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Abstract 

Wetlands host a myriad of services both to the environment and society. While the provision 

of those services are partly dependent on the terrestrial plant communities that both comprise 

and are adjacent to a wetland, little has been done to map these communities at high spatial 

resolutions or measure their composition and configuration. Remotely piloted aircraft (RPA) 

have been used to capture very-high resolution imagery that can aid our understanding of 

wetland characteristics and function without harming the local environment. However, a gap 

remains in our understanding of the composition and configuration of vegetation communities 

in high-elevation wetlands. As a step toward improving our understanding, an RPA was used 

to collect multi-spectral data (red edge, green, blue, near infrared) and analyzed to determine 

the ability to identify and map the composition and configuration of wetland vegetation 

communities at high elevations in Alberta, Canada. These wetlands have been excluded from 

the Canadian Wetland Classification System mapped areas. In addition to assessing the 

ability for automated classification of vegetation communities in an object-based image 

analysis, the relative contribution each spectral band, their combination in different indices 

(e.g., NDVI), and a generated digital surface model had on classification accuracy was 

quantified.  Results from a random tree classifier obtained an overall accuracy of 91.43%, 

total producer’s accuracy of 86.9% and total user’s accuracy of 92.7%. Of 17 inputs (12 image 

layers and 5 objects features) included in the classifier, the Digital Surface Model had the 

greatest overall importance (average of 15.9%). While comparison between the classifier and 

testing samples derived through manual segmentation selection yielded high accuracies, 

comparison of the automated classification against ground survey plots were substantially 

less accurate (total overall accuracy 54.5%). Analysis of the composition and configuration of 

the classified RPA data identified five non-correlated landscape metrics that showed 

statistically significant differences when wetlands were compared across a gradient in 

elevation. These results demonstrate that elevation can affect the pattern of wetland 

vegetation and that further research should be done to determine if and how these pattern 

changes may affect specific wetland functions. In addition to situating the aforementioned 

results among the broader literature, the potential for improved vegetation mapping with 
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remotely piloted aircraft is discussed along with the need for a standard set of reporting 

variables for RPA data collection to facilitate comparative analyses. 
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Chapter 1: Geomatics and Wetland Mapping 

Geomatics was offered as a field of study in Canada for the first time in 1986 at Laval 

University (Gagnon and Coleman, 1990). Defined as “a systemic, multidisciplinary, integrated 

approach to selecting the instruments and the appropriate techniques for collecting, storing, 

integrating, modeling, analyzing, retrieving at will, transforming, displaying, and distributing 

spatially georeferenced data from different sources with well-defined accuracy characteristics 

and continuity in a digital format.” (Gomarasca, 2010, p.137), geomatics has a breadth of 

applications and remains important to the study and advancement of multiple disciplines. 

Geomatics have played an important role in urban planning (e.g., utilities and infrastructure), 

environmental monitoring (e.g., air and water quality), agriculture (e.g., pest control and crop 

health), disaster management (e.g., effects of flooding and fire) and natural resource 

management (e.g., erosion and pollution). The widespread integration of the field of geomatics 

with other domains is partly because of the technologies that comprise and are used within 

the field of geomatics such as Global Navigation Satellite Systems (GNSS), which provides 

precise locational information, and remote sensing (e.g., satellites and aerial systems), which 

provides information about features on the Earth’s surface via sensors like LiDAR (i.e., 

terrestrial, and airborne) and the data collected through these technologies are often stored, 

managed, analyzed and visualized within a Geographic Information Systems (GIS; ESRI, 

2023).  

Among the many domains to which Geomatics, along with remote sensing, has 

contributed, includes its use in the domain of wetland ecology has made significant 

contributions. Airborne data (e.g., Satellite and aerial imagery) have been used to identify the 

boundaries of wetlands (i.e., Fuller et al., 2006) and provide a better understanding of the 

extent and distribution of wetlands (i.e., Weise et al., 2020). With the ability to capture different 

spectral bands (i.e., Red, Green, Blue, NIR), different sensors are used to identify land covers 

(i.e., Tian et al., 2016), vegetation types (i.e., Pande-Chhetri et al., 2017), and delineate 

wetland water bodies (i.e., Wu and Lane, 2016). Spectral indices such as the Normalized 

Difference Vegetation Index (NDVI) has been used to understand vegetation health and 

classify vegetation (i.e., Ju and Bohrer, 2022; Petus et al., 2013). While other indices such as 

the Normalized Difference Water Index (NDWI; McFeeters, 1996) has been used to identify 

water features (i.e., Teng et al., 2021). The spatial data acquired from these sensors can be 
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utilized within Geographic Information Systems (GIS) (i.e., ArcGIS, ESRI,2023; QGIS, QGIS, 

2023 Association) to further visualize and analyze data. GIS provide users the ability to create 

and effectively combine the different data layers to better understand wetlands. The exported 

maps become an effective visual aid to better inform decision makers in wetland conservation 

and environmental monitoring. 

Perhaps the most influential sensor affecting our understanding of wetland 

ecosystems is Light Detection and Ranging (LiDAR). The active sensor emits pulses of visible 

light photons and can capture information about the distribution of their return to the sensor. 

The short wavelength (e.g., 1064nm; Newport Corporation, 2023) of these sensors can 

penetrate the vegetation canopy, which enables the acquisition of information about the 

surface topography and the creation of highly detailed Digital Elevation Models (DEMs). 

LiDAR has been used to distinguish different classes of wetlands based on their makeup (i.e., 

peatlands; Anderson et al., 2010), map vegetation types (i.e., Maxa and Bolstad, 2009) and 

map inundation levels (i.e., Huang et al., 2014). Overall, the ability for LiDAR to capture data 

not available through other technologies enhances the use of geomatics in wetland mapping 

and provides crucial information for conservationists and land-use planning. 

 While the acquisition of remotely sensed data and the management, analysis, and 

visualization of those data with a GIS has advanced wetland ecology, the relationship of those 

data to in-situ measurements is essential for scaling field-based measurements to larger 

spatial extents. The location of in-situ measurements is often done through the use of Global 

Navigation Satellite System receivers, which are commonly (and incorrectly) referred to as 

Global Positioning System (GPS) in North America. The advancements of GNSS receivers 

have played an important role in geomatics and wetland mapping with its ability to ground 

truth and validate remotely sensed data (i.e., Rebelo et al., 2009). GNSS receivers can identify 

exact locations on the ground with precision and verify the accuracies of remote sensing data. 

Ground truthing is crucial because it ensures the accuracy of a wetland’s topography and 

vegetation species (i.e., Hladik and Alber, 2012) providing a more comprehensive 

understanding of wetland ecosystems. With a GNSS receiver, it is possible to identify 

sampling locations (e.g., random, or not) for vegetation ground surveys and land-use change 

detections over time (i.e., Olofsson et al., 2014). Overall, precise, and reliable wetland 
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mapping cannot be completed without the inclusion of GNSS equipment and enhances the 

management of wetlands. 

In addition to the aforementioned technologies and tools, Geomatics also plays a pivotal role 

in modelling and using models to understand the importance of the hydrological system in 

wetlands and how wetland functions interact with hydrology. Using a GIS, surface flow 

pathways can be modelled (i.e., Wu and Lane, 2017), watershed and wetland catchments can 

be mapped (i.e., Watershed – Spatial Analyst Tool, ESRI) and areas prone to erosion can be 

determined (i.e., Hernández-Romero et al., 2022). Also, the inclusion of remotely sensed data 

provides valuable information on the landcover and topography (e.g., terrestrial and 

bathymetry) to further enhance the accuracy of hydrological modeling. For example, airborne 

data (e.g., Optical, multispectral, and hyperspectral) can give information on an wetlands 

landcover and LiDAR can map the wetlands terrain (i.e., Jeziorska, 2019). When paired 

together researchers can create a more accurate representation of a wetland’s terrain (i.e., 

Maxa and Bolstad, 2009). Overall, combining different types of data improves hydrological 

modelling, providing useful information for managing water resources and the conservation of 

wetlands.  

Furthermore, geomatics within wetland mapping contains the ability to integrate data 

from many different services and activities. With all the different types of data technologies 

(e.g., remote sensing, GPS, Field measurements) GIS software provides the ability to store 

geospatial data within a container called a geodatabase. This storing allows the combination 

of different data types from multiple sources to be analyzed together and enhance overall 

accuracies within wetland mapping activities. An example of this combination in a GIS could 

be field surveys and satellite imagery. The field surveys are able to capture the fine detail 

present at the ground level and their sampling plots can be precisely determined with GPS 

but the spatial scale of their study is small and unable to capture the whole wetland (e.g., 10s 

of metres). Satellite imagery can capture a much greater coverage of the study area (e.g., 10s 

of Kilometres; the whole wetland) but the fine detail observed by the ground team is lost. The 

trade off between the fine scale detail (e.g., field survey) and broader spatial coverage (e.g., 

satellite imagery) highlights a GIS’s ability to integrate these two data sources. This integration 

allows for a more comprehensive and better understanding of wetland functions across 
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differing spatial scales. Overall, wetland mappings would not have been able to achieve the 

advancements it has seen within these ecosystems if not for the inclusion of geomatics.  

The use of geomatics to advance our understanding is presented in the next chapter, 

Chapter 2, which investigates the utilization of Remotely Piloted Aerial Systems (RPAS) 

deployed in 18 high-altitude wetlands spanning across three different subregions within 

Alberta, Canada. The research aims to determine the ability of RPAS capturing high resolution 

imagery (e.g., Optical and Multispectral) to classify these wetlands with high accuracy. It 

discusses the importance of RPAS within the literature and provides a breakdown of the 

methodologies for data collection, machine learning classification and pattern analysis. 

Results of a random tree classifier obtained high accuracies and distinguished the relative 

importance of the various spectral bands, created indices (e.g., NDVI) and the use of a digital 

surface model (DSM) for precise vegetation mapping. Validation of the classification 

compared to the in-situ surveys provide more insight into the challenges associated with 

wetland mapping. The research also identified several vegetation patterns, using landscape 

metrics, that varied across an elevation gradient. Overall, the chapter illustrates how RPAS 

data can provide detailed wetland mapping and the relative importance of different types of 

data to successful wetland vegetation classification.  

Following Chapter 2, the thesis concludes with Chapter 3, which describes how 

wetlands have been mapped in Canada. It discusses the creation and application of the 

Canadian Wetland Classification System, the main way of classifying wetlands in the country. 

