remote sensing data and appropriate methods for
wetland application across the whole PPR. Despite the emphasis of this review on Alberta,
Canada, many of the remote sensing processes and case studies noted are non-specific to
the PPR and/or Alberta. Many examples have been selected based on the applicability
and transferability from other regions and study areas (i.e., boreal and coastal regions)
to the relatively understudied PPR. Methods and datasets employed in many of these
studies may reasonably and effectively be applied across the entire PPR to enhance wetland
monitoring and better understand PPR wetland dynamics. Terminology and nomenclature
for PPR wetlands follows language defined with the AWCS [32].

2. Prairie Pothole Region Characteristics

This section provides an overview of anthropogenic disturbances common in the
Alberta prairie landscape and provides a brief history of the Alberta Wetland Classification
System, and an overview of the primary characteristics used to classify wetlands under this
system. A fundamental understanding of these classification characteristics is foundational
for the successful application of remote sensing to wetland mapping and monitoring
efforts.

Prairie pothole wetlands are increasingly under threat from anthropogenic influences
such as agricultural [53] and industrial expansion [54–56]. Variable types and degrees
of impact are shown in Figure 2. Dahl et al. [57] estimated that prairie wetland area has
declined by 301 km2 or 1.1% between 1997 and 2009 because of anthropogenic factors such
as land draining, depression filling, and agricultural operations. Watmough et al. [58]
have documented similar declines of wetland area across the Canadian Prairies, where
108,195 ha (or 2.2%) losses have been noted between 2001 and 2011. Reduction of PPR
wetlands and alteration of basins has been found to have a notable effect on the frequency
and magnitude of flooding events associated with rivers [59–63]. With the increased
draining of wetlands, downstream flows have similarly increased, thus exacerbating the
magnitudes of flood events [64]. Moreover, changes in wetland areas have a direct influence
on a landscape’s ability to store runoff or act as nutrient sinks [30].
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gas development and cattle grazing disturbances in a dry native prairie area; (d) urban, industrial and agriculturally im-
pacted pothole wetlands adjacent to an urban centre with large constructed wetlands for flood attenuation and unmodi-
fied pothole wetlands in the east of the image (Calgary, Alberta). 
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latter is broadly adopted across Canada.  

The Stewart and Kantrud [26] classification describes in detail different types of prai-
rie pothole wetlands, using vegetation as an indicator of wetland type and permanency. 
Related to Alberta, the Stewart and Kantrud [26] system was used widely throughout the 
province’s green (crown) and white (private) lands to determine what appropriate action 
(monetary reimbursement, avoidance, etc.) should be taken for wetland preservation 

Figure 2. Examples of different landscapes found across the prairie pothole region (PPR) and various types and degrees
of human impact on wetlands in the PPR (open surface water is shown as black polygons, ephemeral wetlands in low
topographic areas are shown in green); (a) pristine native prairie landscape where ephemeral wetlands are dominant,
(b) agriculturally impacted prairie pothole wetlands intersected by a river with adjacent native prairie; (c) low impact oil
and gas development and cattle grazing disturbances in a dry native prairie area; (d) urban, industrial and agriculturally
impacted pothole wetlands adjacent to an urban centre with large constructed wetlands for flood attenuation and unmodified
pothole wetlands in the east of the image (Calgary, Alberta).

2.1. Wetland Classification in the PPR

Given the broad geographic extent of the PPR, multiple wetland classification systems
have been developed to assess and identify various wetland characteristics across the
landscape. Three major classification systems are primarily used across the PPR, the
Stewart and Kantrud [26], Cowardin [31], and the Canadian Wetland Classification System
(CWCS) [27]. The former two systems are more prevalent within the US, whereas the latter
is broadly adopted across Canada.
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The Stewart and Kantrud [26] classification describes in detail different types of
prairie pothole wetlands, using vegetation as an indicator of wetland type and permanency.
Related to Alberta, the Stewart and Kantrud [26] system was used widely throughout the
province’s green (crown) and white (private) lands to determine what appropriate action
(monetary reimbursement, avoidance, etc.) should be taken for wetland preservation
when industrial and urban developments impacted wetlands. The CWCS represents a
national synthesis of existing wetland information, consolidating differences in wetland
classification philosophies across Canada, and integrating specific classification criteria
from the Stewart and Kantrud [26] system (e.g., vegetation zones and cover of marsh and
SOW; see Table 1). The CWCS recognises that wetlands develop based on the interaction of
various environmental factors that are exploited to develop a ruleset to group them into
classes. Built on this rationale, the CWCS classifies wetlands based on three hierarchical
levels: wetland class, form, and type. Some examples of the different classes, forms and
types of wetlands found in the prairie pothole region are shown in Figure 3. Types of marsh
and SOW wetlands based on vegetation and surface water hydroperiod are described
in Table 1.

Table 1. Vegetation community zones and associated wetland hydroperiod definitions for marshes
and SOW wetland types according to Stewart and Kantrud.

Wetland Type Hydroperiod Vegetation Community Zone 1

Ephemeral (I) Surface water is only present for a
brief period in early spring. Wetland low prairie zone

Temporary (II)
Surface water is present following a
flooding event such as snowmelt or

precipitation.
Wet meadow

Seasonal (III)
Surface water is present throughout
the majority of the growing season
but is often dry by summer’s end.

Shallow wetland

Semi-permanent (IV)
Surface water is present almost

year-round, excluding periods of
drought.

Deep wetland

Permanent (V) Surface water persists year-round. Open water

Intermittent (VI) Alternates between saline open water
and exposed bottom. Alkaline

1 The plant community zone reflects the plant community found in the deepest portion of a wetland covering
more than 25% of the total area in the majority of years and can be used as an indicator of wetland type. Roman
numerals are equivalent to wetland class by Stewart and Kantrud [26].

In addition to these classification systems, localised systems have also been developed
and adopted. For example, the Alberta Wetland Classification System was developed
for use in Alberta because no current system characterises wetlands consistently based
on criteria that accommodate Alberta’s flora and ranges of environmental, geological,
and climatic characteristics [32]. The AWCS broadly matches the CWCS at the five major
wetland class levels but also accommodates additional classification criteria (e.g., the
Stewart and Kantrud system for marsh and SOW; Table 1) tailored for wetlands within the
province, subdividing class into wetland form and type using the following definitions:

Class: recognised on the basis of properties of the wetland that reflect the overall
origin of the wetland ecosystem and the nature of the wetland environment. These classes
are bogs, fens, marshes, shallow open waters, and swamps.

Form: subdivisions of each wetland class based on vegetation structure (generally
treed, shrubby, or open/graminoid). Many of the wetland forms apply to more than one
wetland class. Some forms can be further subdivided into types.

Type: subdivisions of the wetland forms based on biological, hydrologic, or chemical
attributes. Similar wetland types can occur in several wetland classes, whereas others are
unique to specific classes and forms.
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Figure 3. Various wetland types found in the prairie pothole region: (a) ephemeral marsh in
spring with shallow surface water immediately following precipitation; (b) temporary marsh with
shallow surface water following snowmelt; (c) seasonal marsh showing emergent and established
riparian graminoid vegetation; (d) semi-permanent marsh with dense emergent vegetation in a deep
marsh zone; (e) permanent shallow open water wetland with a permanent open water zone and
peripheral emergent and floating marsh zones; (f) intermittent alkaline shallow open water wetland
showing seasonal drawdown exposing alkali zones; (g) treed swamp with a shallow emergent zone
surrounded by tall woody vegetation (more common in the northern regions of the PPR). Photo
Credits: Joshua Montgomery.
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Wetland classes and forms are typically the subject of remote sensing-based classi-
fications, where wetland type attributes (e.g., pH, conductivity, salinity, etc.) are gen-
erally acquired through field acquisition and are currently unattainable using remotely
sensed data.

2.2. Water Regimes

Water tables associated with mineral wetlands tend to fluctuate from near, at, or above
the ground surface as they receive water from a variety of different sources throughout
the year [26,27]. Marshes, and SOW basins can be closed (or isolated) and therefore
receive water through precipitation and/or localised surface runoff exclusively, or seepage
from near-surface groundwater [38,65,66]. Less isolated wetlands can exhibit complex
groundwater-surface interactions and underground connectivity to other wetlands, lakes,
streams, or ponds [27,33].

Surface water extents of PPR wetlands have been found to vary seasonally and are
largely influenced by wet and dry periods (between years or seasons) where the extent and
area of both marsh and SOW area in many basins can vary by up to tens of kilometres [8].
Surface water extent is also heavily influenced by large rainfall events, regardless of climatic
conditions, where surface water extent can change markedly [37,67]. Therefore, several
factors (rainfall events, climate conditions, snowpack) greatly influence the expansion and
contraction of surface water [68].

Traditional approaches to pothole wetland depression dynamics assume that once a
wetland basin reaches its maximum holding capacity, the water overflows into adjacent
wetland basins, a mechanism referred to as ‘fill and spill’ [21]. Further investigation by Chu
et al. [69] found that surface depressions may be filled more gradually and can be attributed
to a variety of input conditions, which results in a dynamic filling, spilling, and merg-
ing of intra-depressional features, creating more complicated and irregular hydrological
processes [60].

