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Abstract 

Eelgrass (Zostera marina L.) is a marine angiosperm plant that grows throughout coastal 

areas in Atlantic Canada. Eelgrass meadows provide numerous ecosystem services and 

while they have been acknowledged as important habitats, their location, extent and 

health in Atlantic Canada are poorly understood. Our study examines the effectiveness of 

WorldView-2 and Pléiades optical satellite imagery to map eelgrass presence in 

Tabusintac, New Brunswick, an estuarine lagoon with extensive eelgrass coverage. The 

imagery was classified using two supervised classifiers: the parametric Maximum 

Likelihood Classifier (MLC) and the non-parametric Random Forests (RF) classifier. 

While RF was expected to produce higher classification accuracies, it was shown not to 

be much better than MLC. The overall validation accuracy was 96.36% for both the RF 

and MLC classifiers when applied to the WorldView-2 8-band imagery. With MLC, 

WorldView-2 imagery outperformed Pléiades imagery. Limitations of the study are 

discussed, including the possible reasons for the low performance of the Pléiades 

classification.  
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Introduction 

Seagrasses are angiosperm plants that grow in brackish and saltwater systems found in 

coastal areas across the globe. There are approximately 60 species of seagrass worldwide. 

(Hartog and Kuo, 2006). All 15 species within the Zostera genus are often referred to as 

eelgrass. Short et al. (2007a, 2007b) considers six bioregions for mapping the world 

distribution and species assemblages of eelgrass. Atlantic Canada is within the Temperate 

North Atlantic bioregion, which has only five species: Ruppia maritima L., Zostera 

marina L., Zostera noltii Horneman, Cymodocea nodosa Asch, Halodule wright Asch, 

with Z. marina. being the most common (Figure 1).  

 

Figure 1: Eelgrass (Zostera marina L.) bed at Jones Cove, Nova Scotia acquired with a 

GoPro HERO3 © digital camera on July 22, 2017. (Credit: David Forsey) 
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Eelgrass beds support high levels of biological diversity and are the ecological base of 

many nearshore marine ecosystems. (Heck and Orth 2006). Healthy eelgrass colonies 

form dense underwater beds that provide settling substrate for epiphyte growth (Bologna 

and Heck 1999), habitat for invertebrates (Heck and Wetstone 1977), food for waterfowl 

(Rivers and Short 2007) and cover for a myriad of marine species. They are also 

important for the health of coastal economies as they provide food, shelter and protection 

from predators for several juvenile fish and shellfish of ecological, commercial and 

recreational importance (Lilley and Unsworth 2014, Peters et al. 2015).  

 

Eelgrasses shape the ecosystem in areas where they occur, collecting and holding 

sediments and buffering wave action (Bos et al. 2007). The complex three-dimensional 

structure created by the rhizome, root, and blades provide algae and colonial invertebrates 

with settling substrate, while macro-invertebrates and fish use it for habitat and cover 

from predators (Short et al. 2001). Globally, seagrasses contribute to about one fifth of 

the ocean’s carbon burial and sequestration (Röhr 2016). While temperate eelgrasses 

sequester less carbon than their tropical counterparts (Postlethwaite et al. 2018), they still 

provide a role as a blue carbon sink. At bay-wide scales, eelgrass habitat is often the 

dominant habitat feature, sometimes covering up to 90% of the bottom. (DFO 2009).  

 

Eelgrass beds are sensitive to fluctuations in their environment, making them possible 

indicators of the effects of climate change and other anthropogenic influences on marine 

and estuarine ecosystems (Thom et al. 2013). In the face of numerous human driven 

influences, eelgrass ecosystems have been declining globally over the past 100 years with 
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reductions in the extent of eelgrasses throughout Atlantic Canada. (Vandermeulen et al. 

2005). European green crab (Carcinus meanas) that spread to the Atlantic provinces in 

the ballast tanks of cargo ships have been shown to directly damage eelgrass beds 

(Garbary et al. 2014, Matheson et al. 2016). Reduced light exposure due to increased 

rates of eutrophication and sedimentation (Tamaki et al. 2002, Ralph et al. 2006), bivalve 

aquaculture (Skinner et al., 2014), and rising water temperatures (Oviatt 2004) limit the 

ability for eelgrasses to carry out photosynthesis. In areas where eelgrasses have declined, 

corresponding declines in associated species such as waterfowl and invertebrates have 

followed (Seymour et al. 2002). Even under non-stressed conditions, the spatial 

characteristics of eelgrass beds can vary wildly from location to location with variance 

being driven by local hydrological conditions including salinity, flow, turbidity, tidal 

range and average depth. Eelgrasses can form tall, dense and consistent meadows or can 

grow in short, thin and patchy beds. Due to the variability of eelgrass distribution, the 

discontinuity of eelgrass growing patterns and the lack of quality information, 

interpretation of distribution can be difficult, especially at different spatial scales (meters 

vs kilometers) (DFO 2009). 

 

To properly monitor eelgrasses and to study the impacts of anthropogenic disturbances on 

their distribution, it is important to have a reliable method of accurately mapping the 

extent of eelgrass beds (Hogrefe et al. 2014). Acoustic methods have been used to create 

high quality sonographs on a scale relevant to eelgrass mapping since the 1980s (Kenny 

et al (2003). Acoustic technologies are often used for subsurface mapping in locations 

where depth or turbidity levels would prevent the effective use of passive or active 
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optical methods. Despite their usefulness, there are limitations to acoustics. Research 

equipment can be prohibitively expensive or require specialist knowledge to use 

effectively and field work can be limited by adverse weather conditions or equipment 

failure. Even when field work goes well, the survey transects used in acoustic surveys 

may provide insufficient coverage on temporal and spatial scales and require 

interpolation methods which will miss portions of a study area. Optical remote sensing 

techniques can cover the entirety of a study area and have been extensively used to map 

benthic habitats, with aerial photography being used as early as 1937 (Orth and Moore, 

1984). While aircraft-mounted sensors are still being used with success (Mumby et al. 

1997), new technologies have been developed including satellite-based sensors. Satellite 

imagery can provide a larger level of coverage at a smaller cost when compared to 

aircraft surveys (Dekker et al. 2006; Hossain et al. 2015) and requires less fieldwork than 

acoustic methods. Mapping with optical satellite images has been ongoing since the 

launch of the Landsat MSS satellite in 1972 (Lyons et al. 2012).  

 

Table 1 compares the classification accuracies between various studies that use satellite 

and airborne optical imagery for eelgrass bed mapping as a function of the sensor, 

classification method, and world region. Most published studies on seagrass/eelgrass 

mapping with optical imagery have occurred only recently in Canada (Table 1; O’Neill 

and Costa 2013, Reshitnyk et al. 2014, Stantec 2014, Barrell and Grant 2014, Barrell et 

al. 2015, Webster et al. 2015, Collins et al. 2016, Stantec 2016, Hitchcock et al. 2017). 

Mapping eelgrass in temperate climates pose additional challenges compared to mapping 

in tropical and sub-tropical areas. Tropical areas tend to have higher water clarity which 



 

5 

 

allows for greater resolution between features and high light penetration which allows for 

mapping at greater depths. For example, along the coast of the Canary Islands, the 

mapping of benthic characteristics can be achieved in waters as deep as 25 m (Eugenio et 

al. 2015), while along the more turbid conditions of the Pacific Coast of Canada, remote 

sensing can produce accurate benthic habitat maps in only fewer than 8 meters of water 

(O’Neill and Costa 2013, Reshitnyk et al. 2014) Limited light penetration also puts a 

limit on the maximum depth that eelgrass can grow in Atlantic Canada 
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Table 1: Comparison of some relevant seagrass mapping studies using various remote 

sensing methods. 

