
 

 

 

 

 

Disclaimer 

The material in this publication does not imply the expression of any opinion on the part of any 
individual or organization other than the authors. Errors, omissions or inconsistencies in this publication 
are the sole responsibilities of the authors. The Alberta Biodiversity Monitoring Institute (ABMI) makes 
no warranty, expressed or implied, nor assumes any legal liability or responsibility for the accuracy, 
completeness, or usefulness of any information contained in this publication, nor does that use thereof 
infringe on privately owned rights. The views and opinions of the author expressed herein do not 
necessarily reflect those of ABMI. 
 
This project and report was tasked to ABMI by the Biodiversity Component Advisory Committee (CAC) of 
the Joint Oil Sands Monitoring (OSM) Program and what was formally known as the Alberta 
Environment, Monitoring, Evaluation and Report Agency (AEMERA). The conclusions and 
recommendations contained in this report have neither been accepted nor reject by AEMERA and/or 
the Biodiversity CAC. Until such time as AEMERA and/or the Biodiversity CAC issues correspondence 
confirming acceptance, rejection, or non-consensus regarding the conclusions and recommendations 
contained in this report, they should be regarded as information only. 
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Executive Summary 
Wetlands are recognized as key ecosystems in Alberta, and various stakeholders in northeastern Alberta 
have called for a more coordinated wetland monitoring program for the region. As a result of these calls, 
the Alberta Environmental Monitoring, Evaluation, and Reporting Agency (AEMERA) initiated the 
Integrated Wetland Project, with the goal of developing a wetland monitoring program framework for the 
Oil Sands region. This project, which is being led by the Alberta Biodiversity Monitoring Institute (ABMI), 
aims to develop recommendations for a new wetland monitoring program that will provide information 
about wetland condition, sustainability, and cumulative effects at local, regional, and landscape scales.  
 
The proposed framework for a new wetland-monitoring program in the Oil Sands region includes two 
major goals (ABMI 2016). The first goal is to track wetland condition in the region over time, with the aim 
of understanding how the cumulative effects of both natural and anthropogenic factors drive change in 
wetland condition. The second goal of the program is to detect site-specific change in wetland condition, 
with the objective of attributing that change to specific anthropogenic activities or natural environmental 
effects. The proposed approach to achieving these goals is to employ monitoring at three different levels: 
1) the landscape level, where wetlands will be mapped and classified; 2) the regional level, where change 
in wetland condition will be monitored in relation to cumulative effects; and 3) the sector/site/operator 
scale, where change in wetlands can be attributed to specific anthropogenic activities. Given the goals of 
this new monitoring program, it is anticipated that both field-based and remote sensing methods will be 
employed to assess and track the condition of wetlands in the region over time.  
 
Remote sensing is a rapidly evolving technology that obtains detailed information about objects or areas 
from a distance, typically from aircraft or satellites. A major advantage of remote sensing is that it 
provides a non-invasive means of monitoring ecosystems, while also allowing for the monitoring of large 
areas that would otherwise be difficult to comprehensively monitor using ground-based methods. This 
technology has the potential to greatly contribute to our understanding of wetlands, both at the local scale 
and within a larger landscape setting. This report includes a review of the key considerations for 
designing a remote sensing monitoring program, including a discussion about the appropriate scale and 
resolution for monitoring wetlands remotely, and the sensors and platforms that are currently available for 
collecting remote sensing data. This report also includes a detailed review of proven remote sensing 
techniques that can be used to classify, measure, and monitor vegetation, wetlands, and hydrology at 
both the local and regional scales, with a focus on the following key topics: 

1) Wetland Characterization 

2) Vegetation Analysis 

3) Hydrological Analysis 

4) Land Use and Land Cover Analysis 

While remote sensing offers many advantages for wetland monitoring, the effective design and 
implementation of a remote sensing based monitoring program relies upon understanding the strengths 
and weaknesses of each remote sensing approach, and selecting the most appropriate remote sensing 
sensor, platform, and method to answer questions related to a specific monitoring objective. As such, the 
first step in developing a robust remote sensing program is to clearly define the monitoring objective, and 
identify the key variables of interest. Once a monitoring objective has been established and key variables 
identified, the most appropriate remote sensing data type and analysis techniques can be selected. A 
second major consideration when designing a remote sensing monitoring program is the available 
budget. Remote sensing data, while often less expensive than field campaigns, can be costly, particularly 
if highly detailed imagery (high spatial and spectral resolution) is required over large areas, at multiple 
time steps. Thus, a balance needs to be struck between cost and data quality, and whether, ultimately, 
the information obtained through remote sensing meaningfully contributes to our understanding of 
wetland condition in the Oil Sands region. 
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1. Introduction  
The Alberta Environmental Monitoring, Evaluation, and Reporting Agency (AEMERA) was established in 
May 2014 to monitor, evaluate, and report on key environmental indicators. An objective of AEMERA is to 
create open and transparent access to scientific data and information on key indicators of air, water, land, 
and biodiversity, such that more informed land use decisions can be made in Alberta. During consultation 
with the Oil Sands Component Advisory Committees (CACs) and other stakeholder groups, wetlands 
were identified as a priority ecosystem, and the need for a more coordinated wetland monitoring program 
was identified. As a result, AEMERA initiated the Integrated Wetland Project and retained the Alberta 
Biodiversity Monitoring Institute (ABMI) to coordinate and lead the project, with the goal of developing a 
wetland monitoring program that will contribute meaningful and robust scientific information to more 
effectively manage these key ecosystems. 
 
The specific objective of the Integrated Wetland Project is to develop a wetland monitoring program for 
the Oil Sands region in northeastern Alberta. This program should provide information about wetland 
health, sustainability, and cumulative effects at local and regional scales, and must be able to 
discriminate between natural variation and changes resulting from human disturbance. The intent of this 
monitoring program is to provide industry (e.g., surface mining, in-situ extraction, other energy 
development, forestry industry, etc.), government (e.g., policy, planning, regulation), and other 
stakeholders (e.g., ENGO, general public) with robust information that can be used to support land use 
planning, regulatory approvals, and conservation of wetland ecosystems.  
 
The first Phase of the Integrated Wetland Project is to identify the scope and objectives required for an 
effective wetland field monitoring program for the Oil Sands region. Based on these objectives, a wetland 
monitoring framework will be developed that outlines the variables that need to be monitored to track 
drivers of wetland change, as well as wetland response to those drivers. In addition, an important 
component of this first Phase of the project is to evaluate existing wetland monitoring programs in the Oil 
Sands region, in order to identify opportunities to integrate these programs into the proposed sampling 
design. This review includes field-based programs, as well as programs that utilize remote sensing 
technology to monitor and assess wetland condition.  
 
Fiera Biological Consulting Ltd. was retained by the ABMI to assist with the review of existing monitoring 
programs in the Oil Sands region that utilize remote sensing technology. While the need for 
comprehensive and well defined remote sensing studies to map and monitor wetlands has been clearly 
demonstrated (ABMI 2016a), with the exception of the Peace Athabasca Delta, there has been little 
research within Alberta to-date that employs Remote Sensing to classify, measure, and monitor wetland 
vegetation and hydrology. Given the paucity of existing wetland monitoring programs that extensively use 
remote sensing, this review is primarily focused on identifying proven and repeatable techniques for 
classifying, measuring, and monitoring vegetation, wetlands, and hydrology at both the local and regional 
scales. Specifically, this review is focused on the following key topics as they relate to remote sensing 
technique and technology: 

1) Wetland Characterization 

2) Vegetation Analysis 

3) Hydrological Analysis 

4) Land Use and Land Cover Analysis 

 
The literature reviewed as part of this evaluation primarily included peer-reviewed scientific journals, but 
also included grey literature, white papers, and published scientific and government reports.  
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1.1. An Overview of Remote Sensing  

Remote sensing is a rapidly evolving technology that obtains detailed information about objects or areas 
from a distance, typically from aircraft or satellites. A major advantage of remote sensing is that it 
provides a non-invasive means of monitoring ecosystems, while also allowing for the monitoring of large 
areas that would otherwise be difficult to comprehensively monitor using ground-based methods. While 
in-situ field based monitoring programs can provide a high level of detail regarding the composition, 
hydrology, and function of wetlands, field based monitoring is often expensive and the remote location of 
many wetlands within Alberta makes field based monitoring logistically challenging. In contrast, remote 
sensing is well suited to inexpensively map and monitor wetlands over broad geographic extents. 
Furthermore, remote sensing can provide broad scale regional assessments of wetlands that provide 
important regional context for site specific in-situ monitoring programs (Gallant 2015).  
 
While remote sensing is well-suited to identify and characterize ecosystems at large spatial scales, there 
are also specific technologies and techniques that can be used to inventory, measure, and monitor 
ecosystems and ecological function at smaller spatial scales. In addition, remote sensing can capture 
temporal variation in wetlands that may not be possible with ground-based methods alone, as many of 
the airborne and satellite platforms that capture imagery have annual or seasonal repeat frequencies that 
can not be matched by ground-based programs due to cost. These platforms often have archives of 
historical images that can be used to map and characterize features of interest going back years or 
decades. If change into the future is of interest, there is a wide-range of data that can be obtained from a 
variety of sensors and platforms, and the quality and availability of remote sensing data that can be used 
to assess change in key wetland variables continues to expand. In particular, rapid advancements in 
Unmanned Aerial Vehicle (UAV) technology provides new and emerging possibilities for capturing site-
specific information at very fine resolution, and on time scales that are dictated by the user, thereby 
allowing for a flexibility of data capture that can not be matched by other remote sensing platforms. 
Combined with field ground-truthed data, remote sensing can provide very powerful information about 
ecosystem function at scales and frequencies that is often difficult or impossible to obtain through field-
based surveys alone.  

1.2. Key Considerations for Designing Remote Sensing Monitoring Programs  

While there are many advantages and opportunities afforded by remote sensing for wetland monitoring, 
the purpose and objectives of the monitoring program must be well-suited and paired with the most 
appropriate remote sensing techniques and approaches. Not all monitoring questions may be best 
answered by remote sensing, and the following key considerations should be top of mind when 
developing monitoring programs that rely on remote sensing information: 
 
Existing Techniques for Image Processing  

The establishment of a successful wetlands monitoring program that utilizes remote sensing technology is 
premised on one central question: can remote sensing provide an accurate, repeatable, and cost effective 
means to measure and monitor the ecological and hydrologic functions of wetlands? Fundamental to 
answering this question is whether reliable scientific methods have been developed to accurately 
measure, assess, or characterize specific ecological and/or hydrological characteristics or phenomenon 
of interest. Thus, this review focuses on the identification of specific image processing techniques that 
have been used to measure and monitor particular aspects of wetland condition or function that are 
relevant to the development of a wetland monitoring program.  
 
Two of the most common image processing techniques include object-based and pixel-based 
classification. High resolution satellite imagery often contains fewer spectral bands than moderate 
resolution imagery, and high resolution imagery is prone to within-class spectral variance, making 
separation of wetland vegetation and land cover types difficult (Klemas 2013). When using high spatial 
resolution imagery, object based image analysis is often performed to increase the accuracy of the 
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classification by including contextual information such as shape, texture, and area in the classification. 
Traditional pixel based classifications present a number of challenges when assessing wetland 
vegetation, including heterogeneity in local pixel values caused by the steep environmental gradients, 
variability in soil moisture, and spectral similarities between vegetation types. This spatial heterogeneity 
can constrain the discrimination of wetland vegetation, and often leads to high amounts of speckle in 
classification outputs (Dronova 2015). Furthermore pixel based classifications often lack ecologically 
meaningful information on spatial context, texture, and class neighbourhood relationships (Dronova 
2015).  
 