2.3. Soil Characteristics

Soil characteristics are important for distinguishing wetland areas from non-wetlands
(or uplands) and delineating their ecological boundaries; such characteristics develop
over long periods and are generally stable. Furthermore, as the rooting zone for most
wetland vegetation falls within the uppermost 40 cm of the soil profile, soils are also
key discriminators of AWCS wetland type [32]. Development of organic peat is key in
characterising wetland attributes; the accumulation of organic peat may occur on peatlands
or mineral wetlands but must constitute at least the upper 40 cm of the soil profile in order
to be designated a peatland under AWCS specifications.

The presence of gleying and mottling in the rooting zone is diagnostic of mineral
wetlands, and its location within the soil profile can aid the characterisation of the AWCS
wetland type. Gleying suggests soil exposure to prolonged periods of saturation, whereas
mottling indicates water level changes are common, which results in alternating periods
of reduced and oxidised states. Such processes are most common in gleysolic soils; under
certain conditions, other mineral wetland soils fail to exhibit any evidence of gleying
and/or mottling [32]. While the presence of gleying and mottling indicates the pres-
ence of saturated soils, the absence of these indicators does not confirm that the area
is not a wetland.

2.4. Vegetation Characteristics

Vegetation structural characteristics define AWCS wetland forms, which are based
on the tallest vegetation within the wetland or by the form occupying the central (and
often deepest) zone of the basin for marshes and SOW wetlands. Kantrud et al. [70]
provide an in-depth analysis of prairie pothole wetland composition, zonation patterns,
and growth dynamics, where species distribution is attributed to water depth, permanency,
salinity, and disturbance history (i.e., tilling). Species composition or diversity varies
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with vegetation structure because of the structure’s high correlation with hydrological
processes, for example, taller vegetation inhabiting areas with lower mean groundwater
levels. As a result, vegetation diversity is generally greater in zones that exhibit more
complex structures than those with simple structure. Potholes with basins deep enough
to support permanent surface water have central zones dominated by submersed species,
whereas more ephemeral wetlands have tall emergent species dominating the open water
zone surrounded by grasses, sedges and forbs. Vegetation cycles in all PPR wetlands
are largely connected to wet-dry cycles where plant growth generally requires surface
water inputs, and plant seed production and dispersal require periods of relatively dry soil
typically associated with fall draw-down. Stewart and Kantrud [26] developed a widely
used prairie pothole classification system that recognises phases of vegetation zones that
are centred around deep marsh species; this system is still being used within wetland
classifications (i.e., Alberta Wetland Classification System). The Cowardin et al. [31]
wetland classification system is also widely accepted for determining dominant vegetation
and species composition in riparian zones of wetlands that relate to classes described in
Stewart and Kantrud [26].

Vegetation growth occurs in zones of varying radial bands from wetland centres; the
vegetation communities within which are distinct and depend on ground water level [26].
A typical mineral wetland can be divided into up to five vegetation structure zones based
on its topographic relief and hydrology: upland, shrub-land, wet meadow, emergent, and
submergent/floating. Submerged/floating vegetation has been observed in marsh wet-
lands where sudden precipitation and flooding effectively drowns the emergent vegetation,
decreasing early spring vegetation growth [70]. These vegetation zones are highly depen-
dent on water availability, which may vary rapidly over time; the AWCS recognises such
temporal variability (as indexed from vegetation community) under wetland type. This
enables the hydroperiod of a wetland to be characterised; however, because of the nature
of the hydrology associated with different wetland classes, only marshes and shallow open
water wetlands are subject to this temporal classification (Table 1).

Vegetation communities should not be used exclusively as a means of determining
wetland class in mineral wetlands as climatic cycles influence water level behaviours,
which in turn influence vegetation communities [26,32]. Such water level fluctuations
facilitate decomposition and productivity, elemental cycling, and biogeochemical reactions
that in turn influence growing conditions and habitat for a much greater diversity of
vegetation species than would otherwise be found under stable conditions. As a result,
marsh and SOWs may not exhibit the same wetland type between cycles or even year after
year. Therefore, wetland classification based on a temporal snapshot does not reflect its
dynamic nature; multi-temporal information (multiple months or years) is often required
to classify wetlands adequately [32].

2.5. Remote Sensing of Prairie Pothole Characteristics

Given that prairie pothole wetlands are typically small in area and highly dynamic
(both intra- and inter-annually), they are challenging to map and monitor through tradi-
tional means and over large geographies. The dynamic nature of prairie pothole wetlands
and the need to understand and assess their condition requires high-resolution data spa-
tially and temporally [71]. Further, the primary wetland classes present in the PPR are
shallow open water, marsh, and swamp, where the latter two classes will benefit from
spectrally diverse data to assist vegetation zone (Table 1) identification and delineation.
Shallow open water and marshes are typically most hydrologically variable and require
temporally fine data to capture rapid changes through time. Remote sensing is a valuable
tool with demonstrable success for the static mapping of wetlands and monitoring wetland
dynamics. This is facilitated through the diverse array of remote sensing data sources
available (e.g., optical, lidar, radar), where each source exhibits specific strengths related to
spatial, temporal, and spectral resolutions [72]. In addition, many remote sensing sources
currently support, or seek to establish long-term data archives that enable inter-annual and
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longer-term changes to be assessed with respect to global climate cycles and future climate
warming. Many operational monitoring programs (e.g., Alberta oil sands program) express
the desire to transition from the periodic production of static products to near real-time
products as remote sensing technology evolves. See Tiner et al. [73] for further reading on
remote sensing data sources, sensors, and limitations.

3. Remote Sensing Systems and Data for Prairie Pothole Wetlands

Remote sensing is an invaluable tool for a variety of wetland mapping and monitoring
applications. Historically, wetland information and maps were compiled from in-situ field
acquisitions [74]. Aerial photography later pioneered larger-scale wetland delineation
and mapping, which was then complemented by satellite multispectral optical photogra-
phy [34]. Both represented an important advance in the field of natural resource inventory
and monitoring, including wetlands [75–77]. More recently, the use of other remote sensing
technologies has become more prominent in large-scale wetland detection and mapping,
primarily, lidar and synthetic aperture radar (SAR) [72]. Both have demonstrable success
in water detection and/or wetland classification when applied in isolation or as part of a
data fusion workflow [68,78,79]. However, reference information that is field-acquired or
manually digitised from high-resolution imagery remains the gold standard against which
remote sensing-based wetland products are measured. However, field acquisitions are also
not representative of ‘truth’ because ground observations are typically made at a single
point in time, whereas remote sensing imagery has the ability to measure temporal changes
over multiple points in time.

The current section discusses the importance of field data, introduces the advantages
and disadvantages applicable to all forms of remote sensing data, and provides greater
detail on the three primary sources of remotely sensed data common in wetland mapping
and monitoring: optical imagery, lidar, and SAR. Methods for applying these data sources
to a variety of wetland applications are also discussed.

3.1. Advantages and Disadvantages of Remote Sensing Acquisitions

Remote sensing offers an affordable, alternative approach to wetland mapping over
field acquisitions; where field levels of accuracy are required, remote sensing offers com-
plementary data ideal for examining data at different scales. Furthermore, remote sensing
can mitigate subjectivity and human error (method dependent), providing cost-effective,
timely mapping of wetlands at large scales (≥ 100’s km2) in areas of limited accessibility.
Data interpretation can be expensive and more time-consuming to process than field data.
However, these scenarios are often limited to poorly designed workflows and/or the choice
of ill-suited remote sensing data. Although remote sensing provides a highly attractive
alternative for wetland mapping, generalised and data-specific advantages and limitations
apply. For example, the PPR is dynamic, resulting in wetlands that vary in shape, size,
and ecological type intra- and inter-annually [80]; suitable repeat data acquisitions are
therefore required, depending on the research question (e.g., many repeat data acquisitions
over a short period versus fewer acquisitions over a longer period). Given the expense
and time-consuming nature of fieldwork, it is not feasible to monitor such changes with
high temporal precision (e.g., weekly to monthly) by this means. However, many remote
sensors are capable of repeating measurements over the same location from multiple
times per year to daily. Individual repeat pass configurations vary as a function of sensor
and cost.

The spatial resolution of some remotely sensed imagery can hinder wetland detection
and subsequent analyses, depending on the level of detail required. For example, the utility
of a sensor is limited for the detection of small wetlands, specifically small marsh wetlands
that are less than the sensor spatial resolution. Wu et al. [17] describe how this lack of
fine-scale detail creates errors in hydrological models when models do not adequately
account for intra-depression hydrodynamics. This has been noted for Landsat applications
within the PPR, where inconsistencies were noted not only for wetlands smaller than
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a single pixel but also for those as large as 0.9 ha (3 × 3 square of 30 m pixels), and very
narrow ponds [34,77]. This makes Landsat wetland mapping applications challenging in
the PPR, as approximately 83% of wetlands in the region are estimated to be ≤0.8 ha [81].
The success of remote sensing within the PPR is contingent on the use of appropriate data
and analysis techniques. In addition to spatial limitations, temporal constraints can also be
prohibitive. In popular fusion approaches, data from multiple sensors (particularly space-
borne) often do not have aligned acquisition dates, as each sensor follows a predefined
schedule. Temporal disparity means that data from each sensor may represent different
hydrological, plant physiological, or land use conditions. This issue often has little impact
on data acquisitions separated by only a few days, especially during a stable part of the
growing season. However, temporally disparate data have the potential to propagate high
uncertainties if a sudden change is experienced (e.g., precipitation event, agricultural land
cover change) between data acquisitions.

