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Abstract 
 

Riparian zones disproportionately increase biodiversity. Monitoring them should be 

prioritized for sustainability. Unfortunately, agricultural riparian zones are often highly 

modified, narrow, and heterogenous, making imagery classification and monitoring 

more challenging. The Canadian government operationally maps all agriculture – it 

would be ideal to include the adjacent riparian land. Several classification and masking 

methods were tested on riparian zones in three watersheds (Ontario and Prince Edward 

Island) using several thematic resolutions to determine an operational classification 

method.  

 

A pixel-based 60 m buffer method using 5 m imagery with reduced thematic resolution 

was successful for riparian classification and was used to demonstrate application of the 

Riparian Wildlife Habitat Availability on Farmland Indicator. Including riparian land in the 

annual crop inventory is not operationally feasible until the higher-resolution imagery 

becomes less expensive, as the riparian zone is often too narrow to spectrally separate 

riparian vegetation using lower resolution imagery.  
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Glossary 

AAFC - Agriculture and Agri-Food Canada – Canadian government agency associated 
with agriculture. 

ACI - Annual Crop Inventory – Every year AAFC creates a classified map from Earth 
observation data of all crops across Canada.  

Biodiversity - A measure of how many different species and the number of individuals 
present in an area.  

DRAPE - Digital Raster Acquisition Project for Eastern Ontario. 

EO - Earth Observation- Images or data of the Earth collected using sensors. 

Habitat Capacity - The amount of habitat available for species in a region.  

Indicator - A calculation, measurement, or product of simulation from a complex model, 
or simplified model from available important input variables that shows changes in the 
system.  

LiDAR - Light Detection and Ranging. 

MLC - Maximum Likelihood Classification – Supervised classification algorithm. 

MMU - Minimum Mapping Unit- Smallest group of pixels needed as input for 
classification. 

NIR - Near Infrared wavelength. 

Operational - Routine, feasible procedure. 

Riparian - Land adjacent to water features such as rivers, lakes, streams, and 
wetlands. Typically, there is a moisture gradient and unique vegetation associated with 
this region. 

Riparian Buffer - A strip of land adjacent to a water feature measured perpendicular to 
the shore or edge.  

Riparian Habitat - Any land adjacent to water or wetlands used by a species of interest. 



xvi 

RWHAFI - Riparian Wildlife Habitat Availability on Farmland Indicator - An AAFC metric 
of habitat based on riparian land cover adjacent to farmland and an expansion/subset of 
the WHAFI. 

Species Richness - The number of different species present in an area. 

WHAFI - Wildlife Habitat Availability on Farmland Indicator – An AAFC metric of habitat 
based on the annual crop inventory. 

Terms/Synonyms for Riparian Zone - riparian areas, riparian buffers, riparian 

management areas, riparian ecosystems, streamside protection zones, riparian zones, 

vegetated buffer strips, riverine, transitional zones, lowland, seasonal flood zones.… 
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1  Introduction 

Over the last three decades, remotely sensed data from space-based satellite platforms 

have become more accessible, accurate, cost effective, and reliable. In Canada, 

Agriculture and Agri-Food Canada (AAFC) – the government department responsible 

for Canada’s agriculture and agri-food sector – has taken advantage of these 

technologies to map and monitor agricultural land use and its change. AAFC uses data 

acquired by sensors that span the optical and microwave regions of the electromagnetic 

spectrum and operate at a range of spatial (pixel) resolutions from 5 m to 250 m.  

The value of Space-Based Earth Observation (SBEO) data has already been 

demonstrated by AAFC scientists who are providing cost-effective, accurate, scalable, 

and timely, land use and land change information on a national scale (McNairn et al., 

2009; Shang et al., 2009; Deschamps et al., 2012; Fisette et al., 2013 and 2014; 

Champagne et al., 2014; Jiao et al., 2014; Pei et al., 2011; El-Khoury et al., 2014, 2015; 

Davidson et al., 2017). In the future, AAFC’s ability to meet the sector’s information 

needs will improve as new satellite sensor technologies are launched, brought online, 

and made available. The SBEO approach will thus be critical to the development of the 

AAFC’s next generation of useful and authoritative information products. 

A priority area of interest to AAFC is the application of SBEO to the monitoring of 

terrestrial biodiversity, and some advances in this realm have been made over the past 
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decade with the development of AAFC’s Wildlife Habitat Availability on Farmland 

Indicator (WHAFI) (Javorek & Grant, 2011). The WHAFI uses the AAFC Annual Space-

Based Crop Inventory (ACI, 30 m spatial resolution) landcover maps and knowledge of 

species distribution ranges and habitat use preferences, to determine the amount of 

usable land available for vertebrate species, as a proxy for biodiversity/health. The 

current implementation of the WHAFI to mapping biodiversity over Canada’s agricultural 

landscapes is limited by the relatively coarse spatial resolution of natural, semi-natural, 

and riparian cover types within the ACI. Pilot studies at AAFC have used the ACI as 

input to the WHAFI to provide a more detailed characterization of biodiversity across 

select Canadian test sites.  

AAFC is particularly interested in the application of the RWHAFI to monitor riparian 

health, especially in an operational context. Habitat preference databases required for 

the RWHAFI were provided by AAFC. An effective method of mapping the riparian zone 

as part of the ACI operational classification would allow for the RWHAFI to be used to 

monitor riparian health over time.  

Riparian zones, defined most generally as the transitional zone between aquatic and 

terrestrial habitats, are highly productive and are often subject to intense modification 

and human pressure. Because agricultural regions are areas that undergo significant 

modification of the land and are commonly found adjacent to water, riparian zones 

within these regions are often vulnerable to habitat and biodiversity loss.  
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Riparian zone health is inconsistently defined across the literature, and ways to 

determine and measure it can vary widely. Nonetheless, in the absence of a universally 

accepted definition, riparian health will be defined as the ability of the riparian system to 

support vertebrate wildlife species (Clearwater et al., 2016), and it is this definition that 

is used throughout this dissertation. The main challenge of mapping riparian health from 

SBEO, however, is that riparian zones tend to be small in area and narrow, and thus, 

the 30 m-resolution ACI may be too coarse for this task. As a result, testing methods of 

mapping riparian areas using a finer spatial resolution data (generally, pixel resolutions 

of 5 m or finer) and developing consistent and potentially innovative approaches for 

mapping these systems operationally at a national scale would contribute to long term 

monitoring goals.  

1.1 Objectives 

The overarching goal of this study is to define criteria for operational implementation of 

space-based riparian mapping and subsequent monitoring through the RWHAFI. To 

identify a geographically portable classification method, several spatial and thematic 

resolutions, masking treatments, as well as different classification methods, are all 

tested on riparian zones of varying complexity. A successful classification method would 

ultimately be incorporated into Agriculture and Agri-Food Canada’s operational space-

based agricultural land use and land cover mapping. Those resulting maps would then 

be used for operational mapping of riparian habitat availability within agricultural regions 

across Canada.  
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1.2 Thesis Structure 

This thesis is organized into six chapters. This first chapter introduces the importance of 

using Earth observation for riparian monitoring and details the objectives and goals. 

Chapter 2 addresses background information on riparian zones, space-based image 

capture, classification methods, and the Wildlife Habitat Availability on Farmland 

Indicator. Methods are outlined in Chapter 3, describing the spatial resolutions of the 

available data, masking treatments, classification strategies, and thematic resolutions 

applied in the study areas, and calculation of the RWHAFI. Chapter 4 presents the 

Results. Chapter 5 discusses the most accurate classification method, the Habitat 

Availability results, and presents limitations and future considerations of this research. 

In Chapter 6, conclusions and highlights of the study are presented. 
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2 Background 

This section summarizes information from the literature needed to put this study in 

context. It starts by defining riparian zones and discussing several of the key ecosystem 

services they provide. Then the imagery characteristics and classification methods used 

to create landcover maps are introduced. It concludes by discussing the history of the 

RWHAFI.  

2.1 Riparian Zones 

Ecologically, riparian zones are defined as transitional areas occurring along and 

between upland and freshwater ecosystems, characterized by unique soil, hydrology, 

and biotic conditions strongly influenced by water (Marczak et al., 2010; Klemas, 2014). 

Using this definition, these zones include the river or stream edge, floodplain/lowland, 

the slope, and the vegetation that is reliant on the moisture gradient near the water's 

edge. They are variable in width and can be strongly influenced by the local topography 

and land use (Betz, Lauermann & Cyffka, 2018). This is illustrated in Figure 1 below.  
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Figure 1: Transect of the riparian zone around a waterway, depicting lowland and the 
upland areas. 

For simplicity of implementation, many regulatory jurisdictions have “vegetated buffer” 

laws or guidelines, primarily for the maintenance of water quality, but also for species 

diversity and ecosystem services, particularly in modified habitats/agricultural regions 

(Marczak et al., 2010). These vegetated buffers are usually a uniform distance on either 

side of the water, composed of natural cover along rivers, streams, lakes, and wetlands 

(Marczak et al., 2010; Richardson et al., 2012; Sass et al., 2012). For conservation 

purposes, riparian buffer distances varying from 5-200 m have been used to preserve 

water quality and conserve natural processes and the ecological functions of riparian 

zones (Marczak et al., 2010).  

In Ontario, the Nutrient Management Act of 2002 states that if nutrients are to be added 

to an agricultural field, there must be a minimum of a three-meter vegetated buffer from 
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the top of the streambank, consisting of continuous vegetated cover (Government of 

Ontario, 2002). This continuous vegetated cover can be perennial forage crops, 

perennial grasses, trees, or forbs (Government of Ontario, 2002). As of 2019, Ontario 

regulations now require six meters, or as deemed necessary by an engineer 

(Government of Ontario, 2019). In 2008, the Watercourse and Wetland Protection 

Regulations of Prince Edward Island (PEI) stated that the ground or soil within 15 

meters of the water must be undisturbed except with a permit (Watercourse and 

Wetland Protection Regulations, 2008). These regulated buffer distances are useful for 

simplicity of implementation, though they may not include all the riparian habitat, or 

encompass all the ecosystem services that riparian zones can provide (Richardson et 

al., 2012). 

2.1.1 Ecosystem services provided by riparian zones 

Riparian zones provide a suite of important abiotic and biotic services to the local 

ecosystem. Many of these serve to moderate the impacts of neighbouring land use – 

such as logging, agricultural uses, and urbanization –on river and stream water quality 

(Klemas, 2014; Piedelobo et al., 2019). Riparian zones have the potential to support 

numerous species and structures, which collectively can provide abiotic ecosystem 

services including, but not limited to sediment trapping, nutrient capture, bank 

stabilization, flood mitigation, stream temperature moderation, and organic matter 

transfer (Fernandez et al, 2014; Klemas, 2014; Sosa et al., 2018; Woodward et al., 

2018).  
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Riparian vegetation helps to maintain water quality by providing sediment and nutrient 

trapping ecosystem services (Klemas, 2014; Croke et al., 2017). By slowing the passing 

of sediment-laden water from upland regions, sediment settles out of solution before 

reaching the waterway (Sosa et al., 2018; Croke et al., 2017). Similarly, if nutrients are 

transported from fields in runoff, the slowing of water through riparian vegetation 

facilitates greater nutrient absorption by plants and prevents the nutrients from passing 

directly into the waterways (Sosa et al., 2018; Tánago & Jalón, 2011). Vegetation also 

increases the amount of organic matter in the soil which increases its water holding 

capacity, increasing filtering, and reducing flooding (Sosa et al., 2018; Aguiar et al., 

2015). The roots of the vegetation provide bank stabilization and soil retention services 

as the roots bind the soil and prevent it from washing into the water (Croke et al., 2017; 

Krzeminska et al., 2019; Tánago & De Jalón, 2011). This can also keep the banks taller, 

which can help reduce flooding.  

As well as supporting the riverbank and reducing sediment, having trees along the bank 

helps to moderate water temperatures by shading the water from some of the direct 

solar radiation (Li, Jackson, & Kraseski, 2012; Klemas, 2014). This can be important for 

many aquatic species as colder water has a higher dissolved oxygen content than 

warmer water (Li, Jackson, & Kraseski, 2012). Trees along the water are also part of a 

nutrient cycle, with plant matter falling into the water providing nutrients to the benthic 

communities, and insects coming out of the water providing food sources for species 

that live in the riparian zone (Baxter et al., 2005; Ferreira et al., 2016).  
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Riparian zones provide food, water, shelter, shade, connectivity, and structure which 

supports many biological ecosystem services, processes, and increased biodiversity 

(Marczak et al., 2010; Sosa et al., 2018; Woodward et al., 2018; González et al., 2017). 

These unique habitats in the riparian zones provide habitat for a number of species that 

are not usually found elsewhere, as well as key breeding habitats (Gundersen et al., 

2010; Richardson et al., 2012; Clearwater et al., 2016). Several studies have found 

higher species richness in riparian areas than in nearby upland areas (Bennett et al., 

2014). For example, it was found that riparian habitat supported different species than 

upland areas, which increases regional species richness by greater than 50% worldwide 

(Sabo et al., 2005; Hylander, 2006). In a worldwide meta-analysis species richness was 

found to be 38% higher in regions containing a riparian area than forested areas not 

containing riparian land (Gunderson et al., 2010). Indeed, riparian forests host more 

species of breeding birds than any other habitat in North America (Barry et al., 2006; 

Gunderson et al., 2010).  

Riparian vegetated strips can create dispersal corridors for species to safely traverse 

modified landscapes and connect with other populations, breeding areas, and/or new 

habitat (Marczak et al., 2010; Fernandez et al., 2014). Many birds live in the trees 

adjacent to water and use the connectivity of the riparian strips for dispersal (Gundersen 

et al., 2010) as well as supplementing their diets with emerging aquatic insects (Baxter 

et al., 2005; Woodward et al., 2018). Most vertebrate species found in the agricultural 
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regions rely on the riparian strip for at least some part of their lifecycle (Clearwater et 

al., 2016; Woodward et al., 2018). 