Object-based image analysis (OBIA) can be used to overcome some of the challenges associated with 
pixel-based classification, and presents an alternative classification framework that can be applied to a 
wide variety of remote sensing data products. In an OBIA, imagery is first segmented into a series of 
objects that represent groups of pixels that share similar properties. These objects thus represent distinct 
regions or entities within the study area that can then be classified using unsupervised, supervised, or 
rule based classification algorithms (Blaschke and Tomljenović 2012). Key advantages of OBIA 
classifications include: (1) the ability to include object shape, complexity, and texture variables in the 
discrimination of wetland vegetation; (2) smoothing input data to reduce the speckle associated with 
traditional pixel based classifications; and (3) allowing for the landscape hierarchy of patch and cover type 
by using multiple object layers at different spatial scales (Dronova 2015). Further, an OBIA applied to 
hyperspectral data has shown to be effective at resolving fine scale vegetation species composition in the 
Everglades region of South Florida, with an OBIA and subsequent machine learning classification method 
determining the extent and composition of 55 vegetation classes with an accuracy of 85% (Zhang and Xie 
2013). 
 
Sensor Type  

Both passive and active sensors are widely used to collect ecological and hydrological data. Passive 
sensors measure the sun’s energy in the form of reflected energy for visible wavelengths and re-emitted 
energy in the thermal infrared portion of the electromagnetic spectrum. These sensors rely on the sun as 
the energy source, and as such, can only detect reflected energy when the sun is illuminating the earth. 
Thus, passive sensors can only capture imagery during daylight hours, and cloud cover can often 
obscure the imagery captured using passive sensors. Different types of passive sensors detect multiple 
wavelengths of energy, and the most common passive sensors that have been used to monitor and 
assess wetlands include: 

 High-resolution Air Photos: Aerial photography has been used to characterize the earth surface 
for nearly a century, and the low cost and ubiquity of aerial imagery has led to the widespread 
use of this data product for environmental monitoring applications. Advances in camera 
technology in recent years have led to significant improvements in aerial imagery, allowing for the 
capture of imagery with very small pixel sizes (e.g., 25 cm) and moderate spectral resolution (i.e., 
4 spectral bands).  Despite recent advances in aerial photography, much of the available imagery 
is captured using broad spectral bands, which limits the utility of air photographs when using 
automatic classification techniques when processing imagery (Rapinel et al. 2015). 

 Multi-spectral Sensors: Multi-spectral imagery is a common remote sensing data product, which 
is acquired from a variety of space borne and airborne sensors. Multispectral scanners use a 
remote sensing radiometer that acquires and capture data in 3 to 10 narrow spectral bands, 
commonly red, green, blue, and near infrared. Within the broad class of multi-spectral data, 
sensors will typically deliver images with either high spatial resolution (e.g., meter or sub-meter 
pixels) that can be obtained using aerial photographs, or QuickBird and IKONOS imagery, or high 
spectral resolution (e.g., >6 discrete spectral bands), which can be obtained by using Landsat 
TM, MODIS, and NOAA AVHRR imagery. 
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 Hyperspectral Sensors: Hyperspectral scanners, or imaging spectrometers, are typically 
airborne or handheld instruments that detect individual absorption features of the target being 
monitored. Hyperspectral scanners acquire reflectance data in 100 to 200 discrete spectral 
bands, using very narrow bandwidths (5 to 10 nm). Hyperspectral data allows for the finer 
discrimination of target features on the ground; however, the large number of bands and amount 
of data can introduce data storage and processing issues, and redundancy between image bands 
can lead to lower classification accuracy if this imagery is not properly preprocessed.  

Active sensors do not rely on the suns energy for illumination, but rather emit their own energy. This 
emitted energy interacts with the earth surface and is reflected back, where it is captured by the sensor. 
As active sensors emit radiation, wavelengths of radiation that are not sufficiently provided by the sun can 
be examined (e.g. microwaves). This can provide valuable information related to hydrological and 
ecological processes that are undetectable using passive sensors alone. Furthermore, active sensors can 
acquire imagery at any time, regardless of the time of day or season, as they do not rely on sunlight for 
the illumination of the earth’s surface.  

 LiDAR: Light Detection and Ranging (LiDAR) is an active remote sensing method that uses 
pulses of laser to measure the distance to the earth surface. Two main types of LiDAR are 
commonly used: topographic LiDAR and bathymetric LiDAR. Topographic LiDAR uses near-
infrared lasers to map the land surface, while bathymetric LiDAR uses green wavelengths of 
lasers, which are able to penetrate water, to provide detailed mapping of shallow water 
environments.  

 Synthetic Aperture Radar (SAR): Synthetic Aperture Radar is a coherent radar system that 
utilizes the flight path of the platform (either satellite or airborne) to electronically simulate a large 
antenna or aperture to create high-resolution radar imagery. Several satellite SAR sensors are in 
operation, providing a host of imagery in different polarizations including the Canadian 
RADARSAT-2. Until recently, only moderate resolution (30m) satellite-borne SAR sensors were 
available, but more recent sensors, such as RADARSAT-2 and Sentinel-1A, are now providing 
fine resolution imagery (1 to 3 m).   

 Radar Altimetry: Radar altimetry uses a radar altimeter to measure the altitude of the terrain. 
Radio wavelengths are emitted from the altimeter, and the reflected waves from the ground are 
measured by the instrument to calculate the travel time, which is then used to calculate the 
distance between the antenna and the ground. Radar altimeters are primarily used to measure 
ocean surface topography, with an accuracy within a few centimeters.  

 Radar Interferometry: Radar Interferometry or Synthetic Aperture Interferometry (InSAR) is used 
to measure surface displacement or digital elevation. Using two or more SAR images, the 
differences in the phase of the waves returning to the satellite is used to produce interferograms 
that show millimeter scale differences in elevation and displacements.  

 
Scale and Resolution 

Remote sensing data is collected on platforms that are removed from the target surface that is under 
observation, and the information that is captured varies in both spatial and spectral resolution. Thus, the 
success of any remote sensing monitoring program is tied to questions related to scale at which the 
object is observed, and the spectral resolution of the data that is required to measure the phenomenon of 
interest. The most common remote sensing platforms in use today include satellites, aircraft, Unmanned 
Aerial Vehicles (UAVs), and ground-based sensors. There are many advantages and disadvantages 
associated with each platform, and matching the research or monitoring question to the most appropriate 
platform is critical.  A short description of each of the most commonly used platform for monitoring 
wetlands is provided below:  
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 Satellites: Imagery available from satellite platforms can be free or inexpensive, and is typically 
coarse spatial resolution with medium to high spectral resolution (e.g. Landsat sensors). There 
are satellite platforms that capture medium to fine spatial resolution data, with medium to high 
spectral resolution, but these data are moderately to very expensive. Landsat data has several 
advantages when conducting regional scale land cover classifications, including a large footprint 
for each image scene, a relatively high number of spectral bands to aid classification, and freely 
available imagery. 

 Airborne: Airborne platforms are widely used to provide both active and passive imagery. While 
airborne platforms are unable to provide the continuous global coverage that satellite platforms 
offer, airborne sensors can be used to target specific areas on short notice through 
commissioning flights from service providers that offer airborne image capture services. Thus, 
airborne platforms can be quite flexible, and flights to obtain imagery can occur when conditions 
are favorable. Data obtained from airborne platforms are moderately expensive, and include color 
infrared aerial orthophotography, which often has a high spatial resolution (sub-meter) and low 
spectral resolution (3- or 4-band).  Airborne platforms are also commonly used to acquire LiDAR 
and hyperspectral data, which can be very expensive to obtain for large spatial extents.  

 Unmanned Aerial Vehicles (UAVs): UAVs have long been identified as suitable platforms to 
acquire high resolution imagery, and the rapid advancement in UAV technology and computer 
vision has resulted in the rapid and continued use of UAV platforms to provide very high 
resolution (e.g., 10cm) broadband color imagery at a relatively low cost. UAV platforms are also 
capable of providing more expensive multispectral imagery and LiDAR data. While UAVs are able 
to provide ultra-fine resolution imagery, battery life and Transport Canada flight restrictions 
currently limit the footprint of imagery acquired by UAVs to a few kilometers, and as such, they 
are currently best-suited to local site-specific remote sensing and monitoring.  

 
 
Data Acquisition Costs 

While remote sensing can often provide a cost effective means of monitoring large areas, there are some 
remote sensing products that are very expensive (e.g., high resolution LiDAR and hyperspectral data), 
particularly when acquired over very large spatial extents. As a result, it is critical to ensure that the cost 
of acquiring the data be considered fully when implementing a monitoring program that relies on remote 
sensing, as there may be significant trade-off between cost and the spatial and/or spectral resolution of 
the data. Consideration must be given to achieving a balance between ensuring that the goals of 
monitoring program are being achieved, while also utilizing the most cost effective data available. This is 
particularly important when multiple time steps must be acquired to meet the monitoring objective. For 
example, hyperspectral imagery can provide a highly detailed (< 1m) land cover classification, but this 
data is very expensive to acquire, and requires extensive processing. In contrast, Landsat imagery can be 
used to create a land cover classification at no cost; however, the resolution of Landsat imagery is coarse 
(30 m), and thus, there is a significant trade-off between cost and resolution of the information that can be 
obtained. It is also important to consider that while certain monitoring questions can be answered using 
remote sensing imagery, it may be cost prohibitive to do so. Therefore, it is important to design a 
monitoring program that realistically considers cost as it relates to the acquisition of remote sensing data 
and products (Table 1). 
  
 



Review of Remote Sensing Methods for Monitoring Wetlands in Northeastern Alberta 
- FINAL-  

 

 

 
7 

Table 1. Summary of currently available remote sensing products by sensor type, resolution, and platform, including the approximate cost 
of each product. 
 

Sensor 
Type 

Resolution Platform Platform/Sensor Pixel Size Spectral Resolution 
Approximate 

Cost 

Passive 

Low  Satellite 

MODIS 250 m – 1000 m 36 Band Free 

Landsat 8 15 m – 60 m 11 Band Free 

ASTER 15 m – 90 m 15 Band $ 

Medium  Satellite 

Sentinel 2A 10 m – 20 m 13 Band Free 

SPOT 2.5 m – 20 m 4 Band $ 

RapidEye 5 m 5 Band $ 

High  

Satellite 

IKONOS 80 cm – 3.2 m 4 Band $$ 

QuickBird 65 cm – 2.4 m 4 Band $$ 

GeoEye-1 50 cm – 1.65 m 4 Band $$ 

Pleiades 50 cm – 2 m 4 Band $$ 

Worldview-3 30 cm – 7. 5 m 16 Band $$$ 

Airborne* 
Aerial Photos 25 cm – 1 m 1-4 Band $ 

Hyperspectral 25 cm – 1 m 200+ Band $$$$ 

Active 
Medium  Satellite 

RADARSAT- 2 3 m x 1 m – 100 m x 100 m C Band Quad Polarization $$ 

ALOS-2/ PALSAR-2 3 m x 1 m – 100 m x 100 m L Band Quad Polarization $$ 

Sentinel 1-A 5 m x 5 m – 20 m x 40 m C Band Single/Dual Polarization Free 

High  Airborne* LiDAR 1 m 1-3 Band $$$ 

* Airborne platforms can offer significant flexibility in data acquisition, allowing for imagery capture at specific times of the year/day with flexible repeat frequencies. A wide 
range of passive and active sensors is available for airborne platforms that allow for customizable imagery capture that can be tailored to the specific to the needs of the user.  
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2. Review of Remote Sensing Methods for Monitoring Wetlands 

2.1. Wetland Characterization 

Central to the success of any monitoring program is the ability to accurately identify and delineate 
the ecosystem of interest, and having the capacity to accurately track the location, type, and spatial 
and temporal distribution of wetlands contributes to more effective management (Frohn et al. 2012). 
Specifically, characterizing the composition and distribution of wetlands in relation to the underlying 
hydrology is important for understanding the stability of the watershed. Wetland delineation and 
characterization is also essential for monitoring changes to wetland form and distribution that may 
result from short- or long-term changes in hydrological conditions, climate, or other anthropogenic 
drivers of change.  
 
