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Abstract: The eastern coastline of James Bay is known to have been home to sizeable eelgrass beds

(Zostera marina L.) which thrived in the bay’s shallow, subarctic waters. The region was subjected

to substantial hydroelectric dams, large fires, and other human activities in the past half-century.

To assess the impact of these factors on eelgrass beds, a historical reconstruction of eelgrass bed

distribution was performed from images acquired by Landsat-5 Thematic Mapper (TM) in 1988, 1991,

and 1996 and images of the Landsat-8 Operational Land Imager (OLI) in 2019. All the images were

classified using the Random Forests classifier (RF) and assessed for accuracy each year on a bay-wide

scale using an independent field validation dataset. The validation data were extracted from an

eelgrass bed map established using aerial photos and field surveys in 1986, 1991, and 1995 and from a

field survey in 2019. The overall validation accuracy of the classified images (between 72% and 85%)

showed good agreement with the other datasets for most locations, providing reassurance about the

reliability of the research. This makes it possible to use satellite imagery to detect past changes to

eelgrass distribution within a bay. The classified images of 1988 and 1996 were also compared to

aerial photos taken in years close to each other at ten sites to determine their ability to assess small

eelgrass beds’ shape and presence. Such a comparison revealed that the classified images accurately

portrayed eelgrass distribution even at finer scales.

Keywords: eelgrass; Cree; remote sensing; temporal monitoring; ecological monitoring; James Bay;

Eeyou Istchee

1. Introduction

Eelgrass (Zostera marina L.) is a seagrass species that is a common angiosperm plant
belonging to the seagrass growing in brackish and salt waters. This widely distributed
seagrass grows in shallow and intertidal habitats throughout the northern hemisphere and
provides valuable ecosystem services to terrestrial and aquatic ecosystems [1–4]. Eelgrass
beds are critical in coastal ecosystems as they stabilise sediments, influence current dy-
namics, provide habitats, and contribute to food webs [5]. They are good indicators of
nearshore ecosystem health and associated natural and anthropogenic disturbances [6]. In
addition, eelgrass beds serve as a source of shelter for fish and invertebrates, as well as
an essential source of food for migratory waterfowl [1–3,7]. While populations are stable
under pristine conditions [8], eelgrasses are declining worldwide [9] and in Canada due to
various factors [10–12].

In James Bay, referred to as Eeyou Istchee by the Cree inhabitants who have historically
resided in the region, the Cree rely on Canadian Goose (Branta canadensis) and Atlantic
Brant (Branta bernicla) hunting as a primary form of subsistence [13,14], both of which
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are documented to feed on eelgrass in the region [13,15]. For this reason, the health and
distribution of eelgrass in the bay are critical to the Cree Nation. The Cree land users of
Eeyou Istchee have noted steady declines in eelgrass coverage along the coast in the late
1980s and then a drastic decline in 1997–1998 [16,17]. They have also reported that since the
decline in the late 1990s, eelgrass recovery has been very slow, and the eelgrass currently
observed in some areas seems unhealthy (e.g., shorter, less dense, discoloured), which
has, in turn, affected the predictability of geese to appear around documented feeding
areas [18].

For the Cree population, the eelgrass decline coincided with the development of a
major hydroelectric complex affecting several watersheds along the eastern coast of James
Bay [19,20]. Developed during the 1970s and 1980s by Hydro-Québec (HQ), a public hy-
droelectric corporation [21,22], the La Grande Hydroelectric Complex aimed to exploit the
hydroelectric potential of the James Bay watersheds by a partial diversion of the drainage
from several rivers in La Grande River basin, to supply water in the Robert-Bourassa Reser-
voir, which has an area of approximately 2850 km2 and nine generating stations [23,24].
Such development results in a major increase (88%) in the annual rate of water discharge
(from 1800 to 3400 m3/s) from La Grande River flowing into James Bay, near the Cree
community of Chisasibi [22,24–27], with a peak at 4000 m3/s in winter [22,23]. One-third
of the freshwater entering James Bay now comes from the discharge of La Grande River,
which was artificially combined with the flow of other large neighbouring rivers [28]. One
of the most important consequences of this greater outflow is the formation of a plume
of freshwater at the mouth of La Grande River, advancing into James Bay and moving
northward along the coast [23,27]. At the same time, the freshwater flow of the Eastmain
River, another major river flowing into James Bay near the Cree community of Eastmain,
was reduced by 90% from 980 to 90 m3/s [22,26,29–31]. The importance of the hydrological
and ecological impacts of the La Grande Hydroelectric Complex on the eelgrass distribu-
tion along the eastern coast of James Bay was considered to be significant [19,20,32] or
negligible [23,25,33], depending on the study.