Food web connections and material exchanges between aquatic and land ecosystems 

occur in the riparian zone, making these zones important for the health of both 

ecosystems (Baxter et al., 2005; Ferreira et al., 2016). These transitional zones are also 

important for species that have different life cycle needs, such as frogs that lay eggs in 

water and whose juvenile stage is aquatic, while the adults are more terrestrial (Felix et 

al., 2010). Vegetation and deadfall along the riverbanks create structure and shelter for 

many juvenile/aquatic stages such as juvenile fish, tadpoles, insects, and amphibian 

egg clusters (Lyon et al., 2019). These juvenile/aquatic stages are often found along the 

edge of the water in sheltered areas where larger aquatic predators cannot get to them, 

where they are sheltered from direct sunlight, and they are less impacted by currents. 

These structures created by riparian vegetation lead to higher biodiversity in the aquatic 

system. Understanding and protecting areas of food web exchange, high productivity, 

and high species richness such as riparian zones is important for the preservation of 

biodiversity (Marczak et al., 2010).  

The preservation of biodiversity has been a major global concern over the last few 

decades, as seen through global agreements such as the United Nations Convention on 

Biological Diversity (United Nations Environment Program, 2020), United Nations 2030 

Sustainable Development goals, and Canadian programs like the Federal Sustainable 

Development Strategy (Environment and Climate Change Canada, 2019). Habitat 
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loss/modification is often listed as one of the main drivers of species extinction and 

biodiversity loss (Fahrig, 2001). Agricultural regions are areas where there has been 

significant modification of the land (Jeong et al., 2016). Due to implications for water 

quality, riparian habitat/vegetated strips have generally been left untilled or with natural 

vegetation in many agricultural areas (Maseyk et al., 2017; Nutrient Management Act, 

2019) though the buffer requirements are often narrow when considering vertebrate 

species needs (Marczak et al., 2010). 

Operational monitoring is the first step in observing landcover changes. Being able to 

map changes over time allows managers and policy makers to take stock of what is 

there, see changes as they happen, and make recommendations for improvements. 

Canada is committed to maintaining and improving the sustainability of agriculture 

practices through the Federal Sustainability Development Strategy program (FSDS, 

Environment and Climate Change Canada, 2019). In order to measure those targets, 

long-term monitoring strategies are needed. Monitoring of riparian zones can be done 

through field work, remote sensing, or a combination of the two.  

Given the size of Canada and the cost of field research, riparian habitat is not mapped 

in any detail for most regions. As finer resolution imagery becomes more accessible and 

computer processing improves, adding the riparian area to the space-based image 

classification already being done operationally by AAFC is becoming more feasible. 

Determining effective and efficient methods of classifying the riparian zone from 
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remotely sensed imagery would significantly improve existing operational monitoring 

methods and data products. 

2.2 Space-Based Earth Observation (SBEO) 

Space-based Earth observation systems have allowed terrestrial ecosystems to be 

mapped and monitored from local to global scales. Information on the state and change 

of terrestrial ecosystems that was once difficult and expensive to obtain over vast areas 

is now becoming accessible. The current availability of numerous satellite data streams, 

including both those from commercial vendors and open access, means that it is 

possible to select sensors that best meet specific user requirements, such as study area 

coverage, spatial resolution, repeat frequency, spectral resolution and period of study. 

Advances in image processing and classification have also improved dramatically since 

the days of manual classification of air photo images. However, there is still thematic 

and locational error associated with each classification, and the error increases with the 

complexity and diversity of the landcover. For example, identifying a huge area of one 

cover type can usually be easily accomplished with a fair amount of certainty, but if the 

landcover is heterogeneous, the pixels are large, and there are limited data, the 

algorithms are less accurate at modeling landcover (Corbane et al., 2015).  

Many factors can reduce classification accuracy, including but not limited to, highly 

diverse landcover, small patches, small strips, meandering strips, and fuzzy boundaries, 

all of which are typical for the agricultural riparian zones (Corbane et al., 2015). Riparian 
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zones are commonly affected by hydrological disturbances making them highly 

heterogeneous (Capon & Pettit, 2018) and as a transitional zone they will often have 

fuzzy boundaries between the different land cover classes (Woodward et al., 2018; Betz 

et al., 2018). This affects our ability to accurately identify the riparian landcover within 

agriculture zones, even with all the advances of Earth Observation technology. 

2.2.1 Imagery 

There are currently many satellites orbiting Earth, with different sensors that collect 

observations of varying spatial resolution in different portions of the electromagnetic 

spectrum. Commonly used Earth observation data include reflected energy in 

shortwave optical (blue, green, red), infrared (near infrared (NIR), shortwave infrared 

(SWIR), and thermal infrared (TIR) wavelengths, and backscattered microwave energy 

(C-band, L-band, X-band Synthetic Aperture Radar (SAR)) and passive microwave 

radiometers, and topographical information from LiDAR (Light Detection and Ranging). 

For consistency between sensors for operational land use and cover mapping at various 

spatial resolutions, this study uses imagery acquired from sensors that collect 

observations in the visible and infrared portions of the spectrum. 

Observations from optical satellite platforms and sensors comprise mixed spectra. This 

“mixed pixel” problem occurs because the reflectance of each pixel in an image, no 

matter how small that pixel is, corresponds to the mean of the reflectance spectra from 

all its contributing components, such as vegetation, soil, water, and the neighbouring 
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landcover (Dronova, 2015). Mixed spectra are ubiquitous in land remote sensing due to 

the inherent complexity of plant canopies. The mixed pixel problem can, at least in part, 

be addressed using finer spatial resolution imagery (e.g. 5 m RapidEye vs. 30 m 

Landsat-8), where there are fewer different contributing elements to pixel reflectance 

(Huylenbroeck et al., 2020). However, from an operational national-scale mapping 

perspective, the use of such higher spatial resolution imagery is often not feasible due 

not only to prohibitive cost, but also larger data volumes that require significantly more 

computational overhead to download and process.  

Despite the issues of mixed spectra, some landcover types are relatively easy to identify 

spectrally. This includes deep or large water bodies (due to their very high absorption in 

the NIR and SWIR spectral bands compared to other non-water landscape 

components) (Merchant et al., 2019) and vegetation (due to their high absorption in the 

red and high reflectance in the NIR, compared to other non-vegetated landscape 

components) (Nguyen et al., 2019). Observations over vegetated surfaces can often be 

broken down further into more detailed landcover types (e.g. forest vs. cropland vs. 

wetland) given observations of suitable spatial resolution (to minimize the mixed pixel 

problem) and temporal resolution (to differentiate vegetation on the basis of their growth 

(phenological) cycles). Nonetheless, for mapping riparian zones, which are generally 

narrow non-linear features, problems associated with mixed spectra will persist, and 

need to be directly addressed.  
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2.2.2 The AAFC Annual Space-Based Canadian Crop Inventory 

The Annual Crop Inventory (ACI) maps are operationally created by the Science and 

Technology Branch of Agriculture and Agri-Food Canada (AAFC). Using a combination 

of synthetic aperture radar (SAR) and optical Landsat satellite imagery and field data 

collection, AAFC creates the crop inventory at 30 m spatial resolution with a goal of 

85% minimum mapping accuracy for crop classification across all of Canada each year 

(Davidson et al., 2017). The ACI has more than 60 landcover classes primarily focused 

on the crop classification. Ideally, the operational crop inventory will eventually include 

operational mapping of riparian zones within agriculture zones. 

2.3 Image Classification 

Satellite image classification is an important tool for many remote sensing 

applications. Classification involves the implementation of algorithms that identify 

different landcover types from spectral data to produce a thematic map. During this 

process, image data (pixels or objects, see following sections) are sorted into target 

classes on the basis of their spectral characteristics (Esri, 2016). With the goal of 

operational mapping of the riparian zone within the agricultural regions of Canada, a 

successful classification method needs to be efficient, reproducible, and portable. There 

are several components that could be chosen for each classification method:  



16 

(1) classification algorithm

(2) pixel-based vs object-based classification

(3) field data collection

(4) thematic resolution

2.3.1 Classification Algorithms 

Supervised classification algorithms are the most commonly used type of classification. 

The supervised classification approach uses in situ (ground) observations to "train" the 

classification algorithm, where it defines the spectral characteristics (signatures) of each 

target class (Esri, 2016). The algorithm then compares each pixel in the image to those 

signatures and assigns the pixel to the target class which it most closely resembles 

(Esri, 2016). The accuracy of the final classification is evaluated (validated) using a 

selection of the ground reference points not used to train the classification (Davidson et 

al, 2017). Of the available supervised classification algorithms, Maximum Likelihood 

Classification (MLC) is a simple and readily available approach that assigns each pixel 

to the most likely class according to the training data (Lillesand, Kiefer & Chipman, 

2004). The likelihood of each pixel belonging to each class is evaluated by calculating 

the Mahalanobis distance (Richards, 1996) of the pixel’s location in spectral space to 

the centre of each training cluster, and the shortest distance identifies the most likely, 

therefore assigned, class (Foody, 1990; Mitchell et al. 2008).  While there are newer 

algorithms for satellite imagery classification, like machine learning classifiers, support 

vector machines, decision trees, and ensemble classifiers, they are usually more 

computationally intensive, and more complex (Maxwell et al., 2018). It has also been 
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found that rarer classes may not be discriminated well with machine learning 

classifications, likely due to the smaller sample size of observations associated with 

such classes, which has been shown in many cases to reduce the performance of this 

approach (Maxwell et al., 2018, Wen & Hughes, 2020). Those newer algorithms might 

have increased overall accuracy when compared to MLC, but with the data available, 

the operational mapping goal, and the issues identified above, MLC was used in this 

study to determine a baseline successful method. If the methods are successful with 

MLC, machine learning methods could be applied in the future to test for higher 

classification accuracies. 

2.3.2 Pixel-based vs object-based classification 

MLC can be applied to classify imagery using both pixel-based and object-based 

approaches. In a pixel-based approach, the classification algorithm is applied to 

imagery on a pixel-by-pixel basis. Riparian zones can be highly variable, and thus a 

pixel-based classification may be more precise than object-based classification for the 

smaller patches and/or rarer classes found in the narrow riparian zones (Dingle 

Robertson & King, 2011). In an object-based approach, the classification algorithm is 

applied to homogenous aggregations of pixels (known as objects). To implement an 

object-based classification, images are segmented, where the image is divided into 

pieces, or objects (Esri, 2020). The objects may represent tree crowns, roads, or any 

area of the image with similar texture, colour, or shape. Once the image is segmented, 

a classification algorithm is applied, and each object is classified instead of each pixel. 
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A number of studies have shown that image segmentation before classification can 

improve classification accuracies (Liu & Xia, 2010). Classifying objects can also reduce 

the noise often seen in pixel-based classification (Makinde et al., 2016) and classifying 

the larger objects can add more training information to the spectral signature and 

potentially increase the accuracy (Liu & Xia, 2010). Several studies have found 

improvement in wetland mapping with object-based classification (Dronova, 2015; 

Dingle Robertson & King, 2011). Given the successes that other studies have had with 

object-based methods, they were added to this study.  

2.3.3 Field Data Collection 

For the supervised classification of satellite imagery, field data should be collected with 

a few considerations. Sites that are physically close together may be spatially 

autocorrelated (Congalton & Green, 2019). This is problematic because the presence of 

spatial autocorrelation in ground data needs to be explicitly corrected for when using 

these data with any traditional (parametric) statistics. In addition, it is recommended that 

field data collection sites should meet a minimum size and it is commonly suggested to 

use a Minimum Mapping Unit (MMU) for all training areas (Demers et al., 2015). This is 

because a pixel's spectral signature is influenced by the adjacent pixels through the 

bidirectional reflectance distribution function, which varies widely for vegetation (Maillard 

& Alencar-Silva, 2013). Therefore, larger MMUs will help to reduce spectral impacts of 

other adjacent classes, and larger MMUs can also help to reduce error from slight 

positional error of the imagery (Knight & Lunette, 2003).  



19 

Riparian zones are often spatially heterogeneous and contain landcover classes that 

often have high within-class variability. Riparian wetlands are one such example and 

are highly spectrally and spatially variable (Corbane et al., 2015; Dronova, 2015). 

Wetlands are strongly influenced by local hydrological properties, soil moisture levels, 

and atmospheric moisture (Corbane et al., 2015; Dronova, 2015), meaning that 

wetlands may present differently within the same image, making their identification and 

classification even more challenging.  

A sufficient amount of high-quality field data points are needed to adequately capture 

the spectral variance of each class. This can be challenging, especially for rarer 

classes, where there may be insufficient collection sites in the study area, where the 

areal coverage of the class may be smaller than the MMU for the image resolution 

being used, and where the sample size required to adequately spectrally define the 

class in question may be impossible to define beforehand. As a result, inadequate field 

sampling will impact accuracy, as well as the number of possible classes for the 

thematic resolution.  

2.3.4 Thematic Resolution 

In the context of this study, thematic resolution refers to the number of classes to be 

defined through the process of classification of a satellite image. The ideal thematic 

resolution of a landscape classification depends on the heterogeneity of the landscape, 

the spatial resolution of the imagery, and the goal of the study (Congalton & Green, 
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2019). If the class definitions are too specific, the resulting classification will often result 

in many classes mapped with low accuracy. However, if the class definitions used are 

too broad, only a few classes will be defined, which will be insufficient to characterize 

the heterogeneity of the landscape being mapped. Capturing as much variability as 

possible is beneficial when considering the goal of mapping biodiversity and habitat 

availability (Maskell et al., 2019). 