Differentiating wetland classes can prove challenging even in the field, as some classes
share key distinguishing characteristics; this difficulty also extends to remote sensing
classification, where class confusion may be high. The differentiation of wetland classes has
been demonstrated with remote sensing; however, end-users should be aware of potential
confusion between class results. An advantage inherent in remote sensing approaches
is the mitigation of (subjective) situational context through the objective application of
analytical frameworks and rulesets.

3.2. Field Acquisitions

Field-acquired data are deemed a reliable source of wetland classification, as they are
capable of providing very high levels of detail. However, the acquisition of such data is
often costly, time-consuming, provides logistical challenges in areas with limited access, and
occasionally reflects the subjectivity of the technician that acquired the data [82]. Typically,
field technicians characterise wetlands by use of a rubric specific to the level of detail re-
quired for any particular project, starting either with a top-down or bottom-up approach
to characterise wetland information. By being on site, technicians can directly measure or
infer information pertaining to soils, pH, vegetation parameters (species, density, height, etc.),
hydrology, nutrient availability, depth to water table, and more. These variables are often
valuable indicators of wetland type (depending on the wetland classification system used).

A key advantage of in-situ data collection is the ability to delineate wetland boundaries
accurately, although this is sometimes challenging because of gradual changes in wetland
indicators (e.g., vegetation characteristics) near boundaries [72]. Boundary delineation is
typically performed by use of a handheld or differential global navigation satellite system
(GNSS), which allows the measurement of wetland boundaries with sub-metre accuracy.
However, GNSS is not always reliable in remote regions, especially in close proximity to tall
vegetation where accuracies can decrease considerably due to signal attenuation. Due to
the typically high accuracy at which information can be inferred from within the field, such
information can utilised to infer individual wetland relative value (e.g., achieved in Alberta
through the implementation of wetland policy [28]) and inform conservation practices.

3.3. Passive Optical Imagery
3.3.1. Aerial Photography

The classification and mapping of prairie wetlands through remote sensing dates back
to the 1970s by the use of primarily aerial and satellite photography [82–84]. Aerial film
photography was traditionally the predominant means of monitoring and determining
wetland inventory, as images provided a means of mapping wetlands from local to regional
scales. Aerial data acquisitions demonstrated potential for national applications across
a number of different wetland environments at a high spatial resolution [31,85]. The
analytical practice involved, and in many cases still involves, the manual delineation of
the photography by analysts that typically exhibited specific knowledge and experience
with respect to analysing image tones [86]. Even with high delineation accuracies (between
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85% and 90%), field validation was still required to ensure adequate representation of
wetland vegetation communities and other biological data [87]. The strength of aerial
photography lies in the archive of images that have been acquired since the late 1940s,
providing a supplementary data source in land cover change studies. However, finding
well-trained aerial photo interpreters is nearly impossible, even for small area projects,
because of niche skillset requirements and knowledge related to the project area. The
transition to digital approaches (e.g., MNNWI update project [48]) has resulted in the
development of increasingly automated delineation techniques such as object-based image
analysis (OBIA; described below). For example, Kloiber et al. [48] used OBIA analysis on
digital, stereo, 0.5 m aerial imagery to replace manual interpretation techniques commonly
used with traditional stereo film photos. They concluded that the move to using image
objects was faster and more consistent for wetland boundary delineation. Automating
the most time-consuming part of image interpretation (initial delineation of boundaries),
interpreters were able to focus on more difficult components, such as the assignment of
detailed wetland classes and modifiers [48].

While aerial film photographs provide a fine spatial resolution (e.g., from <0.15 m to
0.5 m) desirable for mapping large and small wetland features, they also exhibit numerous
inherent limitations. Aerial photography of wetlands is time-consuming and expensive to
acquire and process (especially) at very large scales (national inventories), lacks the ability
to penetrate canopy structures (if present) and is not an effective means for estimating
biomass [46,86]. Since the introduction of satellite remote sensing in the 1970s and rapid
development in subsequent decades, aerial photography acquisitions have become less
frequently used as a means for wall-to-wall mapping. Aerial photographs are increasingly
used for manual interpretation that can be used to parameterise statistical classification
models (as reference data) in combination with remotely sensed ancillary data. Moreover,
ongoing advancements in satellite imagery (improved spatial and spectral resolutions)
have provided, in some cases, a replacement dataset for aerial photographs. The use of
aerial photography for large-scale, wall-to-wall, wetland mapping has become less com-
mon since satellite data availability has improved [88]. Aerial photographs have become
increasingly used for mapping wetlands over smaller geographies by states and local gov-
ernments [89,90] or as a source of high-resolution calibration and/or validation data [51,88].
Converse to this trend, key stakeholders within Alberta and Canada (e.g., Ducks Unlimited
Canada) still utilise aerial photography to establish baseline wetland inventories across
prairie biomes due to its fine spatial resolution and streamlined integration with existing
operational workflows. However, recent investigations suggest stakeholder migration to
the use of alternate remote sensing technologies for wetland monitoring.

3.3.2. Unmanned Aerial Vehicles

A recent addition to the family of airborne sensors is that of unmanned aerial vehicles
(UAVs). UAVs are an emerging technology that benefits environmental monitoring by
bridging the constraints in complex, dynamic, limited-access environments that historically
have been challenging to survey [91]. Many contemporary studies focus on confirming and
demonstrating the ability of various platforms to achieve sufficient horizontal/positional
accuracy, and evaluating the efficacy of derivatives for wetland mapping [92–94]. In general,
high accuracy and ultrahigh-resolution imagery are achievable from most UAVs [92].

UAVs commonly acquire passive optical data (similar to three-band red-green-blue
(RGB) aerial photography) but at much lower altitudes, and consequently with very fine
resolution (order of centimetres). More recently, sensors capable of acquiring hyperspectral
and lidar data have been developed and applied in UAV-based wetland applications [95,96].
A common method used to derive vegetation structure and landscape topography with
UAVs is a photogrammetric product called Structure from Motion (SfM) created using
RGB imagery. However, SfM lacks point cloud density compared to lidar and is, therefore,
best utilised in combination with lidar where available [97]. Combined lidar and SfM
methods can be applied to a variety of wetland studies for applications such as vegetation
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inventories, identifying open water extents, flood detection analysis, and topographical
features [98,99]. UAV imagery has been assessed for wetland classification using pixel-
and object-based analyses, corroborating that object-based analysis typically yields greater
accuracies. However, the ultra-high resolution of images maintained significant noise
levels in segmented objects, which required lengthy segmentation parameter optimisations
and/or post-classification refinement with expert knowledge [100].

Low altitude UAV acquisitions afford unprecedented levels of detail to be captured
through ultrahigh-resolution imagery for most applications. However, the low-altitude
nature of such acquisitions restricts the efficiency of data acquisitions over large geographic
extents (even with Beyond Visual Line of Sight (BVLOS) systems), making UAVs restric-
tive for operational monitoring. Highly detailed UAV imagery is an ideal candidate for
replacing or supplementing existing reference data [101]. In some cases, UAVs may be
most valuable when combined with a field program to compile calibration and validation
data, whereby point locations can be sampled in surrounding areas to ‘scale up’ local
information to broader scales [101], similar to the ‘lots of plots’ approach employed in
other remote sensing data (satellite imagery, lidar, etc.). Furthermore, UAVs allow for more
affordable frequent revisiting of training sites to characterise changing conditions, most
notably remote location sites that are logistically difficult to access [102]. However, when
looking at hundreds of reference sites with centimetre resolution, high-altitude aircraft
sensor systems are still the most affordable option.

The investigation of UAV data for wetland applications remains an ongoing, highly
active area of research. Available literature suggests promise for PPR wetland applications
(and beyond), facilitating per basin analysis over small study areas [103].

3.3.3. Satellite Imagery

Satellite imagery, first commercially available in the 1970s, has since become the foun-
dational medium for wetland inventory applications over very large scales (>1000 km2)
due to its capacity to operate over broad geographic extents [86,104]. Historically, Land-
sat Multispectral Scanner (MSS) and Thematic Mapper (TM) (US Geological Survey)
have been favoured data sources for such applications due to their pixel resolution
(15 to 80 m), spectral diversity (four to eleven bands, depending on specific sensors), tem-
poral archive depth (back to 1972), and freely available data (since 2008) [105]. It has been
demonstrated that Landsat TM has variable success mapping wetlands within prairie
regions [34,44,83,106–108], and has been utilised for the large-scale mapping and monitor-
ing of surface water [109,110]. However, recently the use of alternate, more appropriate
image data have become dominant for applications over landscapes with small features as
Landsat’s 30 m resolution is deemed too coarse [46]. This is supported by recently compiled
wetland field observations and aerial photography acquisitions over Moist Mixed Grass-
land, Aspen Parkland, and Boreal Transition Zone Ecoregions in Alberta by the Institute
for Wetland and Waterfowl Research. These data suggest that a minimum pixel resolution
of 20 m is required to capture approximately 70% of wetland features up to 0.1 ha (100 m2)
in area. This is of great importance within the Alberta PPR as approximately 85% of the
total wetland population is suggested to exist in less than 0.1 ha of area [46].