Comprehensive and accurate wetland inventories are important if tracking change in the size, 
distribution, and type of wetlands within a specified area is desired. Surveillance of key changes to 
wetland systems within large areas, or for a very large number of wetlands, is difficult and expensive 
without the use of remote sensing, and having high quality wetland inventories is foundational to 
tracking physical changes to individual wetlands or wetland systems. At present, Alberta has a freely 
available wetland inventory: the Alberta Merged Wetland Inventory (AMWI). This inventory is a 
mosaic of multiple wetland inventories that were created using different types of imagery obtained 
between 1998 and 2009. Wetlands within the AMWI are classified using the Canadian Wetland 
Classification System, and are organized into five classes: Bog, Fen, Marsh, Swamp, and Open 
Water.  
 
Mosaic tiles that comprise the AMWI were created using a range of different techniques applied to 
imagery with highly variable resolution. Wetlands within the northern Boreal area of the province 
were mapped automatically from Landsat 7 ETM+ imagery with a resolution of 30 meters (e.g. Ducks 
Unlimited Canada Boreal Wetland Classification). The wetland inventory in the southern and central 
portion of the province was largely derived from moderate resolution (5 meter SPOT imagery) or 
1:15,000 to 1:30,000 scale air photographs. Due to the variability in the resolution of imagery used to 
create the AMWI, the minimum size of wetlands included in the merged wetland inventory is variable, 
with a minimum size of wetlands captured using Landsat imagery being 1 ha, as compared to 0.2 ha 
for the SPOT imagery, and 0.04 ha for wetlands mapped using high resolution air photographs. The 
use of different methodologies and imagery to create the AMWI has resulted in an inventory with 
highly variable accuracy across different regions of the province. 
 
If one of the goals of a new wetland monitoring program for the Oil Sands region includes tracking 
changes to wetland location, size, and type at the local or regional scale, then remote sensing can 
be utilized to help achieve this goal. The most commonly used methods for mapping and 
characterizing wetlands fall broadly into the following main categories: 

1) Optical remote sensing, including classification of aerial photography, multispectral and 
hyperspectral sensors 

2) Terrain analysis using digital elevation models and light detection and ranging (LiDAR) data 

3) Microwave remote sensing, including synthetic aperture radar, interferometric synthetic 
aperture radar, and other microwave systems  

4) Multi-sensor analysis approaches  
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2.1.1. Optical Remote Sensing Approaches 

Aerial photography has been widely used to map and characterize wetland types (e.g. Tiner 1990; 
Tiner and Smith 1992; Tiner et al. 1996). The high resolution of air photographs is well suited to the 
identification and mapping of small scale wetland features; however, creating inventories from aerial 
imagery typically involves manual interpretation or manipulation that is both time consuming and 
requires a high level of training for the analyst (Gallant 2015).While the spatial resolution of aerial 
photography is well suited to wetland mapping, the spectral resolution of this data is often limited to 
three bands, acquired using broad wavelength bands. Thus, imagery obtained using aerial 
photography is not suitable for automatic computer based mapping of wetlands, due primarily to the 
poor spectral resolution (Rapinel et al. 2015). The increase in spectral resolution that is available 
using multispectral sensors allows for computer based classification methodologies that can be used 
to create detailed wetland inventories using less-intensive and more cost-effective automatic 
classification methods.   
 
Automatic classification techniques used for wetland mapping have traditionally used either 
supervised or unsupervised pixel based classifications. Unsupervised classifications typically group 
together pixels with similar spectral characteristics. Based upon knowledge of the wetland types 
within the area, the analyst then assigns a label to the clustered pixels (Ozesmi and Bauer 2002). 
Unsupervised ISODATA classifications are a common methodology that is often used to map 
wetlands using optical imagery, and good classification accuracies can be obtained when using a 
large number of clusters (Ozesmi and Bauer 2002). Supervised classifications require training data 
or groups of known objects that are used to train the computer to detect the objects of interest. The 
spectral characteristics of these known samples are then compared to the remaining pixels within the 
image, and classes are assigned based on the spectral similarity to the known training data. 
Supervised classification approaches typically perform better at characterizing wetland classes; 
however, the identification and creation of training data is often time consuming and spectral 
homogeneity within the selected training data can cause misclassification errors (Ozesmi and Bauer 
2002). When using either supervised or unsupervised classification approaches, wetlands should be 
separated from other upland cover types prior to their classification to reduce misclassification errors 
(Frohn et al. 2012; V. Klemas 2013). 
 
Landsat multispectral imagery has been widely used for wetland mapping, due to the large swath 
width of each scene (185 km), high frequency repeat rate (16 days), long temporal archive of 
imagery (since 1972), and the availability of all imagery at no charge. Since the launch of Landsat 
TM in 1982, Landsat imagery has been used to successfully study wetlands and undertake wetland 
mapping (Ozesmi and Bauer 2002). While Landsat TM imagery contains sufficient spectral resolution 
to effectively map wetlands and discriminate between wetland types, the 30 meter spatial resolution 
of Landsat sensors limits the availability of this sensor to detect wetland features smaller than 0.9 ha, 
or 9 x 9 pixels (Ozesmi and Bauer 2002). While this coarse resolution may be appropriate for 
generally characterizing and mapping large wetlands at regional scales, the use of Landsat imagery 
to characterize wetlands is particularly problematic in geographic localities that are dominated by 
small wetland objects, such as the prairie pothole region of Alberta.  
 
This limitation of the resolution of Landsat imagery can, in some cases, be reduced through the use 
of subpixel classification techniques that include spectral unmixing, spectral mixture analysis, and 
fuzzy classification. These techniques reduce the effect of mixed pixels that arise when using course 
spatial resolution imagery, such as Landsat TM and Landsat 8 imagery, by estimating the proportion 
of each land cover type within a single pixel (Ozesmi and Bauer 2002). While subpixel classifiers can 
resolve features smaller than the spatial resolution of the sensor, the success of subpixel classifiers 
relies upon having spectrally distinct endmembers within the pixel. For example, subpixel 
classification techniques (such as spectral unmixing) are able to successfully differentiate between 
elements that are spectrally distinct and dissimilar, such as water and vegetation. However, resolving 
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differences in vegetation types (e.g., deciduous trees versus coniferous trees) or wetland features 
(e.g., swamps versus bogs) can be difficult because the elements of interest may be too spectrally 
similar (Ozesmi and Bauer 2002). Despite these limitations, some scholars have had success 
mapping small wetlands (i.e., >0.2 ha) using subpixel matched filtering, which is a method of spectral 
unmixing (Frohn et al. 2012). Subpixel matched filtering techniques require only the spectral 
signature of the wetland, and do not rely upon the knowledge of other land cover spectral signatures 
within the scene, which are often unknown (Frohn et al. 2012). Applying a subpixel matched filtering 
method to a temporal archive of Landsat imagery, Frohn et al. (2012) were able to identify small 
wetlands in Ohio with an overall accuracy of 92%.  
 
When classification and mapping of wetland features smaller than 0.2 ha is required, high spatial 
resolution satellite imagery can provide both the high spatial and spectral resolution needed to more 
accurately map and characterize wetland types at smaller spatial scales. While high-resolution 
satellite imagery (4 m to 25 cm) can provide a much finer pixel resolution than Landsat sensors (30 
m), higher resolution sensors typically have fewer spectral bands than Landsat, and the cost of 
acquiring this imagery is typically high, particularly when both high spatial and spectral resolution are 
required. In order to effectively differentiate wetland community types using lower cost imagery (e.g. 
high spatial and low spectral resolution), multi-temporal approaches are often used. 
 
Utilizing multi temporal imagery from high or moderate resolution sensors across a growing season 
captures changes in the phenology of different land cover types, which can then be used to more 
accurately distinguish vegetation and wetland classes (Ozesmi and Bauer 2002; Frohn et al. 2012; 
Reschke and Hüttich 2014). For example, Lawrence et al. (2006) used multi temporal high resolution 
Ikonos imagery to classify prairie pothole wetlands in Northwest Dakota. Using the two original 
images in addition to principal component bands and spectral difference values between the image 
dates, Lawrence et al. (2006) were able to use a hierarchical decision tree classification to 
discriminate pothole wetlands and vegetation type at a high level of accuracy (>72%).  Multi-
temporal Landsat data has also been shown to improve classification accuracy when mapping small 
isolated wetlands, with classification accuracy increasing from 65% to 92% when a time series of 
Landsat imagery was used with a sub-pixel classifier (Frohn et al. 2012). Wetland characterization 
using newly emerging remote sensing methodologies, such as object based image analysis and non-
parametric classifiers such as decision tree classifiers and machine learning algorithms, have 
resulted in more accurate classification and characterization of wetlands using optical imagery 
(Reschke and Hüttich 2014). For example, random forest classifiers that combine multiple decision 
tree classifiers have been used to map wetlands in West Turkey with an accuracy of 79% (Reschke 
and Hüttich 2014).  
 
While high resolution imagery, subpixel classifiers, multi-temporal imagery, and new remote sensing 
algorithms have been used to successfully map and characterize wetlands, limitations remain when 
using optical imagery alone for wetland characterization. Firstly, the detection of wetlands and open 
water under tree canopy remains a challenge when using optical imagery, as optical wavelengths 
are unable to penetrate through vegetation (Ozesmi and Bauer 2002; Li and Chen 2005). Ancillary 
data can aid in the successful classification of wetland type, including SAR for differentiating 
between treed wetlands and treed uplands (Ramsey 1995), and LiDAR elevation data to identify 
depressional basins (Klemas 2013). Secondly, while optical imagery can be used to successfully 
characterize wetland type, optical imagery is strongly affected by smoke and cloud cover, and can 
only be used to characterize wetlands under clear-sky conditions (Töyrä and Pietroniro 2005). This 
limits the use of optical remote sensing in areas where cloud or smoke cover is persistent. 
Additionally, the temporal archive of optical imagery that can be used in multi-temporal analysis may 
be significantly reduced by cloud and smoke cover.  



Review of Remote Sensing Methods for Monitoring Wetlands in Northeastern Alberta 
- FINAL-  

 

 

 
11 

2.1.2. Terrain Analysis 

There is a strong correlation between wetland features and depressional areas within a Digital 
Elevation Model (DEM), and as such, DEMs can be used to automatically detect depressions, which 
can be used to approximate the location of depressional wetland basins (Lindsay et al. 2004). LiDAR 
is an active sensor that is particularly well suited to mapping depressional wetlands, as it is capable 
of measuring bare ground topography under tree and vegetation canopies, thus allowing for the 
detection of treed depressional wetlands (Lindsay et al. 2004).  
 