To properly assess the impacts of manmade structures such as dams and/or natural
disturbances on eelgrass beds, it is necessary to map their extent and distribution at
sometimes extensive sites or remote sites [34]. To detect underwater eelgrass, sonar [35–38]
and bathymetric lidar data [39–47] were sometimes used. Still, both methods have many
inconveniences, requiring expensive equipment for acquisition. Also, data are acquired
following transects that need to be interpolated to produce a map. An alternative is using
optical imagery that has large footprints. Previous studies used aerial photographs [23]
but covered a limited area and required manual interpretation [48,49]. This is also true
for images acquired with a drone [50]. By contrast, satellite imagery provides much
more extensive coverage of subtidal zones at the same time and smaller costs if not free
of charge [35,51–53]. One of the most interesting satellite imagery to be considered is
the Landsat imagery, thanks to its lengthy archive. Landsat archived images were used
to delineate the distribution of eelgrass meadows elsewhere in Canada and the world
(e.g., [53–56]).

For the eastern coast of James Bay, the first large-scale eelgrass map was made for the
Canadian Wildlife Service in 1973–1975 by Curtis and Audet [57,58] at a scale of 1:125,000
from the interpretation of black-and-white aerial photography [59]. Subsequent coastal-
wide eelgrass mapping at a scale of 1:250,000 was conducted in 1986 [59,60], 1991 [61], and
1995 [30]. Each map was derived from interpreting 1:10,000 aerial photos and validated
during low-altitude and low-speed helicopter flights, canoe travel with local guides, and
dives at certain sites [23]. More recently, satellite images were tested. Kennedy et al. [62]
conducted an eelgrass change detection analysis using Landsat-5 TM images acquired
between 1988 and 2003. While they could detect changes in the eelgrass distribution with
image differentiation techniques, they could not properly classify the images or produce a
distribution map. WorldView®, PlanetScope®, and RapidEye®-5 images were tested with
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a Maximum Likelihood Classifier (MLC) or unsupervised IsoCluster classifier, but the
resulting classification accuracies were below 76% [19,63,64].

In this study, we aim to present a mapping approach for evaluating the distribution of
eelgrass along the eastern coast of James Bay, utilising freely available imagery from the
Landsat-5 Multispectral Instrument (MSI) and Landsat-8 Operational Land Imager (OLI).
The images were classified using Random Forests, which were shown to outperform the
Maximum Likelihood Classifier (MLC) in several studies [54,65–68]. The classified images
were validated using historical maps produced for Hydro-Québec (referred to hereafter as
the HQ maps) and field data. Our method’s accuracy, limitations, and applicability were
discussed, and recommendations were made for a consistent future eelgrass distribution
monitoring approach. This study contributed to the James Bay Coastal Habitat Compre-
hensive Research Program (JBCHCRP), a Cree-driven project aiming to combine Cree’s
traditional knowledge with Western science to better understand environmental changes
in the coastal ecosystems and ecosystem services of Eeyou Istchee [20].

2. Materials and Methods

2.1. Study Area

The study area is located on the eastern coastline of James Bay, in northwestern
Quebec (Figure 1), and extends roughly from 52◦05′N to 54◦24′N in latitude. James Bay is
the southern extension of the larger Hudson Bay, the largest estuary in the world [69], and
represents the most southerly extension of Arctic waters [70]. The coastal land, also known
as Eeyou Istchee, is the traditional territory of the Eeyou or Cree Nations and encompasses
a vast area covering a diverse landscape, including boreal forests, tundra, wetlands, rivers,
and lakes. Three Cree communities (Chisasibi, Wemindji, and Eastmain) exist in the coastal
territory in the study area (Figure 1). The study area has numerous rivers that flow into
James Bay and drain an area of approximately 415,000 km2.

tt

′ ′

Figure 1. Study area showing the two areas of interest (AOIs) located north and south of the Cree

community of Chisasibi, considered in this study.