Sensor Classifier* Overall 

accuracy (%) 

Region Authors 

Airborne multispectral  OBIA 68 New Jersey, USA Lathrop et al. (2006) 
Airborne hyperspectral SAM 67 Mississippi, USA Peneva et al. (2008) 

MDM 75 Mississippi, USA Peneva et al. (2008) 

MLC 83 Mississippi, USA Peneva et al. (2008) 
MLC 85 British Columbia, 

Canada 

O'Neill and Costa (2013) 

SAM 87 New Hampshire, USA Pe’eri et al. (2016) 
Ikonos MLC 79 British Columbia, 

Canada 

O'Neill and Costa (2013) 

Hyperion MLC 96 Florida, USA Pu et al. (2012) 
EO-1 ALI MLC 95 Florida, USA Pu et al. (2012) 

Landsat-5 (TM) MLC 67-76 Florida, USA Blakey et al. (2015) 

MLC 80 Malaysia Misbari and Hashim (2016) 
MLC 85 Alaska, USA Hogrefe et al. (2014) 

MLC 92 Florida, USA Pu et al. (2012) 

LMM 94-98 Vietnam Chen et al. (2016) 
Landsat-7 (ETM+) MLC 88 Caribbean Wabnitz et al. (2008)  

LMM 96 Vietnam Chen et al. (2016) 

Landsat-5 (TM) & Landsat-7 
(ETM+) 

MLC 69 Tanzania Knuby et al. (2010) 
MLC 80 Australia Dekker et al. (2005) 

Landsat-8 (OLI) OBIA 67 Australia Kovacs et al. (2018) 

MLC 75 New Brunswick, 
Canada 

Leblanc et al. (2020)  

MLC 86 Malaysia Misbari and Hashim (2016) 

LMM 92-98 Vietnam Chen et al. (2016) 
MLC 98 Malaysia Hossain et al. (2019) 

Quickbird - 2 OBIA 72 New Brunswick, 

Canada 

Barrell et al. (2015) 

MLC 95 Australia Lyons et al. (2011) 

Sentinel-2 OBIA 64 Australia Kovacs et al. (2018) 

SPOT 6/7 MLC 97 Nova Scotia, Canada Wilson et al. (2019) 
WorldView-2/3 OBIA 67 Australia Kovacs et al. (2018) 

MLC 70 New Brunswick, 

Canada 
Stantec (2014) 

OBIA 71 Florida (USA) Baumstark et al. (2016) 

MLC 75 British Columbia, 

Canada 

Reshitnyk, et al. (2014) 

MLC 80 New Brunswick, 

Canada 

Stantec (2016) 

MLC 85 Philippines Tamondong et al. (2013) 

MDM 91 Washington, USA Hoang et al. (2016) 

OBIA 92 Greece Poursanidis et al. (2018) 
OBIA 94 Texas, USA Su and Huang (2019) 

Ziyuan-3A OBIA 65 Australia Kovacs et al. (2018) 

(*) MLC = Maximum Likelihood Classifier, OBIA = Object-Based Image Analysis, MDM = Minimum 

Distance to Means, SAM = Spectral Angle Mapper. LMM= Linear Mixture Model with endmembers 
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Objectives 

 

The goal of this thesis is to develop a method that will allow the production of cost-

effective and accurate eelgrass maps in Atlantic Canada from optical satellite images. 

Specifically, the thesis will compare two classifiers (Maximum Likelihood Classifier and 

Random Forests) applied to WorldView-2 (WV-2) imagery to map eelgrass bed 

distribution in Tabusintac, NB an estuarine lagoon environment in Atlantic Canada 

having a temperate climate where light penetration in coastal areas is generally low 

(Vandermeulen et al. 2014). Our study also asseses the effectinvess of the Pléiades 

optical imagry that was purchased from a database. While the Pléiades optical satelite has 

some qualites that might make it less effective for eelgrass mapping when compared to 

WV-2, it is is also cheaper collect and easier to task. 

The specific objectives of the study are were: 

1. To compare the accuracy of eelgrass presence/absence maps produced from the 

classification of WV-2 and Pléiades imagery acquired over Tabusintac Bay. 

2. To compare and assess the effectiveness of Random Forests and Maximum 

Likelihood classifiers applied to WorldView-2 imagery. 

3. To test the best classifier for lower spectral resolution Pléiades imagery. 

4. To compare the resulting maps with an eelgrass bed extent map that was produced 

in 2008 by photointerpretation of aerial photographs to assess the potential change 

in the eelgrass distribution in the estuary over time.  
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Materials and Methods 

 

Study Area 

Tabusintac Bay (Figure 2) is a 25 km2 shallow estuary and lagoon system on the 

northeastern coast of New Brunswick (N 47° 20' 21"' W 64° 55' 42"). The adjacent region 

hosts a diverse assemblage of habitats including estuarine flats, peat bogs, saline ponds, 

and wetlands, while the lagoon area itself is dominated by extensive eelgrass (Zostera 

marina L.) beds that support many species of commercial and recreational importance 

including American oysters (Crassostrea virginica), American eel (Anguilla rostrata), 

and Canadian geese (Branta canadensis). The wave energy within the estuary is 

generally low, thanks to an extensive and dynamic bar of sand dunes and islands which 

shelters the area from wave action from the Gulf of St. Lawrence. The bottom consists of 

fine-grained sediments like mud and sand, making it an ideal substrate for eelgrass 

growth. The estuary is generally shallow at 0-2 m deep, though a 3-5m deep channel cuts 

through the lower portion of the region which allows boat access to the Northumberland 

Strait (Webster et al. 2014, Stantec 2014, Stantec 2016). The site has been identified 

under the Ramsar convention on wetlands as an international area of importance due to 

high levels of waterfowl visitation and use during spring and fall migration periods, with 

some of these species depending directly on eelgrass for food (Ramsar 2001). The dune 

system is also the home to one of the largest tern colonies in Atlantic Canada and has 

been the site of piping plover (Charadrius melodus) nests (Important Bird Areas Canada, 

2018).  
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Figure 2: Location and map of the lagoon and estuary system in Tabusintac (New 

Brunswick, Canada) and associated RGB true colour composite made with the WV-

2imagery collected on September 24th, 2014. 
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Satellite Imagery 

Two types of satellite optical imagery were used (Table 2). The first was a WV-2 image 

that was acquired at 15h50 AST on September 24th, 2014. The image was taken at low 

tide (0.38 m) and covered an area of approximately 13 km long and 3 km wide, centered 

on Lat. N 47° 22’ 36” Long. W 64° 56’ 08”. The air temperature was 14.5°C, with a wind 

speed of 13 km/h and at a direction of 210°. The solar azimuth was 179°. The image 

consisted of nine optical bands (Figure 3 and Table 2). The satellite has a resolution at 

nadir of 0.46 m for the panchromatic band and 1.85 m for multispectral bands. It has a 

swath width of 16 km from nadir and a dynamic radiometric range of 11 bits per pixel.  

 

Figure 3: Spectral range (nm) of the WV-2 imagery bands. 
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Table 2: WV-2 and Pléiades 1B imagery characteristics and related environmental 

conditions during image acquisition. 

Sensor (i) WorldView-2 Pléiades 1B 

Date of acquisition Sept 24th, 2014 Sept 19th, 2015 

Local time of acquisition 15h50 15h25 

Sun zenith angle (o) 64.88 67.12 

Sun azimuth angle (o) 179 163 

Resolution at 

nadir (m) 

Pan 0.46 0.50 

Multispectral 1.85 2.00 

Swath width from nadir (km) 16.4 20.0 

Radiometric resolution 

(bits/pixel) 
11 12 

Bands 

Panchromatic 450 - 800 nm 470 – 830 nm 

Coastal Blue 400 - 450 nm N/A 

Blue 450-510 nm 430 – 550 nm 

Green 510-580 nm 500 – 620 nm 

Yellow 585-625 nm N/A 

Red 630-690 nm 590 – 710 nm 

Red Edge 705-745 nm N/A 

Near-IR1 770-895 nm 740 – 940 nm 

Near-IR2 860-1040 nm N/A 

Tide (m)(ii) 0.38 0.58 

Wind speed (km/h) (iii) 13 15 

Wind direction (o) 210 160 

Air temperature (oC) 14.5 26.1 

(i) Satellite statistics and relative position collected from metadata which was 

provided by supplier. 

(ii) Tide level estimated from the nearest Government of Canada tidal prediction 

station #2020, Lower Neguac. 

(iii) Atmospheric conditions were collected from nearest Environment Canada 

weather station in Bas Caraquet. 