The spatial resolution of the imagery strongly influences the potential thematic 

resolutions. A finer spatial resolution may allow for a higher thematic resolution in a 

heterogeneous landscape, because smaller pixels are required to adequately 

characterize the short-distance spatial complexity found within that landscape. On the 

other hand, spatial resolution can be less important in a more homogeneous landscape, 

or when looking to classify fewer classes or classes that cover large geographical 

areas. For example, Canada currently maps forest attributes to a spatial resolution of 

250 m with a thematic resolution of only 4 classes: vegetated, non-vegetated, treed, or 

non-treed (Natural Resources Canada, 2017). In comparison, the ACI (discussed 

above) has more than 60 landcover classes at 30 m pixel resolution. Generally, 

agricultural fields are large and homogenous making classification to a higher thematic 

resolution from medium resolution imagery possible.  
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2.4  Riparian Wildlife Habitat Availability on Farmland Indicator 
(RWHAFI) 

The WHAFI (landscape level) is already being used in some areas as a metric of 

sustainability, using ACI maps as input for its calculation (Government of Canada, 

2019). It is one of the Agri-Environmental Indicators in the Canadian Environmental 

Sustainability Indicators (CESI) program as part of the Federal Sustainability 

Development Strategy (Government of Canada, 2019). Adding a riparian component to 

this indicator would contribute to the long-term monitoring of healthy agriculture and 

ecological preservation across the landscape.  

This study evaluated RWHAFI as an operational method for monitoring riparian habitat 

availability and biodiversity in agricultural regions in Canada.  This extends existing 

work with the WHAFI (Neave and Neave 1998; Javorek and Grant 2011) to identify and 

assess changes in habitat capacity in the agricultural regions over time. Javorek and 

Grant (2011) calculated the WHAFI for agricultural regions based on ACI data from 

1986-2006 (Figure 2). The WHAFI combines landcover data from the ACI with tables of 

Habitat Use Values (sample in the Methods) to calculate the amount of land available 

for vertebrate species, as a proxy for biodiversity/health. While neither the WHAFI nor 

the RWHAFI account for the presence of the species, they are sensitive to the 

presence of the species' preferred or required habitat types in agricultural regions. The 

WHAFI is an indicator that is simple, straightforward, and cheap to apply when there 

are available landcover maps  
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Figure 2: Results from original WHAFI project showing the Habitat Capacity of the 
Mixedwood Plains in 1986, by Ecoregion and SLC polygons. (Javorek and Grant, 2011) 

The WHAFI has been used to assess farmland wildlife capacity for several regions 

across Canada (Clearwater, Martin, & Hoppe, 2016). That report recommends 

changing or modifying the indicator methodology because so many species are 

dependent on the “All Other Land” landcover category of the WHAFI, rather than 

agricultural classes. The “All Other Land” class comprises mostly “idle land” which 

includes riparian forest, wetland, shrubland, and the riparian vegetated strip (Clearwater 

et al., 2016). The report states that only 3% of the species included in the indicator 

could meet all their breeding and feeding needs in only the annual crop areas and that 

the rest were partially or fully dependent on the natural and semi-natural habitats, 

including pasture and all other land (Clearwater et al., 2016). This dependence further 

shows the need to monitor this critical habitat.  
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The developers of the WHAFI also created habitat use databases specifically for the 

agricultural riparian habitats. Classification of the riparian zone within agricultural 

regions would create the landcover maps needed to calculate the RWHAFI. My thesis 

aims to fill the gap in this indicator by using EO techniques to separately classify the 

riparian part of the “All Other Land” class and then apply the RWHAFI operationally. 
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3 Methods 

3.1 Study Areas 

With the primary goal of national operational mapping of agricultural riparian landcover, 

this study focused on three agricultural watersheds, located in two Canadian provinces. 

These watersheds were chosen for their accessibility, the availability of ground and 

image data over the watershed, their range in size, and their variability in amount of the 

agricultural landcover. In addition, because these watersheds cover two ecozones, they 

allow for the development and testing of a more general, geographically portable, 

methodology that is not ecozone-specific.  

The largest watershed is located on the south eastern boundary of Ontario, the South 

Nation River watershed is part of the northern arm of the “Mixed Wood Plains”. Being 

close to Ottawa, AAFC, Geomatics and Landscape Ecology Lab, and Carleton 

University, the South Nation watershed was chosen for the ease of field data collection, 

as well as existing geospatial data sets. The Mixed Wood Plains is the most southern 

ecozone in Canada and its forests are mixed coniferous-deciduous, dominated by red 

and white pine, maple, hemlock, oak, and birch (Parks Canada, 2003).  

The smaller watersheds are both located on Prince Edward Island (PEI), with the Dunk 

River watershed near the middle of the island and the Souris River watershed located 

on the easternmost tip (Figure 4). Watersheds in PEI were chosen because of the 

accessibility to data through the original WHAFI project leads based in PEI, and the 
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availability of an AAFC team member to collect field data in the appropriate time range. 

The Dunk River and Souris River watersheds were selected to reflect watersheds of 

different sizes and proportion of agricultural activity. Both are part of the “Atlantic 

Maritime” ecozone which encompasses the southeastern part of Canada. Its forests are 

also mixed coniferous-deciduous, dominated by red spruce, red and white pine, sugar 

maple, balsam fir, birch, and eastern hemlock (Parks Canada, 2003).  

Figure 3: Location map showing the South Nation Watershed in the easternmost part of 
Ontario adjacent to Quebec. 
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Figure 4: Location map of the two PEI watersheds in relation of eastern Canada and 
within PEI. Dunk River watershed is located mid-island and Souris River watershed is 
located on the easternmost tip. Watersheds in this map are delineated by the gray lines. 

All three watersheds have a mix of forest and agriculture which allows the testing of 

methods for different landscape compositions (Figure 5, Figure 6, & Figure 7). AAFC 

ACI maps were used to calculate the approximate spatial coverage of land use and 

cover classes within each watershed. The South Nation watershed had ~ 60% 

agriculture and ~ 19% forest (Figure 5); Dunk River, ~69% agriculture, ~18% forest 

(Figure 6); and Souris River, ~38% agriculture and ~37% forest (Figure 7). The most 

common agricultural products for South Nation were soybean, corn, and forages, while 

the PEI watersheds were dominated by forage and potato production.  
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These three watersheds are different sizes to test the classification methods across 

geographic extents. The largest is the South Nation River watershed at 4441 km2 (South 

Nation Conservation, 2018), the Dunk River watershed is mid-sized at 167 km2

(Bedeque Bay Environmental Management Association, 2019), and the smallest is the 

Souris River watershed at 60 km2 (Souris & Area Branch PEI Wildlife Federation, 2006). 

This range in characteristics should improve the geographic portability of the methods 

tested in this study. 
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Figure 5: Map of South Nation watershed with ~60% Agriculture and ~19% Forest 
represented based on AAFC 2015 crop map. 
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Figure 6: Map of Dunk River watershed with ~69% Agriculture and ~18% Forest 
represented from the AAFC crop map 2016. 

Figure 7: Map of Souris River watershed with ~ 38% Agriculture and ~ 37% Forest 
represented from the AAFC crop map 2016. 
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3.2 Data Acquisition 

3.2.1 Field Data 

Given the heterogeneity of riparian landcover and a goal of mapping biodiversity, this 

project began by collecting and mapping as many classes as possible. Data collection 

(sample) sites were selected within each watershed where water met a road and was 

accessible to a driver (without trespassing), with greater emphasis placed on collecting 

data at wider areas of the river, rather than at small ephemeral streams. At each 

collection site, field data points of all cover types that could be accurately identified from 

the road were classed. Aggregating the classes after collection is always possible and it 

seemed prudent to include as much variability as possible. The riparian landcover type 

changed so rapidly that spatial autocorrelation impacts were deemed negligible. 

The field data points for the South Nation watershed were collected in July and August 

2015, while in PEI they were collected on July 24 and 25, 2015. Field data were 

collected on portable computers and geolocated using ArcPad software. To help orient 

the data collection, the software interface was configured to show background imagery 

from a 1m 2010 orthorectified satellite image for the PEI sites, and a 5 m RapidEye 

image from 2013 for Ontario. 
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High spatial resolution imagery was used for post hoc refinement of the field data point 

placement. For the South Nation River, field data sampling locations were refined and 

added through comparison with RapidEye background maps from 2015 and DRAPE 

imagery from 2014. Similarly, for the PEI watersheds, point refinement and addition was 

undertaken using the same process with a 1m pixel Worldview satellite image (2010), a 

1m Land Use Land Cover map from 2010, and RapidEye from 2016. Additional points 

(5-10) for cover classes that were under-represented in the field sampling but were 

clearly identifiable from imagery, such as water, agriculture, and conifer forest, were 

added.  

A polygon was manually drawn around each field data point to cover an area that met, 

or exceeded, the suggested MMU of 3 pixels by 3 pixels to make all training areas 

(Demers et al., 2015). Some rarer classes were not well represented in the dataset or 

did not meet the MMU. If there were fewer than 10 polygons of a class, it was removed, 

or merged with a lower thematic resolution class, such as merging tall and short shrubs 

into the shrubland class, and managed and unmanaged grassland into grassland. 

Small sample sizes cause many classification challenges. It is recommended to have a 

minimum of 10n-100n pixels (where n is the number of bands) of training sample pixels 

for each class (Muise, 2011). For testing classification results, it is common to remove 

a subset of the training data to use as validation data, and there must be a sufficient 

amount of input field data so that the accuracy is not determined by just a few 
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pixels. A commonly used subset of 70/30 was chosen, with 70% of the field data used 

for classification training, and 30% used for testing. 

There were fewer field data sites that met the MMU needed for input polygons than 

expected. The South Nation River watershed data were collected at too fine a spatial 

resolution and so many points did not meet the MMU needed. For the South Nation 

River watershed, 1686 field data points were collected, though they resulted in only 207 

polygons; similarly, 664 points in the Dunk River watershed became 581 polygons, and 

236 points for the Souris River watershed became 140 polygons. A summary of the 

points used for each treatment and study area is presented in Table 1. 

Table 1: Counts of field data polygons for each watershed for each masking treatment 
(described below) using RapidEye. 

Field Data Polygon Counts 

Masking Treatment 
Whole Area Crop Cookie Cutter 60m Buffer 

South Nation River 207 165 163 

Dunk River 581 272 451 

Souris River 140 103 108 

3.2.2 Vector Data 

All analysis was done using ArcMap (Esri Inc., 2019), ArcGIS Pro (Esri Inc., 2019), and 

Excel (Microsoft Corporation, 2018) and the vector datasets used for bounding and 

processing are listed in Table 2. 
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Table 2: Datasets used for planning, processing, and delineating the study area. 

Date Dataset Source 

January 25, 
2012 

National Hydro 
Network- 
South Nation 

Ministry of Natural Resources 
https://open.canada.ca/data/en/dataset/a4b190fe-
e090-4e6d-881e-b87956c07977 

2008 PEI 
Waterbodies 

Atlas of Canada Natural Resources Canada 
maritdrnetwork_1m_v6-0.shp 

May 2014 National Road 
Network 

Natural Resources Canada 
http://www.geogratis.gc.ca/ 

2010 South Nation 
Watershed 

Ontario Ministry of Natural Resources 
http://geo.scholarsportal.info/#r/details/_uri@=158952
3613 

2008 PEI 
Watersheds 

Government of Prince Edward Island 
http://www.gov.pe.ca/gis/download.php3?name=wate
rsheds08&file_format=SHP 

2016 Provinces Statistics Canada Cartographic Boundary 
http://geo.scholarsportal.info/#r/details/_uri@=749265
755$DLI_2016_Census_CBF_Eng_Nat_pr 

2015 Ontario 
ACI 

AAFC - Crop Inventory 
https://open.canada.ca/data/en/dataset/3688e7d9-
7520-42bd-a3eb-8854b685fef3 

2016 PEI 
ACI 

AAFC - Crop Inventory 
https://open.canada.ca/data/en/dataset/b8e4da73-
fb5f-4e6e-93a4-8b1f40d95b51 

February 1, 
2000 

Ecozones 
1:7500000 

Atlas of Canada 
https://www.ccea.org/ecozones-downloads/ 

http://www.geogratis.gc.ca/
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3.2.3 Earth Observation Data (Satellite Imagery) 

Landsat 8  

For operational monitoring, Landsat 8 is an attractive EO choice as it provides frequent 

images covering all of Canada, reasonable spatial detail (30 m) with wide swaths, has 

historical archives stretching back as far as the 1980s, and is available to the public at 

no charge. The utility of the Landsat series of satellites for national-scale mapping has 

been clearly demonstrated by Agriculture and Agri-Food Canada, which has relied 

heavily on this mission since 2008 to operationally map landcover and land use across 

Canada’s full agricultural extent (Agriculture and Agri-Food Canada, 2019). 

Unfortunately, the RWHAFI uses a 60 m riparian strip definition (discussed below) and 

MMU recommendations for Landsat imagery could not be met within the RWAHFI 

riparian zone (Figure 8). Also, there were very few places that the riparian vegetation 

patches were large enough to meet MMU, even ignoring the riparian definition of 60 m. 

This showed that Landsat is not appropriate for mapping these narrow features, so no 

further processing was applied.  
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Figure 8: DRAPE 2014 image of the South Nation River showing the size of Landsat 
pixels (red boxes) in the 60 m riparian buffer with a 10 m grid overlay. 
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RapidEye 

RapidEye refers to a constellation of five satellites that collect images in five spectral 

bands (blue, green, red, red-edge, and near infrared) at 5 m spatial resolution, with 

individual scenes covering 77 km2. Data are pre-processed by the vendor with 

radiometric, sensor, and geometric corrections before distribution (Planet Labs, 2016). 

Because RapidEye imagery is costly, especially for multi-temporal collections over large 

areas, it is not currently used by AAFC in its operational land use and cover mapping. 