Our study considered only two areas of interest (AOIs) located along the coastline,
where historical maps of the eelgrass distribution existed [30], which were used for validat-
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ing the 1988, 1991, and 1996 classifications. The first zone is located north of Chisasibi and
spans from 54◦0′N to about 54◦40′N, and the second one is south of Chisasibi and spans
from 53◦20′N to 53◦45′N (Figure 1). For the 1988 case, the south Chisasibi zone covers
the same extent as the other years, even though the Hydro-Québec map does not cover
the entire area. Both areas of interest (AOIs) are located on each side of the La Grande
River, the most important outlet of the hydroelectric complex established in this region [24].
One of the main consequences of the water discharge of La Grande River is a large plume
of freshwater entering the bay from the mouth of the river [27]. The study area does not
consider this river mouth and its immediate vicinity since no ground-truth data were
collected for HQ in the mouth.

For four reasons, the eastern coast of James Bay coast is an ideal environment for
eelgrass development. First, the water depth is generally less than six meters over an area
up to approximately 15 km offshore [28]. In addition, the slope in the various embayments
of James Bay is quite gentle, varying from 0.5 to 3% [28,71], creating large subtidal areas
that offer good growing conditions [23,30,33]. Second, with no rocky substrate, the seafloor
is made of thick deposits of fine marine sand and silty clay, with some pebbles that are
most likely ice-rafted [28,72,73]. Third, numerous sheltered bays exist, especially north
of Wemindji [58]. Indeed, the coastline is extremely irregular and winding, having a
jagged shape, with numerous capes, peninsulas, points, bays, estuaries, and coves of
varying sizes [74]. The whole Quebec side of James Bay measures, from south to north,
approximately 380 km in a straight line, but the coast measures more than 1400 km [74].
Fourth, the east coast of James Bay is not subjected to high tidal amplitudes [73]. While
there is no tide gauge station in the area, it is possible to estimate the tidal range using a
formula [75]. According to the Canadian Hydrographic Service [76], the mean tidal range
is estimated to be between 0.8 and 1.5 m in height, while the highest tidal amplitudes are
between 1.1 and 2.1 m in height, which are rather low [73]. By contrast, the tides at the Bay
of Fundy (Canada) have an amplitude of up to 12.3 m for the mean tide and up to 15.9 m
for the highest tide [77].

Eelgrass beds would tend to migrate offshore [23,61,78] because of the glacio-isostatic
rebound of the area as shown by the presence of numerous raised beach ridges [28]. Indeed,
during the late Quaternary era, the area was covered by a vast inlandsis known as the
Laurentide Ice Sheet [79,80]. This inlandsis began to leave the region approximately 9000
and 8000 years ago, leading to the flooding of the lowlands by the Glacial Lake Barlow-
Ojibway and then by the Tyrrell Sea [28,79–82]. This sea left marine clay deposits on late
glacial submerged lands at a present-day elevation ranging from 198 to 315 m [79–82]. The
local crust, depressed by the ice weight, slowly rose with the retreat of the Laurentide Ice
Sheet. Initially fast, the postglacial uplift gradually slowed but continued at an estimated
present-day rate ranging from roughly one cm/year [83]. Since many tidal flats have a
slope of about 0.5 m/km [70], the glacial-isostatic rebound is expected to cause about one
to two km of dry land to emerge per century in James Bay despite the global sea rise [28].

Another characteristic of the east coast of James Bay is the general circulation of the
surface water. It follows a large cyclonic or counterclockwise regime during the open water
season, such as for any large water bodies located in the northern hemisphere [28,70,84–86].
Such a water circulation is characterised by a longshore drift current running along the
coast [73,85,86]. A speed of 19 cm/s was measured in summer with a meteorological
buoy located at the northern end of James Bay [85,86]. The current has a northerly direc-
tion [73,85,86], as shown by the movement of ice-drift blocks during the spring thaw and by
the plume of murky water emerging from streams when the bay’s water is free of ice [73].
In addition to the drift current, the rivers also produce currents, as shown by the freshwater
flumes observed at the river mouths [87]. Although bay currents could be considered weak,
eelgrass beds are protected from the direct action of currents and waves thanks to their
location in numerous embayments and islands along the coast [72,88].
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2.2. Image Selection and Acquisition