 

The second image was taken by the Pléiades 1B satellite over Tabusintac at 15h25 local 

time on September 19th, 2015 during middle/low tide (0.58 m). It covered a 25 km2 area 

centered around Lat. N 47° 22’ 36” Long. W 64° 56’ 08”. The air temperature was 

26.1°C, with a wind speed of 15 km/h and a direction of 160°. The solar azimuth was 

163°. The image had five bands (Figure 4 and Table 2). While it had a limited number of 
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bands compared to the WorldView-2, the Pléiades satellite constellation was chosen 

because of its high spatial resolution, the availability of archival data, and cost-

effectiveness. The specific image used in this study was selected from archive because it 

occurred around the same time of year as the previous study and had the least amount of 

cloud cover compared to other imagery in the archive. The image resolution at nadir was 

2 m for multispectral bands and 0.50 m for the panchromatic band. The satellite had a 

swath width of 16 km from nadir and a dynamic radiometric range of 12 bits per pixel. 

Both images were georeferenced and converted to the New Brunswick Double 

Stenographic Projection referenced to the North American Datum of 1983 (NAD83) 

related to the Canadian Spatial Reference System (CSRS).  

 

Figure 4: Spectral range (nm) of the Pleiades imagery bands. 
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Field Data 

Field data were used to validate the absence/presence map created from the classified 

satellite imagery. Two sets of field survey data were used; one which was collected by 

Stantec Consulting in 2014 and another collected in September 2016 by David Forsey 

and Mélanie Leblanc with assistance from the Tabusintac & Esgenoôpetitj Watershed 

Association. Eelgrass beds tend to “climax” in extent and cover in early Fall (Orth and 

Moore 1986) before dying off in the winter months, making September an ideal time to 

detect eelgrass meadows. 

2014 Survey 

Field data were collected during a two-day field survey conducted between September 

24th and 26th, 2014 coinciding with the acquisition of the 2014 WorldView-2 image 

(Figure 5). The study area was divided into an equally sized grid of 1 km wide-tessellated 

hexagons and a single area of interest was randomly selected within each hexagon. This 

allowed for the whole study area to be sampled while maintaining an element of 

randomness (Figure 5). A total of 55 sites were surveyed. At each site, GPS coordinates 

were recorded using a WAAS-enabled chart plotting unit (GPSMAP 531s, Garmin 

International Inc., Olathe, Kansas, USA). and pictures were taken using a downward 

facing underwater Deep Blue Pro© drop video camera (Deep Blue Pro Splash Cam, 

Ocean Systems Inc., Everett, WA, USA) (attached to a 0.25 m2 quadrat frame (Figure 6). 

Extra samples were collected in a specific area of interest in the southwestern portion of 

the study area where dredging was to be carried out. 
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Figure 5: Presence/absence GPS points of 2014 eelgrass survey in Tabusintac Lagoon, 

collected by Stantec Consulting Ltd. (Stantec 2014). 
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Figure 6: Quadrat photo collected with Deep Blue Pro© drop video camera, 

representative of the field data images collected in Tabustinac in 2014 

2016 Survey 

Field data was collected in late August and early September of 2016 with assistance from 

Mélanie Leblanc (PhD Candidate McGill University) and the Tabusintac & Esgenoôpetitj 

Watershed Associations using a method inspired by the SeagrassNET sampling protocol 

(Short et al. 2007a) (Figure 7). Ideal timing of data collection is not only based around 

atmospheric conditions but also on local hydrological conditions in the field. The eelgrass 

grows so thickly in Tabusintac that certain areas are not accessible by boat at low tide. 

The data collected were used to validate the 2015 Pléiades image classification, due to 

lack of extensive field data in 2015. While we intended to follow a stratified sampling 

protocol like the one described in the 2014 Stantec survey, limitations due to high wind 

and limited boat availability made a transect method necessary. A total of 79 quadrats 

nested within 10 transects were surveyed over a period of a month (Figure 7).  
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Figure 7: Presence/Absence GPS sites of 2016 eelgrass survey in Tabusintac Lagoon by 

David Forsey and Mélanie Leblanc with assistance from the Tabusintac & Esgenoôpetitj 

Watershed Association. 
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Quadrats were evenly spaced ~200 m along 10 transects that were perpendicular to the 

shore up to the western edge of the outer sand bar but were mainly restricted to the 

northern section of the bay (Figure 7). At each site, a 0.25 m2 quadrat was placed on the 

sea floor and a snorkeler took an underwater picture with a Nikon Coolpix W100 in each 

quadrat (Figure 8).  

 

 

Figure 8: Example of a quadrat photo collected with a Nikon Coolpix W100 in Tabusintac 

lagoon. After the images were collected a visual assessment of eelgrass cover was made 

for each one. 

 

Pre-Classification Image Processing 

Pan-sharpening 

Each satellite image was pan-sharpened to increase its spatial resolution. Pan-sharpening 

is a widely used process by which high-resolution, panchromatic (grey scale) satellite 

images are combined with lower resolution multispectral (colour) images to produce 



 

18 

 

high-resolution multispectral images. This process was completed using the PANSHARP 

program of PCI Geomatica 2015® developed by Zhang (2002). The multispectral bands 

on both the WV-2 and Pléiades imagery were combined with the panchromatic bands for 

each respective image and, in the case of the WV-2 imagery, downscaled to 0.5 m to 

allow for comparison between sensors. Due to the potentially complex distribution of 

eelgrass beds, high resolution is key for capturing the spatial variability and patchiness of 

eelgrass meadows. 

 

Land Masking 

A process called land masking was carried out to limit the classification to underwater 

features only. This procedure was carried out for each set of imagery. First, the 

Normalized Difference Water Index (NDWI) was calculated as defined by McFeeters 

(1996) to delineate open water features (Equation 1) 

𝑁𝐷𝑊𝐼 =
𝐺𝑟𝑒𝑒𝑛 − 𝑁𝐼𝑅

𝐺𝑟𝑒𝑒𝑛 + 𝑁𝐼𝑅
 

[1] 

 

Pixels corresponding to land features have NDWI values less than zero, while water 

features have positive NDWI values. All pixels with NDWI values of less than zero were 

converted to a bitmap. The bitmap was then manually filled in to cover obvious land 

features that were not identified by NDWI (like puddles and pools above the intertidal 

zone) along with other features that were excluded from the study area, including visually 

identifiable oyster aquaculture baskets and small docks and marinas. 
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Conversion to Top of the Atmosphere (TOA) Reflectance and Atmospheric Correction 

The energy that sensors on a satellite platform receive is different from the energy 

reflected from a surface on the ground. These differences are caused by multiple 

variables including the properties of the sensor, the sun's relative position to the earth and 

the atmosphere, and the atmosphere interferences. To obtain true ground reflectance 

values, the digital numbers (DN) applied to each pixel need to be corrected first to TOA 

radiance and then into TOA reflectance. The term radiance refers to how much 

electromagnetic energy hits each sensor band carried by the satellite and it depends on the 

intensity, direction, orientation and relative position of the target and the path of the light 

through the atmosphere. Reflectance is the ratio of the amount of light leaving a target to 

the amount of light striking the target, it is a specific property of the object being 

observed.  

First, DN values were converted to radiance by applying the following equation that uses 

calibration gain and offset values, which are sensor specific and found in the metadata of 

the imagery: 

𝐿λ = 𝑀𝐿 ∗ 𝐷𝑁 + 𝐴𝐿 [2] 

Where: 

 Lλ = TOA spectral radiance (W. m-2. srad-1. μm-1)  

 ML = Gain which is a band-specific rescaling factor extracted from the imagery 

metadata (W. m-2. srad-1. μm-1) 

 AL = Offset which is a band-specific rescaling factor extracted from the imagery 

metadata (W. m-2. srad-1. μm-1) 

 DN = digital number of each pixel (dimensionless) 
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The next step is to convert the TOA radiance into TOA reflectance. Such conversion 

compensates for the relative position of the sun and the earth (zenith). 

𝜌𝜆 =
𝜋∗𝐿λ∗𝑑2

𝐸𝜆∗∗𝜃𝜆
 

3] 

Where: 

 ρλ = Top of the atmosphere spectral reflectance (dimensionless) 

 Eλ = Solar spectral irradiance (W. μm-1) 

 Lλ = Top of the atmosphere spectral radiance (W. m-2. rad-1. μm-1) 

 d = distance between the earth and sun (calculated based on the date and time of 

image acquisition) (m) 

 z = solar zenith angle (rad) 

 

TOA reflectance includes both the contributions and scattering caused by the atmosphere 

on the reflectance values along with the radiation reflected from the target features. 