However, it is frequently used in the research and development stage for testing the 

effects of finer spatial resolution data on new mapping methodologies, and it is for this 

reason these data are used in this study. This is especially important for mapping 

smaller and narrower landcover features such as riparian zones that cannot be mapped 

well using medium spatial resolution sensors such as Landsat 8. 

The RapidEye imagery of South Nation River was collected in 2015. However, PEI did 

not have cloud free imagery during the growing season for 2015, so imagery from 2016 

was used for those watersheds. It was expected that land cover changes over one year 

would be minimal for the non-agricultural landcover.  

Land cover spectral reflectance can be influenced by antecedent weather conditions. 

This is especially true for small waterways whose sediment loads can increase after 

significant rain events. All three study watersheds had <15 mm precipitation in the 

nearest city’s weather station in the 2 days before collection of the RapidEye imagery 
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(Government of Canada, 2020). This amount of precipitation should not impact the 

imagery or the classification.  

DRAPE 

DRAPE- Digital Raster Acquisition Project for Eastern Ontario- is a high-resolution air 

photo imagery data set of Eastern Ontario with 20 cm pixels and was collected in 2014 

(MNRF, 2019). DRAPE is the result of a public and private collaboration and was 

received by Carleton from the Ministry of Natural Resources and Forestry (MNRF, 

2019).  
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Table 3: Summary of EO imagery used. 

Date Image Resolution Source 

2013 RapidEye 
South Nation River 

5 m USGS 
www.planet.com/products/plan
et-imagery/ 

April 28th -
June 7th, 2014 

DRAPE Air Photo 
South Nation River 

20 cm OMNR or MNRF 
http://geo.scholarsportal.info/#r
/details/_uri@=1863583366 

May 29 and 
August 17th, 
2015 

Landsat  
South Nation River 

30 m USGS 
https://earthexplorer.usgs.gov/ 

June 3, 2015 RapidEye  
South Nation 

5 m Planet Labs 
www.planet.com/products/plan
et-imagery/ 

2010 Worldview 
PEI 

1 m USGS 
https://worldview.earthdata.nas
a.gov/

September 12, 
2016 

RapidEye 
Dunk River 

5 m Planet Labs 
www.planet.com/products/plan
et-imagery/ 

August 31, 
2016 

RapidEye  
Souris River 

5 m Planet Labs 
www.planet.com/products/plan
et-imagery/ 
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3.3 Classification Components 

Figure 9 presents an overview of the multiple landcover classification strategies used in 

this study to determine the most successful method for classifying riparian zones. Each 

classification strategy combined components from each of the following: Study Area, 

Spatial Resolution, Thematic Resolution, Masking Treatment, and Pixel vs. Object 

based approaches. Each is explained further in the following sections.  

Figure 9: Overview of the Land Cover Classification Components. 

3.3.1 Spatial Resolution 

There were two image spatial resolutions chosen to classify the study areas. Landsat, 

with 30 m pixels, was chosen because it is already used operationally by AAFC for their 

ACI. RapidEye, with 5 m pixels, was chosen because it is commonly used by AAFC to 

test new methods at finer spatial resolutions than those used in their operational 
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activities. For operational mapping, the coarsest spatial resolution that produces 

acceptable results is desirable because it minimizes the computational overhead 

required for mapping at national scales. 

RapidEye imagery has a more appropriate spatial resolution for classifying the study 

watersheds because 5 m pixels allows more of the narrow riparian vegetation to be 

included and using this imagery kept more field data for classification. In field 

observations of the riparian areas, much of the vegetated riparian strip was <15 m wide 

(~3 pixels). Given the 60 m width of the riparian zone for the RWHAFI and the 

configuration of the riparian vegetation landcover, RapidEye was used for the 

processing of all the methods.  

3.3.2 Thematic Resolution 

The landcover classes were selected based on expected cover types found in the 

riparian zone, in combination with the WHAFI classes. In an effort to get the finest 

thematic resolution possible, the 10 cover types/classes I collected were: Conifer, 

Deciduous/Broadleaf, Mixed Forest, Shrubland (Tall and Short), Barren (bare soil or 

rock), Wetland, Water, Grassland (Managed and Unmanaged), Developed, and 

Agriculture.  

The WHAFI uses all 62 AAFC crop classes, as well as several forest area classes 

(Forest ≤ 2 ha or Forest ≥2 ha), though the WHAFI has much of the riparian and “idle” 
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land classified as “other” and not considered. Given the issues with riparian 

classification, the RWHAFI uses lower thematic resolution with broader classes than the 

WHAFI, with only Riparian Woody, Riparian Herbaceous, Riparian Agriculture, and 

Other. See Table 4 for an overview of the classes used in each context and a short 

description.  

My aim was to classify the riparian zone to the highest thematic resolution possible. 

Classification at the highest thematic resolution (the collection resolution of 10 classes) 

was not possible. As detailed above, there were insufficient data for the rarer classes 

and most of the subclasses had to be merged. I started by testing all the classification 

methods at the high thematic resolution to determine its accuracy, then applied that 

method to the low thematic resolution as input for the RWHAFI.  
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Table 4: Thematic resolution, description of the classes collected, and the classes used 
by the WHAFI and the Riparian WHAFI. 

Field 
collected 
Subclasses Classes 

RWHAFI 
Classes WHAFI Classes Description 

High  
(7 Classes) 

Low  
(4 Classes) (62 Classes) 

Conifer Conifer Woody 
Conifer 
& Conifer >2ha 

Conifer trees & 
Conifer forest  

Broadleaf Broadleaf Woody 
Broadleaf  
& Broadleaf >2ha 

Broadleaf trees & 
Broadleaf forest 

Mixed Trees 
Mixed 
Trees Woody 

Mixed trees & 
Mixed Forest >2ha 

Mix of Conifer and 
Broadleaf Trees  

Short Shrubland Woody Shrubland <2m tall 

Tall Shrubland Woody Shrubland >2m tall

Natural Grassland Herbaceous Grassland Unmowed 

Managed Grassland Herbaceous Grassland Mowed 

Developed 
Developed/
Bare Soil Developed 

Developed land, 
roads, buildings 

Barren 
Developed/
Bare Soil Exposed Exposed ground 

Wetland Wetland Wetland Water and vegetation 

Water Water Water Any water 

Agriculture Agriculture ACI Crop classes Crops 
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3.3.3 Spatial Masking Treatments 

All satellite imagery was mosaicked and extracted to each of the three watersheds 

before the masking treatments were applied. Visual examples from Dunk River 

watershed are provided below (Figure 10). To test potential operationally feasible 

masking methods aimed at better classifying the riparian areas, three different 

treatments were compared: 

First, the whole watershed was classified, with no spatial masking (Figure 10a). 

The second option, hereafter referred to as the “Crop Cookie Cutter treatment” (Figure 

10b) assumed that the ACI (Agriculture and Agri-Food Canada, 2019) would be better 

at classifying the agricultural classes than could be accomplished separately in this 

study. This mask was included based on the goal to add the riparian vegetation to the 

operational ACI making the landcover map more robust. Crops and urban areas from 

the crop inventory map were masked out (analogous to using a cookie cutter) before 

classifying the vegetation adjacent to the water and crops.  

The third treatment applied a fixed 60 m buffer around all water based on a vector file 

(Figure 10c), chosen because this defined width is used by the RWHAFI. 
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Figure 10: Dunk River watershed showing the different preprocessing methods: a) 
whole area, b) crop cookie cutter, and c) 60 m buffer. 
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3.3.4 Pixel-based vs. Object-based Classification 

Each combination of the methods was processed with the pixel-based classifier and 

again with the segmented image included as the object-based classification. Using the 

accuracy values from each method, the pixel-based vs. object-based results were 

compared by subtracting the object-based accuracy results from the pixel-based 

accuracy results for each treatment. If the result is positive then pixel-based methods 

had higher accuracy, if the result is negative then object-based methods had higher 

accuracy. 

3.4 Land-Cover Classification 

3.4.1 Training Data 

After the images and field data were processed for each treatment, the field data were 

subset to create a training dataset (70% of samples) and validation dataset (30% of 

samples). These datasets were visually assessed for sufficient representation across 

classes to ensure there were samples of each class in both the training and validation 

subsets. This was done to prevent accuracy results being based on the classification of 

one specific validation area.  

3.4.2 Segmentation 

Segmentation parameters were adjusted to find the “best fit” for each watershed 
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Table 5) by adjusting the importance of the spectral and spatial detail parameters, as 

well as the number of pixels per object (Esri, 2021). The image is then segmented using 

the parameters that result in the best separation of landcover classes based on visual 

inspection. The “spectral detail” parameter ranges from 1.0 - 20.0 where higher values 

put more emphasis on differentiation of segments based on the spectral reflectance or 

colour of the pixels, while the “spatial detail” (range 1 - 20) focuses on proximity of the 

pixels, and lastly the “minimum segment size” is the smallest number of pixels that 

should be grouped (Esri, 2021). The object-oriented version of each treatment uses the 

same field data as the pixel-based method but is classifying the segmented image. 

Instead of classifying the pixels, each segment/object is classified compared to a 

signature created from the objects.  

Table 5: Parameters used for image segmentation by watershed. 

Study Area Spectral detail Spatial detail Minimum segment 
size in pixels 

South Nation River 18.5 8 20 
Dunk River 17.5 5 20 
Souris River 16.5 10 20 

3.4.3 Maximum Likelihood Classification 

A supervised classification approach was used, creating a spectral reflectance 

“signature” for each landcover class using the distribution of spectral reflectance values 

in the EO image in the training areas collected in the field (Esri, 2020).  
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Spectral signatures were created from the 70% training subset of the field data 

polygons. For the object-based methods, the segmented image was used for the 

classification process. The pixel-based MLC classification and object-based 

classification were run for each masking treatment in each of the three watersheds. 

3.4.4 Classification Accuracy 

The accuracy of each classification is determined by how much of the resulting map is 

correctly identified when compared to independent validation (field) data. The Equalized 

Stratified Random (ESR) accuracy tool puts equal emphasis on rare and common 

classes by creating the same number of testing points per class (Esri, 2020). Selecting 

an accuracy method that accounts for rarity is needed as several of the classes, while 

present and important, are less commonly found in these highly modified landscapes.  

The validation subset, the remaining 30% of the field data polygons, were used to 

determine the accuracy of the classification using the Equalized Stratified Random 

sampling strategy. This strategy randomly assigned 50 points per class within the 

validation polygon areas, thus all classes have equal impact on the overall accuracy 

and the impacts of unequal distributions of field data points is reduced. The results of 

each classified image are compared to the validation data points. Those results are 

presented in confusion matrices and the overall accuracy is the metric of successful 

classification. 
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Each classification accuracy has an associated kappa value. This value is not used for 

comparing the different methods but is reported as part of the output from the accuracy 

calculation. The value is based on the probability that the classification is more accurate 

than random chance with 1 being perfect agreement and -1 being perfect disagreement. 

It is calculated from the Kappa coefficient equation (Congalton & Green, 2019):  

𝐾𝑎𝑝𝑝𝑎 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 =  
 𝐴𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 – 𝐶ℎ𝑎𝑛𝑐𝑒𝐴𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 

 1 – 𝐶ℎ𝑎𝑛𝑐𝑒𝐴𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡
 (1) 

where Agreement is the sum of all correctly classified pixels compared to the validation 

pixels, and the ChanceAgreement is the summation of the User’s accuracies multiplied 

by the Producer’s accuracies. 

To determine the most successful preprocessing treatment, I calculated an average 

classification accuracy for each masking treatment and method. The highest average 

accuracy was termed the most successful. Consistently accurate and geographically 

portable classification methods are needed to create high quality landcover maps 

needed as input for the RWHAFI.  
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3.5 The Riparian Wildlife Habitat Availability on Farmland 
Indicator (RWHAFI) 

For the RWHAFI, AAFC scientists developed habitat association matrices for terrestrial 

vertebrate species found within 60 m of the water in agricultural regions for each 

ecozone (i.e. 324 species in the “Mixed Wood Plains”) from range maps, local 

knowledge, and literature reviews, representing an enormous amount of work done 

previously by AAFC scientists (Javorek & Grant, 2011, Javorek & Grant, unpublished; 

Neave & Neave, 1998). These scientists focused on six life cycle requirements: Rutting, 

Feeding, Lounging, Cover, Wintering, and Staging/Migration. For each species and life 

cycle habitat requirement, each cover type was given a rank of primary, secondary, 

tertiary, or N/A with an associated Habitat Use Value (HUV) of 3, 2, 1, or 0, respectively 

(Javorek & Grant, unpublished). Strongly preferred or dependent habitats are 

considered primary, used but not dependent habitats are considered secondary, 

occasionally used but not needed habitats are considered tertiary, and unused habitat is 

considered not applicable (Javorek & Grant, 2011).  

The RWHAFI uses 4 agricultural riparian land cover types, Agricultural, Herbaceous, 

Woody, and Other, unlike the landscape WHAFI that considers most crop types, forest 

type and size, and several other landcovers (62 landcover types). Below, Table 6 

presents a simplified example of a Riparian Habitat Association Matrix showing the HUV 

for each species, each life stage requirement, and each habitat.  
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Table 6: Sample subset of the RWHAFI Habitat Use Matrix for the Mixed Wood Plains, 
with values between 0 and 3 (Javorek and Grant, unpublished). 