Employing a stochastic depression mapping procedure to reduce the effect of artifacts in a LiDAR 
derived bare ground DEM, Lindsay et al. (2004) automatically derived a depressional wetland 
inventory by comparing the resulting probability of depression result to the known location of wetland 
boundaries. Depressional wetlands were mapped to correspond to a probability of depression of 
0.15. An alternative approach to wetland mapping using terrain analysis is to model the depth to 
water as a continuous gradient across the landscape (Murphy et al. 2007). Mapping wetlands as a 
gradient from wet to dry takes into account the spatial variability within wetlands, and the fuzzy 
boundaries that occur as areas transition from upland to wetland (Murphy et al. 2007). A depth to 
water value was modeled for each pixel using a GIS based algorithm applied to a DEM and 
hydrographic data, based upon a modified and hydrometrically corrected soil wetness index. This 
approach identified a higher number of small wetlands and riparian areas than traditional aerial 
photography interpretation, and furthermore, provided a continuous coverage that allowed for the 
evaluation of the hydrologic regime surrounding wetlands (Murphy et al. 2007). Neither the depth to 
water analysis, nor the probability of depression mapping adequately captures raised bogs, as the 
location and extent of raised bogs does not correlate as strongly to local topography (Murphy et al. 
2007).  

2.1.3. Microwave Remote Sensing Approaches  

Imaging radars and SAR microwave radiometers provide two significant advantages for regional 
wetland mapping over sensors in the visible and NIR portion of the EM spectrum. Firstly, active SAR 
sensors are insensitive to cloud cover and darkness. This allows for the acquisition of imagery at any 
time of the day or year (Ozesmi and Bauer 2002). Secondly, microwave is very sensitive to variability 
in soil moisture and inundation, which can be used to effectively determine the boundary of wetland 
features. Microwave can also penetrate vegetation canopies, making the detection of inundation 
under tree canopy possible, particularly at longer wavelengths (Klemas 2013).  Radar remote 
sensing using both L-band and C-band multi-polarized radar has been shown to correlate well with 
soil moisture and inundation, and multi-polarized radar has been used to successfully characterize 
wetland type (e.g. Li and Chen 2005; Racine et al. 2005; Evans et al. 2015). Higher frequency 
shorter wavelength radars (e.g. C-band) are generally more sensitive when mapping inundation 
under short vegetation, such as fens and bogs, while lower frequency longer wavelength radars (e.g. 
L-band) are more sensitive at detecting hydrological conditions under flooded taller vegetation found 
in forests and swamps (Sass and Creed 2011). While microwave remote sensing provides significant 
advantages when mapping inundation and soil moisture, characterizing wetland vegetation type 
using SAR data remains challenging due to the speckle that is inherent within SAR imagery (Ozesmi 
and Bauer 2002), and the non-unique spectral properties of radar that only provide information on 
the surface roughness, geometry, and moisture content of the earth surface. Furthermore, the 
interpretation of SAR imagery is less intuitive than that of optical imagery, and the methods and 
techniques used to process SAR data are not as well studied or developed, as compared to optical 
data (Tiner et al. 2015).  
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2.1.4. Multi-Sensor Remote Sensing Approaches  

Throughout the literature, it has been suggested and demonstrated that combining optical, radar, 
and terrain data improves the overall ability for remote sensing methodologies to characterize and 
map wetlands (Ozesmi and Bauer 2002; Pietroniro and Leconte 2005; Li and Chen 2005; Adam et 
al. 2010; Robertson et al. 2015). The combined use of LiDAR and very high spatial resolution optical 
imagery has the potential to produce highly detailed wetland inventories, as LiDAR provides 
additional information to characterize the vegetation stratum, as well as providing highly detailed 
information on the microtopography, which is strongly correlated to the moisture gradient in wetland 
ecosystems (Maxa and Bolstad 2009; Rapinel et al. 2015). In a study conducted by Maxa and 
Bolstad (2009), a multi-sensor approach to manually delineating and classifying wetlands in north-
central Wisconsin showed a marked improvement over more traditional methods that rely on air 
photo interpretation alone. Using high resolution Ikonos imagery combined with 1 m LiDAR, wetlands 
within a 65 km2 area were classified into 13 classes with a 75% accuracy, while an overall accuracy 
of 85% was achieved when wetlands were combined into seven wetland classes. This was a 
significant improvement over the existing wetland inventory (56% accuracy), which was derived 
using a single air photograph and manual interpretation without the use of LiDAR. While the use of 
multi-sensor data improves the accuracy of manually delineated wetland inventories when compared 
to single air photograph interpretation, manually delineating wetland classes remains time 
consuming and requires a high degree of analyst training.   
 
Multi-sensor approaches have also been used to create detailed wetland inventories using automatic 
classification techniques, and many studies have demonstrated that combining data from multiple 
sensors when using automatic classification approaches significantly improves wetland classification 
accuracy, as compared to a single sensor approaches. Examples of studies that illustrate the use of 
specific multi-sensor approaches to map wetland communities are provided below:  

 Using an object-based approach and decision tree classifier, Rapinel et al. (2014) used 
multi-temporal, multispectral imagery (Quickbird, KOMPSAT-2) and LiDAR data to 
automatically classify wetlands into six wetland, and seven upland classes, to an accuracy of 
86%. This accuracy was consistently higher than classifications performed using a single 
image type without the inclusion of LiDAR data (Rapinel et al. 2014).   

 Using multi-temporal L Band SAR, Landsat, and DEM data, Rebelo (2010) was able to 
characterize wetlands surrounding Lake Chilwa, Malawi with an accuracy of 89%. The 
inclusion of multi-temporal SAR enabled the identification of spatio-temporal patterns of 
inundation and vegetation distribution, which increased the classification accuracy (Rebelo 
2010).  

 Using Landsat 7 ETM + data with multi-temporal Radarsat -1 SAR and a digital elevation 
model, Li and Chen (2005) classified wetlands in three different areas in Canada. Using a 
decision tree approach that incorporated optical, passive, and terrain data, the researchers 
were able to successfully detect and map treed wetlands, including swamps, bogs, and fens. 
Despite significant improvements in detecting treed wetland classes when using SAR as 
opposed to using optical imagery alone, short wavelength C-band Radarsat-1 data with a 
single polarization is unable to penetrate very dense vegetation. This limitation of SAR 
imagery resulted in the omission of wetlands where vegetation density was high (Li and 
Chen 2005).  

 Dingle Robertson et al. (2015) calculated measures of entropy, anisotrophy, and alpha 
components from Radarsat-2 C-band data (fine quad-polarization). These measures were 
included with Worldview-2 imagery and DEM data to undertake an object based decision 
tree classification to characterize wetlands within Eastern Ontario. Classifications that used a 
combination of high resolution optical and polarimetric radar data performed better at 
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distinguishing between wetland classes than classifications that used either optical or radar 
data alone. 

2.2. Vegetation Analysis 

Vegetation composition, vigour, and distribution can provide very important information about the 
underlying physical processes that are occurring in both wetlands and watersheds, particularly with 
respect to underlying hydrological processes and soil moisture. As such, understanding the remote 
sensing capabilities that exist to measure and assess vegetation distribution, density, composition, 
and health is critical to designing a monitoring program that will be able to detect seasonal, annual, 
or inter-annual changes in vegetation at the local and regional scale.  
 
While remote sensing offers many opportunities for vegetation analysis, there are specific challenges 
associated with existing techniques and technology. For example, herbaceous wetland vegetation 
often exhibits high spectral and spatial variability due to the steep environmental gradients that exist 
within wetlands, leading to large changes in wetland vegetation units over small areas. This makes 
the identification of boundaries between vegetation units problematical, unless very high-resolution 
hyperspectral imagery is available. Furthermore, remote sensing of wetland vegetation is often 
hampered by the spectral similarities in wetland vegetation communities (Ozesmi and Bauer 2002), 
which are further combined with the reflectance spectra of the underlying soil, hydrology, and 
atmospheric vapor (Adam et al. 2010).  
 
Despite these challenges, remote sensing provides a cost effective way of conducting wetland 
vegetation analysis at a variety of spatial scales, as new techniques and advances in remote sensing 
platforms and sensors are being utilized to overcome these challenges. Over the last several years, 
the focus of remote sensing vegetation analysis has been on developing both digital image 
classification techniques and vegetation index clustering techniques that can be applied to optical 
imagery (Adam et al. 2010). This review will cover remote sensing advancements using both 
multispectral and hyperspectral data. Pixel based and object based classification techniques will be 
reviewed, in addition to the vegetation indices that have been applied to estimate the biophysical and 
biogeochemical properties of wetland vegetation. Finally, the use of very high spatial resolution 
imagery, and the potential opportunities that UAVs offer for remote vegetation analysis, will be 
discussed. 

2.2.1. Vegetation Community Composition 

Mapping wetland vegetation at a regional scale using moderate resolution multispectral data (e.g. 
SPOT and Landsat TM) using pixel based digital image classification (supervised, unsupervised, and 
machine learning) can produce reasonable results; however, multispectral data does not discriminate 
between vegetation species due to a lack of spectral and spatial resolution (Adam et al. 2010). Multi-
spectral wetland vegetation classification accuracy may be improved when using ancillary data such 
as elevation, bathymetric, and terrain data (Adam et al 2010). For example, Szantoi et al. (2013) 
used high resolution colour infrared imagery to classify wetland plant communities, and reported high 
(83.7%) classification accuracy when including spectral bands, Normalized Difference Vegetation 
Index (NDVI), and first order texture features in the classification algorithm.   
 
Alternative classification techniques also improve the accuracy of vegetation analysis when applied 
to multispectral imagery, with artificial neural network (ANN) classification approaches increasing the 
accuracy of wetland vegetation classification from Landsat TM data by 15%, when compared to 
maximum likelihood supervised classification (Berberoglu et al. 2000). Similar increases in 
classification accuracy have been reported when applying hybrid fuzzy classifiers, with an increase 
in vegetation accuracy of 20% over conventional supervised classification techniques (Sha et al. 
2008). Improving classification accuracy when mapping vegetation composition using moderate 
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resolution multi-spectral data can also be achieved using decision tree classifiers. Decision tree 
classifiers are particularly useful when including ancillary data, as this approach provides an 
opportunity to integrate multiple environmental variables into the classification process.  

2.2.2. Vegetation Species Identification 

Hyperspectral data has been widely used to derive species-level remotely sensed vegetation maps. 
Whereas multi-spectral data typically contains 3 to 8 spectral bands, hyperspectral data contains 
hundreds of narrow continuous spectral bands in the visible, near-infrared, and short wave infrared 
portions of the electromagnetic spectrum (Govender et al. 2007).This dramatic increase in spectral 
resolution allows for the discrimination of vegetation types based upon small differences in discrete 
areas of the electromagnetic spectrum, which can be used to distinguish between species type 
(Govender et al 2007). Hyperspectral data is typically collected using airborne platforms or using 
hand held spectrometers that are employed in a laboratory or in the field. Many wetland species 
have had their spectral reflectance measured in both the laboratory and field settings, and the 
spectral signatures of wetland vegetation have been successfully used to map wetland species 
composition from airborne hyperspectral data (Rosso et al. 2005; Zomer et al. 2009).  
 
While hyperspectral data can be used to effectively classify wetland vegetation to a species level, 
hyperspectral remote sensing of vegetation does have some significant challenges. Hyperspectral 
remote sensing relies on the acquisition of reference spectra for each wetland species, and while 
progress has been made to compile a wetland-specific spectral library of vegetation spectra, more 
work is needed to provide a comprehensive, regionally-specific library (Adam et al. 2010, Zomer et 
al. 2009). Furthermore, the high spectral resolution of hyperspectral imagery can lead to a significant 
impact of mixed pixel composition when comparing between reference spectra and airborne 
hyperspectral data. Additionally, the high number of image bands available with hyperspectral 
imagery can result in data redundancy that may severely reduce classification accuracy (Zhang and 
Xie 2013), and can also limit the use of more computationally expensive classification techniques, 
due to the large amount of data. These limitations can be overcome with careful application of 
spectral un-mixing algorithms and band selection processes; however, these processing challenges 
result in lengthy processing times, even for small areas (Adam et al. 2010).  