This study used Landsat imagery acquired for each year where existing eelgrass
distribution data intersected with the availability of cloud-free Landsat imagery along the
eastern coastline of James Bay (Table 1). Images were downloaded free of charge from the
United States Geological Survey’s (USGS) EarthExplorer website [89], using the most recent
collection of multispectral Landsat imagery available (Collection 2, Level 1) [90,91]. The
GISGeography website [92] explains step by step the method used to select and download
the Landsat imagery. Image selection was prioritised according to two criteria: (i) images
were as free of cloud cover as possible, and (ii) images were acquired as close as possible to
the peak eelgrass biomass season (late summer). For 1991 and 1996, cloud-free Landsat-5
TM imagery was available for the entire extent of the area covered by the maps derived
from the aerial photographs in 1991 and 1995, respectively. For the 1986 historical data,
cloud-free imagery was unavailable for the 1985, 1986, and 1987 summers. Fortunately,
in the summer of 1988, Landsat cloud-free imagery was acquired for most of the eastern
coastline, except for the northernmost part of the study area covered by clouds during the
same date. The cloud cover in this last image does not obstruct the view over coastal waters.
Finally, we also used 2019 Landsat-8 OLI imagery that covers both zones and coincides
with the 2019 summer field survey by the CHCRP eelgrass field team [16,32]. Table 2 lists
the wavelengths of the bands of the Landsat-5 and Landsat-8 images used in this study.

Table 1. A list of the images used in this study, associated data, and cloud cover.

Sensor Image Acquisition Date Image Path/Row

Landsat-5 MSI

24 July 1988
020020/020022
020020/020023

17 July 1991
020020/020022
020020/020023

16 September 1996
020020/020022
020020/020023

Landsat-8 OLI 16 September 2019
020020/020022
020020/020023

Table 2. The wavelengths (in nm) of the bands of the Landsat-5 and Landsat-8 images used in

this study.

Band Name Landsat-5 TM Landsat-8 OLI

Coastal 430–450
Blue 450–520 450–510

Green 520–600 530–590
Red 630–690 640–670
NIR 760–900 850–880

SWIR1 1550–1750 1570–1650
SWIR2 2080–2350 2110–2290

Due to the limited amount of cloud- and ice-free scenes that covered the coastline’s
full extent, the tidal level was not accounted for when selecting imagery. In addition, tidal
data for this region are inconsistent, so accurate tidal measurements do not exist between
1986 and 1995, i.e., during the period of the eelgrass mapping already produced. Even if it
is possible to estimate tide heights from mathematical formulas, the time for the extreme
water heights does not occur simultaneously and with the same height amplitude for
the entire coast of James Bay. For example, using the estimate values from the Canadian
Hydrographic Service [76], it was possible to draw a plot showing the tide height variation
during the day related to the Lowest Normal Tide (LNT) computed for two stations located
along the eastern coast of James Bay on 16 September 2019, which corresponds to the date
of acquisition of the Landsat-8 image (Figure 2). This graph shows that, at the time of image
acquisition, the tide height was quite different between the station in the northern part
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of James Bay (La Grande Rivière) compared to the station in the southern part of the bay
(Eastmain). Indeed, there is a delay of approximately six hours in the arrival of a low tide
between La Grande Rivière (station Loon Islands, ID 4680) and Eastmain (ID 4710), which
are distant only by approximately 185 km. It is, therefore, impossible to determine a single
tide height for the coast based only on the estimate of a single station, as was conducted in
some previous studies [19,64].

ff

Figure 2. Variation in the tide height during the day of acquisition (16 September 2019) of the

Landsat-8 OLI imagery, computed for two stations located along the coast of James Bay, using the

formula of the Canadian Hydrographic Service [76]. The dashed line corresponds to the time of the

Landsat image acquisition over the AOIs.

2.3. Ground-Truth and Validation Data

The classified Landsat images for 1988, 1991, and 1996 were validated with the cor-
responding HQ map already published in 1986 [59], 1991 [88], and 1995 [30], respectively
(Figure 3). The maps were first digitised and georeferenced using the Georeferencing tool-
box of the ESRI’s ArcMap Desktop (version 8.1), allowing users to compare point locations
between the target map and reference image. Due to changes in tide between each image,
as well as potential coastline changes due to the high rates of the isostatic rebound in the
region [23], each historical map was georeferenced using its respective year’s Landsat-5 MSI
imagery as the reference image. Once each map was digitised, the distribution polygons
were traced manually and saved as polygon shapefile data. For the 2019 classification, the
image was validated against field data acquired by snorkelling/diving the same year. Each
field data of eelgrass presence/absence, and the GPS coordinates of each evaluation site
were recorded. The dataset was then converted to a point shapefile dataset.