Sentinel-2 has recently emerged as a popular sensor (alongside Landsat) for large-scale
wetland and surface water applications. Sentinel-2 is an open-source sensor launched by
the European Space Agency that acquires imagery with relatively high spectral diversity
(up to 13 bands) at a 10 m nominal resolution. Sentinel-2 imagery commonly features in
fusion workflows to classify wetlands with relative success [6,111–113] and to identify
vegetation communities within wetlands [114,115]. Furthermore, the relatively fast 10-day
(at the equator) revisit time of Sentinel-2 has facilitated time-series analysis to evaluate sur-
face water mapping and monitoring, wetland hydrodynamics, and associated vegetation
community change [111,113,116,117]. Relative to Landsat 8, Sentinel-2 improves spatial,
spectral, and temporal resolutions, which has been noted to improve the identification of
small objects and linear features [112]. Despite this, the fusion of Landsat and Sentinel-2
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has also been explored for land cover classification and improved time-series granularity
for the analysis of landscape dynamics [112,118].

Contemporary satellite optical imagery data options for wetland applications are less
limited. Landsat and Sentinel-2 represent two of many satellite imaging sensors that have
been utilised in wetland mapping: SPOT (Satellite Pour l’Observation de la Terre), Rapid-
eye, Worldview, Quickbird, and MODIS (Moderate Resolution Imaging Spectroradiometer)
all have been used successfully for various wetland applications [119–122]. The utility of a
particular satellite sensor depends on the application, for example, the large 250 m pixel of
MODIS may be preferable for coastal purposes, whereas SPOT or Worldview will be better
suited for mapping smaller basins because of their fine resolution.

While some of the disadvantages of aerial photography apply to satellite imagery,
technological advancements in satellite imagery have enabled global data acquisitions
across multiple wavebands at spatial resolutions approaching those of aerial photographs.
This makes satellite imagery an attractive option for large-scale applications, especially for
imagery with spectral diversity. However, the key disadvantage associated with passive
satellite imaging is the inability to control atmospheric conditions when acquisitions take
place. As a result, images can be cloud contaminated, which can render them unusable.
Due to inherent limitations associated with individual satellite imaging platforms and
sensors, the use of multiple data sources in so-called ‘data fusion’ approaches [123–126]
has been adopted to improve classification accuracy [46,127].

3.3.4. Hyperspectral Imagery

Hyperspectral imaging spectrometers are available in airborne and satellite forms and
operate within the governance of optical sensors. In contrast to multispectral sensors, which
acquire data at a subset of targeted, broad spectral bands within a range, hyperspectral
sensors acquire data in narrow spectral bands along continuous and contiguous ranges of
wavelengths at equal intervals [128], typically between 400 nm to 2500 nm (blue to infra-
red). The large number of spectral bands allows for detailed analysis to be performed on
each pixel, enabling the determination of atmospheric constituents, surface compositions,
and biogeochemical elements (ideal for wetland vegetation discrimination) [71]. The very
fine spectral resolution shows distinct variations associated with different land cover types,
including different vegetation characteristics and species [13] that are important in aiding
the identification of wetland class [71]. Such great data dimensionality has led to the
development of different image processing techniques that focus on spectral-unmixing,
useful for delineating wetland boundaries [129]. Furthermore, research has demonstrated
success in estimating biochemical and biophysical parameters of wetland vegetation [130].

Airborne hyperspectral sensors, such as NASA’s Airborne Visible and Infrared Imag-
ing Spectrometer (AVIRIS) sensor, and the Itres Inc. Compact Airborne Spectrographic
Imager (CASI), have been utilised in wetland applications [12,129]. However, the acquisi-
tion of such data remains expensive and is time-consuming to process due to large data
volumes. Few hyperspectral sensors have been placed in orbit; most noteworthy are
Hyperion aboard the Earth Observing-1 satellite (operational from 2000 to 2017) and the
Compact High Resolution Imaging Spectrometer (CHRIS), aboard the Project for On-Board
Autonomy 1 (Proba-1) (operational since 2001). Both have proved valuable in the mapping
and modelling of vegetation and soil parameters in coastal wetlands [131–133] but have
limited application in the PPR, likely because of image resolution limitations (between
10 m pan-sharpened and 30 m images). As a result, the use of hyperspectral imagery for
wetland mapping remains somewhat under-utilised relative to other forms of remote sens-
ing, resulting in a limited number of hyperspectral-based wetland mapping studies. The
Hyperspectral Infrared Imager (HyspIRI) (launched in 2018) holds promise for additional
wetland applications, however, applications in the PPR are likely to remain limited due to
nominal image resolutions (expected to be 30 m) [130].

To date, one of the largest area wetland mapping programs using airborne hyperspec-
tral imagers was led by Cook County, Illinois, USA in 2012 (https://fpdcc.com/going-
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hyperspectral/, accessed 18 August 2021). This project led to the acquisition of 1 m hy-
perspectral imagery for the entire county for the generation of NWI maps. The new NWI
maps were rejected by the U.S. Fish & Wildlife Service because the maps did not meet their
‘standard’ based on outdated criteria developed from traditional aerial imagery. Although
the new maps were an improvement over the existing 30-year old maps, an outdated NWI
standard prevented adoption into the U.S. Fish & Wildlife NWI master database [134].

3.3.5. Spectral Unmixing

Spectral unmixing is a technique used to determine the proportion of spectrally
distinct land cover types within an image pixel, for example, identifying pixels that contain
endmembers such as open water and neighbouring emergent vegetation or upland within
the prairie wetland context [8,135]. Spectral unmixing ranges in complexity from simple
linear unmixing algorithms to more sophisticated partial unmixing [135,136]. Spectral
unmixing algorithms are typically applied to optical imagery due to their greater spectral
diversity compared to other sensors. Such techniques have been extensively utilised
for improving boundary delineations of wetlands, detection of within-wetland zones, or
to better distinguish wetlands and/or open water from neighbouring uplands. Frohn
et al. [137] successfully applied a partial unmixing algorithm to static (single point in
time) Landsat ETM+ to improve the delineation of wetlands over an almost 1200 km2

area in Ohio (overall accuracy greater than 92%, kappa 0.86). Similarly, using Landsat,
spectral unmixing algorithms have proved valuable for the identification and delineation
of open and vegetated waterbodies in tropical wetlands [136]. Of note, this approach
utilised cloud-based processing and made use of automatic endmember detection for
unmixing. Spectral unmixing techniques have also been applied for change detection,
successfully tracking wetland dynamics over time [138–141]. Thayn [141] notes the value
of spectral unmixing for monitoring narrow patches of mangroves, as a result of its ability
to distinguish narrow strips of vegetation and water that are sometimes smaller than the
spatial resolution of imagery employed. Further reading on spectral unmixing algorithms
for land cover applications is provided by Kumar et al. [142].

Spectral unmixing remains an active area of research and is a highly valued step in
workflows that facilitate improved detection of features smaller than the spatial resolution
of the imagery used. This is of great importance in the PPR, where numerous wetland
basins are expected to be smaller than all currently available open-source, broad-scale
optical imagery (i.e., Landsat and Sentinel-2). Alternatively, finer resolution imagery
may be employed to mitigate this issue; however, the use of such imagery over large
scales is usually cost-prohibitive, making spectral unmixing a valuable tool where cost
is a consideration.

3.4. Lidar

Prairie pothole storage capacity was typically assumed or estimated before the advent
of digital elevation models (DEMs) because of the difficulties associated with making direct
measurements of water levels and basin morphology [143]. However, with increasingly
available high resolution (as low as <1 m) light detection and ranging (lidar) data, which
is capable of accurately mapping surface morphology, topographic depression and basin
storage can be accurately measured at a fine scale [90,144,145]. Lidar is an active (emits
its own energy source) remote sensing technology, and can be acquired from terrestrial,
airborne, and satellite platforms. Lidar emits a laser pulse and records the reflected pulse
timing and energy from an intercepted target on or near the Earth’s surface, providing a
point location of the surface targets in three-dimensional space. Furthermore, the active
or self-illuminating nature of the technology allows for characterisation and penetration
of the vegetation canopy to terrain surface features such as bare earth, waterbodies, and
understory vegetation [146]. The ability to detect and map features below vegetation
canopies is one of the major benefits of lidar over passive imaging sensors, which require
an external (typically solar) illumination source of image targets.
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3.4.1. Airborne Lidar

Airborne lidar (sometimes referred to as airborne laser scanning (ALS)) has been
applied across many ecological disciplines [147]. ALS data are well suited for wetland map-
ping because of their flexible spatial extent and data resolution. Lidar pulses are commonly
emitted and re-detected at the 1064 nm waveband in the near-infra-red (NIR) portion of
the electromagnetic radiation spectrum [148]. These bands have demonstrated abilities for
mapping a range of features and attributes across many ecosystem types. Wu and Lane [90]
suggest examining contours from DEM data to identify depressions and topographic struc-
ture as an effective method to account for hydrologic processes (wetland filling, spilling,
merging) and is the most effective means to describe depression complexes. A number of
studies have demonstrated the utility of ALS data for automatically delineating wetland
edges, classes, and morphological and vegetation characteristics [16,146,149–151]. In addi-
tion, the benefit of utilizing multiple lidar acquisitions to monitor wetland dynamics and
surface water extents over time have been noted [4,152], showing that lidar can also be
used to estimate the potential storage and mitigation effects of prairie pothole wetlands.