2.2.3. Mapping Wetland Vegetation with High Spatial Resolution Imagery 

High-resolution satellite imagery often contains fewer spectral bands than moderate resolution 
imagery, and high-resolution imagery is prone to within class spectral variance, making separation of 
wetland vegetation and land cover types difficult (Klemas 2013). When using high spatial resolution 
imagery, object based image analysis (OBIA) is often performed to increase the accuracy of the 
classification.  
 
Traditional pixel based classifications present a number of challenges when assessing wetland 
vegetation, including heterogeneity in local pixel values caused by the steep environmental 
gradients, variability in soil moisture, and spectral similarities between vegetation types. This spatial 
heterogeneity can constrain the discrimination of wetland vegetation, and often leads to high 
amounts of speckle in classification outputs (Dronova 2015). Furthermore, pixel based classifications 
often lack ecologically meaningful information on spatial context, texture, and class neighbourhood 
relationships (Dronova 2015). OBIA can be used to overcome some of these challenges, and 
presents an alternative classification framework to traditional pixel based classifications that can be 
applied to a wide variety of remote sensing data products.  
 
In an OBIA, imagery is first segmented into a series of objects that represent groups of pixels with 
similar spectral properties. These objects thus represent distinct regions or entities within the study 
area that can then be classified using unsupervised, supervised, or rule based classification 



Review of Remote Sensing Methods for Monitoring Wetlands in Northeastern Alberta 
- FINAL-  

 

 

 
15 

algorithms (Blaschke and Tomljenović 2012). Key advantages of OBIA classifications include: (1) the 
ability to include object shape, complexity, and texture variables in the discrimination of wetland 
vegetation; (2) smoothing input data to reduce the speckle associated with traditional pixel based 
classifications; and (3) allowing for the landscape hierarchy of patch and cover type by using multiple 
object layers at different spatial scales (Dronova 2015). An OBIA applied to hyperspectral data has 
shown to be effective at resolving fine scale vegetation species composition in the Everglades region 
of South Florida, with an OBIA and subsequent machine learning classification method determining 
the extent and composition of 55 vegetation classes with an accuracy of 85% (Zhang and Xie 2013). 

2.2.4. Estimating Biophysical Properties of Wetland Vegetation 

Understanding how biophysical properties of wetland vegetation vary spatially and temporally in 
response to natural change or anthropogenic stressors is an important component of any wetland 
monitoring program. Biophysical properties of vegetation that can be measured and monitored using 
remote sensing include the leaf area index, canopy structure and density, and biomass.  
 
Leaf area index (LAI) is defined as the total area of all leaves in the canopy (one sided) per ground 
unit area (m2 /m2) (Gong et al. 2003). LAI is often used as a proxy to estimate energy and mass 
exchange characteristics including photosynthesis, respiration, evapotranspiration, and primary 
productivity. LAI estimation for wetland specific vegetation is conventionally conducted by creating 
empirical relationships between LAI vegetation indices such as the Normalized Difference Vegetation 
Index (NDVI) (Adam et al. 2010). NDVI is an index of photosynthetic activity that is commonly used 
to assess vegetation vigour and greenness, and is easily calculated using colour infrared imagery, as 
an index of red to near-infrared wavelengths.   
 
Recently, narrow band hyperspectral data has been used to estimate LAI of wetland vegetation with 
an accuracy of 80% (Berezowski and Chormański 2014). A significant challenge in estimating the 
LAI for wetland vegetation is the strong dependence on the near infrared wavelengths when 
computing LAI estimates. Near infrared wavelengths are strongly affected by the background of soil 
and water that are typically found in wetlands, which reduces the accuracy of LAI measurements in 
these environments (Adam et al. 2010). The sensitivity and accuracy of biophysical assessment of 
vegetation decreases significantly as above ground biomass increases; furthermore, asymptotic 
saturation is common in passive optical data, particularly where vegetation is short and dense with a 
high LAI, which is typical of wetland vegetation (Luo et al. 2015). This leads to further reductions in 
LAI accuracy for wetland vegetation. The oversaturation of LAI when using the NDVI to estimate LAI 
in densely vegetated areas may be overcome by using narrow band vegetation indices based upon 
red edge and shoulder NIR wavelengths (Mutanga et al. 2012). An alternative approach to 
estimating wetland LAI has been developed by Luo et al. (2015), who have used LiDAR data to 
estimate LAI using the laser penetration index. This approach is insensitive to absorption in the 
visible red and near infrared, removes the effects of data saturation, and provides additional three 
dimensional structure attributes that can be used to further refine LAI models (Luo et al. 2015).  
 
In addition to vegetation vigour, vegetation structure, height, and cover are often monitored in 
wetlands, as these characteristics can be highly related to ecosystem condition. LiDAR data is 
capable of representing the three dimensional structure of vegetation, as well as the subcanopy 
topography, and LiDAR point cloud data can be used to accurately estimate vegetation height, cover, 
density and canopy structure (Lefsky et al. 2002). Estimating vegetation height and density from 
discrete LiDAR point clouds is a relatively simple process that can be easily implemented in most 
image processing systems (Lefsky et al. 2002).Tree height and density measures from LiDAR point 
cloud data require high point cloud density to ensure that the highest proportion of each individual 
tree crown is sampled and that true ground returns are captured.  
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2.2.5. Emerging Platforms and Techniques 

Recent advances in Unmanned Aerial Vehicles (UAVs) have led to an increase in the availability of 
very high spatial resolution (<10 cm) imagery at a reasonable cost, with very flexible acquisition 
dates that allow for imagery capture concurrent with the acquisition of field observations and data. As 
such, UAVs are now being used to effectively study many environmental parameters (Klemas 2015).  
The rapidly emerging suite of sensors and instruments that are being developed specifically for UAV 
applications (including LiDAR, hyperspectral scanners, and thermal infrared sensors) may provide 
current and future opportunities to remotely assess wetland vegetation at small spatial scales.  
 
For example, Jensen et al. (2011) successfully used UAVs to identify and map wetlands with a multi-
spectral scanner (visual and near-infrared) using a vector machine classification algorithm. Multiple 
acquisitions throughout the year allowed for the monitoring and detection of invasive species in the 
wetland; however, classification accuracies for this study were not stated. Other studies using UAVs 
to delineate fine scale wetland vegetation communities have been conducted by Zweig et al. (2015). 
Wetland community characterization was undertaken using an automated pixel based classification 
using machine-learning algorithms. These algorithms were applied to the original 5 cm, three band 
spectral data and texture measures. When the classification was applied to the original very high 
resolution imagery, it resulted in significant speckle, and imagery was resampled to 0.5 meters to 
improve both classification accuracy and reduce the “salt and pepper” effect. This methodology was 
able to differentiate nine vegetation communities within the study area with an accuracy of 69%, 
increasing to 91% when three wetland vegetation communities categories were used (Zweig et al. 
2015). The low classification accuracy when differentiating between the nine wetland vegetation 
communities is likely due to the spectral similarity between wetland vegetation (Ozesmi and Bauer 
2002), and as such, including near infrared and red-edge bands to the analysis may result in 
substantial improvements in the ability to detect differences in wetland vegetation community type.   

2.3. Hydrological Analysis 

Hydrological conditions (e.g., surface and groundwater) drive physical conditions and processes at 
local and regional scales. The composition, distribution, and condition of vegetation communities are 
in large part driven by hydrological conditions, and changes in these conditions can have large 
impacts on vegetation and the wildlife species that rely on those communities. Thus, understanding 
the hydrological dynamics of a wetland and the larger watershed is central to understanding 
ecosystem function and process.  
 
This section focuses on summarizing the current state of remote sensing as it relates to hydrological 
assessment, analysis, and monitoring, with specific attention being given to techniques for mapping 
and monitoring wetland bathymetry and water depth; detection and monitoring of soil moisture; and 
groundwater discharge monitoring.  

2.3.1. Wetland Bathymetry and Water Depth 

A wide range of different techniques and methods that utilize multi-spectral satellite imagery have 
been developed to measure water depth and turbidity. For example, Bustamante et al. (2008)  
calculated wetland water depth from multispectral imagery (Landsat ETM+ bands 1, 5 and a band 
ratio of bands 2 and 4) using empirical models fitted to measure depth, which explained 78% of the 
variance in water depth measured in the Donana marshes in Spain. Shallow water depth can also be 
calculated from optical imagery as a function of the Bouger-Lambert-Beer law (Sneed and Hamilton 
2007). This method estimates water depth for a given pixel based upon the spectral reflectance 
leaving the surface, which is taken to be a function of the bottom surface albedo and the attenuation 
coefficient for downwelling light through the water column. This method has been used to estimate 
water depth from optical imagery in both shallow marine and inland water bodies (e.g. Lyzenga et al. 
2006; Sneed and Hamilton 2007).  
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The radiative transfer model developed by Sneed and Hamilton (2007) has also been used to 
estimate the water depth of small meltwater ponds. This method uses single band reflectance data, 
and makes a series of assumptions, including that the substrate of the pond is homogeneous and 
has a high reflectance, and that the water column contains low concentrations of suspended 
sediment or organic content, which may not hold true for wetlands. The effects of water quality and 
bottom reflectance variability can also be modeled using a physically-based algorithm, and these 
effects can be incorporated into the estimation of water depth using radiative transfer models. 
Lysenga et al. (2006) used this approach to measure water depth within a shallow marine system 
using multispectral Ikonos data. A radiative transfer model was developed to estimate water depth, 
which used multispectral information to remove the effects of suspended sediment and organic 
content within the water column and reflectance of the sea floor, from the water depth estimation. 
Differences in water colour introduced by suspended sediment and organic material in wetlands can 
also be estimated using multi-band imagery. Using a derivative of the Beer law, water depth in 
shallow water can be estimated using a radiative transfer model that incorporates a multi-band 
algorithm to remove the effects of bottom materials and the composition of the water column (Ma et 
al. 2014). While this approach has been applied to wetland environments, the accuracy of water 
depth calculations obtained from radiative transfer models in a heterogeneous wetland setting 
remains unknown. Furthermore, the detection and monitoring of water depth beneath vegetation 
canopies is not possible using optical radiative transfer models.  
 
Active remote sensing sensors also provide reliable data for estimating wetland water depth and 
water storage. For example, bathymetric LiDAR scanners have been used extensively to map the 
bathymetry of shallow coastal waters and coastal wetland systems (e.g. Brock and Purkis 2009; 
Klemas 2013; Paine et al. 2013), and have the potential to provide accurate measures of bathymetry 
and water depth of shallow lakes and open water wetlands. Bathymetric LiDAR scanners use a blue-
green laser that penetrates water, as compared to terrestrial topographical LiDAR that utilizes NIR 
lasers that are easily attenuated by water. Dual wavelength or multispectral LiDAR can provide both 
bathymetric and topographic LiDAR mapping, and using the NIR LiDAR to give an accurate return of 
the water surface, water volume calculation is possible (Klemas 2013). Currently available 
bathymetric LiDAR scanners can be used to a depth of three secchi depths with a vertical accuracy 
of 15cm (e.g. Leica AHAB Hawkeye III) making their use for bathymetric monitoring of shallow open 
water lakes and wetlands possible.  
 