Atmospheric correction is necessary to remove the effect of radiation reflection and 

scattering caused both by particles in the atmosphere and by the atmosphere itself. This 

step is especially important for remote sensing of underwater features since the 

reflectance from underwater scenes tends to be low (Werdell and Roesler 2003). The 

atmospheric corrections of the TOA reflectance image were performed with the Fast 

Line-of-Sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) module, which 

is a MODTRAN4-based atmospheric correction algorithm that is embedded in ENVI 

(Berk et al. 1998). We selected the temperate atmosphere model and maritime aerosol 

model.  
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Vegetation Indices 

Vegetation indices are arithmetic combinations of individual band reflectance that are 

developed based on the unique reflectance properties of photosynthetic matter. These 

indices work by exploiting the high reflectance in the green and near-infrared bands of 

chlorophyllous elements versus non-chlorophyllous elements. While near-infrared 

radiation is expected to be readily absorbed by water, there are portions of the study area 

that include exposed eelgrass at low tide which can reflect this radiation. The vegetation 

indices that we considered in our study are listed in Table 3. 

Table 3: Vegetation indices used in the WV-2 classification. 

Variable Name Formula(1) Reference 

DVI Difference Vegetation Index NIR-R Tucker (1979) 

GDVI Green Difference Vegetation 

Index NIR-G 
Sripada et al. (2006) 

GNDVI Green Normalized Difference 

Vegetation Index 
(NIR-G)/(NIR+G) Buschmann and Nagel (1993) 

NDVI Normalized Difference 

Vegetation Index (NIR-R)/(NIR+R) 
Rouse (1974) 

NG Normalized Green G/(NIR+R+G) Sripada et al. (2006) 

NR Normalized Red R/(NIR+R+G) Sripada et al. (2006) 

NNIR Normalized Near-Infrared NIR/(NIR+R+G) Sripada et al. (2006) 

RVI Ratio Vegetation Index NIR/R Birth and McVey (1968) 

GRVI Green Ratio Vegetation Index NIR/G Sripada et al. (2006) 

(1)R= red band; G= green band; NIR=near-infrared band  

Training Area Delineation  

The two image classifiers that were tested in our study were Random Forests and 

Maximum Likelihood. Both are supervised classifiers, which require the delineation of 

training areas. Training areas are clusters of pixels, identified on the imagery by the user 

that are meant to be representative of the land cover classes being mapped from the 
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imagery. The training areas “teach” the algorithm how to classify the image, assigning 

each pixel into a class based on training area statistics called spectral signatures. When 

delineating training areas, a smaller portion of the field data which has been confirmed to 

belong to each class was used to inform the shape and size of each training area.  

Training area delineation was done differently for each of the two imagery types. For 

WV-2 imagery, small representative training areas for each class (eelgrass, deep water 

and sand floor) were delineated over the image based on the large training areas that were 

previously defined by Stantec (2014) using an object-oriented segmentation method 

(Table 4). When training areas were delineated, care was made to reduce spectral 

variance in each class, while at the same time having enough pixels to effectively 

represent each area of interest. 

Due to possible changes in the extent of eelgrass and shifts in the shape of the sand bar on 

the eastern fringe of the bay between 2014 and 2015, new training sites were developed 

for the 2015 Pléiades image (Table 4). Due to difficulty in developing training sites that 

were spectrally segregated from one another the sand floor and eelgrass classes were 

further subdivided into two classes: “Non-exposed” and “Shallow/Exposed”. Our 

completed field work only distinguished between eelgrass, non-eelgrass and optically 

deep water so we complimented our field data by using the spectral response in the 

imagery and relative depth profile. Shallow/Exposed eelgrass areas were distinguished by 

their relatively high reflectance in red and near-infrared bands, while non-exposed areas 

were delineated over the deeper portions of the bay and over the very deep navigation 

trench, which was identified by using a LIDAR bathymetry profile created by Webster et 

al. (2015) and Collins et al. (2016). 
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Table 4: Number, area, and pixel count for the training areas for each class used in the 

2014 WorldView2 and Pléiades image classification 

a) WorldView-2 

Class 
Training Areas 

(1)  
Area (m2) Pixels 

Eelgrass 430 61924 15481 

Deep water 459 61590 15398 

Sand 321 22052 5513 

Total 1210 145567 36392 

b) Pléiades 

Class 
Training 

Areas(2) 
Area (m2) Pixels 

Non-Exposed Eelgrass 52 9555.25 38221 

Exposed Eelgrass 91 21774.2 19024 

Deep Water 53 9960.24 39841 

Shallow Sand Floor 33 14966.1 59865 

Deep Sand Floor 19 11894.2 47577 

Total 254 68150 204528 

(1) Derived by photo-interpretation by using the Stantec (2014)’s training areas as guide;  

(2) Derived by photointerpretation by using as guide some of the GPS sites observed in 

2016 by David Forsey and Mélanie Leblanc with assistance from the Tabusintac & 

Esgenoôpetitj Watershed Associations. 

 

Training areas were used to compute the class spectral signatures. These spectral 

signatures were then used to assess the separability between classes through the Jeffries-

Matusita (J-M) distance of each class pair (Richards and Jia 2006). Rated on a scale from 

zero to two, a greater J-M distance indicates better separation between two classes. A 

value of 1.90 indicates acceptable level of separation. 
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Classifiers 

Maximum likelihood classifier (MLC) is one of the most popular methods for thematic 

mapping of satellite multispectral imagery. MLC is a supervised classification method 

based on Bayes theorem, that uses a discriminant probability function to assign each pixel 

in the study area to a pre-defined class. By making the assumption that the distribution of 

pixel values in each class sample is normal, a class can be characterized by its spectral 

signature computed as a mean vector and covariance matrix. Each individual pixel value 

in the image is then compared to the class spectral signatures and placed into the class to 

which it has the greatest probability of membership (Strahler 1980). In our study, we used 

the MLC program in PCI Geomatica 2015® to carry out MLC. 

 

The second classifier is Random Forests (RF), a non-parametric classification algorithm 

that was developed by Leo Breiman and Adel Cutler at the University of California, 

Berkeley (Breiman 2001). Originally created by Ho (1995), this algorithm is becoming 

increasingly popular for remote sensing applications showing numerous advantages when 

compared to other classical classification methods, such as MLC (Pal 2005, Gislason et 

al. 2006; Waske and Braun 2009; LaRocque et al. 2014). The RF classifier works by 

generating a series of decision trees which are predictive models that use a set of binary 

rules to calculate a target value. The complexity of the decision tree is directly related to 

the number of sources of data, in our case, the number of image layers being used. Each 

tree uses a randomized subset of the input data, and each of the categories produced by 

each tree is slightly different. In the RF algorithm, hundreds of trees are produced, and 
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the pixels are classed based on the agreement between trees. In addition, RF is not 

sensitive to noise or over-classifying and gives an estimate of the importance of each 

input image for the classification (Gislason et al. 2006; Waske and Braun 2009). The 

specific algorithm we used in our study was developed in R programming language (R 

Development Core Team 2016). It is based on the “Random Forest” code written by 

Horning (2010) and adapted by Dr. Armand LaRocque from the FOREM Remote 

Sensing Laboratory, University of New Brunswick. The RF code we used has two 

versions: “all-polygon” and “sub-polygon”. The all-polygon version uses 100% of the 

training areas to define class training areas, while the sub-polygon version randomly 

selects a user defined number of training area pixels from each class. Following Byatt et 

al. (2019), we used the all-polygon version as it gives a higher mapping accuracy. 

Another advantage of using RF is that the algorithm outputs a variable importance plot. 

This plot displays the weighted mean decrease in error that indicates how much an 

individual variable input is used by the Random Forests classifier to make its prediction. 