Species Habitat Life Stage 
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Garter Snake Woody 2 2 0 2 2 0 

Garter Snake Herbaceous 2 2 0 2 2 0 

Garter Snake Agriculture 2 2 0 2 2 0 

Mudpuppy Herbaceous 1 1 0 1 1 0 

Mudpuppy Agriculture 2 2 0 2 2 0 

Mudpuppy Woody 1 1 0 1 1 0 

Using the classified results from the riparian SBEO classification, areal proportion is 

calculated then used as input for the indicator equation below. The input maps should 

aim to meet the minimum classification accuracy of 85% used by the AAFC crop 

inventory team. However, given the challenges of mapping riparian zones and the much 

smaller amount of data available for classification compared to crop classification, lower 

accuracy may still have some utility. The RWHAFI is calculated using the Habitat Use 
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Matrix (Table 6), the percent landcover in the study area, and the WHAFI process 

(Javorek & Grant, 2011): 

𝐑𝐖𝐇𝐀𝐅𝐈 = ∑((%𝑳𝑪 × 𝑯𝑼𝑽𝑹)𝒏 +  (%𝑳𝑪 × 𝑯𝑼𝑽𝑭)𝒏 + (%𝑳𝑪 × 𝑯𝑼𝑽𝑳)𝒏 … )  (2) 

where RWHAFI = Riparian Habitat Availability on Farmland Indicator, %LC = the 

percentage of a landcover class in the summary area, HUV = Habitat Use Value for: 

Rutting (R), Feeding (F), Lounging (L), Cover (C), Wintering (W), and Staging/Migration 

(S), and n = all the species in the ecozone.  

The equation used to calculate the RWHAFI produces a value between 0 and 2020 

(Mixed Woods Plains) representing the habitat availability on riparian farmland for all 

vertebrate species in that ecozone for each summary area. The RWHAFI can be 

summarized to any summary area within the ecozone depending on the goals of the 

studies or the needs of the managers. This pilot study summarizes it to the watershed. 

To calculate the range of the RWHAFI values, the table of habitat use summations was 

used. In the “Mixed Woods Plains” ecozone, the Woody cover type has the highest 

habitat use values, so if 100% of the riparian area was Woody, the highest possible 

value for the RWHAFI would be 2020, while the lowest value would be 0, if all the 

riparian zone was composed of something like pavement or urban classes that are part 

of the “other” category. The value increases as the habitat became more vegetated and 

forested. Agriculture has generally lower values than the Herbaceous or Woody, but the 
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habitat use values for the Other category are 0, which includes the water, barren, urban, 

and developed landcovers. The Habitat Use Value databases have some 

generalizations and potential errors as they are based on distribution maps. The 

uncertainty of the indicator habitat use values is assumed to be higher than the 

uncertainty of the landcover mapping (Kirby, 2015) so error propagation was not 

considered worthwhile.  However, assuming the stay constant through time, they should 

give consistent results that would be appropriate to use for monitoring. The RWHAFI 

habitat availability matrices were only available for the “Mixed Wood Plains” ecozone, 

where the South Nation River watershed is located, so it was used as a pilot study. 
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4 Results 

The results section reports field observations and data, then summarizes the accuracies 

of the various landcover classifications for the three study areas at the highest thematic 

resolution possible. The classification method with the highest accuracy is presented in 

detail, then the results of the classification components are presented. Then the 

classification accuracy of the low thematic resolution and the RWHAFI result are 

presented last.  

4.1 Field Data Assessment 

Point placement of the field data had some placement uncertainty. Most of the riparian 

habitat in the South Nation River is privately owned so all field data were collected from 

a distance to avoid trespassing. Even with the 5 m pixel imagery that was used as 

background for the GPS-enabled tablet used for data collection, it was difficult to 

precisely locate sample points. The landcover in the vegetative strip adjacent to the 

water changed rapidly, was generally very narrow, and was commonly a mix of several 

landcover classes based on visual observation. Accurately placing field data points on 

these small patches of landcover was a challenge, particularly from a distance. 

However, overall, this problem was not considered to be severe enough to significantly 

affect the results of the study. 



54 

4.2 Classification Results 

4.2.1 Masking Treatment 

The pixel-based 60 m buffer preprocessing treatment was the most accurate method 

across the three study areas with an average accuracy of 60%. The classification 

accuracy from all methods for the three watersheds at the high thematic resolution 

using RapidEye imagery are summarized in 

Table 7. The highest accuracy was for the South Nation watershed, with an accuracy of 

0.709, followed by the Souris River watershed with an accuracy of 0.578. For the Dunk 

River watershed 60 m buffer pixel-based method had an accuracy of 0.510, which was 

a negligible 2.5% less than the object-based whole area method with an accuracy of 

0.535. Therefore, the pixel-based 60 m buffer method had the highest accuracy overall. 
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Table 7: Summary of results for all three watersheds using RapidEye imagery.  
Each watershed has an overall accuracy and kappa for each treatment, both pixel-
based and object-based. The grey shaded values are the highest accuracy for each 
watershed and the green shaded value is the highest average accuracy. 
The detailed confusion matrices are located in the Appendix. 

RapidEye 

South 
Nation 
Accuracy Kappa 

Dunk 
River 
Accuracy Kappa 

Souris 
River 
Accuracy Kappa 

Average 
Accuracy 

Whole area 
(Pixel) 0.594 0.527 0.528 0.460 0.543 0.467 0.55 
Crop Cookie 
Cutter (Pixel) 0.662 0.605 0.422 0.340 0.519 0.425 0.53 
60m Buffer 
(Pixel) 0.709 0.660 0.510 0.440 0.578 0.508 0.60 

Whole area 
(Object) 0.543 0.467 0.535 0.469 0.371 0.267 0.48 
Crop Cookie 
Cutter (Object) 0.309 0.192 0.361 0.272 0.505 0.409 0.39 
60m Buffer 
(Object) 0.629 0.567 0.453 0.374 0.229 0.108 0.44 

4.2.2 Pixel-based vs. Object-based 

The pixel-based methods had higher average accuracies than the object-based 

methods for eight of the nine classifications (where the comparison gave a positive 

result in Table 8). Six of the nine classification methods were comparable between 

object-based and pixel-based however the other three had much higher accuracies with 

the pixel-based classification.  
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Table 8: Summary of the differences in the method accuracy between pixel-based and 
object-based classification. Positive values show higher accuracy of pixel-based 
method. Two are highlighted for the most difference in classification accuracy. 

South 
Nation River Ka

pp
a 

Dunk 
River Ka

pp
a 

Souris 
River Ka

pp
a 

Whole area (Pixel) 0.59 0.53 0.53 0.46 0.54 0.47 
Whole area (Object) 0.54 0.47 0.54 0.47 0.37 0.27 
Difference 0.05 -0.01 0.17 

Crop Cookie Cutter (Pixel) 0.66 0.60 0.42 0.34 0.52 0.43 
Crop Cookie Cutter (Object) 0.31 0.19 0.36 0.27 0.51 0.41 
Difference 0.35 0.06 0.01 

60m Buffer (Pixel) 0.71 0.66 0.51 0.44 0.58 0.51 
60m Buffer (Object) 0.63 0.57 0.45 0.37 0.23 0.11 
Difference 0.08 0.06 0.35 
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Figure 11: Classification results for the South Nation River 60 m buffer method. a) 
RapidEye imagery, b) segmented image, c) pixel-based classification, and d) object-
based classification. 
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Figure 11 is a comparison of the classification results from the pixel-based (accuracy = 

0.71) and the object-based (accuracy = 0.63) methods. The pixel-based results have 

many stray pixels and a lot of patchiness which is consistent with field observations. 

The object-based results have much larger groupings of landcover classes with much 

less patchiness.  

4.2.3 Thematic Resolution 

High Thematic Resolution 

Using the high thematic resolution, the highest accuracy of all the classification method 

combinations was 0.709. A visual analysis of the full confusion matrix (Table 9) shows 

that most of the error came from misclassed tree subclasses. The conifer class had a 

classification (producer’s) accuracy of 34%, deciduous was 40%, and mixed forest was 

46%. However, when looking at all forest as one merged class in the same results 

(Table 9), 80% of the conifer points would be classed as forest, 100% of the deciduous 

classed as forest, and 84% of mixed forest classed as forest. 

For the South Nation watershed, where all three tree subclasses were included, both 

the “deciduous” and the “conifer” classes were often misclassed as “mixed forest” and 

less commonly misclassed with each other (Table 9). Only the deciduous and mixed 

forest classes had enough data to be used in the Dunk River, and they were 

consistently misclassed. However, for the Souris River, where only the conifer and 

mixed forest classes had enough data, they seemed to be 
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better differentiated, and the pixel-based methods had close to 100% of the conifer and 

mixed forest points classed as forest, though they were intermingled (Table A - 13,  

Table A - 15 and Table A - 17, in the Appendix). Overall, the mixed forest class was 

regularly misclassed with the other forest classes or vice versa. 

Table 9: Confusion matrix of accuracy results of the pixel-based MLC for South Nation 
River watershed using the 60 m buffer treatment. Grey fields are where points were 
correctly classified, green fields with bolded text are the Accuracy (0.709) and kappa 
Confidence (0.660). Tree subclasses are bordered with thicker lines. 
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Agriculture 50 0 0 0 4 0 0 54 0.93 0 
Water 0 47 0 0 0 0 0 47 1.00 0 
Developed
/Bare Soil 0 3 50 2 6 0 7 68 0.74 0 
Grassland 0 0 0 41 0 0 1 42 0.98 0 
Conifer 0 0 0 0 17 0 3 20 0.85 0 
Deciduous 0 0 0 4 9 20 16 49 0.41 0 
Mixed 
Forest 0 0 0 3 14 30 23 70 0.33 0 
Total 50 50 50 50 50 50 50 350 0.00 0 
Producer's 
Accuracy 1 0.94 1 0.82 0.34 0.4 0.46 0 0.709 0 
Kappa 0 0 0 0 0 0 0 0 0 0.660 
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Low Thematic Resolution 

Figure 12: South Nation River 60 m buffer classified using pixel-based methods at the 
low thematic resolution. 
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Figure 12 is a subset of the landcover map from the low thematic resolution for the 

South Nation watershed, the pixel-based 60 m buffer method resulted in a classification 

accuracy of 94.5% (Table 10). As expected, the Woody class was over 90% accurate 

when all the forest classes aggregated into one class. This result was more than 

sufficient for input into the RWHAFI.  

Table 10: Accuracy results of the South Nation pixel-based classification 60 m buffer 
treatment for the four Riparian HAI classes. 
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Other 50 4 2 0 56 0.893 0 

Woody 0 46 5 0 51 0.902 0 

Herbaceous 0 0 43 0 43 1 0 

Agriculture 0 0 0 50 50 1 0 

Total 50 50 50 50 200 0 0 

Producer's 
Accuracy 

1 0.92 0.86 1 0 0.945 0 

Kappa 0 0 0 0 0 0 0.927 
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4.3 Calculation of the RWHAFI 

The areal proportion was calculated using the classified map of the South Nation River 

from the pixel-based 60 m buffer method and the lower thematic resolution that had an 

accuracy of 94.5%. As seen in Table 11, Agriculture was ~12.6% of the landcover within 

the riparian zone, Woody was ~21.5%, Herbaceous was ~23.9%, and ~42% was 

classed as ‘other’ and not used in the RWHAFI calculation. 

Table 11: Areal proportion landcover percentages for the Riparian WHAFI classes in the 
South Nation watershed in 2015 from the pixel-based 60 m buffer treatment of 
RapidEye imagery. 

Riparian WHAFI Class Landcover % 
Agriculture 12.6 
Woody 21.5 
Herbaceous 23.9 
Other 42.0 

Table 12 describes the use of the landcover percentages in combination with the “Mixed 

Wood Plains” Riparian Habitat Association Matrix to calculate the Riparian WHAFI. The 

calculated riparian habitat availability of the South Nation River riparian zone was 884.4 

out of a maximum of 2020. 
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Table 12: Calculation of Riparian WHAFI using the landcover proportions and the 
Habitat Association Matrix habitat use value summations. 

Classes Landcover % 

Lifecycle Habitat Requirement Summation 
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Agriculture 12.6 103 272 96 157 156 189 
Woody 21.5 389 438 133 424 272 364 
Herbaceous 23.9 198 352 112 244 204 257 
Calculation Results Landcover* Lifecycle 
Agriculture 12.98 34.29 12.10 19.79 19.66 23.82 
Woody  83.76 94.31 28.64 91.30 58.57 78.38 
Herbaceous 47.33 84.14 26.77 58.32 48.76 61.43 

884.4 
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5 Discussion 

Below the significant findings are summarized, followed by a more in-depth discussion 

of each result. For each of the different methods, the results are discussed in the 

context of the available literature highlighting key successes and challenges found by 

this study. Lastly, the challenges and limitations of the study are paired with future 

considerations and research opportunities. 

5.1 Significant Findings 

5.1.1 Summary 

Using the high thematic resolution and 5 m imagery, the 60 m buffer treatment with 

pixel-based classification had the highest accuracy (~70%) of the methods tested 

across the three watersheds. That more accurate method from the high thematic 

resolution was applied to the low thematic resolution needed for the RWHAFI and a 

classification accuracy of 94.5% for the South Nation River watershed was achieved. 

This landcover map resulted in a RWHAFI value of 884.4 for the watershed. This value 

would be used to compare year over year results to monitor habitat availability changes. 

5.1.2 Spatial Resolution 

Although using Landsat (30 m) would have been ideal for operational mapping, the 

RapidEye (5 m) imagery was more appropriate for this study when considering the 6 m 

(Ontario) or 15 m (PEI) vegetative strip regulations for riparian zones within agricultural 
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areas (Government of Ontario, 2019; Department of Environment, 2008). The 5 m 

imagery allowed for more of the riparian vegetation classes to be included. Most 

vegetation patches were small and narrow, barely meeting the MMU requirements for 

RapidEye, and definitely not meeting the Landsat MMU requirements. With the goal of 

mapping riparian habitat availability, using the RapidEye imagery retains more of the 

riparian vegetation classes.  