2.4. Bathymetric Data

In James Bay, eelgrass generally grows in areas of less than 5 m water depth and
recently has only been observed at less than 2 m [16,23,88]. Therefore, a depth mask should
be created to minimise eelgrass being erroneously classified in the “Deep Water” class.
Unfortunately, actual bathymetric maps were unavailable for most of the bay. However, we
were able to use predicted water depths in meters from the General Bathymetric Chart of
the Oceans (GEBCO)-gridded bathymetric dataset (GEBCO_2023 Grid) [93]. The GEBCO
dataset estimations were computed with the Global Terrain Model for the Ocean, based
on a gravity model following the method of [94] on a 15 arc-second interval grid [95].
Even if the spatial resolution of this dataset is coarse (~290 m × ~460 m), it can be used to
generate a bathymetry map over the northeastern coast of James Bay because it completely
covers the seafloor and highlights the variations in the underwater relief, particularly the
depressions at the mouths of the main rivers. The GEBCO water depth estimates were
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further validated locally by values extracted from nautical charts [96,97]. These additional
data allow the creation of two additional input features for the classifier (Figure 4). The first
one (RD-1) defines the deep-water zone, i.e., water depth higher than 5 m, and corresponds
to the maximum depth in which eelgrass has been observed in both AOIs [23]. The second
one (RD-2) defines the shallow water zone (water depth of less than 2 m) and corresponds
to the area where eelgrass plants are the most abundant [72]. Both layers (RD-1 and RD-2)
were only delineated with no islands along the coast. The island zone was considered a
shallow water zone.

AOI 1986 1991 1995 

North  

of  

Chisasibi 

   
South  

of  

Chisasibi 

   

Figure 3. Manually digitised historical eelgrass bed distribution maps produced for Hydro-Québec

in 1986 [59], 1991 [88], and 1995 [30], all overlaid over the ERSI’s ArcMap basemap. The yellow box

delineates the two AOIs considered in the study.
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tt

tt

Figure 4. A map of the relative depths (RD-1 and RD-2) along the eastern coast of James Bay, created

from the GEBCO bathymetric grid [93].

2.5. Input Features

Figure 5 shows the various steps of the image processing method applied in this
study. Before further analysis, level-1 Landsat imagery was corrected for atmospheric
effects (i.e., aerosol scattering, sun glint, etc.). To conduct this, ACOLITE, a free, open-
source atmospheric correction software created by the Royal Belgian Institute of Natural
Sciences, was selected due to its ease of use across multiple types of multispectral satellite
imagery, as well as its capability to perform numerous processing steps, such as the
merging of adjacent imagery, sun glint correction, and production of derived imagery
layers, such as turbidity [98,99]. ACOLITE was also shown to perform better than other
similar freely available atmospheric correction software in turbid coastal waters for the
atmospheric correction of multispectral satellite imagery [100–102]. The output image is
the ”remote sensing reflectance” of water pixels, which utilises a SWIR-based land mask to
filter out land-based pixels created by ACOLITE [98,99]. Once the ACOLITE processing
was completed, all subsequent image processing was performed in PCI Catalyst® (version
2023.0.2) software.

The atmospherically corrected images produced by ACOLITE were inputted into
the RF classifier. Additional layers were added to each classification to bolster the RF
classifier performance. The first is an ACOLITE-derived turbidity layer, expressed in
Formazin Nephelometric Units (FNU) [103,104]. Other layers include eleven vegetation
indices (Table 3), selected based on work in another study area [105]. Since bathymetry
is an important factor in explaining eelgrass distributions in James Bay, in the absence
of bathymetry data, similarly as in [106], we used two types of proxies to consider the
bathymetry. The first type of proxy is the bathymetric ratios developed by [107], which are
based on a ratio decay algorithm designed for evaluating satellite-derived bathymetry and
can be used when the water is clear. With both Landsat-type images, it was possible to
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calculate bathymetric ratios based on the reflectance values measured in the blue, green,
and red bands (Table 3). In the case of the Landsat-8 OLI images, the reflectance ratio
between the coastal band and the other visible bands was also computed (Table 3). The
second type of bathymetry proxies comprised two “relative depth” layers created from
the GEBCO bathymetric grid [93]. It corresponded to the depth limits of the eelgrass beds
already recorded locally. Although eelgrass beds can be observed at depths of 10 to 12 m in
clear ocean waters [108], they are found at much lower depths along the eastern coast of
James Bay [88]. The first layer (RD-1) determines the extent of water with a depth of less
than 5 m below the mean low water level (MLWL), which corresponds to the maximum
depth in which eelgrass has been observed in AOIs [23]. The second layer (RD-2) defines
the shallow water zone (water depth of less than 2 m) and corresponds to the area where
eelgrass plants are the most abundant [72].