The chapter also observes how wetlands are mapped at the national level by the Federal 

Government of Canada. Since the 18 wetlands analyzed for this thesis are in Alberta, it also 

highlights the Alberta Wetland Classification System (AWCS) used by the province. I provide 

insight into why these high-altitude wetlands have not been previously mapped. Lastly, there 

is observation to additional inventory accuracies for peatland mapping in Canada across the 

literature using the search term (“Peatland” AND “Mapping”) and limited to research 

conducted within Canada. 
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Chapter 2: Assessment of remotely piloted aircraft data 

classification of wetland vegetation communities and changes in 

their pattern with elevation 

1.0 Introduction 

Given the disproportionate contribution of ecosystem services provided by wetlands relative 

to their global area, wetland mapping has been and remains relevant for both science and 

society (e.g., Zhang et al., 2010; Fickas et al., 2016). Wetland mapping can be used to aid 

policy decisions about their protection (e.g., Fang et al., 2016; Xing and Niu, 2019; Valencia 

et al., 2022) and restoration (e.g., Harvey et al., 2019; Feagin et al., 2020; White et al., 2020) 

as well as their removal (e.g., Mitsch et al., 1983). Therefore, state/provincial and national 

government agencies as well as international organizations (e.g., RAMSAR) map, curate, and 

maintain spatial data of wetland locations within their jurisdictions. 

While the location (e.g., Munoz et al., 2009) and boundary (e.g., Adams et al., 1987; 

Prisley et al., 2020) of wetlands are frequently mapped, less frequent is the quantification and 

mapping of their ecosystem function. Functional representation and measurement of wetlands 

is necessary to understand and quantify wetland health and the myriad of ecosystem services 

they provide to society. For example, wetlands mitigate flood risk (e.g., Furlan et al., 2021; 

Medvedev et al., 2020), provide unique habitat for species and increase biodiversity (e.g., 

Bertacchi et al., 2019; Nguyen et al., 2019; Geng et al., 2020; Alvarez-Vanhard et al., 2020; 

Zhu et al., 2019), remove pollutants and purify water (e.g., Allende et al., 2011), and store 

carbon (e.g., Mitsch et al., 2013; Gleason et al., 2009) among other services (e.g., Gandarillas 

et al., 2016). However, the performance of these and other wetland functions is affected by 

the composition and configuration of vegetation communities within a wetland catchment 

(e.g., Kelly et al., 2011).  

Mapping and quantifying the composition and configuration of vegetation communities 

has typically been done using in-situ measurements and in some cases by remote sensing. 

In-situ measurements are often taken along a transect, among a series of plots (quadrats), or 

some combination of the two (e.g., Wikum and Shanholtzer 1978; Yu and Guo., 2021;). While 

these methods have been widely used and have been essential to our understanding of 
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ecology, repeated sampling can negatively impact the natural wetland system by trampling 

fragile local fauna (e.g., Kalacska et al., 2013) and local wildlife can be disturbed by path 

generation that can increase exposure to predators or cause nest abandonment (e.g., Carney 

and Sydeman, 1999; Francis et al., 2020). Despite the benefits and desire for detailed in-situ 

data, labour, time, and cost constraints inhibit the deployment of in-situ measurements across 

large spatial extents.  

When in-situ data are paired with remotely sensed data, field measurements can be 

used to calibrate (e.g., Holden et al., 2021) and validate (e.g., He et al., 2019) manual or 

automated classifications of wetland characteristics. Through this relationship, remotely 

sensed data offer the ability to scale out in-situ data collection to map wetlands across large 

spatial extents (e.g., Alvarez-Vanhard et al., 2020). This approach has been used to map 

wetland boundaries (e.g., Mui et al., 2015), their change over time (e.g., Baker et al., 2007), 

surface water (e.g., Mueller et al., 2016), estimate vegetation biomass (e.g., Mutanga et al., 

2012), and map land use and land cover change leading to wetland loss (e.g., Dewan and 

Yamaguchi, 2009). While satellite-based data has advanced our ability to map wetland 

presence and their boundaries, their catchments, and their change over time across larger 

spatial extents, satellite sensors have not yielded the fine resolution (<5 centimeters) required 

to quantify the composition and configuration of wetland vegetation communities. 

The ability to obtain very fine resolution remotely sensed data is now achievable using 

contemporary remotely piloted aircraft (RPA; e.g., Nguyen et al., 2019; Ancin-Murguzur et al., 

2020). RPA can collect data across meso-scale spatial extents (e.g., 100s ha; Helm et al., 

2020) covering more area than in-situ plots (e.g., cumulatively 10s of m2; Pérez-Ortiz et al., 

2015) at a resolution not yet achievable by satellite and mid-altitude airborne data acquisition 

(although new constellations are closing the gap; e.g., Planet 10 cm; Albedo Space, 2023). 

Additional benefits of RPA over satellite data acquisition are that RPA can be deployed on-

demand at relatively low cost (e.g., Flores-de-Santiago et al., 2020; Dale et al., 2020) to 

correspond with field data collection, are minimally affected by atmospheric conditions or 

cloud cover, and are flexible in their deployment to accommodate the acquisition of data at 

different spatial and temporal resolutions. The combination of 1-2cm resolution from multiple 

sensors (e.g., optical, multi-spectral, infra-red, thermal, and LiDAR) with in-situ measurements 

enables advancements beyond mapping wetland presence and boundaries to mapping and 
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quantifying the composition and configuration of vegetation communities that comprise the 

wetland. Despite this capability, very high resolution (1-2cm) wetland vegetation community 

and species has been limited to Phragmites austrailis and Myriophyllim aquaticum (Bertacchi 

et al., 2019), coastal marsh dominated by Spartina patens (Broussard III et al., 2020), and 

swamp and non-swamp vegetation and subspecies using LiDAR (Banerjee et al., 2019).  

As a step toward filling the gap in our understanding about the composition and 

configuration of wetland vegetation communities, we systematically evaluate the combination 

of different data layers generated from RPA flights to map vegetation composition and 

configuration. We focus on high-altitude wetlands that have been excluded from Canadian 

Wetland Classification System (CWCS) mapping and are typically void from the literature. 

Through this effort we seek to determine the following: what is the relative contribution of 

different data types on the accuracy of RPA wetland vegetation community classification as 

conducted through object-based image analysis and how does this classification compare to 

in-situ measurements? To what extent does the composition and configuration of wetland 

vegetation communities drive RPA classification accuracy? And how does the composition 

and configuration of wetland vegetation communities change among natural regions or along 

a gradient in elevation? 

2.0 Methods 

2.1 Study Area 

Within Canada there are roughly 1.29 million Km2 of wetlands covering an estimated 

13% of the country’s terrestrial surface (National Wetlands Working Group, 1997). However, 

these estimates and the types of data used to generate them (e.g., Canadian Wetland 

Classification System (CWCS); Rubec, 2018) have limitations and omissions. Our study area 

comprises a set of wetlands that lie within the Subalpine, Montane, and Upper Foothills natural 

subregions of Alberta, Canada, that have not been previously mapped in the CWCS, Alberta 

Biodiversity Monitoring Institute (ABMI), documented by Ducks Unlimited, or made available 

for public access (Ilyas 2022).  Within these subregions, a total of 18 sites, between 1415-

2106m ASL, covering roughly 0.59 Km2 were surveyed using RPA and contained in-situ field 

measurements (Figure 1; Appendix A). While the Alberta Wetland Classification System 
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(Alberta Environment and Sustainable Resource Development (ESRD), 2015) would classify 

all 18 sites as peatlands, the composition and configuration of their vegetation and annual 

inundation are variable. 

All study sites lie within Alberta’s Division No. 15, which covers 28,403 Km2 area with 

an estimated population of 38,594 in 2016 (Statistics Canada, 2016). Given the low population 

density, human disturbance in the study region is relatively low; however, the region is actively 

used for recreation, cattle grazing, and logging (Public Lands Act, 2000; Bow River Basin 

Council, 2021). Our study sites were selected to best represent areas that had minimal 

anthropogenic disturbance, but also were in proximity to roadways for access. 

The three subregions experience variable temperature and precipitation. The 

subalpine subregion has a mean annual temperature of -0.1°C and typically receives 755mm 

of precipitation annually with 56% falling during the growing season. The montane subregion 

has a mean annual temperature of 2.3°C and typically receives 589mm of precipitation 

annually with 65% falling during growing season. The upper foothills subregion has a mean 

annual temperature of -1.3°C and typically receives 632mm of precipitation annually with 71% 

falling during growing season (Natural Regions Committee, 2006). 
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Figure 1: Study area showcasing 18 study site wetlands flown via RPAS with the natural 

subregions with the area of interest (Numbers correspond to the Site No. provided in Table 2) 



 

 10 

2.2 Data 

2.2.1 RPA Survey and Data Creation 

Each of the 18 study sites were flown using a Da-Jiang Innovations (DJI) Inspire 1 

remotely piloted aircraft (RPA). The Inspire 1, a quadcopter, was equipped with a Zenmuse 

Z3 optical camera and a Parrot Sequoia multi-spectral camera. The Zenmuse Z3 is a 

complementary metal oxide semiconductor (CMOS) optical sensor able to capture the visible 

light spectrum (Red, Green, Blue wavelengths) to create 12-megapixel images. The Parrot 

Sequoia (SenseFly, Cheseaux-sur-Lausanne, Switzerland) is a multispectral sensor and 

optical camera. It captures 4 bands; Green (550nm +/- 40nm), Red (660nm +/- 40nm), Red 

edge (735nm +/- 10nm) and Near infrared (790nm +/- 40nm). The optical camera (RGB) 

captures 16 megapixel photographs. With both sensors installed, the Inspire 1, had a total 

weight of 3.37 kg and a maximum flight time of 18 minutes. 

To ensure flight safety for complete wetland coverage flights were conducted at 60 m 

AGL, which yielded a spatial resolution of approximately 2.5 cm for the Zenmuse and 6.3 cm 

for the Sequoia. This flight covered the entire area of the study site. Prior to each flight, ground 

control points (GCPs) were deployed around the study site to georeference RPA data for 

horizontal and vertical measurements. The number of GCPs (10-18) varied from site to site 

depending on the size of the site and accessibility. GCP placements were around each site’s 

perimeter with some lain within their inner region. Each GCP was a 12” x 12” checkered vinyl 

floor tile with a distinct center point delineated by high contrast of black and white ¼ section 

squares. The location of each GCP was recorded using a Leica Viva GS14 GNSS rover with 

a Leica Viva CS15 field controller and a second Leica GS14 GNSS base station, which were 

able to achieve an average accuracy of 5cm or less. 