 

Classification and Validation Accuracy Assessment 

Classification accuracy was assessed first by comparing each Area of Interest (AOI) with 

the equivalent class in the imagery. This comparison was performed under the form of a 

“confusion matrix” or "error matrix”, where each cell expresses the number of pixels 

classified to a particular class in relation to the class defined by the training areas 

(Congalton 1991). The confusion matrix allows computing individual class User’s and 

Producer’s accuracies and their related errors (omission and commission). The User’s 
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class accuracy corresponds to the probability that a pixel of the classified image is in the 

correct class, the associated number of misclassified pixels being pixels classified in the 

incorrect class (error of omission). The Producer’s accuracy measures the probability that 

a reference pixel is effectively well classified, the associated number of misclassified 

pixels being pixels that belong to another class (error of commission).  The overall 

accuracy is the average of an individual classes User’s or Producer’s accuracies, 

weighted by the size of the class in the classified or reference image. The Kappa 

coefficient is defined as a weighted measure of agreement between the numbers of well-

classified pixels, where a value close to 0 % corresponds to a classification that no better 

that what could be expected by chance and a value closer to 100 % indicates a good 

classification accuracy (Cohen 1960, Cohen 1968).  

 

Classification accuracies are computed from training areas and are thus different than true 

mapping accuracies. We carried out a more robust and independent accuracy assessment 

of the quality of the maps produced from the classified imagery by comparing the 

classified imagery with an independent subset of the GPS field sites that were classified 

in two classes: eelgrass presence and eelgrass absence (Table 5). If the image returns the 

same class as the one observed at the validation site, then the pixel related to this 

validation site was associated with a value of 1. If it was not the case, then the value was 

zero. A confusion matrix and associated accuracies between the GPS validation sites and 

the classified image can then be computed. 
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Table 5: Number of GPS validation sites by class used in the 2014 WorldView2 and 

Pléiades image classification 

Class WorldView-2 (1) Pléiades (2) 

Eelgrass presence 43 168 

Eelgrass absence 12 69 

Total 55 237 

(1) Collected by Stantec (2014);  

(2) Collected in 2016 by David Forsey and Mélanie Leblanc with assistance from the 

Tabusintac & Esgenoôpetitj Watershed Associations. 

 

Comparison between the 2008, 2014, and 2015 Eelgrass Presence Maps 

After the classifications were completed, we produced a map of eelgrass 

presence/absence in 2014 with the classified WV-2 image and in 2015 with the classified 

Pléiades image. Both maps were then compared to an eelgrass presence/absence map 

created by Mahoney and Hanson in 2008 by photointerpretation of aerial photographs 

(Figure 9). The 2008 map was obtained as an ArcGIS shapefile and transformed into a 

raster format with the same pixel size and projection as the classified images. We used 

simple raster mathematics to compare the eelgrass presence / absence maps between each 

year with the PCI Geomatica 2015® Raster Calculator function. 
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Figure 9: Eelgrass bed presence map produced from photo-interpretation of 2008 aerial 

photographs (Mahoney and Hanson 2008). 

Results  

Spectral Separability 

WorldView-2  

All three class comparisons computed with the spectral signatures related to the eight 

original bands of WorldView-2 had a J-M distance greater than 1.95 (Table 6), indicating 
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good spectral separability. The lowest J-M distance occurred between the “Deep Water” 

class and the “Sand floor” class (1.952). The highest occurred between the “Eelgrass” 

class and the “Sand floor” class (1.999). 

Table 6: J-M distance (1) matrix computed for the 8 original bands  

of the WorldView-2 image 

Class Deep Water Eelgrass 

Eelgrass 1.997  

Sand floor 1.952 1.999 
(1) Mean = 1.983; Minimum= 1.952; Maximum= 1.999 

 

The mean TOA reflectance across all classes followed a general trend that matches how 

we would expect radiation to be absorbed in water, with higher absorption (weaker 

reflectance) in the longer wavelengths, and gradually less absorption (stronger 

reflectance) in the shorter wavelengths (Figure 10). The “Deepwater” class had the 

lowest reflectance in the red-edge, NIR and NIR2 bands, compared to the other two 

classes. This is likely because “Sand Floor” and “Eelgrass” classes were delineated over 

shallower areas where light penetration was higher. The “Sand Floor” class followed a 

similar decreasing reflectance pattern from the coastal to the NIR bands, though the 

reflectance was generally higher. From the coastal to yellow wavelengths, the “Eelgrass” 

class distinctly had the lowest reflectance among all the classes, including the “Deep 

Water” class. 
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Figure 10: Mean TOA reflectance for each class as a function of the WorldView-2 band. 

For the vegetation indices considered, only DVI, RVI and GDVI all showed good 

separability between classes (Figure 11). DVI and RVI were both calculated using the 

NIR1 and red bands, while GDVI used both NIR and green bands in its calculation. The 

NIR1 band had good spectral separability between the Deep Water class and the other 

classes, while the case of the red band, the Sand Floor class was most separated from the 

others. In the case of the green band, there was relatively little separability between any 

of the classes. 
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Figure 11: Mean value of the vegetation indices computed with the WorldView-2 band 

images as a function of the class. 

Pléiades  

When investigating the spectral signatures extracted from the four bands of the Pléiades 

image, most class comparisons had a J-M distance greater than 1.92 (Table 7). The 

lowest J-M distance (1.503) occurred between the “Deep Water” and “Non-exposed 

Eelgrass” classes, which was likely due to the water column spectral influence on the 

eelgrass spectral signature. 

Table 7: J-M distance (1) matrix computed for the 4 bands of the Pléiades image. 

Class 
Exposed 

Eelgrass 

Non-Exposed 

Eelgrass 

Deep 

Water 

Shallow 

Sand 

Floor 

Non-Exposed Eelgrass 1.935    

Deep Water 1.923 1.503   

Shallow Sand Floor 1.999 1.999 1.999  

Deep Sand Floor 1.979 1.905 1.967 1.992 
(1) Mean = 1.920; Minimum= 1.503; Maximum= 1.999 
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Figure 12 shows that the TOA reflectance for Pleiades imagery follows a similar trend as 

the WV-2 (Figure 10). Indeed, there is a general trend of weaker reflectance in the longer 

wavelengths and of stronger reflectance in the shorter wavelengths. The “Shallow Sand” 

and “Exposed Eelgrass” classes had the strongest reflectance when compared to the 

other bands, likely due to the limited spectral influence of the water column. The 

“Exposed Eelgrass” class was the major exception to the trend seen in the other classes. 

The NIR reflectance was notably higher, likely due to strong reflectance in exposed or 

semi-exposed sections of eelgrass meadows (Figure 13). The “Deep Water” and 

“Submerged Eelgrass” classes were spectrally very close; which is shown by the 

relatively low J-M distance between the two classes.  

 

Figure 12: Mean TOA reflectance for each class as a function of the Pléiades band. 
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Figure 13: Pléiades imagery of a central region of Tabusintac Estuary: (a) True color 

composite (red band in the red channel, green band in the green channel and blue band 

in the blue channel). (b) false colour composite of the same area (NIR in the red channel, 

green band in the green channel and blue band in the blue channel). Exposed eelgrass 

appears with a light green colour in (a) and as bright pink in (b). The bright pink 

coloration is due to high NIR return. 

 

Classification 

WorldView-2  

When only the original 8 band images were used, the classification accuracies with both 

the MLC and RF classifiers were generally high, with an overall classification accuracy 

and a Kappa coefficient higher than 95% (Table 8). For each classifier, the Producer’s 

and User’s individual class accuracies were also very high and never below 95 %. The 

“Sand floor” class has the lowest User’s and Producer’s accuracies and the “Deep water” 
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class had the highest accuracies, the “Eelgrass” class having intermediate accuracies, 

though the differences were minor (Table 8).  

Table 8: Classification accuracies (%) for the 2014 WorldView-2 image as a function of 

the classifier and the input features (8 bands with and without VI (1). 

Class Producer’s accuracy User’s accuracy 

MLC (2) RF (2) MLC RF 

Without 

VI 

With 

VI 

Without 

VI 

With 

VI 

Without 

VI 

With 

VI 

Without 

VI 

With 

VI 

Eelgrass 98.81 42.65 99.84 99.84 97.80 100 99.81 99.78 

Deep 

Water 
99.50 0.00 99.87 99.86 99.70 0.00 99.95 99.92 

Sand 95.26 0.00 99.82 99.76 97.50 0.00 99.77 99.77 

Overall 

accuracy 
98.55 42.65 99.86 99.83 98.55 42.65 99.86 99.83 

Kappa 

coefficient 
97.65 0.00 99.80 99.70 97.65 0.00 99.80 99.70 

(1) VI = Vegetation Index; (2) MLC = Maximum Likelihood Classifier. RF = Random 

Forests;  

 

The comparison between the detailed confusion matrices shows that there was a higher 

number of well-classified pixels and a lower number of misclassified pixels for the RF 

classifier than MLC, RF therefore giving slightly higher overall classification accuracies 

than M:C (Tables 9 and 10). However, the difference between both classifiers was 

minimal, as it is also shown with the resulting classified images (Figures 14 and 15).  
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Table 9: Confusion matrix (in terms of number of pixels) and associated accuracies for 

the MLC classifier applied to the 8 WorldView-2 band images alone. 