 

tt

ff −

ff
−

ff −

ff −

Figure 5. A flowchart of the methodology used to process and classify Landsat imagery to map the

eelgrass distribution along the eastern coast of James Bay.

Table 3. Vegetation indices and bathymetric ratios considered in our study.

Variable Layer Name Formula (1) Reference

DVI Difference Vegetation Index NIR − R [109]
GDVI Green Difference Vegetation Index NIR − G [110,111]

GNDVI
Green Normalised Difference

Vegetation Index
(NIR − G)

/(NIR + G)
[112]

GRVI Green Ratio Vegetation Index NIR/G [110]

NDAVI
Normalised Difference Aquatic

Vegetation Index
(NIR − B)

/(NIR + B)
[113]

NDVI Normalised Difference Vegetation Index
(NIR − R)

/(NIR + R)
[114]

NG Normalised Green Vegetation Index G/(NIR + R + G) [110]

NNIR
Normalised Near-Infrared

Vegetation Index
NIR

/(NIR + R + G)
[110]

NR Normalised Red Vegetation Index R/(NIR + R + G) [110]
RVI Red Ratio Vegetation Index NIR/R [115]

WAVI Water-Adjusted Vegetation Index
1.5 (NIR − B)

/(NIR + B + 0.5)
[113]

Coastal/Green Bathymetric Ratio (Coastal/Green) Ln(C)/Ln(G) [106]
Coastal/Red Bathymetric Ratio (Coastal/Red) Ln(C)/Ln(R) [106]
Blue/Green Bathymetric Ratio (Blue/Green) Ln(B)/Ln(G) [106]
Blue/Red Bathymetric Ratio (Blue/Red) Ln(B)/Ln(R) [106]

RD-1 Relative Depth 1 Water < 5 m deep This paper
RD-2 Relative Depth 2 Water < 2 m deep This paper

(1) B = reflectance in the blue band; C = reflectance in the coastal/aerosol band; G = reflectance in the green band;
NIR = reflectance in the near-infrared band; R = reflectance in the red band.



Remote Sens. 2024, 16, 2717 10 of 38

2.6. Model Training Data

The Random Forests classifier used in our study is a supervised classifier that requires
training data in polygon shapefile format. Since water conditions in the bay (including
turbidity, ice, wind, wave action, etc.) can be highly variable based on the time of year [26],
training areas had to be individually created for each classification year. Five water classes
were considered for each Landsat image: “Eelgrass”, “Seafloor”, “Low Turbid Water”,
“High Turbid Water”, and “Deep Water”. Figure 6 displays ground pictures acquired in
situ of the three first classes and a UAV RGB image of the fourth class.

(a) Eelgrass 

 

(b) Seafloor 

 
(c) Low Turbid Water 

 

(d) High Turbid Water 

 

Figure 6. Underwater pictures of eelgrass, seafloor, and low turbid water were acquired by the

CHCRP eelgrass field team [32], and one UAV RGB image was acquired over high turbid water along

the eastern coast of James Bay.