RPA acquired imagery were processed using Pix4D (Pix4D SA, Switzerland) and 

structure-from-motion, along with GCP locations, to generate ortho-mosaics of different 

sensor returns as well as a digital surface model (DSM) for each field site. An orthomosaic 

was generated for the Zenuse optical sensor and each band of the Sequoia (i.e., green, red, 

red edge, near-infrared). 

While only six types of data were acquired from the RPA and structure-from-motion 

process, these data were used in different combinations to generate spectral indices to 
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facilitate the differentiation of vegetation communities (e.g., Beyer at al., 2019; Sharma, 2022). 

Prior to the generation of these indices all RPA data were georeferenced and partitioned (i.e., 

clipped) to the same areal extent using PyCharm Community Edition 2022.1.3 (JetBrains 

s.r.o., Czech Republic) and within ArcGIS (ESRI, California, United States). Spectral indices 

were generated using Trimble’s eCognition Developer v.10.3 (Munich, Germany) software 

and included: Normalized Difference Vegetation Index (NDVI), Red Edge Chlorophyll 

Vegetation Index (RECI), Normalized Difference Red Edge Vegetation Index (NDRE), Green 

Normalized Difference Vegetation Index (GNDVI), Green-Red Vegetation Index (GRVI) 

Normalized Difference Water Index (NDWI), Soil Adjusted Vegetation Index (SAVI), 

Optimized Soil Adjusted Vegetation Index (OSAVI) and Green Chlorophyll Vegetation Index 

(GCI). 

2.2.2 In-situ survey 

Within each of the 18 locations studied a combination of quadrats and transects were used 

for in-situ survey measurements. Transects were 50 m in length and spaced roughly 50 m 

away in parallel to each other. Five 1 x 1 m quadrats were equally spaced along each transect. 

The location of the middle of each quadrat was acquired using the aforementioned Leica Viva 

GS14 GNSS rover. Vegetation within each quadrat was identified by species type and the 

total amount present as a percent of quadrat area. In the case that canopy cover was present 

over top of a quadrat, both the understory and canopy vegetation were identified and were 

included in the overall percent composition (Iljas, 2022). A dominant vegetation community 

was assigned to each quadrat based on the composition of vegetation communities within 

(Table 1). 
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Table 1: Classification of quadrats based on ground sampling of vegetation composition 

(Iljas, 2022) 

Type Composition 

Grass If <15% shrubs and >40% grass, then grass 

If >50% grass + litter, and grass is at least 20%, then grass 

Litter If >60% littler and not >30% grass or >15% shrub, then litter 

Mixed Shrub If >15% shrub and no more than ~20% anything else, then mixed shrub 

Moss If >15% shrubs and >40% moss, then moss 

Shrub If > 40% shrubs, then shrub 

Water If >50% open water and <~20% shrubs, then water 

 

2.3 Object-Based Image Analysis (OBIA) with eCogition 

2.3.1 Automated Vegetation Community Classification 

An object-based image analysis (OBIA) was performed on each of the 18 study sites 

using eCognition Developer (Trimble 2019. eCognition Developer). The OBIA is composed of 

several steps (segmentation, training site delineation, segment classification, and post 

classification; e.g., Thiel et al., 2020; Paudel et al., 2021). In the segmentation step, objects 

are created that comprise a collection of pixels that are grouped together based of similar 

pixel characteristics or pixel values to create polygon objects that are used to identify features 

in a landscape. A multi-resolution segmentation process was applied, which is a bottom-up 

approach that uses a pairwise region merge to create objects based on the average 

heterogeneity at the pixel level (Trimble, 2022). The multi-resolution segmentation process 

takes a single pixel within the imagery and pairs it with neighbouring pixels through several 

iterations based off of their collective overall shape and spectral characteristics. If a 

neighbouring pixel is not a candidate then the process for the object is stopped and a new 

routine proceeds to form the next object. The process is repeated until each pixel within the 

imagery has been assigned to an object. 
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The final segmentation parameters that were applied to all 18 study sties were derived 

by systematically varying the scale (10 - 100), compactness (0.1 - 0.9), and shape (0.1 - 0.9) 

parameters for four of the study sites until segments did not incorporate more than one 

vegetation community type, segments corresponded to small patches of vegetation, and they 

could be aggregated to delineate large patches of the same vegetation community. The shape 

parameter describes the relationship between the spatial form of the segment and its colour 

since the overall homogeneity of a segment is a function of the spectral values of the pixels 

within (Trimble, 2022). The compactness parameter influences the degree to which segments 

can have long perimeters with small areas or inhibits the degree to which they can deviate 

from a standard geometric shape (e.g., circle) (Trimble, 2022).  The multi-resolution 

segmentation used for this project had a scale factor of 60, a shape factor of 0.1 and a 

compactness factor of 0.9. 

2.3.2 Training Site Selection 

Training sites comprise a selection of samples from imagery for each wetland study 

site; these selected samples represented the classes of interest (11 classes total; Table 2) 

used to train a Random Tree classification algorithm. Training sites were manually identified 

by selecting segmentation objects that completely contained only the vegetation or land cover 

class of interest. We sought to conform to recommendations for 10-30n training samples, 

where n is the number of spectral bands used within the imagery (e.g., Mather 1999; Park & 

Stenstrom, 2008). With the 5 bands captured by our UAV data collection (i.e., Red, Blue, 

Green, NIR and RE) the total number of samples for each class ranged from 50 (10n, n= 5) 

to 150 (30n, n=5). Instances occurred where the homogenous similarity of vegetation colours 

produced smaller and more abundant (fragmented) objects that an upward of 500 samples 

were collected. In other situations, it was not possible to obtain the recommended sample 

count given the limited presence of a vegetation or land cover type. When this occurred (litter, 

snag, dirt/ground, or rocks), approximately 75% of the segments visually identified as those 

types within a wetland study site were selected. Across all wetlands (n = 18), a total of 13948 

samples were collected. 
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Table 2: Vegetation and land cover classes for classification 

 

  

Type Traits 

Grass Long narrow strands (i.e., blades), ranged from light yellow to green in 

colour 

Dirt/ Bare ground Areas without any vegetation, generally varying shades of brown in colour 

Litter Dead, fallen trees. Generally, tree trunks white to light grey in colour 

Moss Flat patches of vegetation with little to no vertical structure. Generally light 

yellow to light brown in colour 

Mixed Vegetation Combination of grasses and different types of shrubs; ranged from light to 

dark green in colour 

Rock Grey irregular features with sharp corners. Found isolated and grouped 

together 

Shadow Dark (black) features protruding off tall features (i.e., trees) due to the angle 

of the sun 

Shrub Mid-sized, circular vegetation patches resembling a bush. Colours ranged in 

varying shades of green 

Snag Standing dead trees; white to light grey in colour. Visible branches without 

canopy cover or leaves 

Tree Standing trees (>2m height) with visible canopy present; dark green in 

colour. Includes a combination of coniferous and deciduous tree 

Water Water features including channels and streams; generally blue and navy in 

colour 
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2.3.3 Random Tree Classifier 

A Random Tree Classifier is a type of machine learning classifier that can be used to 

classify segmented objects into wetland vegetation and land cover (e.g., Amani et al., 2017). 

A Random Tree comprises a collection of predictions from multiple decision trees that 

collectively assign a class to a segmentation object (Breiman, 2001). Each “tree” casts a vote 

based on the training samples (i.e., training sites) and the class which receives the most votes 

overall is assigned (e.g., Lorena et al., 2011). When enough “trees” are generated, the 

resulting product is known as Random Forest (Breiman, 2001). Through this process, RT 

reduces the chances of overfitting and increases the overall performance of the classifier, 

particularly when working with noisy data or imagery containing similar spectral characteristics 

(e.g., Van Hulse and Koshgoftaar, 2009; Immitzer et al., 2012). 

The [Random Tree] classifier’s training parameters for this study used a combination 

of both image layers and object features. The image layers used mean values of the pixels 

within each object and included DSM, GCI, GNDVI, GRVI, NDVI, NDWI, OSAVI, RECI, SAVI, 

Blue, Green and Red. Differing from the pixel summarization conducted with the image layers, 

object features describe the characteristics of the objects themselves for which object 

compactness, density, rectangular fit, roundness and shape index were used. Additional 

Random Tree classifier parameters included the maximum number of categories (i.e., 

branches, 20), active variables (i.e., image layers and object features; 15), maximum number 

of trees (125) and forest accuracy (0.01). The “Max categories” parameter limits the number 

of categories that a tree can grow (i.e., number of branches per tree). Without this limitation, 

the tree can grow with many branches to overfit the data. The maximum number of trees limits 

the total number of trees generated by the classifier and forest accuracy identifies the required 

minimum accuracy threshold that needs to be met prior to training completion. 

2.4 Accuracy Assessment 

To assess the accuracy of wetland vegetation community and land cover 

classification, two approaches were used. The first involved a comparison of classification 

results against a subset of training samples excluded from the classification process, 

facilitated by eCognition’s Accuracy assessment. This was conducted for all 18 wetlands and 
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used a traditional confusion matrix approach (e.g., Congalton, 1991) that provides an overall 

accuracy (OA), user’s Accuracy (UA), and producer’s Accuracy (PA).  

The user’s accuracy (UA), also known as the accuracy of omission, refers to the 

frequency that mapped classes are present on the ground but not accounted for in the 

classification. UA identifies the percentage of correctly classified objects relative to the number 

of objects that belong to that class and is calculated by dividing a class’s correct classification 

by its row total to represent the classification’s reliability. Complementing the UA is the 

producer’s Accuracy (PA), also known as the accuracy of commission, which refers to the 

frequency that real features on the ground are correctly shown on the classified map. PA 

identifies the percentage of correctly classified objects relative to the total number of objects 

that truly belong to that class and is calculated by dividing the number of objects that were 

correctly classified by the total number of test sites for that class. 

The second accuracy assessment approach compared the classified results to in-situ 

field measurements, using a similar confusion matrix approach. Each wetland contained a 

series of 0.5x0.5 m plots arranged 50m apart along 3 transects. Within each plot, the dominant 

vegetation was recorded. A total of 169 geolocated plot centroids, established with a Leica 

GS14 and Leica Viva CS15 field controller (horizontal accuracy of 5cm or less) (Illyas 2022), 

were used in our field-based accuracy assessment. The orientation of the plots was not 

recorded, therefore if plots were visible in imagery (due to temporal correspondence) then 

they were manually digitized (n = 35). If plots were not visible in imagery then plot-centroids 

were buffered by 0.5m and then enveloped to a squared polygon to simulate the same quadrat 

size used for each plot (n = 117, ArcGIS Pro – Buffer, 2023; ArcGIS Pro – Feature Envelope 

to Polygon, 2023). 