Several studies classifying riparian and/or wetland using Landsat imagery achieved only 

30-40% accuracy (Maillard & Alencar-Silva, 2013). Additionally, it was found that

Landsat was not able to identify smaller streams effectively enough for long term 

monitoring of riparian zones (Klemas, 2014). In the largest watershed, at the widest part 

of the South Nation River, the water was barely three Landsat pixels wide – and in 

many parts less than one pixel wide. A resulting classification from Landsat for the 

RWHFAI would only be ~1-2 pixels on either side of the water. Mapping as much habitat 

variability as possible is ideal from a biological perspective as more diverse habitats can 

support a greater diversity of species (Maskell et al., 2019; Alavi & King, 2020), so long-

term monitoring at a finer spatial resolution would be beneficial.  

5.1.3 Spatial Masking Treatment 

Conveniently, the 60 m buffer method, based on the RWHAFI definition of the Riparian 

zone, was the most successful. The success of the 60 m buffer method makes sense, 

given that the field data was predominantly collected adjacent to the water. The riparian 

microclimate adjacent to the water would have a different assemblage of plant species 
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and different soil moisture content, making the spectral reflectance different from upland 

areas (Olson et al., 2007; Li et al., 2017). The spectral reflectance of the riparian 

classes will be influenced by the atmospheric moisture and the soil moisture gradient 

found near the water (Corbane et al., 2015; Li et al., 2017) and the angle of light 

incidence and image capture may be different for the vegetation on the riparian slope so 

the bidirectional reflectance distribution function would also come into play making the 

riparian vegetation spectral signature different from upland vegetation (Pande-Chhetri et 

al., 2017).  

The riparian zone is a microclimate that is distinct from upland areas (Dolanc & 

Hunsaker, 2017) and classification training sites should be from within the zone of 

interest. The 60 m buffer method is ideal as it focusses on a smaller area, reducing 

processing time, and it is more geographically portable as it is independent of the crop 

inventory. From both an operational and an administrative perspective, the fixed width 

buffer is the simplest masking approach (Richardson et al., 2012). 

5.1.4 Pixel vs Object-based classification 

The pixel-based methods had much greater success than the object-based methods in 

this study. Even with the higher resolution imagery, the narrow and heterogeneous 

landcover made creating objects problematic. Unlike large agricultural fields, the 

riparian zones are often more dynamic, smaller, and as a transitional zone, they are 

likely to change gradually from one class to another, rather than displaying an abrupt 
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class change boundary, making classification and segmentation more challenging 

(Corbane et al., 2015; Dronova, 2015). 

While many studies have found improved classification with object-based methods, one 

concern for object-based classification is that smaller and rarer classes can have lower 

accuracies with object-based classification (Dingle-Robertson & King, 2011). Losing the 

smaller patches and rarer classes is not ideal when mapping for riparian habitat 

availability and biodiversity. Accounting for the heterogeneity of the riparian habitat is 

needed for measuring biodiversity (Maskell et al., 2019). 

For object-based methods to be used, the features of interest need to be larger than the 

pixel size (Costa et al., 2014). In many areas the vegetated strip was so narrow and 

heterogeneous that making objects out of the riparian strip vegetation with the moderate 

resolution imagery was often not possible. However, to use very-high resolution imagery 

for operational mapping, would be cost prohibitive. It was found that there was no 

statistically significant improvement in machine learning classification accuracies when 

using object-based methods compared to pixel-based when classifying agricultural 

landscapes using 10 m multispectral imagery (Duro et al., 2012). Also, for large regions 

(e.g. across Canada), object-based classification is often not feasible, as it requires high 

resolution imagery, expert knowledge, and the methods may need to change from one 

region to another (Costa et al., 2014), making them less portable and less suitable for 

operational mapping. The object-based methods did not support the goal of 

operationally mapping the riparian habitat availability.  
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5.1.5 Thematic Resolution 

The field data were collected at the highest thematic resolution to capture as much of 

the variability of the riparian zone as possible. Insufficient quantities of field samples for 

the rarer classes made the high thematic resolution (rather than the highest) the most 

reasonable choice to test the methods. The high thematic resolution only achieved a 

classification accuracy of 70% in the South Nation river watershed. Currently, the 

Riparian WHAFI uses the low thematic resolution which had a classification accuracy of 

94.5% for the South Nation watershed, which was more than sufficient for input into the 

Riparian WHAFI. 

Tree differentiation was the main source of error for the high thematic resolution. For the 

tree subclasses, the misclassifications were mostly between conifer with mixed forest, 

and deciduous with mixed forest. These misclassifications are responsible for most of 

the lower accuracy in both the South Nation and the Souris River. Forest type 

differentiation is more complicated than simply mapping the presence of forest land 

classes (Remmel et al. 2005), and a single-date multispectral image with a moderate 

spatial resolution is commonly insufficient (Corbane et al., 2015). Some of the forest 

misclassification may also be due to the limited field data for the forest subtypes, as 

both Dunk River and Souris River only had two of the three tree classes included in the 

study, and several conifer training points had to be added from very high-resolution 

imagery in the South Nation River watershed. These transitional and mixed forest areas 

are challenging to classify as they contain varying amounts of the subclasses and will 

have high within class spectral variability. The low thematic resolution, with only four 
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classes, groups all the forest subclasses and shrubs into one class, eliminating the 

differentiation problem. 

For some of the classes, access to the locations and configuration of the landcover 

limited the amount of field data collected. The conifer forest that was visible on the very 

high spatial resolution imagery was generally far from the roads in areas that were not 

accessible without trespassing. Rarer classes, such as wetlands and shrubland, were 

not classified as well as common classes, if at all. Wetlands were observed, but not 

included in the South Nation watershed as they were very narrow bands along the edge 

of the river, or wet ditch type areas that were long but too narrow to meet MMU. The 

wetland class was only included in the PEI watersheds, but was poorly classified in all 

methods tested, likely due to lack of large training areas. For mapping wetlands 

collecting the imagery at the wettest time of year or at multiple phenological stages to 

give optimal delineation (Dronova, 2015). 

Similarly, shrubs were only seen in narrow strips, mixed with other forest, or in small 

patches that did not meet MMU. Shrubs were often seen as a narrow transition area 

from grasses to trees but not as large patches in the South Nation watershed. The long 

very narrow configuration of the wetland and shrub classes removed both from the 

South Nation classifications despite their presence. More field samples, finer imagery, 

or different collection strategies may help to include more class variability in the future 

allowing for higher thematic resolution. 
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5.1.6 Available Habitat in the Riparian zone 

The watershed level RWHAFI for the South Nation River watershed was 884.4 which is 

the low end of the middle of the possible range. The RWHAFI result is a dimensionless 

value that uses a different scale than the WHAFI for the habitat use values, so they are 

not directly comparable but habitat use values for the RWHAFI being higher makes 

sense given that the riparian habitat is required by ~97% of the species to complete at 

least one aspect of their lifecycle (Clearwater et al., 2016). The indicator results are 

useful for monitoring year over year changes and for comparing regions within the same 

ecozone. A good indicator will be sensitive to changes in the environment and can be 

used to measure and detect change over time. The RWHAFI is sensitive to changes in 

the composition of the riparian zone, with riparian forest strongly influencing higher 

results.  

The ability to monitor the agricultural riparian zones will help to ensure Canada can 

measure and meet our international agreements. The United Nations 2030 agenda goal 

#2 is to “End hunger, achieve food security and improved nutrition and promote 

sustainable agriculture” and goal #15 is “Protect, restore and promote sustainable use 

of terrestrial ecosystems, sustainably manage forests, combat desertification, and halt 

and reverse land degradation and halt biodiversity loss” (United Nations General 

Assembly, 2015). As well for the Convention on Biological Diversity, Canada has a 

number of targets that relate to biological diversity, sustainability, and agriculture that 

require monitoring (mainly Target 7: “By 2020 areas under agriculture, aquaculture and 

forestry are managed sustainably, ensuring conservation of biodiversity.”) (United 
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Nations Environment Program, 2020). All of these goals require some way to measure 

progress and success over time and the RWHAFI could be added to the WHAFI as a 

more robust part of those. 

5.2 Limitations and Future Possibilities 

The limitations mainly stemmed from a shortage of field data for rarer classes and poor 

forest differentiation when classifying at the high thematic resolution. This creates 

opportunities for future study using different field data collection methods, various 

auxiliary datasets, machine learning classifiers, and post-classification processing. 

Operational mapping of the RWHAFI in the different agricultural regions across Canada 

would be a great starting point for long-term monitoring of riparian sustainability. 

5.2.1 Field Data 

Overall, one of the largest limitations of the study was a shortage of field data points, 

particularly for rarer classes. One option for more ground sampling points in the future 

could be a priori selection of sites corresponding to rarer classes. Another would be 

adding collection sites where water cannot necessarily be seen from the road, but 

where larger patches of rarer classes of interest are found near the water. Potential bias 

is introduced by only collecting field data adjacent to roads where the water is visible. 

Thick/wide forested areas would make the water not visible from the road thus reducing 

field data from that class. Also, construction on wetlands would be more difficult so I 
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would expect roads to not be placed adjacent to them, again introducing bias to the field 

data. A targeted field plan including boating along the river might allow for more access 

to wetland and heavily forested areas that are less likely to be near the roads. It is 

always possible that the rarer classes may never occur in large enough patches to meet 

the MMU for RapidEye or larger pixel imagery indicating a potential need for high-

resolution imagery. 

Another option would be using multiple watersheds to gather enough training data for 

classification. The two PEI rivers are approximately 130 km apart and the South Nation 

River is about 175 km long (South Nation River, 2020) so the distance between points 

in Souris River and Dunk River would be about the same distance from each other as 

some of the points along the South Nation River. The PEI watersheds are both part of 

the same ecoregion and could potentially be merged to train the classifier. 

All the agriculture being combined into one class makes it a highly spectrally variable 

class, which likely reduces its accuracy. Field data collection was predominantly 

focused on riparian vegetation and it was assumed that any agriculture that fell within 

the 60 m RWHAFI buffer was more accurately classified by the AAFC team in the 

annual crop inventory, so the non-agricultural classes were prioritized and all agriculture 

cover was considered one class. Using more of the ACI crop classes in future may 

improve accuracy as some of the Agriculture was classified as Developed/ Bare Soil, 

Shrubland, or Grassland in all of the study areas, though it was consistently above 50% 

accuracy. Ensuring more varied selection of the crops from the crop inventory may help 
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to reduce error by encompassing more of the within class variability in the training data. 

While it was not the focus of the study, adding more training data to the agriculture class 

should help improve the classification results overall. 

5.2.2 Spatial Resolution 

For the goal of the Government of Canada’s operational mapping across Canada, 

RapidEye data – and data at similarly fine spatial resolutions from other satellites 

offered by other commercial vendors – are still prohibitively expensive. With a larger 

field data set, or in regions with wider riparian vegetated buffer regulations, a 10 m pixel 

resolution would likely work. However, for this study, further reducing the amount of 

usable field data to meet a larger MMU was deemed inappropriate.  

In the future, a 10 m pixel might be a "compromise” resolution to be used, as the 

riparian zone of interest would be ~6 pixels across (60 m) and many features may be 

visible, particularly with targeted field data collection or the removal of the rarer classes. 

A 10 m pixel resolution (e.g. Sentinel) is cheaper, requires less storage, and the 

processing time would be shorter than RapidEye for large areas such as all the 

Canadian agricultural regions.  

However, if the required vegetative buffer for the region is <15 m, larger pixels will not 

improve the accuracy for the riparian vegetation. My expectation is that finer pixel 

resolution will be needed to accurately depict the variability of riparian habitat to 
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measure the biodiversity. For best results pixels should be 2-3 m to map <15 m buffers 

(Klemas, 2014). This would lead to a need for the higher resolution imagery or the 

continued use of the lower thematic resolution which loses much of the diversity. 

Both the Canadian forestry and agriculture mapping use coarser resolution imagery 

than would be needed to capture all the variability of these riparian habitats. For 

example, at the national reporting level, the Canadian National Forestry inventory is 

presented with 250 m pixels based on MODIS imagery (Canada’s National Forest 

Inventory, 2017), which is not appropriate for mapping the riparian zone vegetation. 

Current operational mapping by AAFC is not fine enough to capture all of the riparian 

habitat diversity as the adjacent vegetation is not their focus. It may be possible for 

AAFC to use higher resolution imagery specifically for the riparian areas. 

5.2.3 Thematic Resolution 

Species richness has been positively related to habitat heterogeneity so maintaining as 

much heterogeneity in the classification is very important (Maskell et al., 2019; Alavi & 

King, 2020). Using finer thematic resolutions would make it possible to monitor smaller 

changes in the heterogeneity (Alavi & King, 2020). The biggest challenge for the high 

thematic resolution was the poor differentiation of the forest classes, followed by the 

lack of field data for rarer classes. The conifer and the deciduous forest classes were 

often classed as mixed forest or vice-versa, which reduced the classification accuracies 

dramatically. In future, using temporal-targeted or multitemporal imagery selection, such 
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as peak wetness, or leaf-on and leaf-off imagery, could increase the amount of input 

data (Lu & Weng, 2007). It is recommended to map wetlands from imagery collected at 

the wettest time of the year for better delineation or comparing wet-dry imagery for more 

contrast information (Dronova, 2015). Also, leaf-on leaf-off temporal data may help to 

validate and separate the three tree subclasses, as conifer and deciduous can be more 

easily differentiated (Lu & Weng, 2007). The addition of multitemporal imagery, showing 

the phenological differences, can improve forest type differentiation (Corbane et al., 

2015). For object-based classification using high resolution imagery, the addition of 

supplementary data like LiDAR or SAR that were not used in this study but may be 

helpful for future studies and are discussed in further detail below (Corbane et al., 

2015).  