Class Eelgrass Deep 

water 

Sand User’s 

accuracy (%) 

Error of 

commission (%) 

Eelgrass 241798 1858 4037 97.80 2.20 

Deep water 3153 243181 25 99.70 0.30 

Sand 353 0 87856 97.50 2.50 

Producer’s 

accuracy (%) 
98.81 99.50 95.26 Overall accuracy = 98.55% 

Error of omission 

(%) 
1.19 0.50 4.74 Kappa coefficient = 97.6% 

 

Table 10: Confusion matrix (in terms of number of pixels) for the Random Forests 

classifier applied to the 8 WorldView-2 band images. 

Class Eelgrass Deep 

water 

Sand User’s 

accuracy (%) 

Error of 

commission (%) 

Eelgrass 247232 310 151 99.81 0.19 

Deep water 127 246226 6 99.95 0.05 

Sand 194 2 86522 99.77 0.23 

Producer’s 

accuracy (%) 
99.87 99.87 99.82 Overall accuracy = 99.86% 

Error of omission 

(%) 
0.13 0.13 0.18 Kappa coefficient = 99.8% 
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Figure 14: Eelgrass bed map produced by applying the Maximum Likelihood Classifier 

applied to the 8 bands of the 2014 WorldView-2 image. 
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Figure 15: Classified image produced by applying the Random Forests classifier applied 

to the 8 bands of the 2014 WorldView-2 image. 
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The Random Forests program has the advantage of giving a variable importance plot that 

presents the various input features as a function of their importance in the classification 

(Figure 16). The important bands for the classification were the green (510 - 580 nm), red 

(630 - 690 nm) and coastal (400 - 450 nm) bands, while the least important bands were 

the near-infrared 1 (770 - 895 nm), blue (450 - 510 nm), and yellow (585 - 625 nm) 

bands. The green band allowed some spectral separability between the “Deep Water” and 

“Eelgrass” classes (Figure 10) and was the band that most distinguishes the two. The 

green and coastal bands have the lowest rates of attenuation in shallow water, especially 

when compared to the longer wavelength bands. 

 

Figure 16: Variable importance plot computed by the Random Forests classifier (RF) 

applied to the 8 original bands of the WorldView-2 image. 
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When adding the vegetation indices to the image combination, all the pixels were 

classified with the MLC in the Eelgrass class (Figure 17). The resulting overall accuracy 

was 42.65% and the Kappa coefficient was 0% (Table 11). This demonstrated some of 

the limitations associated with using MLC. By contrast, the Random Forests classifier 

had higher accuracies (Table 12), but they were not as higher as when only the 8 bands 

were used (Table 10).  

Table 11: Confusion matrix (in terms of number of pixels) for the maximum likelihood 

classifier applied to 8-band WorldView-2 images and the related vegetation indices. 

Class Eelgrass Deep 

water 

Sand User’s 

accuracy (%) 

Error of 

commission (%) 

Eelgrass 247693 0 0 100 0.57 

Deep water 246359 0 0 0 0.38 

Sand 86714 0 0 0 0.66 

Producer’s 

accuracy (%) 
42.65 0 0 Overall accuracy= 42.65% 

Error of omission 

(%) 
57.35 0 0 Kappa coefficient= 0% 

 

Table 12: Confusion matrix (in terms of number of pixels) for the Random Forests 

classifier applied to WorldView-2 8-band image and the related vegetation indices. 

Class Eelgrass Deep 

water 

Sand User’s 

accuracy 

(%) 

Error of 

commission (%) 

Eelgrass 247156 336 201 99.78 0.22 

Deep water 201 246153 5 99.92 0.08 

Sand 202 1 86515 99.77 0.23 

Producer’s 

accuracy (%) 99.84 99.86 99.76 
Overall accuracy = 99.83% 

Error of omission 

(%) 0.16 0.14 0.24 
Kappa coefficient = 99.7% 
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Figure 17: Classified image produced by applying the Maximum Likelihood Classifier to 

the 8 bands of the 2014 WorldView-2 image along with 16 related vegetation indices. 
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Among all the vegetation indices, the most important ones for the accuracy of the final 

classification were the Normalized Red (NR) and the Green Difference Vegetation 

(GDVI) (Figure 18). This was likely because both used the green band in their 

computation, although another green-based vegetation index (NR) did not exhibit a large 

separability between classes in contrast to GDVI. The other vegetation indices, namely 

the Normalized Near-Infrared (NNIR), the Green Normalized Difference Vegetation 

(GNDVI), the Normalized Difference Vegetation (NDVI) and the Ratio Vegetation 

(RVI) indices, did not seem to be very important in the image classification (Figure 18). 

 

Figure 18: Variable importance plot computed by the Random Forests classifier (RF) 

applied the 8 original bands of the WorldView-2 image and related vegetation indices. 
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Pléiades 

The 2015 Pléiades image was only classified with MLC applied to the 4 raw bands 

(Figure 19), given that the RF classifier was more time-consuming without giving better 

results. Classification accuracies were extremely high (above 90%) for all classes (Table 

13). The highest User’s and Producer’s class accuracies occurred for the “Shallow Sand” 

class. The lowest occurred for both the “Deep Water” and “Non-exposed Eelgrass” 

classes, the class comparison has a lower J-M distance (1.5) (Table 7), meaning that there 

was confusion between both classes as shown in the associated confusion matrix (Table 

14).  

Table 13: Classification accuracies (%) computed with the MLC classifier applied to the 

4 individual bands of the 2015 Pléiades image. 

Class Producer’s accuracy User’s accuracy 

Exposed Eelgrass 99.06 99.81 

Non-exposed Eelgrass 90.91 95.51 

Deep Water 98.52 95.21 

Shallow Sand 99.92 100.00 

Deep Sand 99.67 99.76 

Overall accuracy 98.56 98.56 

Kappa coefficient 98.51 98.51 
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Table 5: Confusion matrix (in terms of number of pixels) for the Maximum Likelihood 

Classifier (MLC) applied to the 4 bands of the Pléiades image. 

Class 
Exposed 

eelgrass 

Non-

exposed 

eelgrass 

Deep 

water 

Shallow 

sand 

Deep 

sand 

User’s 

accurac

y (%) 

Error of 

commission 

(%) 

Exposed 

Eelgrass 
38095 11 0 46 15 99.81 0.19 

Non-Exposed 

Eelgrass 
171 18170 571 0 112 95.51 4.49 

Deep water 124 1757 37933 0 28 95.21 4.79 

Shallow sand 0 0 0 59865 0 100.00 0.00 

Deep sand 67 48 0 0 47458 99.76 0.24 

Producers’ 

accuracy (%) 
99.06 90.91 98.52 99.92 99.67 

Overall accuracy = 

98.56% 

Error of 

omission (%) 
0.94 9.09 1.48 0.08 0.33 

Kappa coefficient = 

98.51% 
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Figure 19: Eelgrass classification produced by applying the Maximum Likelihood 

classifier to the 4 bands of the 2015 Pléiades image. 
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Validation 

WorldView-2 

When only 8 bands were used, the validation accuracies showed a similar trend as the 

classification accuracies. The Random Forests classifier did not produce higher validation 

accuracies compared to MLC (Table 15). This is also apparent in the related confusion 

matrices (Tables 16 and 17). 

Table 15: Validation accuracies (%) obtained by comparing the 2014 GPS field 

observations to the WorldView-2 classified image as a function of the classifier and the 

input features (8 bands with and without VI (1)). 