3.0 Results 

3.1 Accuracy Classification against training samples 

An accuracy assessment for each classified wetland was calculated within 

eCognition using a subset of input samples (i.e., training sites). Overall accuracy varied 

among our 18 wetland sites from 83.7-98.4%, with a total overall average accuracy of 

91.43% (Table 3). 
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Table 3: Surveyed locations sorted by elevation (Includes Site Number, Natural Subregion, 

Municipality, Elevation and Overall Accuracy) 

Elevation (m) Natural 

Subregion 

Municipality Location Site No. OA 

1419 Montane Kananaskis 659762 E, 5647083 N 7 91.2% 

1465 Montane Kananaskis 653898 E, 5656884 N 12 86.4% 

1478 Montane Big Horn No.8 661067 E, 5635918 N 9 85.6% 

1489 Montane Kananaskis 645071 E, 5645065 N 16 88.5% 

1504 Montane Kananaskis 643536 E, 5691652 N 10 83.7% 

1522 Montane Kananaskis 633036 E, 5697663 N 17 92.0% 

1559 Montane Big Horn No.8 649418 E, 5633384 N 4 90.1% 

1572 Upper foothills Big Horn No.8 645550 E, 5644129 N 1 98.3% 

1697 Subalpine Kananaskis 617124 E, 5626644 N 13 94.3% 

1718 Subalpine Big Horn No.8 660468 E, 5634966 N 2 98.4% 

1739 Subalpine Kananaskis 633879 E, 5686575 N 15 84.4% 

1744 Subalpine Kananaskis 625765 E, 5631100 N 11 96.0% 

1795 Subalpine Kananaskis 617310 E, 5631688 N 14 92.4% 

1800 Subalpine Kananaskis 648468 E, 5637200 N 18 94.9% 

1839 Subalpine Kananaskis 646946 E, 5640492 N 5 88.8% 

1844 Subalpine Kananaskis 649481 E, 5658101 N 3 93.8% 

1962 Subalpine Kananaskis 648654 E, 5638460 N 6 96.8% 

2106 Subalpine Kananaskis 643833 E, 5646726 N 8 90.1% 

Total Overall Average: 91.4% 
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The overall user’s accuracy (UA) average of all classified classes was 92.7% with an 

average standard deviation of 7.7%. The obtained UA (mean) values ranged from 81.3% to 

98.0% and their respective standard deviations ranged from 4.0% to 16% (Table 4). User’s 

accuracy for Litter (12%), Rock (16%) and Water (12%) were the only classes that obtained 

a standard deviation > 10%, which is primarily due to the limited presence of these classes. 

The most accurately classified vegetation and land cover classes were Tree, Moss, 

Ground/Dirt, and Shadow, which obtained mean UAs greater than 95% and had standard 

deviations of 4%, 4%, 5%, and 2%, respectively. 

The overall producer’s accuracy average of all classified classes was 86.9% with an 

average standard deviation of 12.7%. Individual wetland average PA values ranged from 

63.4% – 97.9%, with average standard deviation ranging from 2% – 28% (Table 4). The least 

accurate classes for producer’s accuracy were Moss and Snag with 78.4% and 63.8% and 

had a mean standard deviation of 27% and 28%, respectively. All remaining classes obtained 

mean producer’s accuracy results greater than 80% with Rock (97.0%) and Shadow (97.9%) 

achieving the highest PA. Of the classes that obtained PA mean values greater than 80%, 

Grass, Litter, Shrub and Water also had relatively high average PA standard deviations 

(>10%). Similar to the UA outcomes, the larger standard deviations are primarily due to the 

limited presence of those classes within several wetlands. Visual inspection of wetland 

classifications qualitatively verified that wetlands with a higher presence of a class and were 

able to obtain the minimum sample count (10n), achieved higher PA values with lower 

standard deviations. This was best represented by the following classes: Mixed Vegetation 

(92.5%, 0.06), Tree (92.4%, 0.06), Ground/Dirt (93.3%, 0.06), Rock (97.0%, 0.05), Shadow 

(97.9%, 0.02) 

A PA > UA signifies that the classification has overestimated what is present on the 

ground. Two classes (Mixed Veg and Rock) both obtained mean PA values greater than mean 

UA values. Mixed Vegetation mean PA value shows that 92.5% of the classification has been 

correctly identified as Mixed Vegetation but its mean UA value of 87.5% highlights the true 

amount of this class’s presence on the ground as correct. The same was observed with the 

Rock class which obtained a mean PA value of 97.0% but a mean UA value of 81.3%. The 

remaining 9 classes (Grass, Ground/Dirt, Litter, Moss, Shadow, Shrub, Snag, Tree and Water) 

all obtained mean UA values greater than their complementary mean PA values, which 
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highlights that the classification has underestimated these classes across the wetlands and 

that the true reality of the classes [correct] presence on the ground is higher than what was 

classified. 

Table 4: Summary of user’s and producer’s accuracy for all classified wetlands (including 

average and standard deviation) 

Class UA range UAm UAsd PA range PAm PAsd 

Grass 73.4 – 100% 91.1% 0.09 62.0 – 95.8% 81.5% 0.12 

Ground/Dirt 86.7 – 100% 97.7% 0.05 85.7 – 100% 93.3% 0.06 

Litter 68.4 – 100% 93.2% 0.12 62.5 – 100% 86.0% 0.13 

Moss 89.4- 100% 95.6% 0.04 11.8 – 100% 78.4% 0.27 

Mixed Veg 74.1 – 100% 87.5% 0.08 79.5 – 99.5% 92.5% 0.06 

Rock 66.7 – 100% 81.3% 0.16 88.9 – 100% 97.0% 0.05 

Shadow 94.7 – 100% 98.0% 0.02 94.5 – 100% 97.9% 0.02 

Shrub 76.7 – 97.1% 90.7% 0.07 53.3 – 100% 85.8% 0.14 

Snag 84.6 – 100% 94.5% 0.06 16.7 – 100% 63.4% 0.28 

Tree 88.7 – 100% 95.2% 0.04 79.7 – 100% 92.4% 0.06 

Water 60.0 – 100% 95.3% 0.12 21.4 – 100% 87.9% 0.21 

3.2 Image Layer and Object Feature Importance for Random Tree Training 

Results from the RT classifier were interrogated to identify the importance or influence 

of each image layer and object feature on the classification of each study site wetland.  The 

twelve image layers ( Section 2.3.3.4) had an importance weight ranging from 2.3% – 30.8% 

and standard deviations ranging from 1.0% – 6.4% (Table 5). The image layer with the 

greatest overall importance was the Digital Surface Model (DSM), which had with an average 

weight of 15.9% and an average standard deviation of 6.4% across the 18 study sites. The 

image bands were the next most important contributors to the classification with mean R, G, 

B weighted. This was followed by mR, mG and mB which had importance weights of 8.9%, 
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8.7% and 7.4%, respectively. The remaining created index layers received lower average 

weights; mGRVI (6.3%), mRECI (5.2%), mNDWI (5.1%), mGCI (4.9%), mGNDVI (4.9%), 

mSAVI (4.5%), and mNDVI and mOSAVI both with 4.4% weighted importance. Across all 18 

study sites, the five object features had an importance weight ranging from 1.8 – 9.3%. And a 

standard deviation ranging from 0.8 – 1.9%. The highest average weighted object feature 

across all 18 study sites was Shape index with an average weight of 4.6% followed by Density 

(3.9%), Roundness (3.7%), and Compactness and Rectangular fit both returning 3.6%. 

Importance values provide two key insights about the classification of wetland vegetation 

communities using very high-resolution data. First, these values demonstrate that image 

layers (individually and collectively) played a larger role in the classification than object 

features. The overall average of all imager layer weights combined was 6.7% with an average 

standard deviation of 2.4% and the overall average of all object feature weights was 3.9% 

with an average standard deviation of 1.1%. Second, in lieu of a canopy height model, the 

DSM had twice the importance of spectral layers (e.g., blue, green, red) and indices 

comprising their combination. This last point suggests a critical role that the representation of 

three-dimensional wetland catchments can have on understanding vegetation composition 

and configuration as well as the importance of structure-from-motion multi-view stereo (SfM-

MVS) approaches when LiDAR data are unavailable. 
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Table 5: Weighted importance of each layer used to train the RT classifier (Includes average and standard deviation) 

 

 

Site No. / Layer mDSM mGCI mGNDVI mGRVI mNDVI mNDWI mOSAVI mRECI mSAVI mB mG mR compactness Density Rectangular fit Roundness Shape Index

No. 1 10.2% 6.4% 7.1% 6.3% 5.0% 7.1% 4.9% 4.9% 4.7% 6.0% 7.2% 6.5% 4.4% 4.4% 4.3% 4.3% 6.1%

No. 2 8.3% 5.4% 5.3% 6.4% 5.6% 5.3% 5.7% 5.4% 5.7% 6.0% 6.7% 5.4% 5.0% 5.6% 4.8% 5.1% 8.3%

No. 3 30.8% 2.3% 2.3% 2.3% 2.3% 2.3% 2.3% 2.3% 2.3% 10.1% 13.7% 13.1% 2.7% 2.8% 3.2% 2.4% 2.9%

No. 4 13.5% 5.4% 4.4% 13.4% 4.3% 4.4% 4.5% 5.4% 4.3% 5.3% 5.8% 4.6% 3.8% 3.9% 3.9% 3.7% 9.3%

No. 5 20.5% 4.3% 3.9% 5.0% 4.8% 4.2% 5.2% 5.2% 4.9% 7.7% 7.8% 6.7% 3.8% 3.9% 4.0% 3.8% 4.4%

No. 6 11.7% 10.1% 7.9% 4.8% 4.0% 9.5% 3.9% 4.2% 4.0% 6.8% 8.2% 6.6% 3.9% 3.5% 3.4% 3.6% 3.7%

No. 7 18.2% 4.0% 4.0% 4.9% 4.5% 3.8% 4.5% 5.5% 4.7% 8.7% 7.1% 11.2% 3.7% 3.8% 3.7% 3.7% 3.9%

No. 8 8.4% 6.8% 8.4% 4.5% 3.9% 11.1% 4.0% 4.1% 4.0% 8.1% 7.6% 8.1% 3.8% 4.5% 3.8% 3.9% 4.8%