The number of training pixels created for each class and classification year is listed
in Table 4. The “Eelgrass” class corresponds to eelgrass meadows with a concentration of
eelgrass plants high enough to be distinguished from other classes (Figure 6a), i.e., at least
50% for a surface covered by a pixel (30 × 30 m) of a Landsat image. Such a density of
eelgrass plants was already used in previous eelgrass mapping [23,30,59]. When submerged
aquatic vegetation dominates the area, nearshore pixel reflectance is usually expressed as a
strong green hue in RGB imagery. Training areas for the classified historical imagery (1988,
1991, and 1996) were extracted from the distribution maps of Figure 3 derived from aerial
photos [30,59,61] and from the photointerpretation of the multispectral imagery. Priority
for creating training polygons for the eelgrass class was given to areas of consistent eelgrass
presence or locations where eelgrass presence was recorded for each of the three historical
years. Likewise, no deep water training polygons were created over pixels containing
eelgrass on any historical distribution maps. For the 2019 classification, training polygons
were derived entirely from the photointerpretation of the Landsat-8 imagery. The point
field dataset used to validate the 2019 model was not used for guiding the creation of
training areas for these years since that would deprecate the ability of these data points to
validate the 2019 classified image.
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Table 4. The number of training pixels used to train the Random Forests model according to the year

and class.

Class 1988 1991 1996 2019

Eelgrass 4604 3028 4012 3225
Low Turbidity 9234 38,501 14,568 7795
High Turbidity 1962 417 3744 2474

Seafloor 2721 1034 1726 905
Deep Water 119,800 56,024 79,992 106,253

Total 138,321 99,004 104,042 120,652

For all image classification, the low and high turbid water training polygons were
created solely based on the photointerpretation of the RGB composites, regardless of the
year of classification, with the low turbid water showing a distinctly greyish colour and the
high turbid water showing a distinctly brownish colour. This class is also well-defined in
the turbidity layer computed by ACOLITE. A bare seafloor was defined as pixels close to
the shoreline, where the seafloor was visible, and the dominant reflectance signature of the
pixels was not indicative of submerged aquatic vegetation. The “Deep Water” class was
defined by water pixels that did not appear to have a distinct hue (i.e., appearing dark blue
or black on the RGB multispectral satellite imagery), were not close to shore, and where no
presence of eelgrass was indicated from the historical data.

When delineating the training areas, care was taken to have enough pixels to represent
each class effectively and reduce each class’s spectral variance. For each classification year,
each set of training data was created in an iterative process until the Bhattacharyya or
Jeffries-Matusita (J-M) distance (as defined in [116,117]) between two classes was higher
than 1.9 over 2, which corresponds to an excellent class spectral separability. After complet-
ing the training area delineation, the spectral separability between the various classes was
confirmed graphically by the spectral reflectance curves. Such curves show the difference
in the spectral response for each specific class over the wavelengths of the electromagnetic
spectrum [116]. The training areas were deemed satisfactory when the two conditions were
met (enough training areas and good spectral separability).

2.7. Random Forests Image Classification

Random Forests (RF) is a nonparametric supervised classifier developed by [118]. The
RF classifier generates a series of decision trees whose complexity is directly related to
the number of image layers used. This study executes RF classification with an R script
designed for classifying multispectral satellite imagery [119]. RF was selected because it
was shown to outperform the Maximum Likelihood Classifier (MLC) [54,65–68]. We used
the “all polygon” option of RF because it gives a higher mapping accuracy by classifying
the image with the complete set of training polygons, as shown in [120]. RF classification
algorithms randomly sampled all pixels or objects as candidates at each node in the forest,
which included 500 independent decision trees with the default value of the mtry variable.
Such a value is the square root of p, where p is the number of variables in x (i.e., the matrix
of predictors for the classification). Within each decision tree, two-thirds of the training
data were randomly selected (“in-bag” data; IB) to develop it. This tree was validated using
the remaining third of the data (“out-of-bag” data; OOB). This process was repeated for
500 decision trees and produced 500 independent classifications. They were combined to
produce the final classified image.

The classification was performed using a combination of individual band reflectance
(Table 2) with the associated vegetation indices, bathymetric ratios, and the two relative
depth layers (Table 3). The classification uses an iterative method where the training
areas are adjusted until the overall classification accuracy reaches a value higher than
90%. Finally, RF ranked the degree of importance of each input feature in the classification
based on the mean decrease in the accuracy of each input feature [121]. The mean decrease
in accuracy expresses how much classification accuracy the model loses by excluding a
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variable; the more the accuracy suffers, the more important the variable. The importance
of each feature (or layer) relative to the other is ranked by establishing its ability to create
pure splits in the decision tree and contribute to a cleaner partitioning of the data [122].
This allows us to differentiate informative variables, i.e., the most important variables,
from non-informative predictor variables, i.e., the less important variables, in the image
classification process [123]. This study computed the variable importance for each classified
image to determine which features appear most often in the top 10 for detecting underwater
eelgrass beds.