Class Producer’s accuracy User’s accuracy 

MLC (2) RF (2) MLC RF 

Without 

VI 

With 

VI 

Without 

VI 

With 

VI 

Without 

VI 

With 

VI 

Without 

VI 

With 

VI 

Eelgrass 

present 
100.00 76.36 97.62 97.62 95.24 100.00 97.62 97.62 

Eelgrass 

absent 
86.67 0.00 92.31 92.31 100.00 0.00 92.31 92.31 

Overall 96.36 76.36 96.36 96.36 96.36 76.36 96.36 96.36 

Kappa 91.00 0.00 90.30 90.30 91.00 0.00 90.30 90.30 

(1) VI= Vegetation Index; (2) MLC = Maximum Likelihood Classifier. RF = Random Forests 
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Table 16: Confusion matrix between GPS field sites collected in 2014 by Stantec 

Consulting Ltd and the MLC classified image using the 8 WorldView-2 band images. 

Class 
Eelgrass 

present 

Eelgrass 

absent 

User’s 

accuracy 

(%) 

Error of 

commission (%) 

Eelgrass present 40 2 95.24 4.76 

Eelgrass absent 0 13 100.00 0.00 

Producer’s accuracy (%) 100.00 86.67 Overall accuracy = 96.36 

Error of omission (%) 0.00 13.33 Kappa coefficient = 91.00% 

 

Table 6: Confusion matrix between GPS field sites collected in 2014 by Stantec 

Consulting Ltd and the Random Forest classified image using the 8 WorldView-2 band 

images. 

Class 
Eelgrass 

present 

Eelgrass 

absent 

User’s 

accuracy 

(%) 

Error of 

commission 

(%) 

Eelgrass present 41 1 97.62 2.38 

Eelgrass absent 1 12 92.31 7.69 

Producer’s accuracy (%) 97.62 92.31 Overall accuracy = 96.36% 

Error of omission (%) 2.38 7.69 Kappa coefficient = 90.30% 

 

When the vegetation indices were added to the classification, the validation accuracies 

with the MLC classifier were lower, likely because MLC did not work well with multiple 

data types. The related confusion matrix (Table 18) erroneously shows that almost the 

entire study area was classified as eelgrass. With the Random Forest classifier, the 

addition of vegetation indices into the classification did not improve the accuracies when 

only the 8 bands are used, because there were still some sites poorly classified (Table 19). 
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Table 18: Confusion matrix between GPS field sites collected in 2014 by Stantec 

Consulting Ltd and MLC classified image using 8 WorldView-2 band images and related 

vegetation indices. 

Class Eelgrass 

present 

Eelgrass 

absent 

User’s 

accuracy (%) 

Error of 

commission (%) 

Eelgrass present 42 0 100.00 0.00 

Eelgrass absent 13 0 0.00 100.00 

Producer’s 

accuracy (%) 

76.36 0.00 
Overall accuracy = 76.36% 

Error of omission 

(%) 

23.64 0.00 
Kappa coefficient = 0.00% 

 

Table 19: Confusion matrix between GPS field sites collected in 2014 by Stantec 

Consulting Ltd and Random Forest classified image using eight WorldView-2 band 

images and related vegetation indices. 

Class Eelgrass 

present 

Eelgrass 

absent 

User’s 

accuracy (%) 

Error of 

commission (%) 

Eelgrass present 41 1 97.62 2.38 

Eelgrass absent 1 12 92.31 7.69 

Producer’s 

accuracy (%) 

97.62 92.31 
Overall accuracy = 96.36% 

Error of omission 

(%) 

2.38 7.69 
Kappa coefficient = 90.30% 

 

Pléiades 

The validation accuracies obtained with the Pléiades image were much lower than those 

with the WorldView-2 images (Table 20), mainly because most of the sites with eelgrass 

were not classified in the eelgrass class, as shown in the associated confusion matrix 

(Table 21).  
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Table 7: Validation accuracies (%) obtained by comparing 2016 GPS field observations 

(1) and the Maximum Likelihood classifier applied to the 4 bands of the Pléiades image 

Class 
Producer’s 

accuracy 

User’s 

accuracy 

Eelgrass present 78.30 49.40 

Eelgrass absent 35.11 66.67 

Overall 54.43 54.43 

Kappa 33.23 33.23 
(1) Collected by David Forsey and Mélanie Leblanc with assistance 

from the Tabusintac & Esgenoôpetitj Watershed Associations 

 

Table 8: Confusion matrix between GPS field sites collected in 2016 (1) and the 

Maximum Likelihood classified image using the 4 Pléiades band images. 

Class 
Eelgrass 

present 

Eelgrass 

absent 

User’s 

accuracy 

(%) 

Error of 

commission (%) 

Eelgrass present 83 85 49.40 50.60 

Eelgrass absent 23 46 66.67 33.33 

Producer’s accuracy (%) 78.30 35.11 Overall accuracy (%) = 54.43 

Error of omission (%) 21.70 64.89 Kappa coefficient (%) = 33.23 
(1) Collected by David Forsey and Mélanie Leblanc with assistance from the Tabusintac 

& Esgenoôpetitj Watershed Associations 

 

Comparison between eelgrass presence maps 

Table 22 gives the total eelgrass extent extracted from the Mahoney and Hanson (2008) 

map, from the 2014 WorldView-2 classified image, and from the 2015 Pléiades classified 

image. There was a slight increase of about 2 km2 between 2008 and 2014 for the total 

eelgrass bed extent (Table 23, Figure 20). Over the whole bay, 9.68 km2 of eelgrass were 

present in both 2008 and 2014 (Table 23, Figure 20). There were 3.57 km2 of eelgrass 

present only in 2008 and 5.66 km2 of eelgrass present only in 2014. Figure 20 also shows 
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a difference along the sandbar area that could be due to changes in the shape and extent 

of the sandbar over time, as described by CBCL Limited (2014). 

Table 92: Eelgrass bed areas from the 2008 aerial photographs, the 2014 WorldView-2 

classified image, and the 2015 Pléiades classified image. 

Variable 2008 2014 2015 

Pixel count 53068213 61407258 30362678 

Area (m2) 13267053.25 15351814.5 7590669.5 

Area (km2) 13.27 15.35 7.59 

Table 23: Comparison of eelgrass bed areas between the 2008 aerial photographs and 

the 2014 WorldView-2 classified image. 

Variable 2008 & 2014 2008 Only 2014 Only 

Pixel count 38754960 14313253 22652298 

Area (m2) 9688740.00 3578313.25 5663074.50 

Area (km2) 9.68 3.57 5.66 

 

The eelgrass bed extent comparison between 2014 and 2015 showed that the eelgrass bed 

appears to have reduced by 50% in a single year (Figure 21, Table 24). This result should 

be taken with caution given that there are several potential factors that could have limited 

the accuracy of the Pléiades classification. 

Table 10: Comparison of eelgrass bed areas between the 2014 WorldView-2 classified 

image and the 2015 Pléiades classified image. 

Variable 2014 and 2015 2014 Only 2015 Only 

Pixel count 27264323 34142935 869141 

Area (m2) 6816080.75 8535733.75 217285.25 

Area (km2) 6.82 8.54 0.22 
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Figure 20: Eelgrass bed extent comparison between 2008 and 2014. Green areas indicate 

beds detected in 2008 and 2014, red areas indicate beds present in 2008 only, orange areas 

indicate beds present in 2014 only. 
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Figure 21: Extent comparison between the 2014 and 2015 eelgrass extent maps. Green 

areas indicate beds detected in 2014 and 2015, Red areas indicate beds detected in 2014 

only, orange areas indicate beds detected in 2015 only. 
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Discussion 

Comparison between Maximum Likelihood and Random Forests 

Our results for eelgrass presence in Tabusintac Bay with the MLC classifier applied only 

to the 8-band WorldView-2 image produced higher classification accuracies than those of 

Stantec (2014), who used the same image and classifier, probably because our refined 

training areas were more accurate. They were also higher than most of previous studies 

on eelgrass mapping using satellite imagery (Table 1). While RF was expected to produce 

higher classification accuracies, it was shown not to be better than MLC when only the 8 

bands of the WorldView-2 image were used (Table 8, Figures 10 and 11). While we 

achieved exceptionally good accuracies, additional data can be used to refine the 

classification. Byatt et al (2019) already showed that adding a digital elevation model, 

and slope data into their RF classification will improve the classification of a 

combination of RADARSAT-2 C-HH and C-HV with Landsat-8 OLI. Similarly, in our 

study, we might use Lidar bathymetry data that was collected over Tabusintac Bay in 

separate sections over two years (Webster et al 2015, Collins et al 2016), but software 

limitations and restrictions with translating vertical datum prevented us from effectively 

adding this dataset to the analysis.  