No. 9 12.9% 4.4% 3.9% 5.7% 5.3% 4.2% 5.2% 5.3% 5.2% 10.6% 10.5% 7.2% 3.7% 3.7% 3.8% 3.6% 4.8%

No. 10 12.6% 6.0% 6.6% 6.7% 3.7% 6.5% 3.7% 4.2% 3.5% 10.2% 13.4% 5.1% 3.5% 3.5% 3.6% 3.4% 3.8%

No. 11 20.4% 4.7% 4.7% 8.8% 4.1% 4.8% 4.1% 4.1% 4.1% 5.6% 10.0% 8.4% 3.3% 3.1% 3.2% 3.3% 3.4%

No. 12 16.4% 4.5% 4.3% 4.3% 4.2% 4.3% 4.3% 4.6% 4.3% 6.5% 7.2% 10.5% 4.0% 6.0% 4.2% 5.5% 4.9%

No. 13 10.9% 2.3% 3.0% 14.2% 8.7% 2.8% 6.8% 9.6% 7.9% 4.9% 5.9% 13.3% 2.1% 2.0% 1.8% 2.0% 1.8%

No. 14 25.9% 2.9% 3.1% 5.3% 3.2% 3.0% 3.9% 11.2% 3.9% 5.0% 8.2% 12.9% 2.2% 2.5% 2.2% 2.2% 2.4%

No. 15 21.9% 3.9% 4.5% 4.3% 3.4% 4.4% 3.5% 3.6% 3.4% 3.6% 10.8% 17.8% 2.9% 3.2% 3.1% 2.8% 2.9%

No. 16 20.1% 4.2% 4.2% 4.9% 4.2% 4.2% 4.2% 4.2% 4.2% 8.7% 7.0% 8.4% 4.3% 4.3% 4.3% 4.2% 4.3%

No. 17 8.3% 5.5% 5.3% 5.8% 4.3% 5.1% 4.3% 4.4% 4.3% 8.5% 11.1% 7.8% 4.5% 5.5% 4.6% 4.5% 6.2%

No. 18 14.9% 5.4% 5.4% 5.2% 4.4% 5.1% 4.6% 5.4% 4.6% 10.4% 8.1% 7.2% 3.8% 3.9% 3.6% 3.8% 4.4%

Low 8.30% 2.30% 2.30% 2.30% 2.30% 2.30% 2.30% 2.30% 2.30% 3.60% 5.80% 4.60% 2.10% 2.00% 1.80% 2.00% 1.80%

High 30.8% 10.1% 8.4% 14.2% 8.7% 11.1% 6.8% 11.2% 7.9% 10.6% 13.7% 17.8% 5.0% 6.0% 4.8% 5.5% 9.3%

Average 15.9% 4.9% 4.9% 6.3% 4.4% 5.1% 4.4% 5.2% 4.5% 7.4% 8.7% 8.9% 3.6% 3.9% 3.6% 3.7% 4.6%

Std 6.4% 1.8% 1.7% 3.0% 1.3% 2.2% 1.0% 2.1% 1.1% 2.1% 2.4% 3.5% 0.8% 1.1% 0.8% 0.9% 1.9%
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3.3 Comparison of Ground Survey and RPA Classification 

Evaluation of RPA data classification accuracy against in-situ measurements required 

a reduced number of classes since Litter, Snag, Dirt/Bare ground, Rock, and Water had an 

insufficient number of training sites in the RPA data or were absent from in-situ plots (e.g., 

snag, Dirt/Bare ground, Shadow). Furthermore, Broadleaf was not independently discernable 

from the RPA data and was subsequently aggregated with the Mixed Vegetation class. A total 

of 152 quadrats (n=152) were analyzed, user’s accuracy and producer’s accuracy were 58.1% 

and 47.4% respectively with an Overall Accuracy of 54.5% (Table 6). The most accurate 

classes were Shrubs (76.0%) followed by Grass (61.9%), Moss (58.3%) and Mixed Vegetation 

(36.3%). The PA values highlight the models fair accuracy at classifying the Shrub, Grass and 

Moss classes but are not able to accurately classify Mixed Vegetation. With observation to 

Mixed Vegetation, the number of correct classifications (n = 33) compared to the total number 

of classifications (n = 91) shows that this class was overestimated within the imagery. The 

opposite occurred for Moss which obtained a high PA value (58.3%) but only had 7 correct 

classifications with a total of 12 classifications highlighting how this class was underestimated. 

Also, of the 12 wetlands used for the in-situ ground survey comparison, only subalpine (n = 

7) and montane (n=5) were present; the singular wetland in the upper foothills subregion was 

not included. Overall Accuracy between the subalpine wetlands ranged from 20-73% with an 

average of 47%. The montane wetlands ranged from 13-40% with an average of 30%. 
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Table 6: In situ ground survey comparison with removal of classes that did not obtain a 

minimum sample size of 50 and aggregation of Broadleaf into Mixed Vegetation 

RPAS Class 

Ground 

Survey 

Classification 

 Shrubs Grass Mixed Veg Moss Total User’s Accuracy % 

Shrubs 19 3 23 1 46 41.3% 

Grass 0 13 13 2 28 46.4% 

Mixed Veg 2 2 33 3 40 82.5% 

Moss 4 3 22 7 36 19.4% 

Total 25 21 91 12 n = 152 47.4% 

Producer’s 

Accuracy 

76.0% 61.9% 36.3% 58.3% 58.1% OA = 54.5% 

 

Despite the high level of accuracy achieved when the vegetation and land cover 

classification was assessed relative to the training samples, several classes (Broadleaf, 

Water, Rock, Litter and Dirt/Bare Ground) from the classification returned [both] user’s 

accuracy and producer’s accuracies of 0.00%. These poor results were due to the inability of 

the RPA data to distinguish the character traits associated with broadleaf vegetation using a 

2.4cm resolution orthomosaic, which were similar to the shape and colour of grasses and 

mixed vegetation. Water and Rock yielded a lack of accuracy due to their lack of presence. 

For example, Water was present only twice and Rock once in the quadrats and therefore from 

the imagery used (60m) the rock was not large enough in size to be observed (only 

surrounding vegetation was identified) and for Water, the classification overestimated the 

surrounding vegetation along the banks edge. Litter presented an issue when comparing field 

assessments, the size of the debris (tree remains) was not able to be classified at the same 

level performed by the field surveying team. At 60m flight height large litter objects were able 

to be identified and classified while smaller sized objects observed at the ground level could 

not. For this reason, there was not a singular litter classed correctly compared to in this 

assessment. Both Shadow and Dirt/Bare Ground were misclassified once through 
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comparison. Visual observation to the aerial imagery shows that the classification was correct; 

Shadow is present within the imagery. 

3.4 Composition and Configuration 

To determine how the composition and configuration of wetland vegetation 

communities change amongst natural regions or along a gradient in elevation (Objective 4) a 

wetland boundary delineation was completed to isolate the study area from surrounding 

manmade features (roads, non-wetland areas) using a 10 m resolution Digital Elevation Model 

(DEM). Due to the low (coarse) resolution there may be an overestimation in wetland area 

compared to a higher (finer) resolution DEM (cm level; same resolution as RPA imagery). 

Similarly, the boundary delineation approach excluded tree cover from upland areas, but tree 

cover was still observed in the lowland regions of these wetlands. Therefore, using the tree 

line to delineate wetland boundaries would not be appropriate and could alter the results of 

pattern metrics. Further refinement to the wetland boundary involved excluding areas with a 

slope greater than 5 degrees. This exclusion decreased the areal extent of the study wetlands 

from an average of 0.59 Km2 to 0.36 Km2. Without additional data (e.g., hydrological, soil 

samples) others have shown that a 5-degree slope can be used to delineate wetlands 

boundary with high accuracy (e.g., Iljas, 2022; Zheng et al., 2017). 

The vegetation communities within each wetland were analyzed for their composition 

and configuration using class and landscape level metrics. A total of 671 landscape metrics 

were calculated (66 landscape level metrics and 605 class level metrics). However, since 

landscape metrics are often highly correlated with each other, a pairwise correlation analysis 

was conducted (in R with the caret Package; Kuhn, 2008; similar to Evans et al. 2017) to 

reduce these metrics using a cutoff value of 0.75. The pairwise correlation grouped similar 

metrics and identified the best representative metric by re-evaluating the average correlations 

from multiple iterations. The cutoff of 0.75 signified a strong correlation and removed 94.8% 

of the 605 metrics. The remaining 5.2% (35) metrics were regressed against elevation 

(comprising a range of elevation from 1400m – 2150m) to identify if any variation in the 

composition and configuration of wetland vegetation communities could be attributed to 

elevation. Two landscape and three class level metrics were considered statistically significant 

using a p-value less than α = 0.05. The two landscape level metrics (Patch Cohesion Index 
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(PCI) and Interspersion and Juxtaposition Index (IJI)) can be conceptually classified as 

aggregation metrics. The three class level metrics belonging to the Mixed Vegetation class 

were the Coefficient of Variation of Patch Area (Area and edge metric), Coefficient of Variation 

of Euclidean Nearest-Neighbour distance (aggregation metric) and the number of disjunct 

core areas (Core area metric). 

Patch Cohesion Index (PCI) describes how connected the corresponding patch type 

is within a landscape. It considers the likelihood of patches being connected to their 

neighbours and their ability to form large clusters (e.g., Gustafson, 1998). When the 

distribution of each patch type becomes more clustered (i.e., physically connected) PCI values 

are high and when the patch types are more dispersed PCI values are low. With increasing 

elevation patch cohesion values decreased signifying that patch types become less clustered 

and further dispersed throughout the landscape (Figure 2a). Interspersion and Juxtaposition 

Index (IJI) quantifies spatial patterns and arrangements of classes within an area by 

measuring the amount of mixing (interspersion) and clustering (juxtaposition) of land cover 

classes. With Values increasing with elevation (Figure 2b). This observation highlights that at 

lower elevations a class is only adjacent to a few other classes and as elevation increases a 

class becomes equally adjacent to all other classes. 