Lidar provides an advantage over digital, stereo optical technologies with respect to
observing vegetation structure or terrain properties, as it directly characterises the land-
scape in three dimensions. Stereo optical imagery can also measure the landscape in three
dimensions, but the imagery is taken at such a relatively coarse resolution (0.5–1 m) for
either aircraft or satellites, it is more affordable to use lidar imagery. However, contem-
porary systems might be considered analogous to black and white photography in some
respects, as they lack the colour or multi-spectral capability of most optical sensors. Typical
single-channel lidar systems that operate in the NIR often get absorbed by or reflected
away from water surfaces and are never re-detected by the sensor, unless emitted at or near
nadir [153]. Over non-vegetated land surfaces, however, single-channel active NIR images
can be generated that illustrate zones of soil saturation and relative levels of moisture
content [154].

Recently developed advanced multi-channel lidar systems such as the Optech Ti-
tan (Teledyne Optech) include three active channels at 532 nm, 1064 nm, and 1550 nm
wavelengths. This multispectral lidar technology has already demonstrated its enhanced
capability for land cover classification in complex vegetated environments [148,155]. One
of the relevant benefits of multi-spectral lidar for wetland mapping is that the 532 nm
(green) channel is optimised to capture shallow water bathymetry, which enables these
systems to simultaneously map the bottom topography of a wetland and surface water
level, enabling water depth and volume calculations. Hayashi and van der Kamp [143]
provide a simple equation for calculating the volume, area, and depth of shallow wetlands
in depressions.

Like aerial photography, airborne lidar data can be costly and are not always practical to
acquire over large areas. However, the unique capabilities of airborne lidar have prompted
multiple governments across the globe to invest in the acquisition of regional or national
datasets [156,157], which are used for baseline terrain and/or vegetation canopy mapping.

3.4.2. Spaceborne Lidar

The Geoscience Laser Altimeter System (GLAS) previously onboard the Ice, Cloud,
and Land Satellite (ICESat) was the first polar orbital spaceborne lidar system. Launched in
2003, GLAS ceased operation in 2009 after an almost 7-year lifespan, during which time it
provided continuous waveform profile measurements of the Earth’s surface and terrestrial
objects using a single 1064 nm laser. Measurements of the terrestrial targets were made
within spatially discrete 60 m nominal diameter footprints separated by approximately
170 m along orbital tracks, where individual orbital tracks were often separated by >10 km,
but occasionally overlapped. Although not within the primary mission objectives of GLAS,
such data have been used to study wetland habitats, particularly vegetation structural
characteristics [158,159]. GLAS has also been utilised to identify water levels in wetlands
and identify trends [160]. GLAS provided the means to measure (or sample) multiple points
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on the Earth’s surface in a ‘lots of plots’ approach [161] in order to facilitate spatial scaling
over large areas [162,163]. However, the discrete nature and one-time data acquisition of
GLAS (last acquired during 2009) dictate that GLAS data are inherently limited for wetland
applications, especially in the PPR, where wetlands are highly dynamic. As a result, GLAS
remains relatively underexplored for wetland mapping and monitoring.

Following the success of ICESat across multiple disciplines, ICESat-2 was launched in
2018 with the Advanced Topographic Laser Altimeter System (ATLAS) photon counting
532 nm laser onboard. Unlike GLAS, ATLAS carries two lasers (a primary and backup)
that use a diffractive optical element to split the laser into three pairs where intra- and
inter-pair separations are 90 m and 3 km, respectively. Photons are counted from laser
pulses that are fired at 10 kHz, resulting in a nominal footprint separation of 0.7 m along
unique orbital tracks, providing a track of high-density point data (similar to airborne
lidar point clouds). Of interest, ICESat-2 will repeat each of its unique 1387 orbital tracks
every 91 days, thus enabling the potential monitoring of seasonal changes. At present,
the exploration of ICESat-2 data for wetland mapping and monitoring is in its infancy,
where applications demonstrated using data from ICESat may apply to ICESat-2. Recent
studies have demonstrated the use of ICESat-2 data for water level [164,165] and potential
bathymetric applications [166]. However, the advances of ICESat-2 and ATLAS over their
predecessors hold great potential for active wetland vegetation mapping and monitoring
through time.

Similar to GLAS, the Global Ecosystem Dynamics Investigation (GEDI) lidar mission
measures discrete, relatively large 25 m diameter footprint samples of the Earth’s surface
and terrestrial objects using a 1064 nm laser. GEDI was installed on the International Space
Station (ISS) in late 2018, where it will make continuous measurements until mid-2021 (its
planned decommission). Similar to GLAS, GEDI measures full waveform profiles from
reflected targets on Earth, however, GEDI was formulated for the optimal measurement of
forest ecosystems. That is, of the three lasers onboard, two are fired at full power where the
third is split into two beams, producing a total of four beams. Beam Dithering Units rapidly
change the deflection of the outgoing laser beams, shifting them by 600 m to produce
eight tracks on the Earth’s surface; each footprint is separated by 60 m along its track. At
present, no investigation has employed GEDI data for wetland applications, however, it is
hypothesised that the similarities to GLAS will make GEDI ideal for measuring vegetation
structure and water levels in wetland ecosystems. Additionally, the continuous operation
of the instrument may allow for monitoring the case studies to be executed.

3.5. Radar
3.5.1. Synthetic Aperture Radar Characteristics

Synthetic Aperture Radar (SAR) is another form of active remote sensing technology,
similar to lidar, but emits pulses in the microwave portion of the electromagnetic spec-
trum [157]. SAR was first used in 1951 for terrain imaging and has since been utilised to
map many targets including water bodies [156,167,168]. Most SAR systems used for wet-
land mapping are spaceborne, which offers broad coverage and capability to acquire ‘repeat
pass’ data, that is, acquire data at the same location at different points in time [168–170].
Data acquisitions have discrete time intervals that vary by platform; for example, Radarsat-
2 (CSA) has a 24-day repeat cycle, but Radarsat Constellation Mission (RCM) has a 4-day
repeat cycle [171], increasing the accuracies of monitoring applications in dynamically
changing environments such as the PPR wetlands.

SAR data have been acquired across a range of different wavelengths (or bands),
including X-, C-, and L-bands. Although more SAR bands exist, these bands have demon-
strated success in wetland applications to date [168,172–175]. SAR backscatter is sensitive
to dielectric properties (soil and moisture contents) and geometric (roughness) attributes of
the illuminated surface [157], making the technology ideal for water detection [157].

For any incident SAR signal there are four major scattering mechanisms, each provid-
ing different information that can be utilised for wetland mapping applications:
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Surface scattering commonly occurs over open water surfaces, where specular scatter-
ing occurs over still water (i.e., incident radiation wavelength >> water roughness features),
resulting in a weak to non-existent return signal from water surfaces, causing the water to
appear darker than other terrestrial surfaces [176].

Diffuse/roughness scattering occurs on disturbed surfaces from a single bounce return,
typically by wind [177–179], effectively lowering the contrast between land and water,
which can lead to water surfaces being misidentified [156].

Double-bounce scattering occurs over wetlands with emergent vegetation as incident
radiation is first specularly reflected from the water surface then from nearby vegetation;
this scattering mechanism is common in the PPR because marshes are often dominated by
emergent vegetation [168,176,180,181].

Volumetric scattering is a diffuse scattering mechanism that occurs as the incident
radiation interacts with multiple targets (>2), typically within forest canopies and tall
emergent vegetation with a highly heterogeneous surface that scatters incident radiation
multiple times [168,182]. Volumetric scattering occurs in swamp canopies and marshes
with tall emergent vegetation, which is most common during late fall.

For further detail on SAR scattering mechanisms related to wetlands and within
wetland vegetation communities, see Brisco [183], and Martinis et al. [169].

3.5.2. SAR Polarimetry

Another utility of SAR data for water detection is its ability to polarimetrically dis-
criminate signal information. Common SAR polarisations are ‘horizontal’, H (i.e., 0◦ from
the horizontal plane perpendicular to the direction of travel of the emitted radiation) and
‘vertical’, V (i.e., 90◦ from the horizontal plane perpendicular to radiation travel; orthogonal
to the horizontal plane) [184]. The polarisation complexity of recorded SAR data varies as a
function of how many data channels are stored. Depending on the SAR system electronics
complexity, either single, dual, or four polarisations can be stored. For example, for a SAR
system with H and V capabilities, the different levels of polarization complexity typically
available are HH, HV, VH, or VV; HH + HV or VV + VH; HH + HV + VH + VV [156].

Single polarisation (single-pol) SAR data have demonstrated success in the mapping of
water body extents [124,156,185–191]. Waterbody mapping through SAR image threshold
approaches can be time-consuming and has resulted in an active research community with
a focus on developing automated techniques for surface water mapping and monitoring
using polarimetric SAR [169,192,193]. Mahdavi et al. [194] provide a more thorough review
of SAR system polarisations.

HH and/or HV are best suited to open water mapping [78,193,195] because HH
polarisation is not so sensitive to small vertical displacements caused by waves. HV
provides better water detection when high wind conditions or surface roughness is present
as there is less response in the backscatter compared to HH [195–197]. Given the frequent
windy conditions in the PPR, HH may not be the most desirable polarisation in temporal
studies using intensity thresholding as many acquisitions may have increased roughness
due to wave action, affecting the associated intensity values. This has been noted by
DeLancey et al. [198], who examined several ecological regions in Alberta with SAR data
and reported variability in intensity thresholds. Therefore, HV, which is less affected by
surface roughness, is a more suitable sensor in windy areas.