Radar sensors can be used to assess regional scale changes in water availability and storage. 
Interferometric Synthetic Aperture Radar (InSAR) can be used to explore hydrological changes 
within vegetated wetland systems, providing highly accurate (centimeter scale) vertical water level 
changes over short time scales, at a moderate spatial resolution (1 to 30 m). InSAR techniques rely 
on a coherent SAR imagery pair, which are dependent upon temporal separation of image pairs, in 
addition to changes to backscattering between imagery (Yuan et al. 2015). Interferometric methods 
to determine water depth are also only possible for wetlands with stable vegetation, such as forested 
swamps, and only provide relative changes in water level. Given this, field-derived vertical reference 
data is required to calculate absolute water level changes (Yuan et al. 2015).  
 
Radar altimetry can also be used to monitor water level changes in wetlands (e.g. Birkett et al. 2002; 
Lee et al. 2015). Envisat altimetry has been used to monitor periodic water level changes over large 
spatial areas (Lee et al. 2009); however, monitoring smaller wetland features using coarse resolution 
radar altimeters remains challenging due to the influence of non-water features on the radar signal 
(Sulistioadi et al. 2015). Recent work that combines optical remote sensing to resolve the boundary 
of waterbodies of interest before the estimation of water level changes from altimetry data looks 
promising; however, the ability to accurately detect water level changes in small water bodies (such 
as wetlands) remains a challenge (Sulistioadi et al. 2015). Synthetic Aperture Radar data has also 
been used to calculate water depth, water level change, and volume of water stored within wetlands 
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lakes and rivers. It has also been used to estimate the volume of water stored in flooded forested 
wetlands based upon empirical relationships between water depth and SAR backscatter coefficients 
(Lee et al. 2015).   

2.3.2. Surface Water Quality  

Remote sensing can provide a comprehensive spatial and/or temporal overview of many water 
quality parameters that can complement site-specific in situ monitoring of water quality. Suspended 
sediments, dissolved organic matter, algae, and thermal releases all affect the spectral signature of 
electromagnetic energy leaving a wetland, and as such, these properties can be measured and 
monitored using remote sensing systems (Ritchie et al. 2003). Remote sensing techniques for 
monitoring water quality parameters have been employed since the 1970s, and are largely derived 
from empirical relationships between known water quality parameters and spectral properties of 
wetlands detected using both active and passive sensors (Ritchie et al. 2003). Most chemicals, 
nutrients and pathogens do not directly change the spectral or thermal properties of surface waters, 
and as such, they can only be inferred using proxies or other water quality parameters that are 
affected by these parameters. Commonly measured constituents of water quality include suspended 
sediment concentrations, algae/chlorophyll concentrations, aquatic vascular plant composition, and 
water temperature (Ritchie et al. 2003).  

2.3.3. Surface Soil Moisture and Hydroperiod 

Wetland ecosystems display temporal variability in their hydroperiod, which is the extent and 
duration of inundation and soil saturation. Understanding the dynamic nature of these systems is 
essential for establishing a baseline against which future changes and trends can be analyzed, and 
both passive and active sensors have been used to monitor the temporal dynamics in wetland soil 
moisture and hydroperiod. Soil moisture displays a high degree of spatial variability, which is often 
difficult to adequately capture using field based methods. Remote sensing provides an extensive 
view over larger spatial areas, thereby capturing local and regional variability in soil moisture 
conditions (Pietroniro and Leconte 2005). Many remote sensing algorithms have been developed to 
map and monitor surface soil moisture, making use of four main regions of the electromagnetic 
spectrum: visible and infrared (0.3 to 3µm), thermal infrared (10 to 12µm), active microwave (1 to 50 
cm), and passive microwave (1 to 50 cm). Active remote sensing using the microwave region is 
particularly effective at measuring soil moisture, and Synthetic Aperture Radar (SAR) is the most 
preferred sensor because it can capture fine resolution data (Pietroniro and Leconte 2005). Surface 
soil moisture can be estimated from C-band SAR imagery using empirical relationships derived 
between ground based measures of surface soil moisture and radar backscatter (Pietroniro and 
Leconte 2005). Furthermore SAR data has the unique advantage of being able to detect soil 
moisture under tree canopy, as C-band SAR backscatter coefficients have been shown to correlate 
strongly to soil moisture in forested wetlands, particularly during leaf-off season (Lang and Kasischke 
2008). While backscatter coefficients from SAR data show a close association with soil moisture, and 
SAR remains the preferred data for detecting soil moisture, significant limitations remain which can 
influence the accuracy of soil moisture estimates from SAR data. In particular, complex interactions 
between radar backscatter, topography, vegetation cover, and soil surface roughness can interfere 
with the detection and quantification of soil moisture (Pietroniro and Leconte 2005). Furthermore, 
inundation strongly influences backscatter coefficients and separating out the effects of soil moisture 
from inundation when using SAR data can prove difficult (Lang and Kasischke 2008).  
 
SAR data is also well suited to mapping the extent of water inundation, as the sensor is able to 
capture imagery in darkness and under cloud cover, allowing for the assessment of wetland 
hydroperiod at a very high temporal resolution (Rebelo 2010). Furthermore, SAR imagery can detect 
inundation beneath vegetation canopy, allowing for the monitoring of hydroperiod and hydrological 
dynamics of forested wetlands (Rebelo et al. 2012).  
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Optical imagery has also been used to map and monitor wetland hydroperiod. Landsat is well suited 
to providing long-term reconstructions of the hydrologic dynamics of large wetlands due to the 
frequent revisit time and the long historical archive of imagery that is available at no cost (Gómez-
Rodríguez et al. 2010, Reschke and Hüttich 2014; Huang et al. 2014). A serious limitation of 
Landsat, however, is the course spatial resolution (30 m), which excludes wetlands less than 30 m x 
30 m in size. This particular challenge was overcome by Gomez-Rodriguez et al. (2010) using a 
linear regression model to estimate the fraction of open water at a subpixel level for small temporary 
wetlands in Donana National Park, Spain. A linear regression model was established between 
Landsat reflectance data and field based measures of open water within small (<30 m) open water 
features. Open water extent was mapped using the linear regression model in 174 Landsat scenes 
spanning 23 years, and intra- and inter-annual variability in open water extent was explored. This 
methodology enables the identification and mapping of small water bodies, many at a sub-pixel size, 
without the need for spectral unmixing and a priori knowledge of land cover types or their spectral 
signatures (Gomez-Rodriguez et al. 2010).  
 
While Landsat data has been used to successfully map and monitor permanently flooded or 
intermittent open water areas, the use of Landsat data to map wetlands under forested canopy 
remains a challenge (Ozesmi and Bauer 2002). LiDAR data can provide additional information 
needed to map wetlands under tree canopy; however, the use of repeat LiDAR to map wetlands is 
limited by the high cost of routine LiDAR acquisitions (Huang et al. 2013). LiDAR intensity values 
have been used to produce high resolution inundation maps under tree canopy, and using this 
approach combined with multi-temporal Landsat data, Huang et al. (2013) were able to calculate 
subpixel inundation within the Chesapeake Bay area in the USA to monitor wetland inundation and 
conduct a hydrological change analysis. Using the high-resolution LiDAR imagery from two different 
years, an inundation map was created. This high-resolution map was then used to create an 
empirical relationship with Landsat data acquired as close to the LiDAR acquisition as possible. 
Extrapolation of this relationship to a temporal archive of Landsat data allowed for the analysis of 
trends in inundation extent throughout the study area (Huang et al. 2013). Other types of optical 
imagery have also been used to conduct long-term hydrological monitoring of peatlands and fens 
(Dissanska et al. 2009; Dribault et al. 2012). Using a multiscale object based image analysis, 10 very 
high resolution (2 m) Geo-eye images were classified to delineate patterned fens (93% accuracy) 
and classify internal structure including pools and strings (82% accuracy), which was then used to 
analyze the inter- and intra-seasonal hydrological dynamics within the peatland complex including 
the monitoring of open water pools within the peatlands and the transformation of terrestrial 
vegetation to pools or ponds over time (Dribault et al. 2012).  
 
Understanding larger-scale climate and hydrological processes is important when monitoring local 
ecological conditions, as changes at the regional scale can influence conditions at the local scale. 
Thus, understanding and monitoring regional hydrological dynamics is important for understanding 
the health and function of individual wetlands in more local watersheds (Huang et al. 2014). MODIS, 
a very course (250 m) multispectral imagery, has been used to analyze regional scale wetland 
hydrology and hydrological change. MODIS time series data can be used to explore changes in plant 
phenology, and the temporal profile of time series data can allow for the identification of specific 
vegetation type based upon seasonal changes that relate to plant phenology. For example, Chen et 
al. (2014) used MODIS 16 day NDVI time series data to assess inter-annual dynamics in wetland 
hydrology by classifying wetland vegetation characteristics for Poyang Lake, China. Over 290 
images were stacked and used in an unsupervised classification to identify four wetland classes 
based upon intra-annual changes in NDVI, with an overall accuracy of 80% (Chen et al. 2014). While 
the course resolution of MODIS limits the applicability of this methodology to small wetland systems, 
this study demonstrates the potential for using high temporal resolution imagery to both classify and 
monitor wetland dynamics at a regional scale. Furthermore, intra-annual changes in phenology can 
provide the basis for accurate delineation of wetland land cover (Chen et al. 2014).   
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An important factor when undertaking wetland hydrological change detection between years is to 
ensure that the image dates used from one year to the next capture the same phenological state of 
wetlands (Ozesmi and Bauer 2002). Wetland hydrological change detection has been well studied in 
the scientific literature, employing both active and passive sensor types. While both active and 
passive sensors can be used to detect hydrological change, studies should be undertaken using the 
same sensor for each time period of interest to ensure consistency in the classification, and allow for 
accurate change detection (Ozesmi and Bauer 2002). A further consideration when undertaking 
hydrological change analysis studies is to select imagery that is acquired at times to reflect the range 
of variability in climate for the study area. Historical climate records can aid with the selection of 
imagery for use in any study of wetland hydroperiod, as historical climate records ensure that the 
image dates used to undertake the hydrological change analysis fully reflect the variability in climate 
(including wet, dry, and average conditions) for the study area. 

2.3.4. Groundwater Discharge 

Remote sensing of groundwater discharge is still in its infancy, largely due to the inability for satellite-
based sensors to penetrate the ground (Sass and Creed 2011). Remote sensing of groundwater 
recharge and discharge has largely relied upon proxy measures to infer groundwater location, 
storage, and fluxes. Thermal imagery offers significant potential for identifying groundwater 
discharge zones, as upward fluxes of groundwater discharge can reduce the seasonal temperature 
variation at the land surface (Becker 2006; Barron and Van Niel 2009; Sass et al. 2014). Using 
thermal imagery from the Landsat TM sensor, Sass et al (2014) were able to map discharge zones 
that corresponded to the location of 85% of the springs within the study area. In addition, the 
researchers found a statistically significant difference in total dissolved solids and electrical 
conductivity – conditions that are indicative of groundwater discharge – between areas that were 
mapped as discharge zones using thermal imagery and those that were not (Sass et al. 2014). The 
success of this analysis was attributed in part to the difference in thermal signature between 
discharge and non-discharge areas, particularly at the coldest part of the year; however, vegetation 
signals have the potential to affect the detection of groundwater signatures (Sass et al. 2014). Thus, 
this study suggests that thermal remote sensing can be used to predict regional scale discharge 
zones, but the applicability of this approach has not been tested in areas with vigorous vegetation 
cover. Further, the pixel resolution of thermal imagery (100 m) makes it best suited for larger scale 
assessments of groundwater discharge zones. 