Coefficient of Variation of Patch Area (CVPA) quantifies patch size variability within a 

specific land cover class. It measured the dispersion of patches for the Mixed vegetation class 

within the wetland landscapes. Higher values were present at lower elevations and values 

decreased with rising elevations (Figure 2c). The presence of high values indicates a larger 

variation in the Mixed Vegetation patch size. This larger variation suggests there is a non-

uniform (heterogenous) distribution of these patches across the landscape at low elevations 

and with increased elevations the Mixed Vegetation patches become more uniform in their 

distribution. Coefficient of Variation of Euclidean Nearest Neighbour Distance (CV-ENN) 

quantifies the variability of distances between neighbouring patches within a specific land 

cover class. Low values were present at lower elevations and values increased as elevation 

rose (Figure 2d). The low values indicate a more uniform distribution of the classes patch 

spacing and higher values indicate a greater variation in the distance between neighbouring 

patches. As elevation increased, there was a tendency for the distance between neighbouring 

patches within the Mixed Vegetation class to become more variable and dispersed suggesting 
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a more heterogeneous distribution of patch spacing. The Number of Disjunct Core Areas 

(NDCA) quantifies the spatial pattern and fragmentation of core areas by measuring the count 

of separate or disconnected core areas within a class. High values indicate a division of core 

areas (fragmented distribution), and low values indicate a more connected or contiguous 

distribution for Mixed Vegetation patch core areas. The decrease in values as elevation 

increased indicates the Mixed Vegetation patch core areas become more connected and less 

fragmented within the wetlands and portrait a more continuous distribution of core areas 

(Figure 2e). 

Plausible ecological explanations for the trends observed with increasing elevation 

and the five-landscape metrics are due to environmental factors. Environmental factors like 

temperature, precipitation and soil characteristics change as elevation increases within the 

subregions of Alberta. With reference to Table 2 and 18 wetlands studied, the montane 

wetland elevations ranged from 1419m to 1559, the singular upper foothill wetland had an 

elevation of 1572m, and the subalpine wetlands ranged from 1718m to 2106m. The Montane 

subregion is the lowest elevated subregion within the Rocky Mountain natural region. 

Chinooks are common in the montane subregion resulting in warmer winters and lower 

snowfall totals with milder summer months providing more precipitation (Natural Regions 

Committee, 2006). Steep slopes and varying levels of wind exposure in the montane 

subregion create microclimates that vary in vegetation diversity. The Montane is often the 

driest and warmest of the three subregions observed within this study though it also contains 

exposed bedrock and unsuitable soils in areas resulting in fewer locations for vegetation 

growth (Natural Regions Committee, 2006). The Upper Foothills subregion experiences an 

overall shorter growing season due to its continual cooler climate throughout the year. The 

Summer seasons are often cool with mild winters and precipitation is high throughout the year 

with a peak during July (Natural Regions Committee, 2006). The cooler conditions and 

variable soil compositions within the upper foothills influence lower plant diversity throughout 

it. (Natural Regions Committee, 2006). Areas with high plant diversity are often accompanied 

by rich soils and high moisture levels. The opposite is found when plant diversity is low, the 

area is often drier with poor-nutrient soils. The elevations within the subalpine’s differing slope 

aspects, wind exposure and soil makeup result in varying microclimates (Alberta Parks, 2015). 

Throughout the majority of the year, the subalpine is cold. With short, wet summers and heavy 
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snowfall during the winter months, the region experiences the shortest, limited growing 

season of all subregions observed in this study (Alberta Parks, 2015). At these elevations, ice 

and snow pellets carried by the wind erode and scrape away at plant tissue (Natural Regions 

Committee, 2006). Poor soil quality that is low in nutrients paired with increased levels of 

bedrock overlain with stones produces a low level of plant communities and diversity. 

With knowledge of the changing environmental conditions with increasing elevation 

across these subregions. The further separation and lower levels of clustering of patches 

present at higher elevations with the Patch Cohesion Index (PCI) suggests there is less 

available area for vegetation to thrive. Lower temperatures, higher snowfall patterns and 

increased presence of bedrock material would lead to there being fewer optimal areas that 

vegetation can remain. With few areas to grow, patch types within these higher elevated 

landscapes would contain fewer connections to their neighbours and lack the ability to form 

larger clusters. Like PCI, Interspersion and Juxtaposition (IJI) experiences the same effects 

from the colder temperatures, increased snowfall, and amount of exposed bedrock. In these 

higher elevations, there is a lower ability for these patches to mix with one another forming 

clusters. This is highlighted in the observation that at these higher elevations, the classes 

become more equally adjacent to all the other classes. In other words, this means there are 

fewer acceptable growing plots where vegetation could grow resulting in the “salt and pepper” 

pattern observed. The patterns observed with both Coefficient of Variation of Patch Area 

(CVPA) and Coefficient of Variation of Euclidean Nearest Neighbour Distance (CV-ENN) due 

to the increased elevation could be contributed to the soil conditions. At lower elevations, 

where soil conditions are often higher in nutrients and within a moister environment provide 

favorable conditions for vegetation growth presenting a higher variability in patch sizes and 

the less distance between the mixed vegetation patches. Within higher elevated subregions 

such as the subalpine, soil conditions decrease (i.e., less nutrients and drier) resulting in lower 

patch size variability and a more dispersed spatial arrangement of the mixed vegetation 

patches. The Number of Disjunct Cora Areas (NDCA) for the mixed vegetation class becomes 

more connected and less fragmented at higher elevations signifying a continuous distribution. 

The Number of Disjunct Cora Areas (NDCA) for the mixed vegetation class become more 

connected and less fragmented at higher elevations signifying a continuous distribution. Due 

to the limited availability of locations to grow from the increased exposure of bedrock and 
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poorer soil quality, the NDCA for mixed vegetation patches have less area to grow. This 

results in increasing connectedness in the regions they can inhabit. Colder weather 

temperatures would also inhibit the mixed vegetation patches to congregate in certain areas 

forming a continuous distribution across the landscape. A potential reasoning for this could 

be the mixed vegetation patches congregating on the leeward side of these subalpine 

wetlands to be protected from wind exposure while still providing enough sun exposure. 
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Figure 2: Composition and configuration of both landscape and class metrics that returned 

statistical significance p lotted against elevation. A) Patch Cohesion Index (PCI) – Landscape 

Level (p = 0.01), B) Interspersion and Juxtaposition Index (IJI)- Landscape Level (p = 0.04), 

C) Coefficient of Variation of Patch Area (CVPA) – Class Level (Mixed Vegetation) (p = 0.04), 

D) Coefficient of Variation of Euclidean NN Distance (CV-ENN) – Class Level (Mixed 

Vegetation) (p = 0.00), E) Number of Disjunct Core Areas (NDCA) – Class Level (Mixed 

Vegetation) (p = 0.04) 
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4.0 Discussion 

Remotely piloted aircraft systems (RPAS) are increasingly used to acquire on-demand very-

high resolution spatial data. While the equipment used at the time of data collection was state 

of the art, a reduction in sensor size and improvement in aircraft development is facilitating 

the collection of subcentimetre and centimetre resolution data from different types of sensors. 

For example, the ability to acquire 0.005 m resolution optical imagery now facilitates the 

identification of individual plants (e.g., Torresani et al., 2023); centimetre resolution change 

detection can quantify changes in topography (e.g., Meinen and Robinson 2020); and LiDAR 

enables the quantification of plant structure with point cloud densities attainable at 300 points 

per square meter or greater, among many other scientific applications. However, the use of 

RPAS for mapping vegetation communities within alpine and sub -alpine wetlands is void from 

the literature. A literature review of the first 100 results retrieved from the peer-reviewed 

academic article database Scopus, using a keyword search for “Wetland” AND (“DRONE” OR 

“RPAS” OR “UAV”) and sorted by relevance, retrieved 57 manuscripts incorporating RPA in 

wetland research. These manuscripts showcased the use of RPA to delineate streams (e.g., 

Zweig et al., 2015), map topography (e.g., Pinton et al., 2020; Doughty and Cavanaugh, 2019; 

Kalacska et al., 2017), determine water surface elevation (e.g., Jiang et al., 2020), as well as 

their use for monitoring (e.g., Liu et al., 2020; Díaz-Delgado et al., 2019) and restoration 

purposes (e.g., Harvey et al., 2019; Feagin et al., 2020), observing land use and land cover 

(LULC) changes (e.g., Kaplan and Avdan, 2018; Pashaei et al., 2020; Canisius et al., 2019; 

Liu and Abd-Elrahman, 2018; Ciężkowski et al., 2020) through classification (e.g., Geng et al., 

2020; Nguyen et al., 2019), and for identifying vegetation species (both domestic and invasive) 

(e.g., Kentsch et al., 2021; Abeysinghe et al., 2019; Brooks et al., 2019; Bolch et al., 2021; 

Zhang et al., 2021). 

The literature also demonstrates that RPA data acquisition for wetland research is dominated 

by optical sensors (e.g., Table 7), which has limited species identification to contrasting plant 

characteristics such as structural differences (e.g., trees versus shrubs; Kentsch et al. 2021), 

differences in hue and texture (e.g., phragmites versus myriophyllum aquaticum; Bertachhi et 

al. 2019), or larger genus (i.e., land cover) type differentiation (e.g., Geng et al. 2020). The 

literature supports our findings that at a very-fine resolution (~2.5 cm), we are able to 

accurately classify and map vegetation communities by Genus (Table 6), using an automated 
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classification approach (overall accuracy ~93%). However, when the classified data were 

compared to plot level data of those same vegetation types, the plot-level spatial 

heterogeneity was not captured in the classification, which obtained a substantially lower 

overall classification accuracy of ~54%.  These findings support the utility of RPA data 

classification for identification and mapping of wetland vegetation communities but cautions 

that even at very fine centimetre resolution imagery, the ability to accurately map vegetation 

at the species level may not be possible. Where the authors have been able to map species 

with high accuracy has occurred where the species are unique relative to other vegetation 

(e.g., leaf structure), large relative to other vegetation (taller and/or wider), and image 

resolution has been less than one centimetre (e.g., 0.006 m resolution can accurately identify 

milkweed plants). 

An interesting finding in the literature resides in the lack of understanding about the influence 

of different independent variables (i.e., feature and object layers) on classification accuracy. 

In all literature related to the use of remotely piloted aircraft data for wetland vegetation 

classification and mapping there was no systematic evaluation of the contribution of different 

inputs on the classification accuracy of different vegetation communities. Understanding the 

contribution of different drivers of classification accuracy is necessary to determine where 

future data collection efforts should reside and what types of data and their derivative products 

are unnecessary. 
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Table 7: Vegetation classification conducted using remotely piloted aircraft (RPA). NL = Not 

listed 

 

4.1 Accuracy acquisition challenges 

All ground surveying is prone to multiple types of error (e.g., observer error or human biases, 

misidentification and counting errors; Elphick, 2008; Morrison, 2016) and accurate 

observation and recording are a function of field-measurement protocols and in-situ decisions. 