The use of dual or quad polarised data provides superior results for mapping flooded
vegetation when compared to single-pol data [156]. Both dual- and quad-pol SAR have been
employed for mapping open water and flooded vegetation, both of which are important
for wetland classification [51,67,88,156]. Multi-pol data are increasingly common in the
latest satellite SAR missions [199], whereas single-pol were utilised more commonly in
early SAR systems but have since been recognised as somewhat limited with respect
to wetland vegetation classification. Canada’s latest SAR mission (RCM), launched in
June 2019, features compact polarimetric (CP) data that operates using a circular transmit
linear receive (CTLR) configuration, where received signals are either RH (right circular–
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linear horizontal) or RV (right circular–linear vertical). CP modes offer almost as much
information content as quad-pol data, but over much larger swath-widths, facilitating
rapid data acquisition over large geographies [171]. A potential limitation of RCM for
wetland mapping is the reduced polarisation diversity compared to quad-pol systems [200].
Although in its infancy, multiple investigations have moved to assess RCM for open-water
and wetland mapping using simulated data, with overall positive conclusions [78,201,202].

3.5.3. Texture Analysis

Texture analysis is typically performed over a single backscatter channel of SAR data
(i.e., HH, HV, VH, or VV), analysing the spatial variation in image appearance. In the
context of wetlands, texture analysis has been applied to vegetation community analysis
and/or flood area mapping (i.e., open water extent mapping) with success [203,204]. In
many cases, textural components of SAR imagery have been utilised in the manual inter-
pretation of vegetation and wetland land cover classes [205,206]. Texture analysis for such
purposes has become less frequent in recent literature due to advances in SAR technology
and increasingly available polarimetry data. Textural features have seen contemporary
use as ancillary layers in statistical classification models [207,208]. In some cases, textural
data components have been noted among some of the most important variables within
such models for identifying certain wetland classes [209]. However, the use of textural
layers remains limited within the PPR, and additional investigations are required to as-
sess their value for wetland applications. Like most SAR derivatives, the effectiveness
of textural analysis varies as a function of SAR acquisition bands, where some bands are
better suited to certain applications. For example, Yamagata and Yasuoka [210] noted that
short-wavelength C-band texture surfaces were less effective for the segregation of wetland
vegetation classes than textural derivatives from longer wavelength L-band.

3.5.4. Decompositions

Multi-pol SAR data provides backscatter intensity information from multiple channels
and maintains phase information, capturing target polarisation diversity [211,212]. This
polarisation diversity can be ‘decomposed’ to reveal scattering information by counting
the number of times the phase difference changes (once per intersected target) between
emission and detection [156,168,212]. This decomposition of the scattering matrix from a
target allows the determination of the physical medium (i.e., vegetation, open water, etc.),
making it particularly useful for extracting emergent or flooded vegetation of wetlands.

Polarimetric decomposition methods include: the Cloude-Pottier [213], the Freeman-
Durden [214], the Pauli [215], the Van Zyl [216], the Yamaguchi [217,218], the Touzi [170],
and the Hong and Wdowinski [219] decomposition methods. The Freeman-Durden ap-
proach has had success in delineating wetland boundaries through the utility of double-
bounce scattering to identify flooded vegetation [168,220] and is well suited to identifying
emergent vegetation in marsh and swamp wetlands. The Cloude-Pottier, Yamaguchi, and
Hong and Wdowinski decompositions have also demonstrated capability in distinguishing
wetland vegetation types and water [168,219].

3.5.5. Interferometry

SAR interferometry (InSAR) is a technique for the extraction and mapping of physical
terrestrial properties. InSAR combines information from complex SAR images recorded at
different locations or times with slightly different look-angles [221], where the resulting
interferogram allows the identification of small differences in range, at sub-wavelength
scales, for corresponding image pairs [222]. InSAR has been utilised for mapping water
surface dynamics via X- [175,223], C- [224–227], and L-band [174,228,229] sensors. Such
studies concluded that InSAR is a useful tool for monitoring wetland water levels over
long time periods (multiple years) [174].

The effectiveness of InSAR for mapping wetland dynamics varies. Tall and woody
vegetation tends to exhibit the highest coherence between image pairs (due to increased
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double-bounce scattering) whereas herbaceous marshes common in the PPR tend to offer
degraded coherence as they experience major growth and change during the growing
season [174,225]. It is suggested that HH-polarised, small incidence angle observations are
well-suited for wetland InSAR mapping [230], and for monitoring extensive areas of small
wetlands with coherence [225].

4. Techniques for Wetland Mapping and Monitoring Applications

After data have been prepared (i.e., pre-processing and appropriate processing pro-
cedures have been applied), they can be interrogated for wetland features and classified.
Early methods favoured manually delineating and classifying wetlands, but methods have
evolved as computing resources and algorithm sophistication has improved. Some ap-
proaches for delineating and classifying wetlands from remote sensing data are discussed
in the sections below.

4.1. Manual Interpretation

Manual interpretation procedures have been employed since the establishment of
remote sensing technology. A number of studies have utilised such interpretive approaches
for inventory purposes [231–235], whereas others described the dynamics of vegetation
invasion between different wetland zones over time [236–238]. Although manual interpre-
tation poses challenges at finding experienced and qualified image interpreters, especially
with the consistent application of subjective techniques, it is often regarded as less reliable
than in-situ, field-acquired data with respect to accuracy. Manually interpreted data are
often used as a substitute for in-situ data to act as reference (calibration and/or validation)
data for wetland products generated from remotely sensed data [239] because larger areas
can be covered at a reduced cost.

Photo interpretation is the manual interpretation of high-resolution photographs,
typically acquired from a plane, helicopter, or unmanned aerial vehicle. The high accuracy
typically achieved through the photo interpretation of wetlands has gathered recognition
as an alternative to the acquisition of in-situ data in some regions. A benefit of photo
interpretation is related to the large geographic extents over which photo data are acquired;
greater areas can be interpreted from high-resolution photographs compared to traditional
in-situ interpretation. Photo interpretation can be subjective and requires a skilled remote
sensing analyst with knowledge of the region being interpreted. Under some jurisdic-
tions, analysts are required to hold certain qualifications before the interpreted data to be
considered for use [240].

Similarly, ground truth data can also be subjective, depending on how measurements
are taken. Therefore, the interpretation of data from in-situ and digital sources should
not be considered mutually exclusive approaches; field measurements and interpreted
photographs can be used as complementary data sources to expand reference data coverage.

4.2. Topographic Analysis

Bare-Earth DEMs are typically spatially continuous datasets that provide an estimate
of the absolute topographic elevation of the ground surface over a target area. Eleva-
tion data may be acquired through a variety of sensors, including lidar and radar and
sometimes stereo optical with fine enough resolution. Typically, DEMs with the greatest
topographic detail (spatial resolution) are acquired using airborne lidar, which is capable
of acquiring data finer than 1 m resolution. Elevation datasets that possess such detail are
ideal candidates for topographic analysis in the PPR, where landscape depressions can be
<0.01 ha in area.

A detailed analysis of topographic features has demonstrated success for delineating
wetland basins from neighbouring uplands [152] and has recently been adopted in the US
as an accompanying dataset to high resolution, optical data for the manual interpretation of
wetlands [240]. Methods have been developed and applied to DEMs to identify objectively
the probability of any given location on a landscape being part of a depression. The
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probability of depression datasets has not only facilitated the probable identification of PPR
wetlands but also the study of PPR wetland dynamics through the calculation of volumetric
water storage estimates during peak flow seasons [4,241,242]. Alternate approaches have
utilised the height above the nearest drainage (HAND) method in combination with slope
to successfully classify major landscape units (e.g., wetland from upland) [243]. An active
area of research relates to the connectivity of basins and the identification of spill locations
and the relationship between individual basins and local wetland complexes [244–246].
Beyond individual basins, the analysis of topographic features has been utilised for the
identification of catchment areas [90], where it has been noted that catchment areas are
also dynamic and related to the variable storage and the fill and spill connectivity between
basins [245,247]. Recent advances have used high-resolution DEMs to identify wetlands
with high solute accumulations, the accurate identification of which may be used to
strategise intelligently conservation efforts. Solute accumulation is largely determined by a
wetland’s topographic position and relationship with groundwater [248].

Alternative sources of elevation data are from spaceborne radar and lidar; however, the
spatial resolution of both data sources is typically too coarse for practical utility in the PPR
as a result of frequent small basins [249]. Radar data typically exhibit high repeat acquisition
rates and are therefore capable of producing spatially continuous surface elevation datasets
through gap-filling of no-data areas on repeat passes; however, coarse resolution imagery
remains an issue for analysis in the PPR. Unlike airborne lidar, spaceborne data are acquired
at nearly global scales but are done so within discrete footprints separated along an
orbital track. Discrete footprint lidar sensors are poor sources for inferring spatially
continuous DEMs due to the spatial separation between data points. For example, ATLAS
onboard ICESat-2 acquires range and elevation data at high resolution along pairs of
ground tracks, but each pair is separated by approximately 3 km [250]. Similarly, the GEDI
mission acquires data with a minimum footprint separation of 60 m [251]. These spatially
discontinuous measurements are too coarse for the inference of a spatially continuous
DEM, especially in the PPR, where wetland basins are often <0.1 ha (equivalent to an
approximately 31 × 31 m basin), almost half the size of the GEDI footprint separation. This
may lead to detectability issues for small basins even if sampled data are interpolated to
infer a higher resolution, continuous DEM.