2.4. Land Use and Land Cover 

A key component of any monitoring program is an understanding of regional land use and land cover 
conditions, and how changes at the local scale within a wetland can be attributed to land use and 
land cover conditions at the local or regional scales. This topic will focus on understanding how 
remote sensing technologies can be used to characterize and track change in land use and land 
cover over time. 

2.4.1. Land Cover and Land Use Mapping 

The role and function of wetlands in the ecosystem as receivers of surface and/or groundwater flows 
and atmospheric deposition, make them highly susceptible to changes in both local and regional land 
use. Thus, in order to effectively monitor wetlands, it is important to understand how the composition 
and condition of lands surrounding wetlands change through time, both locally and regionally. 
Furthermore, regional land cover maps can be used with other variables to model runoff and nutrient 
delivery to wetlands at a watershed scale, which can provide information related to stressors that 
may drive changes in wetland condition (Klemas 2013). Regional land cover classifications can be 
effectively created from moderate resolution satellites, such as Landsat TM and SPOT (Victor 
Klemas 2011). Successful land cover classification is dependent upon the selection of both the 
appropriate imagery type and classification methodology, which will be specific to the objectives and 
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area of the study (Lu and Weng 2007). Scale and resolution are of particular importance when 
selecting imagery to undertake land cover classifications, and the scale of imagery should match the 
level of detail required in the final landcover classification. For example, fine scale imagery is the 
most appropriate for undertaking small-scale local level classifications, where discrimination of fine 
scale features is required. In contrast, medium scale resolution imagery, such as Landsat data, is 
more appropriate for regional scale classifications where wide area coverage is a higher priority than 
the classification of fine scale landscape features (Lu and Weng 2007).  
 
Several regional classification techniques have been successfully applied to Landsat TM data to 
derive high accuracy land cover classifications, including supervised and unsupervised 
classifications. Accurate separation of different land cover classes is dependent upon selecting 
appropriate variables to use in the classification process. Many variables can be used in land cover 
classifications, including single band values, band indices, vegetation indices, and textural 
information. While the inclusion of multiple variables can aid in the accurate classification of images, 
using too many variables in a classification can decrease classification performance. Thus, only 
variables that are most useful for separating land cover classes should be used (Lu and Weng 
2007). Additionally, data reduction techniques, such as principal component analysis and minimum 
noise fraction transform, may be employed to reduce data redundancy and increase classification 
performance (Lu and Weng 2007).  
 
Many classification approaches have been used to create land cover classifications, and the 
appropriate classification approach will be largely determined by the objective of the classification, 
and the type of imagery selected for the land cover analysis. Advanced classification approaches, 
such as artificial neural networks, decision tree classifiers, support vector machine classifiers, and 
object based image analysis have been widely used to improve land cover classification accuracy 
(Lu and Weng 2007; Tehrany et al. 2014). The main advantage of these approaches is that they are 
non-parametric and do not assume or rely upon a normal distribution of spectral data, which is 
uncommon in heterogeneous landscapes (Lu and Weng 2007). Furthermore, non-parametric 
classifiers allow for the inclusion of ancillary, non-spectral data, which has been shown to increase 
classification accuracy (Klemas 2013). Object based image analysis that segments imagery into 
spectrally similar distinctive units have also been shown to significantly increase the accuracy of land 
cover classifications when using both fine and moderate resolution imagery (Lu and Weng, Tehrany 
et al. 2014). 

2.4.2. Land Cover Change Detection 

The freely available global archive of Landsat imagery can provide a cost effective means of 
undertaking regional land cover mapping and change detection over large spatial areas, and 
Landsat data has been used extensively for this purpose since the opening of the USGS Landsat 
data archive. Significant improvements in computing capabilities have allowed for the exploration of 
the historical archive of Landsat to undertake regional and large scale land cover change detection 
studies (Hansen and Loveland 2012). Numerous change detection studies have been undertaken in 
the recent past, and each of these studies has employed a wide variety of methodologies, with no 
consensus approach to conducting regional and large scale land cover change detection analysis 
(Hansen and Loveland 2012). The lack of a universal technique for regional change detection leaves 
practitioners with an increasingly complex task of developing a suitable approach for change 
detection (Tewkesbury et al. 2015). While there is no consensus in the literature regarding a 
universal change detection technique, each change detection project can be broadly divided into 
three main stages; pre-processing, change detection, and accuracy assessment (Tewkesbury et al. 
2015). Pre-processing is an essential component of any change detection study, and the accuracy 
and success of any change detection relies upon appropriate atmospheric correction of each scene 
(Lu and Weng 2007), radiometric calibration and correction, and accurate georectification of 
sequential imagery (Klemas 2013).  
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Once imagery has been pre-processed, an appropriate unit of analysis must be selected. Traditional 
pixel based approaches have been long used to undertake land use and land cover change analysis, 
and can use simple addition or subtraction of pixel values between scenes to identify areas of 
change (Tewkesbury et al. 2015). While pixel based approaches may be appropriate for moderate 
resolution imagery, these approaches are less appropriate for very high resolution imagery due to 
the high amount of noise and the resulting salt and pepper effect (Tewkesbury et al. 2015). Object 
based image analysis approaches can reduce the effect of noise in high resolution imagery, and 
proponents of object based change detection (OBCD) propose that OBCD can provide more 
accurate and meaningful results than traditional pixel based techniques (Tewkesbury et al. 2015).  
 
Once the unit of analysis has been defined (object based or pixel based), the change detection 
workflows are largely interchangeable, and can be broadly categorized as: arithmetic change 
detection, post classification change detection, direct classification, transformation, and change 
vector analysis (Tewksbury et al. 2015). Each approach is described below: 

 Arithmetic change detection relies on simple differencing operations applied to sequential 
images, which highlights differences in radiance, thereby identifying areas of an image that 
have changed (Singh 1989). Simple differencing has been applied to both spectral radiance 
and transformed band indices, such as the NDVI, which can be used to identify thematic 
change.   

 Post classification change detection requires the classification of each image prior to 
analysis, and the resulting classification outputs are compared to identify areas of change. 
The advantage of this approach is that it provides information regarding areas of change, as 
well as information related to the type of change that has taken place (Tewksbury et al. 
2015). Post classification change analysis has been widely employed to assess landscape 
land use and land cover change analysis using both Landsat and very high resolution optical 
imagery (Tewksbury et al. 2015). While post classification change analysis has been widely 
employed in the literature, the multi-step classification process makes it time consuming, and 
significant error can be introduced as errors from each classification compound.  

 Direct image classification relies on the classification of a multi-temporal image stack of n 
band images, and can be used to detect areas of stable land use and changed land cover 
classes. This technique shows much promise for regional land use change detection, as a 
single classification step is required, removing compounding errors, while thematic change 
information is retained.  

 Transformation methods rely upon the transformation of data to reduce and suppress 
correlated information to enhance and highlight variance within the data. Using this 
technique, a multi-temporal image stack is transformed using a data reduction technique, 
and this reduction highlights areas of change by identifying regions that are uncorrelated 
with the temporal stack. While this technique performs well at identifying areas where 
change has occurred, it is not possible to identify the type of change, and thus, this 
technique is often used in combination with other change detection methodologies that can 
classify the type of land cover change. 

 Change vector analysis (CVA) is a method of change detection that calculates the 
magnitude and direction of change between a pair of images. The magnitude of change is 
related to the degree to which radiance has change, while the direction of the change can be 
used to understand the type of change that has occurred (Tewksbury et al. 2015). Change 
vector analysis may provide future opportunities for undertaking regional scale land cover 
and land use change analysis, when applied to multi-dimensional imagery; however, few 
studies have explored the use of CVA for this purpose.    
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3. Integration of Remote Sensing into a New Monitoring Program 
 
The proposed framework for a new wetland-monitoring program in the Oil Sands region includes two 
major goals (ABMI 2016b). The first goal is to track wetland condition in the region over time, with 
the aim of understanding how the cumulative effects of both natural and anthropogenic factors drive 
change in wetland condition. The second goal of the program is to detect site-specific change in 
wetland condition, with the objective of attributing that change to specific anthropogenic activities or 
natural environmental effects. The proposed approach to achieving these goals is to employ 
monitoring at three different scales: 1) the landscape level, where wetlands will be mapped and 
classified; 2) the regional level, where change in wetland condition will be monitored in relation to 
cumulative effects; and 3) the sector/site/operator level, where change in wetlands can be attributed 
to specific anthropogenic activities.    
 
As outlined in this report, remote sensing can be used to quantify, monitor, and assess many 
aspects of wetland condition across a range of spatial and temporal extents. As a result, remote 
sensing can be a very effective method for monitoring landscape-, regional-, and site-level condition 
and change, as well as helping to assess and inform cause-and-effects relationships between 
wetland change, and the anthropogenic or natural drivers of that change. Furthermore, remote 
sensing can provide regional and local context for many site specific field based monitoring activities.  
 
As part of the development of the proposed monitoring program framework, a preliminary list of 
indicators has been created (ABMI 2016b). This list includes indicators that can only be assessed 
and quantified in the field, indicators that can be assessed in a Geographic Information System (GIS) 
using existing data, and indicators that are well suited to measurement using remote sensing 
approaches. Indicators from this preliminary list that can be measured using remote sensing 
methods have been identified in Table 2, while indicators that can be assessed using GIS analysis 
have been identified in Table 3. It should be noted that this preliminary list of indicators is very broad, 
and additional work will be required to determine the scale at which these indicators will be assessed 
and measured. The spatial extent, as well as the spatial and spectral resolution that will be required 
to quantify each indicator, is critically important in determining the practically of using remote sensing 
methods to monitor wetlands in the Oil Sands region, given the potential costs of acquiring the 
required spatial data.    
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Table 2. Summary of indicators that can be assessed using remote sensing methods, including recommended platform, sensor, 
resolution and methodology. An estimated range of costs to acquire the required data to assess each indicator is also provided.  

Indicator 
Recommended 

Platform 
Recommended Sensor 

Recommended 
Resolution 

Methodology 
Cost 

(Free-$$$$) 

Vegetation  Airborne/UAV Hyperspectral 20 - 50 cm Object or pixel based supervised 
classification; see section 2.2 

$$$$ 

Water quality Satellite/airborne Multispectral 50 cm - 5 m Empirically derived water quality-reflectance 
relationships; see section 2.3.2 

$-$$$ 

Light penetration Satellite 4-band or Multispectral 1 m - 15 m Modified water depth based upon Beer Law; 
see section 2.3.1 

Free - $$$ 

Water amplitude Satellite/airborne 4-band or Multispectral 1 m - 15 m Water depth based upon Beer Law; see 
section 2.3.1 

Free - $$$ 

Water depth Satellite/airborne 4-band or Multispectral 1 m - 15 m Water depth based upon Beer Law; see 
section 2.3.1 

Free - $$$ 

Wet meadow 
vegetation 

Satellite/airborne Multi- or Hyperspectral 20 - 50 cm Object based supervised, unsupervised, or 
decision tree classification; see section 2.2.3 

$$$ - $$$$ 

Hydroperiod Satellite/airborne* Panchromatic, 
Multispectral, or SAR 

1 - 30 m Band thresholding of multi-temporal imagery 
archive; see section 2.3.3 

Free - $$ 

Sedimentation Satellite/airborne Multispectral 50 cm - 5 m Empirically derived water quality- reflectance 
relationships; see section 2.3.2 

$ - $$$ 

Land use around 
wetland 

Satellite Multispectral 5 m - 30 m Object based or pixel based supervised or 
unsupervised classification; see section 2.4.1 

Free - $$ 

Linear disturbance 
around wetland 

Satellite/airborne Panchromatic 20 cm - 50 cm Edge detection algorithms $$ - $$$ 

Beaver presence  Airborne Panchromatic or 4-band 20 cm - 1 m Manual inspection & interpretation $ - $$ 

Open water Satellite 4-band or Multispectral 1 m - 15 m Band thresholding of NIR band/ band ratios Free-$$$ 

Wetland area Satellite/airborne Multispectral or SAR 1 m - 30 m Object based or pixel based classification 
using ancillary data; see Section 2.1 

Free - $$ 

* Temporal archive of imagery required 
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Table 3. Summary of indicators that can be assessed using GIS analysis, including the required data product, provider, and estimated 
range of costs associated with the acquisition of the required data.  