When field measurements were compared to those from the air (60 m above-ground level and 

with the sensors described previously) a loss of information was incurred due to the image 

resolution and the ability of data collected at that altitude to be used to detect the fine detail 

present at the ground level. Instances arose where visual observation of the imagery did not 

match ground observations, resulting in misclassification. However, automated classification, 

using a Random Tree classifier, was effective and when assessed against manual 

interpretation of image data collected the accuracy assessment was stronger than the 

comparison against in-situ measurements. 

The comparison of classified remotely piloted aircraft acquired data against in-situ 

measurements was inhibited by several issues: sample size, a transdisciplinary approach, 

identification of plot locations, and image resolution (Figure 3). Vegetation community 
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identification and classification was challenged for some classes where there was a small 

sample size. For example, it was difficult to differentiate Litter from Moss and Mixed 

Vegetation classes. While the field measurements provide a sample that was used to train 

our Random Tree classifier, the number of ground-based samples that included litter was 

small (n = 12). The small sample size limited the ability to train and accurately classify litter. 

Similarly, the ground survey work did not include Snags or Trees. Furthermore, edge-effect 

distortions along the tree line and sun exposure (i.e., strong reflection of incident solar 

radiation) reduced the ability of litter to be delineated from bare soil and other features. The 

identification of litter was a novel effort as a review of 15 articles in Remote Sensing (journal) 

have not included litter as a class to be delineated using remote sensing approaches. 

While the project involved collaboration between a field biology team and a geomatics team, 

the relationship was akin to a transdisciplinary approach. The geomatics team derived a 

sampling approach for wetland selection, that was handed off to, and modified by the biology 

team. The biology team derived transects and plots, conducted plot measurements, then 

handed those data off to the geomatics team. A member of the biology team did collaborate 

with the geomatics team, in the computer lab, to assist with image interpretation. However, in 

hindsight, a more holistic field data collection in stronger collaboration could have 

strengthened the results through the following steps: remote-sensing classifier (individual) 

working on each field plot with the biology team; when collecting GPS receiver location points 

of field plots, include the edges of plots or face all plots in a standard cardinal direction as well 

as have the biologist walk around with the geomatics specialist to log 50-100 point locations 

with in-field classifications as checkpoints for training and testing data; and ensure that plots 

are free from canopy obstructions or explicitly acknowledge and measure above ground 

canopy layers. 

There is often a desire to harmonize ground and aerial data by collecting those data 

synchronously. However, experience has demonstrated that this ideal is typically infeasible. 

For example, the field crew must be out of the field of view of aircraft sensors, therefore they 

must go into the field and establish plots (and measure) with visible plot and flagging markers, 

leave the study area, then return after the aircraft data collection to collect field survey 

materials. Not only does this further increase the length of time in the field, but multiple entries 

and exits can also affect the system of study and data collection (Bolding 2018). The issue of 
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harmonization is somewhat mitigated when sites and plots are used for repeated 

measurements. This harmonization would decrease the loss of memory – personal first-hand 

accounts of each location’s environment, and limit the loss of information transferring the 

ground data up multiple scales to the aerial level. If additional sensors (e.g., LiDAR, 

Hyperspectral, and/or Thermal) were to be deployed, their abilities would improve the 

accuracy and ability to automate classification of wetland vegetation communities. 
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Figure 3: Standout misclassifications during comparison: litter classified as Dirt/bare ground 

(a/b), rock classified as moss (c/d), Litter classified as Mixed Veg (e/f) and water classified as 

moss (g/h). All images were captured at a scale of 1:25; Cyan blue square represents the field 

equipment (quadrat) used by the field team. 
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4.2 Future vegetation mapping with remotely piloted aircraft 

The presented research utilized structure-from-motion multi-view stereo techniques with 

standard spectral wavelengths (i.e., red, green, blue, red-edge, and near-infrared). Sensors 

capable of acquiring data using other wavelengths (e.g., thermal, hyperspectral) as well as 

infrared- and green-wavelength light detection and ranging (LiDAR) sensors offer 

opportunities to improve upon the presented mapping and quantification of wetland vegetation 

communities. For example, infrared LiDAR can be used to penetrate the vegetation canopy 

(e.g., Reutebuch et al., 2003; Godone et al., 2018) to derive micro topography (e.g., Griffin et 

al., 2010; Nouwakpo et al., 2016) and canopy height, both of which can be used to improve 

vegetation classification (e.g., Gonzalez-Perez et al., 2022). Given that the most important 

image layer affecting the presented classification accuracy was the digital surface model 

(DSM; Section 3.1), it suggests that future efforts should incorporate LiDAR data to derive 

accurate vegetation height measurements. In lieu of those measurements, it should be 

possible to georeference structure-from-motion generated DSM heights from adjacent 

roadways or other hard surfaces to digital elevation/terrain models that would allow for the 

calculation of a true canopy height model. However, many of our study sites were distant from 

roadways or access roads were substantially higher than the wetland and were excluded from 

data acquisition to ensure aircraft safety. Furthermore, the lack of coordinated ground control 

points and differing resolutions among remotely piloted aircraft (e.g., 2.5 cm) collected 

elevation data and available DEMs (e.g., 10; Government of Alberta) could add substantial 

uncertainty to the derivation of a canopy height model between two datasets. 

While the presented study was composed solely of peatland wetlands, the composition and 

configuration of vegetation around open-water, semi-permanent, and seasonal wetlands are 

a function of climate, topography, and land use (Daniel et al. 2022). Where water is present, 

green-wavelength LiDAR can be used to acquire bathymetry data (e.g., Tonina et al., 2018) 

that could be used to further inform and improve the classification of wetland vegetation 

communities.  In addition to LiDAR sensors, improved classification and mapping of 

vegetation communities is possible through the use of hyper-spectral imaging, which has the 

potential to isolate specific and narrow wavelength bands (e.g., 10nm). Hyperspectral sensors 

have been used by multiple disciplines because of their ability to be deployed in space (i.e., 

satellites; Brando and Dekker, 2003; Gomez et al., 2008) as well as on on-board piloted and 
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remotely piloted aircraft (e.g., Bolch et al., 2021; Adão et al., 2017). When mounted on an 

RPA, hyperspectral sensors have been used to map chlorophyll content (e.g., Zhou et al., 

2022), classify broad vegetation classes (Woody Vegetation and Herbaceous plants) (e.g., 

Samiappan et al., 2017) and specific plant communities (e.g., Phragmites australis, Typha 

orientalis, Suaeda glauca and Scirpus triqueter; Du et al., 2021). Their ability to derive spectral 

signatures for different types of vegetation suggests that the inclusion of hyperspectral data 

could improve the classification and mapping of the composition and configuration of wetland 

plant communities. 

Lastly, thermal sensors have been used to monitor water temperature (e.g., Torgersen et al., 

2001), aid in the detection of changes in wetland vegetation (e.g., Hwang et al., 2020), and 

have the potential to derive process measurements such as estimates of emissivity through 

repeated measurements. However, the temporally variability due to sun angles, cloud cover, 

and wind combined with the spatial variability at very fine resolutions (e.g., due to 

microtopography, neighbouring vegetation shading, and soil heterogeneity) have limited the 

use of thermal sensors to broader ecosystem measurements such as plant species diversity 

(Hamberg et al. 2020) and estimates of biological activity (e.g., Calderón et al., 2015). As in 

the presented research, use of the aforementioned sensors would require evaluation against 

in-situ measurements to understand the degree to which in-situ measurements and 

observations can be scaled to larger spatial extents through the use of remotely piloted 

aircraft. 

Despite the current realized benefits and potential future benefits of the aforementioned 

sensors and RPAS applications, there is no set of standards in the literature to guide future 

research efforts on the sensor selection, sensor specifications, or flight characteristics (e.g., 

altitude above ground level, speed of flight, data overlap). For example, within the reviewed 

literature, flight altitudes ranged from 5m-200m, overlap ranged from 20% to 80%, and spatial 

resolutions varied resulting in final output resolutions between 1.4 cm and 14.7 cm (Table 6). 

In addition, many of the reviewed articles lacked information about the sensors, the flight 

characteristics, and data processing efforts that limit the utility of those efforts for others to 

build upon or replicate. There is a need for a standard set of reporting variables as well as a 

systematic assessment of how those reporting variables affect the accurate detection, 

identification, or classification of features of interest. To date, only Meinen and Robinson 
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(2020) have provided such a systematic assessment although their focus was on the 

contributions of different angles of image acquisition and number of ground control points on 

reconstructing terrain surfaces. A similar effort is immediately needed within the field of 

wetland ecology and remote sensing. 

5.0 Conclusions 

The importance of wetlands for the provision of habitat and biodiversity (e.g., Erwin, 2009), 

flood mitigation and improved water quality (e.g., Watson et al., 2016; Haberl et al., 2003), 

among many other services is well documented (e.g., Keddy, 2010). However, quantification 

of the composition and configuration of wetland vegetation communities remains sparse and 

yet is pivotal to many wetland functions and their ability to provide ecosystem services to 

society (e.g., Jiang et al., 2015). Recent developments in remotely piloted aircraft, and the 

myriad of sensors which they are able to deploy, has enabled the acquisition of very-high 

resolution data that can be used to improve our understanding of the composition and 

configuration of wetland vegetation. The presented research contributes to this point of 

intersection between ecology and remote sensing through the acquisition and analysis of 

optical and multispectral data at very-high spatial resolutions, 2.5 and 6.5 cm respectively, to 

1) assess the accuracy of these data through automated classification (using random forests; 

91% overall accuracy) as well as against in-situ plot measurements (55% overall accuracy); 

2) improve our understanding of the importance of different spectral bands, vegetation indices, 

and remote sensing derivatives on classification accuracy, which were dominated by the 

digital surface model, followed by spectral bands and indices; and 3) summarize the 

composition and configuration of vegetation communities in wetland areas, which found that 

with increasing elevation the landscape became more heterogeneous with smaller patches of 

each vegetation type increasingly mixed with other types of vegetation. These contributions 

are important as ecologists are increasingly incorporating remotely piloted aircraft data 

collection (1-15 cm) and high-resolution satellite data (e.g., Sentinel – 10 m, Drusch et al., 

2012; Pleiades – 0.5 m, Stumpf et al., 2014; and Planet – 0.5 m, Planet Labs PBC, 2023) to 

scale out empirical fieldwork to larger spatial extents. The presented research aims to guide 

future research by demonstrating that classification accuracy of Genus (land cover) can be 

high using standard remote-sensing training and testing data. However, high correspondence 
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to in-situ plot data (species level) require < 2 cm resolution data and a strong representation 

of plant structure captured by high-density LiDAR data. These findings are specific to high 

altitude peatlands that are void from the Canadian Wetland Classification System national 

data available in Canada and therefore should be assessed by others to see if similar findings 

are present at lower altitudes. 