4.3. Unsupervised Classification

Unsupervised classifiers have been successfully applied to remote sensing data for
the classification of land cover [51,77,252]. Unsupervised classifications are unguided by
any reference information, and classification is performed by analysis of data features
‘on-the-fly’ by software [77]. Unsupervised classifications are ideal for making inferences
where little or no validation data are available. A number of studies have utilised unsuper-
vised classifiers for wetland applications [253–257]. Gluck et al. [258] is an example of a
complementary principle component analysis (PCA), which reduces the number of image
bands utilised in an ISODATA classifier, where the first principle component (PC1) high-
lights vegetation, PC2 indicates wetness differences, and PC3 distinguishes wetlands from
uplands. Recent advancements have seen the use of unsupervised classifiers embedded
within layered algorithms to document change in wetland systems, such as Shadaydeh
et al. [259], who proposed the use of a multi-layer Markov Random Field (ML-MRF)
method. Unsupervised approaches remain an active topic in the research community,
where recent investigations have used deep feature, unsupervised classifiers for land cover
classification [260,261]. In addition, unsupervised and supervised classifiers have been
used in combination to improve output accuracies [262,263].

4.4. Supervised Classification

Supervised classifications (including machine and deep learning) are one of the most
common classifiers for land cover and wetland applications [259,264–267]. Supervised
classifiers require a reference dataset, referred to as ‘training data’, correlate class labels
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with pixel-associated data, and are used to train the algorithm to classify all pixels within
the image. The reference (or training) data are selected by the user and are related to
some physical landscape feature, such as wetlands. The maximum likelihood classifier has
been used in wetland classification applications with success [100,268–270]. Wei et al. [271]
utilised a supervised maximum likelihood classifier to identify open water among four
other vegetated land cover classes at two sites in Canada’s Georgian Bay with between 85%
and 90% overall accuracy. MacAlister et al. [272] similarly used the maximum likelihood
classifier to determine wetlands from non-wetlands across five sites with overall accuracies
ranging from 77% to 93%. Previous studies have compared unsupervised and supervised
classifiers for wetland mapping, where the majority conclude that the supervised yields
superior results [273,274] and are sometimes used to complement each other [262,275].

4.4.1. Decision Trees

Decisions trees are popular supervised classification methods for wetland applications
that also have applicability to a wide range of other data problems such as ranking,
probability estimation, regression, and clustering and to a variety of remote sensing land
cover mapping applications, including wetlands [276–280]. Decision trees are based on
a series of logical decisions that are easily interpreted; however, their high expressivity
results in a tendency to overfit models [281]. Chasmer et al. [16] produced a wetland
classification based on physical observations in lidar data, with accuracies ranging from
53% to 67%. Similarly, Montgomery et al. [67] used a decision tree approach to integrate
lidar and SAR data to classify wetlands and to identify open water and flooded vegetation
hydroperiods, achieving accuracies greater than 90% (kappa 0.80 to 0.95). Irwin et al. [68]
produced water masks using decision trees applied to SAR, lidar, and optical data in
isolation, then they combined these three data types in another decision tree to produce
a final water mask that indicated water extent and associated spatial uncertainty. Such
approaches may prove valuable in identifying waterbodies, which may subsequently
be interrogated to determine more detailed wetland characteristics such as class, form,
and type. Other decision tree methods have also been used to map wetland classes,
flora, and fauna, including: Classification Tree (CT) Analysis [282–285], Gradient Boosting
(GB) [106,286–288], and Classification And Regression Tree (CART) [6,289–291]. Baker
et al. [106] noted GB to be preferable to CT approaches for mapping wetland, non-wetland,
and riparian land cover classes; however, Tulbure et al. [282] obtained an overall accuracy
of 96% when classifying water bodies from other land cover types. Pantaleoni et al. [289]
noted that CART better classified three wetland classes from upland land cover types
with 73% overall accuracy. However, it was concluded that CART did not yield high
enough accuracies to replace wetland mapping methods based on feature extraction in
high-resolution image data [289]. Furthermore, CART has been noted to report lower
accuracies (with greater variability) relative to contemporary machine learning methods
when applied to wetland applications [292]. Similarly, other decision tree methods typically
produce less accurate results than ensemble and machine learning approaches [6,288].

4.4.2. Machine Learning and Deep Learning

Machine learning (ML) is a broad topic, covering simple nearest neighbour algorithms
to complex decision tree ensemble methods. ML algorithms are typically supervised classi-
fiers. While algorithms are capable of handling large datasets with high data dimensionality,
a reduction in dimensionality is often beneficial with respect to improved overall classifica-
tion accuracies [126,163]. A simple example of ML involves K-nearest neighbour (k-NN),
which is a non-parametric classifier that has been utilised for wetland classification [293].
However, the method is less commonly utilised for wetland mapping as overall accuracies
are significantly lower than equivalent results from more sophisticated algorithms such as
random forest (RF) [207,294,295]. The RF algorithm [296] is a popular classifier that consists
of multiple parallel decision trees where each tree is trained from a random subset of a
parent dataset [296]. RF methods have been employed for numerous wetland classification
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studies with varying degrees of success with overall accuracies generally greater than 70%,
but as high as 99% depending on the number of unique classes [48,126,209,266,297–302].

Na et al. [293] noted considerable improvement of classification results when using RF
(kappa k = 0.84) over k-NN (k = 0.42). Similarly, Amani et al. [207] identified RF as the best
choice for classifying each of the five AWCS wetland classes, in addition to upland, urban
areas, and deep water, as compared to CART, k-NN, and maximum likelihood classifiers.
The study investigated each classifier as a function of land cover classes across five different
study sites, concluding that RF produced the most accurate results [207]. Additional studies
support the status of RF as one of the most capable land cover classifiers [6,294,295,303].

Deep learning (DL) is a subset of ML that is becoming increasingly popular in remote
sensing classification applications, including land cover and wetlands [304–309]. ML algo-
rithms, such as random forest, learn from parsing data, and applying learned information
to inform decisions. DL algorithms operate similarly but can uniquely determine when an
inaccurate prediction is returned and make internal adjustments. The capacity to analyse
continually data with a logic structure is built upon a layered structure of algorithms that
make up an artificial neural network (ANN). Several variants of the ANN exist, some of
which are capable of performing analysis over single or time-series datasets, and some
with built-in pixel grouping (object segmentation) algorithms [288,310], which have proved
valuable for land cover classification.

Reviewed literature demonstrates that, in general, DL yields superior classification
results with respect to other popular machine learning algorithms [288,311–313]. DL has
already demonstrated success in better classifying ‘weak’ classes from unbalanced datasets
than standard machine learning counterparts. That is, for classes with little training data,
where standard machine learning approaches may miss the class in its entirety, DL can
better decompose the relationship between class labels and pixel-associated data. Moreover,
DL can depict weak classes whilst simultaneously outperforming standard methods in
other better-represented classes [305]. Although in its infancy, DL has demonstrated
remarkable potential in the classification of remote sensing data. With improved algorithm
efficiency, DL promises to feature heavily in future remote sensing analyses.

4.5. Object vs. Pixel Based Image Classification

The segmentation of a dataset is not to be confused with its classification. Segmenta-
tion refers to the breaking up of a data image into defined objects that represent land-based
features. Two major methods exist for segmenting images: object-based and pixel-based
methods. Object-based segmentation (or image analysis) classifies an image based on pixel
clusters, where each pixel in a cluster has some similarity with those within the overall
cluster. In contrast, pixel-based methods classify on a pixel-by-pixel basis and are not
concerned with any given pixel similarity with any of its local neighbours.

Object-based image analyses (OBIA) require an extra analysis step relative to pixel-
based analyses. In summary, an object-based analysis groups pixels into objects based on
shape, size, colour, and pixel topography parameters set by the user. These parameters
vary as a function of the landscape being segmented (i.e., urban area versus forest canopy)
and often require some sort of trial and error or optimisation based on the landscape
characteristics. More advanced methods can also consider multiple image layers, meaning
that supplementary information from additional data sources (e.g., lidar intensity, DEM,
DSM, SAR σ0, etc.) can also be utilised in the segmentation process. Typically, the more
layers available to the segmentation algorithm, the more refined segmented objects appear.
However, with more numerous layers comes increased complexity and computation times,
resulting in reduced cost-efficiency. Such analyses are typically performed by the use of
proprietary software packages such as eCognition (Trimble 2017), PCI geomatica (PCI
Geomatics 2017), and ArcGIS 10.3 onwards (ESRI 2017) (including ArcPro). However,
open-source alternatives are available through SAGA, the Orfeo toolbox (Orfeo 2017), and
Rsgislib [314], but these alternatives tend to exhibit less flexibility than their proprietary
counterparts. SAGA and Orfeo utilise a mean-shift approach similar to that used by
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ArcGIS and exhibits flexibility to tile data so as not to overwhelm computational resources.
Given the cost of proprietary software licenses for segmentation analyses, an open-source
alternative is suggested in the interest of cost-efficiency.

In the context of most wetland mapping scenarios, object-based approaches tend
to yield better overall accuracies than pixel-based approaches when validated against
independent data because object-based approaches reduce noise [48,107,299]. Although
segmentation analyses can be somewhat time-consuming and require optimisation, they
warrant further investigation for wetland mapping as such techniques have demonstrated
superiority over historic pixel-based analyses.