Indicator Data Product Provider 
Cost 

(Free-$$$$) 

Area of wetland/buffer burned Forest Fire Inventory Government of Alberta Free 

Aspect LiDAR DEM2 (15m) AltaLIS $ 

Landscape position LiDAR DEM (15m) AltaLIS $ 

Natural subregion Natural subregions of Alberta Government of Alberta Free 

Parent material AGS Surficial Geology  AGS/Government of Alberta Free 

Slope LiDAR DEM (15m) AltaLIS $ 

Soil type AGRASID 4.0 Government of Alberta Free 

Watershed HUC Watersheds Government of Alberta Free 

Riparian zone disturbance  ABMI Human Disturbance c.2010 ABMI Free 

Number of surface inflows & outflows LiDAR DEM AltaLIS/Other $-$$$$ 

Human activity ABMI Human Disturbance c.2010 ABMI Free 

Linear disturbance around wetland Alberta Base Features Government of Alberta Free 

Proximity to roads Alberta Base Features Government of Alberta Free 
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4. Summary 
Remote sensing has the potential to greatly contribute to our understanding of wetlands, both at the 
local scale and also within the wider landscape setting. Remote sensing data has been widely used 
to create maps of wetland extent and distribution, and recent advances in remote sensing 
technologies and methods has allowed for the use of remote sensing to assess and monitor wetland 
function and ecosystem services.  Multi-temporal imagery and change analysis has been used to 
assess the dynamic conditions within wetlands, and to identify and characterize the drivers of 
wetland change, and how this impacts wetland functions and services. Often the full scope of these 
drivers of wetland change can only be assessed using remote sensing, as regional field based 
monitoring is cost prohibitive and landscape scale patterns may not be visible at the field scale (Tiner 
et al. 2015). 
 
While remote sensing can provide both local and regional assessments of wetland distribution, 
function, and ecosystem services, remote sensing is unable to provide the highly detailed information 
regarding wetland function that can be obtained through detailed field studies. As such, remote 
sensing should be used in combination with local field based studies to provide complimentary 
monitoring information. Remote sensing can also be used to identify areas where changes in 
wetland distribution or function are occurring, with this regional scale identification allowing for the 
targeted selection of areas where more specific field studies may be needed. While the specific 
objectives and key variables of interest should guide the development of a suitable remote sensing 
program, four central themes can be drawn from the literature that should be considered when 
developing a monitoring program that utilizes remote sensing technology: 

1. Scale and Resolution: Scale and resolution are two central themes in remote sensing, and 
the success of any remote sensing monitoring program depends upon matching the question 
to the appropriate scale and resolution of data. In particular, it is important to ensure that the 
scale and resolution of the imagery chosen matches the scale and resolution of the features 
of interest. If the wetland properties being studied are smaller than the spatial resolution of 
the imagery, then mixed pixels can inhibit accurate detection and monitoring. Subpixel 
classifications can be used to detect small wetlands using moderate resolution imagery; 
however, the boundary of small wetlands cannot be resolved using this technique. Generally 
speaking, high resolution imagery needed to map and monitor very small wetlands, and this 
imagery is often expensive and often lacks the spectral resolution that is needed to 
differentiate between wetland vegetation communities.   

2. Sensor Type: Active and passive sensors are both widely used in wetland remote sensing, 
and both sensors have specific advantages and disadvantages. Optical imagery is well 
suited for undertaking detailed mapping when a high level of discrimination between wetland 
types or wetland vegetation is needed, particularly when using hyperspectral optical sensors. 
However, passive imagery is unable to penetrate through tree canopy, and as such, the use 
of optical imagery alone to assess treed wetlands remains difficult. Furthermore, passive 
imagery can only be acquired in the day, and cannot penetrate cloud or smoke. Active 
sensors such as SAR and LiDAR can be used to accurately map treed wetlands, and are 
highly sensitive to variations in moisture and inundation, and can acquire imagery in nearly 
any conditions. Recent studies that combined data from multiple sensors can make use of 
the unique properties of both sensor types, and have shown to be more accurate at the 
detection, mapping, and monitoring of wetlands than when using a single data type alone 
(Dingle Robertson et al. 2015).  
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3. Classification Techniques: Many classification techniques have been used to detect, map, 
monitor, and characterize wetland ecosystems and processes. Manual interpretation of high 
resolution air photographs has long been used to create detailed wetland inventories, but 
this approach is slow and requires a high degree of analyst training. Making use of the 
spectral information contained in satellite imagery, computer-based supervised and 
unsupervised classifications have been widely used to characterize and monitor wetlands. 
Recent advances in object based image analysis have increased our ability to identify and 
characterize wetland processes with a high degree of accuracy, particularly when applied to 
high resolution imagery. Recent advances in non-parametric classification techniques, such 
as machine learning algorithms and decision tree classifiers, that allow for the inclusion of 
multiple data types and ancillary data have also greatly increased our capacity to accurately 
detect and monitor wetland ecosystems and processes.  

4. Multi-temporal Analysis: Understanding the temporal variability of wetlands is of critical 
importance for the effective management and conservation of these important ecosystems.  
Temporal archives of optical and microwave data have allowed for the multi-temporal 
analysis of wetland ecosystems, and to identify drivers of wetland ecosystem change. As 
improvements in classification techniques and computer processing continue, the ability to 
conduct historical change analysis from this historical archive will continue. The inclusion of 
multi-temporal imagery in classifications that characterize wetland properties and vegetation 
communities can also improve classification accuracy of current wetland inventories, as 
differences in phenological state of vegetation as captured when using multi-temporal 
imagery can allow for greater differentiation of wetland classes.  

 
Remote sensing is a very promising technology that offers many advantages for wetland monitoring; 
however, effective design and implementation of a remote sensing monitoring program relies upon 
understanding the strengths and weaknesses of each remote sensing approach, and selecting the 
most appropriate sensor, platform, and methods to answer specific monitoring questions. As such, 
the first step in developing a robust remote sensing program is to clearly define the monitoring goals, 
and identify the key variables of interest. Once clear monitoring goals have been established and the 
key variables identified, the most appropriate remote sensing data type and analysis techniques can 
be selected. A second major consideration when designing a remote sensing monitoring program is 
the available budget. Remote sensing data, while often less expensive than field campaigns, can be 
costly, particularly if highly detailed imagery (e.g., high spatial and spectral resolution) is required 
over large areas, at multiple time steps. Thus, a balance needs to be struck between cost and the 
quality of the information that can be obtained through remote sensing approaches, and whether, 
ultimately, this information meaningfully contributes to understanding change in wetlands in the Oil 
Sands region over time.    
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Glossary of Terms 
 
Accuracy assessment: An evaluation of the accuracy of a remote sensing output. Accuracy is 
assessed by evaluating the measure of agreement between the remote sensing product and an 
independent dataset, often collected in the field. Accuracy assessments include both the omission 
error (when an object on the ground is not detected) and commission error (when an object is 
detected but not present on the ground). 
 
Active sensors: Active sensors create images by emitting their own energy that is then reflected 
back by the earth’s surface. Common active sensor types include: light detection and ranging 
(LiDAR); synthetic aperture radar (SAR); radar altimetry; radar interferometry. 
 
Change detection: A process that quantifies how the attributes of an area have changed over time. 
Change detection may be evaluated between two or more time periods, and often quantifies the 
differences in classifications over time.   
 
Classification techniques: Classification of an image uses similarities in the spectral properties of 
each pixel to group them together. A group of common pixels is called a “class” and the process of 
grouping is called a classification. Common classification techniques include: 
 

Supervised classification: An automatic classification system where certain spectral 
characteristics of an object of interest are already known. The computer is then “trained” to 
detect the objects of interest, and classes are assigned based on the spectral similarity to 
the known training data. 
 
Unsupervised classification: An automatic classification system where pixels are 
automatically grouped together based on spectral characteristics. Each type of cluster of 
pixels is then assigned a label by the analyst. 

 
Decision trees: A classification system that uses decision rules to split pixels into groups 
based upon user defined characteristics. 
 
Fuzzy classification: Allows for iterative grouping of pixels into classes, and recognizes a 
continuation among classes. Class membership is defined on a scale from zero to one, 
where zero is non membership and one is full membership, allowing for a pixel to belong to a 
number of classes. 
 

 
Digital Elevation Model (DEM): A DEM is a 3-dimensional model of the surface of an area, 
representing continuous elevation values by a regular array of elevation values, referenced to a 
common datum. DEMs are increasingly derived using active LiDAR data. 
 
Landsat imagery: Landsat imagery is freely available satellite imagery acquired by the Landsat 
platforms. Landsat satellites are multispectral moderate resolution earth-orbiting satellites developed 
by NASA. There have been eight Landsat satellites, two of which are still in orbit and producing 
images (Landsat 7 and Landsat 8).  Landsat imagery is typically used for land-use inventory, crop 
and forestry assessment, and geological and mineralogical exploration. Landsat imagery is made 
freely available by the United States Geological Survey (USGS). 
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Normalized difference vegetation index (NDVI): An index of photosynthetic activity that is 
commonly used to assess vegetation vigour and greenness, and is easily calculated using colour 
infrared imagery, as an index of red to near-infrared wavelengths. 
 
Passive sensor: Passive sensors create imagery by measuring the sun’s reflective energy. 
Common types of passive sensors include: high-resolution air photos; multi-spectral sensors; 
hyperspectral sensors.  
 
Remote sensing: Technology that obtains detailed information about objects or areas from a 
distance, typically aircraft or satellites. 
 
Resolution: Spatial resolution describes how clearly you can see detail in a picture or image and is 
governed by the pixel size, with a smaller pixel size having a higher resolution. An example of high 
resolution imagery are certain air photos, with pixels <20 cm; low resolution imagery includes MODIS 
imagery, with pixels of 250 m. 
 
Spectral reflectance: Remote sensing is based on the measurement of reflected or emitted 
radiation from different objects. Spectral reflectance describes how an object interacts with energy in 
the electromagnetic spectrum. Spectral reflectance properties of an object depend on the 
composition of the object, its physical state, surface roughness, and geometric properties, all of 
which govern the interactions between the incoming electromagnetic radiation and reflectance of that 
radiation back to the sensor. 
 
Spectral variance: The variance between the spectral reflectance of one or more objects. This is 
then used to distinguish between objects. 
 
Spectral resolution: The number of discrete regions (bands) of the electromagnetic spectrum that 
are detected by the remote sensor. Low resolution sensors include cameras (e.g., record only the 
Red/Green/Blue bands), and high resolution sensors include hyperspectral scanners (e.g., record 
wavelengths in over 200 spectral bands). 
 
Unmanned aerial vehicle (UAV): Remote controlled aircraft, often equipped with the ability to take 
photographs or video of an area from above. Also known as “drones”. 
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