5.2.4 Classification Possibilities 

There are many potential classification methods and techniques available, and each 

has the potential to improve classification accuracy in its own way. The accuracy of 

imagery classification can be improved at various stages of the classification processes, 

including the timing of imagery acquisition, image masking, the classification algorithm 

used, and post-classification procedures implemented. Testing some of these other 

methods for classifying land cover in the future may help to improve the high thematic 

resolution classification.  
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Image timing can have significant impacts on the results of the classification. Choosing 

the optimal time to capture the imagery based on phenological characteristics of the 

focal land cover can have significant impact on the accuracy (Huylenbroeck et al., 

2020). One study found that classifying imagery of wetlands from the wettest time of 

year had greatest accuracy (Dronova, 2015). Similarly, classifying summer leaf-on 

vegetation will often give more information if you are mapping vegetation, and timing of 

vegetation greening can give species indications in some regions. For forest 

differentiation, using multitemporal imagery to compare leaf-on and leaf-off imagery can 

significantly increase the accuracy of the classification or segmentation where there are 

both coniferous and deciduous species (Corbane et al., 2015; Huylenbroeck et al., 

2020). In the future, the classification accuracy for several classes at the high thematic 

resolution in the riparian zone could be improved by using time targeted and 

multitemporal imagery. Such an approach will require the availability of physical or 

virtual constellations that can provide (open) data streams with high frequency of higher 

spatial resolutions than currently available. While data streams from the ESA 

Copernicus program (e.g. Sentinels 1a and 1b for SAR; Sentinels 2a and 2b for optical), 

as well as the Harmonized Landsat-Sentinel (HLS) data series that cross-calibrates 

Sentinel-2 and Landsat data into a single higher level data product, clearly demonstrate 

the clear benefits of open data streams with high-revisit capabilities for land use 

mapping, they still operate at spatial resolutions (10 m or coarser) that are too coarse 

for the accurate mapping of riparian systems (Copernicus, 2020). Commercial systems, 

such as the very fine resolution daily data provided by Planet Labs Inc., also show 

promise, but these data are not open data, and their cost currently prohibits their wider 
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operational application to national-scale operational mapping by federal departments 

and agencies in Canada (Davidson, personal communication, December 2020). 

Additionally, including auxiliary data into the image pre-processing can improve the 

differentiation of classes and can be used to improve segmentation for object-based 

methods. Auxiliary data can include multitemporal imagery, vegetation height, texture 

layers, as well as other types of additional information related to the study. LiDAR data 

have been successfully used to supplement segmentation when mapping riparian areas 

using object-oriented classification (Jeong et al., 2016; Johansen et al., 2010; Michez et 

al., 2013). Including the canopy height can help differentiate vegetation classes and 

create objects for classification (Johansen et al., 2010; Michez et al., 2016; 

Huylenbroeck et al., 2020). Similarly, texture layers can be used to improve 

segmentation or as additional data for classification (Rapinel et al., 2014; Michez et al., 

2013). The addition of auxiliary data to the segmentation process could improve 

classification accuracy, though more variables and processes will introduce the 

possibility of more error and greater computational needs.  

Another approach for improving classification, given the heterogeneity of the riparian 

zone and the affordable data, are subpixel classification methods. Sub-pixel 

classification methods may be useful for heterogeneous regions (Li et al., 2017; Li et al., 

2015). Examples of sub-pixel classification techniques include spectral mixture analysis, 

fuzzy classification, regression modelling, and neural networks (Li et al., 2017). Such 

methods are often based on the concept of "spectral un-mixing", where the single 
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areally-averaged spectral reflectance for a given pixel is "unmixed” to reveal the area 

coverage of its contributing components (e.g. forest, crop, water, etc.). However, the 

unmixing process requires an accurate definition of the “pure" spectral characteristics of 

each contributing cover class (end members), which is often difficult to obtain, and 

impossible to implement here. However, in the future, with more comprehensive 

sampling methods, these sub-pixel methods could be used to get areal proportions of 

each class, and those could be used as input for the RWHAFI.  

Machine learning classifiers have increased in popularity over the last decade. Several 

of the common classifiers are decision tree, random forest, support vector machines, 

and artificial neural network. In the future they should be tested to see if they improve 

the accuracy of riparian zone classification at high thematic resolution. Bagging or 

bootstrap style classifiers, like random forest, can be more successful when working 

with lower field data counts (Wen & Hughes, 2020). The field dataset is not initially 

subset, instead, each iteration uses a random subset of the field data and the 

classification is run repeatedly, then the results are averaged to make the final classified 

image (Maxwell et al., 2018). Bagging classifiers have been found to be more accurate 

than individual classifiers (Wen & Hughes, 2020; Baker et al., 2006; Fernandes et al., 

2014). However, the bagging classifiers did not discriminate the rarer classes as well in 

coastal wetlands (Wen & Hughes, 2020), which may also be a concern for riparian 

zones. Testing these machine learning classifiers with particular attention paid to the 

rarer classes would be a beneficial next step for this research. 
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Ensemble classifiers are another technique that may be useful for retaining rarer 

classes in this heterogenous landscape. By testing several classifiers to find the 

classifier that has the highest accuracy for each of the land cover classes, then using 

the classifier with the highest accuracy to classify each class (Amani et al., 2018). With 

high within class variability and the heterogeneity of the riparian zone, different classes 

may be better classified using different classifiers. These methods would more 

computationally intensive but the possibility of increased sensitivity to rarer classes 

could be worth it. 

There are many promising technologies that are being developed that create 

opportunities for further research. Testing newer tools, other imagery, and various 

combinations of them for increased accuracy and sensitivity to rarer classes would be 

advantageous particularly in an operational capacity. It would be also beneficial to test 

any methods in regions with a wider vegetative strip, different topography, as well as 

using both higher and mid-range spatial resolution imagery to ensure portability. There 

are trade-offs when choosing more involved methods but operationally classifying the 

riparian zone to a higher thematic resolution and a spatial resolution less than thirty 

meters would be beneficial to mapping biodiversity, habitat availability, and change 

detection into the future using the RWHAFI and potentially other metrics. 
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5.2.5 Habitat Availability Indicator Limitations and Possibilities 

Operational mapping of the riparian zone and the subsequent calculation of the 

RWHAFI would add a piece to the measurement of agricultural riparian sustainability. 

While it is a useful piece the RWHAFI does have some limitations that should be 

acknowledged. It does not address quality of a habitat, such as configuration, edge 

effects, fragmentation, age of a forest stand, or density of a forest. The landscape 

WHAFI had more consideration of habitat connectivity, with forest classes subset into 

more than or less than two hectares. Increasing connectivity and landscape 

heterogeneity has been shown to increase biodiversity (Maskell et al., 2019). Given that 

riparian corridors can be so important for terrestrial species dispersal and connectivity 

(Michez et al., 2013), including minimum area subsets in the future would be an asset. 

Also, neither the WHAFI nor the RWHAFI measures the presence of species. Instead, 

the indicator measures the amount of available habitat in the region and assumes the 

species could be there (Javorek and Grant, 2011).  

The riparian habitat association matrix is based on a lower thematic resolution than the 

WHAFI. Ideally, the successful mapping of the riparian zone at a higher thematic 

resolution would lead to the creation of finer thematic resolution of riparian habitat 

association matrices with more consideration to the configuration of the land cover. 

Increased habitat heterogeneity is associated with increased biodiversity (Maskell et al., 

2019), and being able to measure that would be beneficial for long term monitoring. The 

RWHAFI should incorporate or be used in conjunction with other metrics that measure 

these other landscape characteristics.  
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Similar to Canada, Europe has numerous directives such as the EU Water Framework 

Directive (EU must monitor and improve water quality) and the European Green Deal 

(Climate neutral by 2050) that call for conservation of water quality, farmland, 

biodiversity, and riverine habitat all across Europe (European Commission, 2020; 

European Commission, 2021; Fernandez et al., 2014). Unlike Canada most of Europe 

uses 50 cm or smaller scale imagery, either air photos or satellite, to update their 

geographical databases (Bizzi et al., 2016). Canada is too large to have the same 

density of data available on a regular basis. Many of the biodiversity metrics seen in the 

literature use significant inputs of labour and/or very high-resolution imagery to measure 

and map biodiversity. On a national scale, that is not feasible in Canada so we must rely 

on remote sensing methods to monitor riparian habitat and the RWHAFI meets those 

needs.  

There are many other riparian indicators such as the Riparian Quality Index, the 

Riparian Strip Quality Index and so many others from various regions around the world 

(Novoa et al., 2018: Saha et al., 2020). Most seem to require expert knowledge, 

significant field work, and fine resolution imagery and various other geospatial data 

products to calculate (Novoa et al., 2018; Santolini et al., 2015). The RWHAFI is 

reasonable for national operational level monitoring from space-based imagery but this 

indicator is just one measuring tool that should be used in conjunction with other 

information. As part of measuring the sustainability of Canadian agriculture for the 

United Nations 2030 Agenda for Sustainable Development, adding the RWHAFI 
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monitoring to the WHAFI monitoring would provide a more robust measurement of 

sustainability.  
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6 Conclusion 
Riparian zones within agricultural regions are commonly narrow, modified, and 

heterogenous, making classification more challenging. The high-resolution imagery was 

required and focusing on the 60 m buffer was the most successful, with the pixel-based 

methods outperforming the object-based ones. Low thematic resolution was needed to 

get above a 70% classification accuracy, with much of the error coming from 

differentiating forest subclasses in the high thematic resolution. With the low thematic 

resolution, the accuracy increased to 94.5%. The RWHAFI values reported here can be 

used as a baseline for comparison to future results in the study area.  

Further refinement, higher resolution imagery, different methods and techniques, and/or 

larger sample sizes should be explored to classify the imagery to the higher thematic 

resolution. Operational mapping is beneficial for monitoring health and sustainability of 

riparian zones as it can show trends over time and indicate changes that can be used to 

inform management and protection. The RWHAFI provides a simple summary of the 

habitat availability in the agricultural riparian zones appropriate for operational mapping, 

monitoring, and reporting over time. When used in conjunction with other metrics of 

sustainability the RWHAFI would be an efficient tool to measure the riparian zone within 

agricultural regions.
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Appendix 

A. Classification Results

A - 1. South Nation Whole Area Treatment 

Table A - 1: Confusion matrix of accuracy results from the South Nation watershed 
pixel-based classification of 2015 RapidEye imagery using the Whole area treatment. 
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Agriculture 41 4 3 1 6 0 1 56 0.73 0 
Water 0 45 0 0 0 0 0 45 1.00 0 
Developed/
Bare Soil 9 1 41 4 7 4 7 73 0.56 0 
Grassland 0 0 6 38 0 0 0 44 0.86 0 
Conifer 0 0 0 0 18 2 7 27 0.67 0 
Deciduous 0 0 0 7 2 9 19 37 0.24 0 

Mixed 
Forest 0 0 0 0 17 35 16 68 0.24 0 

Total 50 50 50 50 50 50 50 350 0.00 0 
Producer's 
Accuracy 0.82 0.9 0.82 0.76 0.36 0.18 0.32 0 0.594 0 
Kappa 0 0 0 0 0 0 0 0 0 0.527 
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Table A - 2: Confusion matrix of accuracy results from the South Nation watershed 
object-based classification of 2015 RapidEye imagery using the Whole area treatment. 
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Agriculture 49 17 4 5 21 4 1 101 0.49 0 
Water 0 33 0 0 0 0 6 39 0.85 0 
Developed/ 
Bare Soil 1 0 39 1 8 0 1 50 0.78 0 
Grassland 0 0 7 36 0 4 1 48 0.75 0 
Conifer 0 0 0 0 11 3 7 21 0.52 0 
Deciduous 0 0 0 8 0 5 17 30 0.17 0 
Mixed Forest 0 0 0 0 10 34 17 61 0.28 0 
Total 50 50 50 50 50 50 50 350 0.00 0 
Producer's 
Accuracy 0.98 0.66 0.78 0.72 0.22 0.1 0.34 0 0.543 0 
Kappa 0 0 0 0 0 0 0 0 0 0.467 
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A - 2. South Nation Crop Cookie Cutter Treatment 

Table A - 3: Confusion matrix of accuracy results from pixel-based classification of 2015 
RapidEye imagery from the South Nation watershed using the Crop Cookie Cutter 
treatment. 
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Agriculture 22 0 5 0 1 0 0 28 0.79 0 
Water 0 50 0 0 0 0 0 50 1.00 0 
Developed/ 
Bare Soil 21 0 38 0 9 4 5 77 0.49 0 
Grassland 0 0 0 25 0 0 0 25 1.00 0 
Conifer 2 0 0 0 37 3 2 44 0.84 0 
Deciduous 0 0 1 17 0 18 14 50 0.36 0 
Mixed 
Forest 0 0 0 0 3 25 29 57 0.51 0 
Total 45 50 44 42 50 50 50 331 0.00 0 
Producer's 
Accuracy 0.49 1.00 0.86 0.60 0.74 0.36 0.58 0 0.662 0 
Kappa 0 0 0 0 0 0 0 0 0 0.605 
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Table A - 4: Confusion matrix of accuracy results from object-based classification of the 
South Nation watershed 2015 RapidEye imagery using the Crop Cookie Cutter 
treatment with segmented data. 
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Agriculture 0 0 0 0 0 0 0 0 0.00 0 
Water 0 13 0 0 0 0 0 13 1.00 0 
Developed/ 
Bare Soil 19 0 37 5 1 4 0 66 0.56 0 
Grassland 9 0 0 5 1 0 0 15 0.33 0 
Conifer 4 26 5 31 48 46 50 210 0.23 0 
Deciduous 14 11 0 4 0 0 0 29 0.00 0 
Mixed 
Forest 0 0 0 0 0 0 0 0 0.00 0 
Total 46 50 42 45 50 50 50 333 0.00 0 
Producer's 
Accuracy 0 0.26 0.88 0.11 0.96 0 0 0 0.309 0 
Kappa 0 0 0 0 0 0 0 0 0 0.192 
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A - 3. South Nation 60 m Buffer Treatment 