Pixel-based and object-based image analysis techniques can be applied to any image,
and thus any of the classification techniques discussed above can be applied to these images.
Traditionally, object-based analysis tends to yield more accurate results when applied
to multi-spectral optical imagery [100,315,316] because of the diversity of information
available through different image bands; these bands allow for better characterisation of
individual objects/pixel clusters. SAR images, for example, are not ideal candidates for
OBIA as they can only offer up to four unique ‘bands’ of information (if quad-pol) and are
often too speckled, thus causing confusion and over-segmentation (i.e., the delineation of
too many features, more than are present on the landscape).

4.6. Multi-Source Approaches

Multi-source approaches utilise both statistical and logic-based analysis techniques.
Such an approach has been investigated by Lunetta and Barlogh [317], who used a rule-
based GIS model to classify wetland and upland vegetation types in SPOT images in
the U.S. states of Maryland and Delaware. They showed that a GIS rule-based model
could be used post-classification to improve overall accuracy by an average of 17%. Li
and Chen [124] utilised a similar approach, applying rule-based decisions to an image
post-classification. Their study was focused on three sites in eastern Canada and recognised
up to nine classes. They concluded that the introduction of the rule-based classification
modifier significantly improved results with respect to traditional methods, which included
single data source and data fusion analysis [124].

Frohn et al. [107] utilised a primarily decision-tree approach optimised by trial and
error in order to classify wetlands from Landsat imagery. However, a pair-wise image
segmentation clustering analysis was performed before and after the decision-tree analysis
in order first to classify isolated wetlands and second to merge neighbouring objects within
the same land cover class. After final image segmentation was performed, the use of
ancillary GIS data layers was employed to assess the quality of the segmented image.
That is, buffered hydrology layers were utilised to mask data where potential wetlands
intersected stream, river, and lake buffers to prevent them from being classified as isolated
wetlands. User and producer accuracies (calculated against interpreted aerial images)
varied between wetland size classes, ranging from 59% to 98%, and from 84% and 97%,
respectively [107].

These studies form a body of literature that suggests that multi-source fusion approaches
outperform traditional classification approaches that utilise datasets in
isolation [72]. As a result, fusion-based approaches are well suited for studies in the PPR.

5. Summary and Recommendations

This paper sought to provide an overview of historical and contemporary remote
sensing data sources and applicable methods for wetland mapping and monitoring applica-
tions within the PPR. This investigation was rationalised within the Canadian province of
Alberta resulting from the desire to update wetland inventory maps for the entire province.
As a result, data sources and methods are required to minimise expense where possible and
meet the technical criteria identified by the Alberta Wetland Inventory Mapping Standards
and Guidelines [46]. It is important that Alberta does not constrict future remote sensing
technologies to ‘fit’ current standards, which are based on current (circa. 2020) remote



Remote Sens. 2021, 13, 3878 25 of 38

sensing technologies and analysis approaches. This will mitigate the rejection of contempo-
rary, accurate products that should replace redundant and otherwise outdated products
(as noted for Cook County, Illinois NWI products). While there are a variety of good wet-
land mapping standards, programs fail to recognise there are faster, and more temporally
accurate methods of obtaining better measures of wetlands through the course of a season.
It is recommended that criteria used in such standards should be reviewed periodically to
ensure they adequately represent new and emerging technology and methods.

This review of appropriate literature suggests that satellite multispectral imagery, inte-
grated with airborne lidar data through a multi-source fusion object-based image analysis
approach is optimal for the majority of remote sensing-based wetland applications in the
PPR; a generalised workflow example is provided in Figure 4. Data may also be supple-
mented with SAR, depending on application requirements. Data recommendations are
generalised by design because the suitability of specific sensors to a particular application
will vary as a function of the thematic area and user requirements. Importantly, this review
notes that the PPR remains relatively understudied compared to other wetland-supporting
landscapes (e.g., boreal, coastal, and tropical), which results in a significant knowledge gap
related to a variety of wetland applications.

Remote Sens. 2021, 13, x FOR PEER REVIEW 26 of 39 
 

 

 
Figure 4. Generalised, recommended schematic workflow for an object-based, multi-source approach for wetland appli-
cations in the prairie pothole region. Note, this is a suggested generalised approach that may not apply for all applications 
and should be used and modified as appropriate. 

Multispectral optical data are foundational for many wetland applications as they 
are capable of distinguishing different land covers (e.g., wetland from upland and wet-
land zones) based on vegetation characteristics and water presence. Satellite multispectral 
imagery offers ‘all-round’ applicability, facilitating low-cost (and open-source) acquisi-
tions at suitable repeat periods, resolutions, and at regional scales to capture PPR wetland 
dynamics on an intra- and inter-annual timeline. For wetland extent, abundance, and dis-
tribution applications, optimal results are suggested to be achieved through the analysis 
of multiple optical imagery acquisitions within a season. A minimum of two acquisitions 
per season is suggested to produce better results [67,72,127]. These acquisitions should 
occur in early spring, which captures (theoretical) peak water levels and early emergent 
vegetation, and in late summer to capture fully established wetland vegetation. The com-
bined use of spring and summer, cloud-free, optical images will capture intra-annual var-
iability in dynamic PPR wetlands. At present, Sentinel-2 is the only open-source optical 
data source capable of meeting the Alberta Wetland Inventory Mapping Standards and 
Guidelines, specifically, minimum mapping unit requirements (<0.04 ha).  

Airborne lidar has emerged as an invaluable tool for multiple wetland applications 
in the PPR. Despite the high cost and somewhat limited geographical extent associated 
with lidar acquisitions, the potential benefits outweigh the costs. Lidar provides high-res-
olution, unique three-dimensional information on the topographic and vegetated land-
scapes that is unparalleled by any other remote sensing data source. In an attempt to limit 
cost restrictions, it is recommended that repeat lidar data are acquired over extended time-
lines such as 5 to 10 years, where optimal acquisitions are expected during leaf-on condi-

Figure 4. Generalised, recommended schematic workflow for an object-based, multi-source approach for wetland applica-
tions in the prairie pothole region. Note, this is a suggested generalised approach that may not apply for all applications
and should be used and modified as appropriate.

Multispectral optical data are foundational for many wetland applications as they are
capable of distinguishing different land covers (e.g., wetland from upland and wetland
zones) based on vegetation characteristics and water presence. Satellite multispectral
imagery offers ‘all-round’ applicability, facilitating low-cost (and open-source) acquisitions
at suitable repeat periods, resolutions, and at regional scales to capture PPR wetland
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dynamics on an intra- and inter-annual timeline. For wetland extent, abundance, and
distribution applications, optimal results are suggested to be achieved through the analysis
of multiple optical imagery acquisitions within a season. A minimum of two acquisitions
per season is suggested to produce better results [67,72,127]. These acquisitions should
occur in early spring, which captures (theoretical) peak water levels and early emergent
vegetation, and in late summer to capture fully established wetland vegetation. The
combined use of spring and summer, cloud-free, optical images will capture intra-annual
variability in dynamic PPR wetlands. At present, Sentinel-2 is the only open-source optical
data source capable of meeting the Alberta Wetland Inventory Mapping Standards and
Guidelines, specifically, minimum mapping unit requirements (<0.04 ha).

Airborne lidar has emerged as an invaluable tool for multiple wetland applications in
the PPR. Despite the high cost and somewhat limited geographical extent associated with
lidar acquisitions, the potential benefits outweigh the costs. Lidar provides high-resolution,
unique three-dimensional information on the topographic and vegetated landscapes that
is unparalleled by any other remote sensing data source. In an attempt to limit cost
restrictions, it is recommended that repeat lidar data are acquired over extended timelines
such as 5 to 10 years, where optimal acquisitions are expected during leaf-on conditions.
Repeat acquisitions within this window will reduce data costs while benefiting applications
with additional data richness. Moreover, while individual acquisitions can be used to
establish baseline terrain and vegetation characteristics, annual updates can be achieved
within specific wetland applications (e.g., inventories) through the use of supplementary
high temporal resolution data (such as optical and/or SAR).

At the current stage of development, machine learning (including deep learning)
represents an efficient and accurate means of integrating and objectively optimising multi-
source, data-rich remote sensing acquisitions for the development of robust and consistent
wetland mapping and monitoring products. To date, machine learning statistical models
have been more commonly applied outside the PPR where the random forest has been
noted to yield greatest accuracies; however, deep learning algorithms show promise for
future applications. In principle, the application of machine learning models in the PPR
are identical to applications external of the PPR, however, training data sampling and
data analysis optimisation criteria may require additional development. Field acquisitions
are a requirement for the calibration and validation of products developed using such
methods. Field data must be appropriate for reconciliation with remote sensing data for
the purposes of scaling. Primary challenges of machine learning applications in the PPR
originate from landscape homogeneity, such that it is challenging to adequately represent
variations in vegetation (e.g., due to agriculture crop types, wetland form, etc.) training data
samples. Despite potential challenges, machine learning offers an opportunity to advance
wetland product accuracy and development in the PPR. Machine learning methods are not
applicable for all applications and should be replaced or supplemented with logic-based
methods where appropriate.

For applications beyond the scope of the Alberta Wetland Inventory Mapping Stan-
dards and Guidelines technical criteria, other candidate datasets may be utilised as a
function of specific application, however, additional data costs and analysis times should
be expected. Some examples include the use of the Landsat archive to perform historical
change analysis, or the use of hyperspectral data for more precise wetland vegetation
distinction. Regardless of location within or external to the PPR, the suggested remote
sensing data and methodological recommendations may be used to achieve higher ac-
curacies and advance wetland mapping and monitoring applications for academic and
operational purposes.
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