  



 

 40 

Chapter 3: Wetlands and wetland mapping in Canada  

 

In 1973, The National Committee on Forest Lands set out to complete a national 

wetland classification in Canada (NWWG, 1997). Researchers began organizing and 

recording wetlands within Canada using a basic four-level system. Currently, within Canada, 

wetlands are classified using the Canadian Wetland Classification System (CWCS; National 

Wetlands Working group, 1997). Its first iteration was released in 1987 by the National 

Wetland Working Group and further refined to a second edition in 1997 (NWWG, 1997). To 

date, the classification system is based off a hierarchy that identifies a wetland’s: (1) class, 

(2) form, and (3) type. In total, there are five different wetlands classes, differentiated by their 

formation (i.e., developmental characteristics) and environmental conditions. The five wetland 

classes are bogs, fens, marshes, swamps, and shallow waters. A wetlands form is reliant on 

environmental features that include its terrestrial surface, water features and the underlying 

soil composition. Lastly, the wetlands type is based off the vegetation communities associated 

within them (NWWG, 1997). 

At the Federal level, wetland mapping is completed by Environment and Climate 

Change Canada (ECCC) (ECCC, 2016). The Government of Canada recently created a 

review titled “Canadian Environmental Sustainability Indicators: Extent of Canada’s Wetlands 

(2016)”. The goal aimed to measure the current extent of wetlands across the country and 

create a starting point for which future environmental changes can be measured. The projects 

intention is to inform proper management and handling of wetlands in Canada. Due to the 

absence of a national wetland monitoring system, the federal government has had to utilize 

data from multiple different sources such as Provincial Governments (e.g., Government of 

Newfoundland, British Columbia Ministry of Environment and Ontario Ministry of Natural 

Resources) and organizations (e.g., Ducks Unlimited). The data predominately used consists 

of remote sensing imagery, with wetlands then further mapped as vectors (e.g., shapefiles). 

Using the Canadian Wetland Classification System (CWCS) wetlands are further classified 

off the five main classes (i.e., bog, fen, marsh, swamp, and shallow water). If a wetland was 

unable to be classified off the five classes, they were labeled as “partially classified”. 

Difficulties were inherent throughout the project due to the difference of vegetation amongst 
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wetland types and their seasonal variability. Also, ground surveys were required to limit the 

amount of error because the airborne imagery (e.g., satellites and aerial photographs) 

presented further classification issues due to inconsistent vegetation patterns. Overall, across 

the country accuracies vary regionally with northern areas presenting the most uncertainty 

because the extent of wetlands is often underestimated. 

Within the Province of Alberta, where the 18 wetlands for this study reside, wetlands 

are classified using the Alberta Wetland Classification System (AWCS). The AWCS is a 

modified version of the existing CWCS to redefine a system specifically for the Province of 

Alberta (GOA, 2015). Within this classification system, wetlands are first divided into two main 

groups: Peatlands and Mineral wetlands. Peatlands consist of bogs and fens. Mineral 

wetlands consist of marshes, fens, and shallow open water. Wetlands are then further 

subdivided on the duration of inundated periods. The Alberta Government has also 

implemented a guideline to map and inventory wetlands across the province. Titled “Alberta 

Wetland Mapping: Standard and Guideline” (2020) the goal is to formalize a standard mapping 

process at the provincial scale with focus on the Prairie/Parkland and Boreal/Foothill zones 

located within Alberta. It intends to improve data quality for researchers and organizations 

conducting wetland mapping within the province (GOA,2020). 

Other non-governmental organizations are also conducting wetland mapping within 

Canada. Ducks unlimited have been leaders in wetland mapping within Canada since 1979 

(Ducks Unlimited, 2023). Using remote sensing imagery (e.g., aerial and satellite) Ducks 

Unlimited has mapped wetlands across Canada with estimates of millions of acres already 

completed (Ducks Unlimited, 2023). With the mapping currently completed, in 2002 Ducks 

Unlimited has created a database called “Canadian Wetland Inventory”, its interactive map 

can be viewed by the general public and researchers alike (https://maps.ducks.ca/cwi/). 

Conservation and restoration groups such as Nature Conservancy Canada (NCC) also 

conduct wetland mapping in Canada. Nature Conservancy Canada is a non-profit charity that 

utilizes a combination of different techniques to provide information for restoration. Their focus 

is protecting natural areas which include wetlands. Using remotely sensed data, ground 

surveys and historical data wetland mapping is completed to help visualize what vegetation 

communities are required to restore an area near or close to its original state (NCC, 2023)  
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The high-altitude wetlands studied in my thesis had not been previously mapped due 

to their isolated locations. The 18 wetlands observed were situated in remote areas, and 

accessibility was difficult at times with some requiring off-road vehicles or hiking required for 

access. Off-road vehicles were able to traverse logging roads that are not permanent 

roadways and are often of poor quality. There is a high probability that additional wetlands are 

present and remain unidentified in the areas surrounding the 18 observed wetlands, but 

accessibility is difficult with vehicles or a long a distance hiking on foot with equipment. This 

makes any potential opportunity expensive to fund a field team and highly time-consuming. 

Due to these constraints and challenges, RPAS becomes a viable solution for capturing the 

spatial scale required to quantify a whole wetland with fine resolution. RPAS provide the ability 

to capture extensive areas of land in a timely manner; multiple flights with an average 20-

minute flight duration.  

To determine what other inventory accuracies for peatland mapping in Canada have 

been done by researchers within academia I conducted a literature review across the Scopus 

database using the phrase (“Peatland” AND “Mapping” AND “Canada”). The search identified 

40 possible articles of interest and further refinement was performed based off relevancy. 

Articles were considered relevant if they were conducted in Canada, a type of peatland, used 

remote sensing data, and mentioned overall accuracy. Additionally, if producer’s and user’s 

accuracy was available that was considered important and included. Of the 40 documents 

identified and reviewed (Table #), 10 documents met the minimum requirements and 

contained overall accuracies ranging from 31.7% to 93%. Two of the reviewed documents did 

not list producer’s and user’s accuracies; the article that did had a producer’s accuracy range 

of 11.8% to 100% and user’s accuracy range of 1.6% to 100%. None of the observed articles 

contained the same classes or total number of classes conducted within my thesis. There 

were a couple similar classes observed but overall, the reviewed articles mapped 

peatland/non peatland, peatland types (e.g., bogs or fens) or vegetation species commonly 

identified within peatlands.   
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Table 8: Inventory accuracies for peatland mapping in Canada. Observes overall accuracy 

(OA), producer’s accuracy (PA) and user’s accuracy (UA). NL = Not Listed 

Accuracy Results Authors 

Overall Accuracy (OA) Producer’s Accuracy (PA) User’s Accuracy (UA) 

93% 81 to 100% 84 to 100% Bourgeau et al., 2016 

45.3 to 81.2% NL NL Millard et al., 2020 

81 to 84% 61.4 to100% NL Merchant et al., 2017 

71.4% NL NL Thompson et al., 2016 

31.7 to 72.8% 11.8 to 83.5% 1.6 to 91.6% Millard and Richardson, 2013 

91.12% 77 to 96% 80 to 100% Mahdianpari et al., 2021 

84.7% 78.7 to 100% 60 to 100% Grenier et al., 2008 

86.6% 60.7% 69.5% DeLancey et al., 2019 

92% 84 to 100% 84 to96% Granger et al., 2021 

93% 86 to 96% 87 to 98% Dribault et al., 2012 

 

Initial observation of the random tree classifier against training sites obtained a high 

overall average (91%). With comparison to Table 8, the 10 articles identified had overall 

accuracy range from 45.3 to 93%, which situates the classification results described in 

Chapter 2 at the upper end of 10-article accuracies. Similarly, the more specific producer’s 

and user’s accuracies from Chapter 2 were as good, if not better than the results observed in 

Table 8. I obtained an overall producer’s accuracy average of 87%, with a range of 63 to 98% 

and an overall user’s accuracy average of 93%, with a range of 81 to 98%. None of the articles 

observed in Table 8 performed a comparison against in-situ plot measurements in a similar 

manner to what was done in Chapter 2. One article did perform ground truthing in the field, 

but field sites were classified by wetland type bog, fen, marsh, swamp or water (Mahdianpari, 

2021) rather than wetland vegetation communities. When comparing my classification results 

against the in-situ measurements the overall accuracy decreased substantially to 54%. 

Though the results were not desirable, they are quite significant as no other article conducted 

a similar assessment to compare against. Articles that did perform some type of validation 

against their classifier extracted their validation points from airphotos where wetland type 

(e.g., Bog, fen, swamp, fen and water) through visual identification. Overall, the results I 

achieved provide valuable insights into how well the random tree classifier used in my study 

was able to effectively map wetland vegetation types. 
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Canadian wetlands are at risk of destruction from urban sprawl, agriculture, and 

resource extraction. As well, wetlands face an extreme risk to the ever-changing effects of 

climate change. Current improvements in remote sensing technologies have provided the 

ability to map wetlands in a more efficient manner, capable of capturing large areas of land 

with high resolution. Challenges are still present due to the high cost and time required for 

manual fieldwork. The remoteness of some wetlands also pose accessibility issues. The 

relevancy of my thesis to wetland mapping in Canada is its contribution in addressing the 

ongoing gaps in wetland mapping, the capabilities of deploying innovative technologies and 

provides insights on vegetation patterns within high-altitude wetlands. Overall, the 

contributions from my thesis highlight that high classification accuracy is achievable with 

Object Based Image Analysis (OBIA) using a random tree classifier (91% Overall Accuracy) 

as well with comparison against in-situ plot measurements (56% Overall Accuracy). I 

quantified how much weight each classification input (i.e., image bands, indices and DSM) 

contributed to the classification with the digital surface model (DSM) providing the highest 

influence and identified vegetation composition and configuration patterns that were 

influenced across increasing elevations. Overall, these results can provide a better 

understanding of these ecosystems and provide valuable information to aid future 

conservation or restoration efforts. In addition to the importance of these wetlands, my 

research highlights the need for a more collaborative and interdisciplinary approach to 

improve future wetland mapping within Canada. 
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