Table A - 5: Confusion matrix of accuracy results from pixel-based classification of the 
South Nation watershed 2015 RapidEye imagery using the 60 m buffer treatment. 
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Agriculture 50 0 0 0 4 0 0 54 0.93 0 
Water 0 47 0 0 0 0 0 47 1.00 0 
Developed
/ Bare Soil 0 3 50 2 6 0 7 68 0.74 0 
Grassland 0 0 0 41 0 0 1 42 0.98 0 
Conifer 0 0 0 0 17 0 3 20 0.85 0 
Deciduous 0 0 0 4 9 20 16 49 0.41 0 
Mixed 
Forest 0 0 0 3 14 30 23 70 0.33 0 
Total 50 50 50 50 50 50 50 350 0.00 0 
Producer's 
Accuracy 1 0.94 1 0.82 0.34 0.4 0.46 0 0.709 0 
Kappa 0 0 0 0 0 0 0 0 0 0.660 
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Table A - 6: Confusion matrix of accuracy results from object-based classification of the 
South Nation watershed 2015 RapidEye imagery using the 60m buffer treatment. 
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Agriculture 50 0 11 0 5 0 0 66 0.76 0 
Water 0 50 0 0 4 0 7 61 0.82 0 
Developed
/ Bare Soil 0 0 39 0 0 0 0 39 1.00 0 
Grassland 0 0 0 32 3 4 0 39 0.82 0 
Conifer 0 0 0 8 3 2 7 20 0.15 0 
Deciduous 0 0 0 7 11 28 18 64 0.44 0 
Mixed 
Forest 0 0 0 3 24 16 18 61 0.30 0 
Total 50 50 50 50 50 50 50 350 0.00 0 
Producer's 
Accuracy 1 1 0.78 0.64 0.06 0.56 0.36 0 0.629 0 
Kappa 0 0 0 0 0 0 0 0 0 0.567 



118 

A - 4. Dunk River Whole Area Treatment 

Table A - 7: Confusion matrix of accuracy results from pixel-based classification of 2016 
RapidEye imagery of the Dunk River watershed using the Whole area treatment. 
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Agriculture 26 0 16 4 1 3 2 0 52 0.5 0 
Water 0 50 0 0 0 0 0 0 50 1 0 
Developed
/ Bare Soil 1 0 22 0 0 0 0 0 23 0.96 0 
Shrub 13 0 5 15 8 18 8 2 69 0.22 0 
Wetland 1 0 2 4 21 0 1 3 32 0.66 0 
Grassland 8 0 2 12 9 28 2 0 61 0.46 0 
Deciduous 1 0 3 12 5 1 20 16 58 0.34 0 
Mixed 
Forest 0 0 0 3 6 0 17 29 55 0.53 0 
Total 50 50 50 50 50 50 50 50 400 0 0 
Producer's 
Accuracy 0.52 1 0.44 0.3 0.42 0.56 0.4 0.58 0 

0.527
5 0 

Kappa 0 0 0 0 0 0 0 0 0 0 0.46 
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Table A - 8: Confusion matrix of accuracy results from object-based classification of the 
Dunk River watershed 2016 RapidEye imagery using the Whole area treatment. 
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Agriculture 25 0 18 7 1 2 0 2 55 0.45 0 
Water 0 49 0 0 1 0 0 0 50 0.98 0 
Developed
/ Bare Soil 8 0 22 3 4 0 2 0 39 0.56 0 
Shrub 6 0 7 21 15 16 12 3 80 0.26 0 
Wetland 0 0 0 1 18 0 0 0 19 0.95 0 
Grassland 9 0 1 3 11 32 5 0 61 0.52 0 
Deciduous 1 0 2 7 0 0 19 17 46 0.41 0 
Mixed 
Forest 1 1 0 8 0 0 12 28 50 0.56 0 
Total 50 50 50 50 50 50 50 50 400 0 0 
Producer's 
Accuracy 0.5 0.98 0.44 0.42 0.36 0.64 0.38 0.56 0 0.535 0 
Kappa 0 0 0 0 0 0 0 0 0 0 0.469 
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A - 5. Dunk River Crop Cookie Cutter Treatment 

Table A - 9: Confusion matrix of accuracy results from pixel-based classification of 2016 
RapidEye imagery of the Dunk River watershed using the Crop Cookie Cutter 
treatment. 
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Agriculture 25 0 5 10 16 37 1 0 94 0.27 0 
Water 0 16 0 0 0 0 0 0 16 1.00 0 
Developed
/ Bare Soil 2 19 33 0 1 0 0 0 55 0.60 0 
Shrub 6 0 4 7 3 9 3 5 37 0.19 0 
Wetland 2 0 3 6 20 3 5 0 39 0.51 0 
Grassland 8 0 1 12 8 1 0 0 30 0.03 0 
Deciduous 0 0 1 6 1 0 22 7 37 0.59 0 
Mixed 
Forest 2 5 1 0 1 0 19 31 59 0.53 0 
Total 45 40 48 41 50 50 50 43 367 0.00 0 
Producer's 
Accuracy 0.56 0.40 0.69 0.17 0.40 0.02 0.44 0.72 0 0.422 0 
Kappa 0 0 0 0 0 0 0 0 0 0 0.340 
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Table A - 10: Confusion matrix of accuracy results from object-based classification of 
2016 RapidEye imagery of the Dunk River watershed using the Crop Cookie Cutter 
method. 
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Agriculture 9 0 2 16 20 27 0 0 74 0.12 0 
Water 0 18 0 0 0 0 0 0 18 1 0 
Developed
/ Bare Soil 18 12 45 34 5 23 0 2 139 0.32 0 
Shrub 8 0 1 0 3 0 2 2 16 0 0 
Wetland 1 6 1 0 19 0 0 4 31 0.61 0 
Grassland 0 0 0 0 0 0 0 0 0 0 0 
Deciduous 0 0 1 0 3 0 16 11 31 0.52 0 
Mixed 
Forest 0 12 0 0 0 0 28 30 70 0.43 0 
Total 36 48 50 50 50 50 46 49 379 0 0 
Producer's 
Accuracy 

0.2
5 0.375 0.9 0 0.38 0 0.35 0.61 0 0.361 0 

Kappa 0 0 0 0 0 0 0 0 0 0 0.272 
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A - 6. Dunk River 60 m Buffer Treatment 

Table A - 11: Confusion matrix of accuracy results from pixel-based classification of 
2016 RapidEye imagery of the Dunk River watershed using the 60 m buffer treatment. 
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Agriculture 26 0 7 0 2 9 0 0 44 0.59 0 
Water 0 49 0 0 2 0 0 0 51 0.96 0 
Developed
/ Bare Soil 2 1 40 2 4 0 0 0 49 0.82 0 
Shrub 2 0 1 3 4 17 8 2 37 0.08 0 
Wetland 0 0 1 6 18 0 3 5 33 0.55 0 
Grassland 17 0 1 25 13 24 4 0 84 0.29 0 
Deciduous 2 0 0 12 3 0 21 20 58 0.36 0 
Mixed 
Forest 1 0 0 2 4 0 14 23 44 0.52 0 
Total 50 50 50 50 50 50 50 50 400 0 0 
Producer's 
Accuracy 0.52 0.98 0.8 

0.0
6 0.36 0.48 0.42 0.46 0 0.51 0 

Kappa 0 0 0 0 0 0 0 0 0 0 0.44 



123 

Table A - 12: Confusion matrix of accuracy results from object-based classification of 
the Dunk River watershed 2016 RapidEye imagery using the 60m buffer treatment. 
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Agriculture 20 0 2 4 7 30 0 0 63 0.32 0 
Water 0 50 0 0 3 0 0 0 53 0.94 0 
Developed
/ Bare Soil 6 0 43 2 0 0 1 0 52 0.83 0 
Shrub 13 0 4 17 16 2 9 3 64 0.27 0 
Wetland 1 0 1 18 12 0 19 28 79 0.15 0 
Grassland 4 0 0 9 12 18 9 0 52 0.35 0 
Deciduous 4 0 0 0 0 0 8 6 18 0.44 0 
Mixed 
Forest 2 0 0 0 0 0 4 13 19 0.68 0 
Total 50 50 50 50 50 50 50 50 400 0 0 
Producer's 
Accuracy 0.4 1 0.86 

0.3
4 0.24 0.36 0.16 0.26 0 0.453 0 

Kappa 0 0 0 0 0 0 0 0 0 0 0.374 
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A - 7. Souris River Whole Area Treatment 

Table A - 13: Confusion matrix of accuracy results from pixel-based classification of 
2016 RapidEye imagery of the Souris River watershed using the Whole area treatment. 
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Agriculture 28 0 16 4 3 0 0 51 0.549 0 
Water 0 21 0 0 0 0 0 21 1 0 
Developed/ 
Bare Soil 1 13 32 4 0 0 1 51 0.627 0 
Shrub 12 0 0 27 32 0 0 71 0.38 0 
Wetland 9 16 2 1 7 0 1 36 0.194 0 
Conifer 0 0 0 2 3 41 14 60 0.683 0 
Mixed 
Forest 0 0 0 12 5 9 34 60 0.567 0 
Total 50 50 50 50 50 50 50 350 0 0 
Producer's 
Accuracy 0.56 0.42 0.64 0.54 0.14 0.82 0.68 0 0.543 0 
Kappa 0 0 0 0 0 0 0 0 0 0.467 
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Table A - 14: Confusion matrix of accuracy results from object-based classification of 
the Souris River watershed 2016 RapidEye imagery using the Whole area treatment. 
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Agriculture 40 24 27 16 21 0 6 134 0.299 0 
Water 0 13 0 0 0 0 0 13 1 0 
Developed
/ Bare Soil 0 0 21 0 0 0 0 21 1 0 
Shrub 4 0 2 9 0 0 0 15 0.6 0 
Wetland 4 13 0 3 10 0 0 30 0.333 0 
Conifer 0 0 0 5 0 2 9 16 0.125 0 
Mixed 
Forest 2 0 0 17 19 48 35 121 0.289 0 
Total 50 50 50 50 50 50 50 350 0 0 
Producer's 
Accuracy 0.8 0.26 0.42 0.18 0.2 0.04 0.7 0 0.371 0 
Kappa 0 0 0 0 0 0 0 0 0 0.267 



126 

 

A - 8.   Souris River Crop Cookie Cutter Treatment 
 
Table A - 15: Confusion matrix of accuracy results from pixel-based classification of the 
Souris River watershed 2016 RapidEye imagery using the Crop Cookie Cutter 
treatment. 
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Agriculture 41 0 17 18 0 0 76 0.539 0 
Water 0 25 0 0 0 0 25 1 0 
Shrub 1 0 2 14 0 0 17 0.118 0 
Wetland 0 25 14 8 0 1 48 0.167 0 
Conifer 0 0 6 3 38 13 60 0.633 0 
Mixed 
Forest 0 0 9 4 12 34 59 0.576 0 
Total 42 50 48 47 50 48 285 0 0 
Producer's 
Accuracy 

0.97
6 0.5 0.042 0.17 0.76 0.708 0 0.519 0 

Kappa 0 0 0 0 0 0 0 0 0.425 
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Table A - 16: Confusion matrix of accuracy results from object-based classification of 
the Souris River watershed 2016 RapidEye imagery using the Crop Cookie Cutter 
treatment. 
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Agriculture 40 0 18 17 0 0 75 0.533 0 
Water 0 25 0 0 0 0 25 1 0 
Shrub 0 0 0 8 0 0 8 0 0 
Wetland 2 25 4 21 0 4 56 0.375 0 
Conifer 0 0 0 0 20 6 26 0.769 0 
Mixed 
Forest 0 0 26 1 30 38 95 0.4 0 
Total 42 50 48 47 50 48 285 0 0 
Producer's 
Accuracy 

0.95
2 0.5 0 0.447 0.4 0.792 0 0.505 0 

Kappa 0 0 0 0 0 0 0 0 0.409 
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A - 9. Souris River 60 m Buffer Treatment 

Table A - 17: Confusion matrix of accuracy results from pixel-based classification of the 
Souris River watershed 2016 RapidEye imagery using the 60 m buffer treatment. 
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Agriculture 20 0 5 2 2 0 0 29 0.69 0 
Water 0 25 0 0 0 0 0 25 1 0 
Developed
/ Bare Soil 0 12 41 3 0 0 0 56 0.732 0 
Shrub 26 0 3 28 33 0 0 90 0.311 0 
Wetland 2 13 1 0 7 0 0 23 0.304 0 
Conifer 0 0 0 5 6 38 12 61 0.623 0 
Mixed 
Forest 0 0 0 11 2 6 38 57 0.667 0 
Total 48 50 50 49 50 44 50 341 0 0 
Producer's 
Accuracy 0.42 0.5 0.82 0.57 0.14 0.86 0.76 0 0.578 0 
Kappa 0 0 0 0 0 0 0 0 0 0.508 
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Table A - 18: Confusion matrix of accuracy results from object-based classification of 
the Souris River watershed 2016 RapidEye imagery using the 60m buffer treatment. 
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Agriculture 16 3 48 7 8 0 0 82 0.195 0 
Water 0 0 0 2 0 0 0 2 0 0 
Developed
/ Bare Soil 0 0 0 0 0 0 0 0 0 0 
Shrub 26 0 2 17 20 0 0 65 0.262 0 
Wetland 0 9 0 9 1 0 0 19 0.053 0 
Conifer 6 38 0 14 21 44 50 173 0.254 0 
Mixed 
Forest 0 0 0 0 0 0 0 0 0 0 
Total 48 50 50 49 50 44 50 341 0 0 
Producer's 
Accuracy 0.33 0 0 0.35 0.02 1 0 0 0.229 0 
Kappa 0 0 0 0 0 0 0 0 0 0.108 