 

We expected that the inclusion of vegetation indices would improve the overall 

classification accuracy, as it is often the case in land focused studies. However there did 

not seem to be an advantage of using these indices, especially with the MLC classifier. 

With RF, among all the vegetation indices considered in the studies, the most important 
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ones were two vegetation indices that use the green band in their computation, i.e., the 

Normalized Red (NR) and the Green Difference Vegetation (GDVI). NR does not exhibit 

a large separability between classes by contrast to GDVI. The lack of improvement with 

the vegetation indices is likely because our study deals with water-related ecosystems; 

these indices were developed for applications specific to land studies that highlight the 

presence of vegetation or are proxies for vegetation greenness/water content.  

Comparison between WorldView-2 and Pléiades Imagery 

Field validation of the 2016 Pléiades classification showed that the classification was 

much less accurate (Kappa = 33.23%) than that of the WorldView-2 imagery from 2014 

(Kappa = 91%). Upon reviewing the differences between 2014 and 2015 imagery, there 

is an expansive amount of eelgrass “missing” in the 2015 classification, mostly in deeper 

waters. The poorer accuracy of the Pléiades classified image compared to the 

WorldView-2 classified image could be due to multiple factors, which can be sorted into 

two groups: 1) differences in the conditions for imagery and field data collection and 2) 

differences between the satellite sensors themselves. 

1. Data Collection Conditions 

The WV-2 imagery represents a good field collection scenario while the Pléiades 

collection represents a less than ideal scenario. Similar as in Stantec (2014), the 

WorldView-2 imagery was chosen to have an image being acquired under ideal weather 

and water column conditions, while the Pléiades imagery was acquired from a passive 

acquisition archive that did not necessarily reflect ideal conditions (Table 2). Nahirnick et 
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al (2018) carried out an extensive examination of field conditions that might impact 

benthic habitat classification using UAV and found that sun angle less than 40°, high 

Secchi depth and low wind speed correlate to expert confidence in classification results. 

Tasking a satellite to collect new imagery is more expensive than purchasing passively 

collected imagery from a data archive. The Pléiades imagery was not acquired at the 

lowest tide range possible, which implies a larger influence of the water column on 

spectral return. The most obvious sign of the effect of the water on the return signal is the 

extensive white cap and sun glinting in the Pléiades image, most notable in the 

midsection of the bay (Figure 22). 

 

Figure 22: True color composite (red band in the red channel, green band in the green 

channel and blue band in the blue channel) made with the Pléiades image in the mid 

section of Tabusintac esturay. The thin white lines and “speckles” on the imagery are an 

example of high return “sunglint” caused by wave action in the study site. 
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Even relatively low wind conditions can generate waves and cause both specular 

reflection and cresting white caps. Specular reflection, or sunglint, occurs when the angle 

of waves, sun, and sensor align in such a way that the reflected sunlight bounces directly 

of the water’s surface rather than traveling through the water column (Zimmerman and 

Dekker 2006). The combined effect of sun glint and the foam from cresting wave action 

will block out benthic features creating a static effect that confounds classification. The 

spectral similarity between deep water and non-exposed eelgrass classes in the Pléiades 

classification shows one of the limitations of optical remote sensing for underwater 

scenes: the water is between what you want to detect and the sensor. The presence of the 

water column over the target features will increasingly dominate the return signal as 

water depth increases. The water column influence is exaggerated by suspended sediment 

or dissolved organic matter, which can further dominate spectral return. Furthermore, 

Tabusintac estuary is at the mouth of a watershed which is subjected to deforestation, 

peat moss extraction and natural rates of erosion that can all contribute to water turbidity.  

 

There was also a difference in timing between Pléiades image acquisition and field data 

collection. Eelgrass meadows are very dynamic; they can shift in size, density and extent 

in response to natural or anthropogenic changes in the environment. Natural reproduction 

in the form of seed spreading (sexual reproduction) or the release and re-establishment of 

rhizomes (asexual) can create new patches, while the spread of roots and rhizomes can 

expand the extent of pre-existing patches (Moore and Short 2006). Eelgrasses can die off 

suddenly because of anthropogenic influences, such as burying due to sedimentation and 

mechanical damage from low set propellers or anchors. Włodarska-Kowalczuk et al 
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(2014) describe that biomass, complexity and cover in seagrass beds can pulse and from 

month to month, even within seasons. Some of the difference between the verification 

data (collected in 2016) and the imagery data (collected in 2015) could be explained by 

this normal variation in extent between years. Another major limitation in our 

methodology was our dependence on archival data. We were not in the field around the 

same time of imagery acquisition, so we were not able to collect water column 

parameters like upwelling & downwelling irradiance or turbulence measurements that 

have shown to be useful for analysis in other studies (Reshitnyk et al. 2014, Su and 

Huang 2019). We did indirectly collect tide and weather data (Table 2), but these were 

from stations that were up to 50km away from the study site. While we have described 

multiple factors that may have limited the final accuracy of our study, we cannot 

conclusively point to any specific confounding factor. Without being at the study site and 

collecting information during the time of image acquisition, we can only speculate on 

field conditions that could affect our results. 

2. Differences in Satellite Sensors 

The number, width and overlap of spectral bands are important factors in discriminating 

between different features in multispectral imagery. We used WV-2 multispectral 

imagery as in many previous satellite-based eelgrass studies (Table 1) because WV-2 

multispectral imagery has been shown to be effective for benthic mapping thanks to its 

coastal band. As a part of the Random Forests analysis, the green (506 – 586 nm) and 

coastal bands (396 - 458 nm) were identified (Figure 11) to be amongst the most 

important in that classification. However, our study was able to achieved better results 
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than the previous studies (Table 1). Also, one of the goals of our study was to assess the 

effectiveness of the Pléiades satellite for benthic mapping, as we could not find any 

published papers at the outset of our research that used Pléiades for this purpose. Pléiades 

has fewer spectral bands, greater overlap between each band, and covers a smaller 

spectrum of both visual and infrared light when compared to WV-2 (Table 2). While 

Pléiades has bands that are roughly equivalent to WV-2’s green bands, it does not have 

the coastal band that was shown to be very important for the WorldView-2 classification 

(Figure 11). Also, the spectral range of Pléiades bands are coarser than the ones of 

WorldView-2 (Figures 3 &4). 

Change of eelgrass extent in Tabusintac Bay over time  

2008 and 2014 

While a significant portion of eelgrass was “lost” between 2008 and 2014, a roughly 

equivalent amount was “gained” over the same period (Figure 17) and the total area 

coverage of eelgrass within the lagoon had remained relatively constant over time. 

Assuming that both remote sensing platforms had the same capabilities and depth 

penetration, this demonstrates the adaptability and dynamic nature of eelgrasses. There is 

also a possibility that water column conditions on the day that the WV-2 imagery was 

taken obscured some of the eelgrass meadow.  

2014 and 2015 

While there appears to a significant loss of eelgrass between 2014 and 2015, this result 

should be interpreted with a high degree of caution. Due to possible limitations with the 
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Pléiades classification it is more likely that the classification “missed” much of the 

eelgrass that is actually there. 

Conclusions 

Our study examined the use of two types of optical satellite imagery with two classifiers 

for mapping eelgrass beds in Tabusintac Bay to assess their respective effectiveness. The 

classification accuracy of eelgrass maps using Wolrdview-2 imagery was not improved 

by using the Random Forests classifier when compared to MLC. The comparison 

between WorldView-2 and Pléiades imagery seems to show that WorldView-2 imagery 

is more effective for mapping benthic scenes in Atlantic Canada, likely because of better 

spectral resolution. However, issues related the difference in time between image 

acquisition and field work, tide level during the image acquisition and poor field 

sampling conditions could also have limited the accuracy of the classification. 

 

Eelgrasses are key to the health of coastal ecosystems all over the world as they support 

and protect a myriad of species that have ecological and economic importance. This 

recognized importance has led to interest in developing effective and repeatable mapping 

protocols to monitor distribution of eelgrass beds. Our study only tested two types of 

optical satellite imagery and there is the need of future research to examine and assess 

other remote sensing platforms that might be useful in the Atlantic Provinces. This is 

particularly the case for the newly freely available Sentinel-2 and Landsat8-OLI imagery 

which have excellent spectral resolution.  
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