2.8. Postprocessing

Each final classified image was meticulously filtered using a SIEVE filter in PCI
Catalyst® (version 2023.0.2). This filter, designed to eliminate smaller unconnected pixels,
was employed to minimise the influence of minor misclassifications on the overall accuracy.
The SIEVE filter, which removes all pixels connected to less than five other pixels with the
same value, operates on the principle of eight connectedness [124]. Five pixels represent
the minimum filter size recommended for habitat mapping [4]. It should be noted that,
based on air photo interpretation and field observations, most eelgrass beds are not highly
patchy and are large enough to be mapped on a map at a scale of 1:125,000, i.e., 15,525 m2.
In our classified images, their size should exceed 4500 m2, i.e., the equivalent of 5 pixels
of one Landsat-5 TM image with a spatial resolution of 30 m, to be detected and mapped.
Therefore, the SIEVE filter has no significant impact on the mapping of large eelgrass beds,
ensuring the accuracy of our results.

2.9. Accuracy Assessment

The accuracy of the classified images was assessed in two ways. First, training data
were compared to classified images to estimate the classification accuracies. This was
conducted using a confusion matrix, where each cell expressed the number of pixels in each
class defined by training data with the number of classified pixels. The confusion matrix
allowed us to compute the overall classification accuracies as well as individual user’s
(UAs) and producer’s class accuracies (PAs), as defined in [125]. Even if RF is considered
among the best classifiers, it tends to overestimate the classification accuracy [126]. This
is why the accuracy of the classified images was also evaluated by comparing them to
other datasets that were different from the training polygons and generated for each year
of classification. For the 1988, 1991, and 1996 classified images, the validation points of
eelgrass were randomly selected over the maps derived from historical aerial photographs
(Figure 3), while the validation points of eelgrass for 2019 were in situ observations made
by the field team of the James Bay Comprehensive Coastal Assessment Program (JBCCAP)
in 2019 [16]. Each site of validation was classified into two groups: (1) detectable eelgrass
found on the site (Present), and (2) no eelgrass was detected in the sea bottom (Absent).
This second validation class regroups all sites classified as “Seafloor” and “Deep water”.
When a validation site falls into one of the two classes of turbid water mapped in the
classified image, it is not used since it is impossible to determine whether the water bottom
is covered with eelgrass. For each validation data point, classes were extracted from the
classified image using the Extract Values to Points tool of ESRI’s ArcMap® Desktop (Version
8.1). Confusion matrices and associated accuracies were then computed following [125].

2.10. Comparison to Aerial Photos

To examine how our classified images perform at smaller scales, a subset of the aerial
photos taken by Hydro-Québec that were used to derive the eelgrass distribution maps
was compared visually with our classified image at specific locations of the map in Figure 3.
The location of these sites is listed in Table 5. Each photograph was annotated with the
continuous and discontinuous eelgrass distribution limit for each site. These annotated
aerial photographs correspond to field surveys from 1986 and 1995, so the classifications
from 1988 and 1996 were compared to these photographs. Due to the difference in scale,
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it was impossible to directly overlay the classified images with a scale of about 1: 30,000
with the HQ eelgrass maps, which have a scale of 1:125,000 (Figure 3). However, for seven
sites, we could overlay the limits of eelgrass beds extracted from the classified images and
from air photo subsets with eelgrass limits, which were published in [30]. These air photos
were first digitised and orthorectified, and the limits were overlaid on the classified images.
Such an overlay enabled us to create a map having three classes: (1) areas where the extent
of eelgrass agrees between the classified image and the HQ map; (2) areas where eelgrass
only exists on the HQ map; and (3) areas where eelgrass only appears on the classified
image. This comparison was used to visually evaluate the accuracy of the maps produced
by the classification of Landsat imagery at a fine resolution.

Table 5. The location of the sites used for the monitoring of eelgrass beds by studies ordered by

Hydro-Québec (HQ) for the years 1986 [59] and 1995 [30].

Site Number Longitude (West) Latitude (North)

HQ-07 79◦27′51′′ 54◦17′40′′

HQ-08 79◦25′23′′ 54◦17′17′′

HQ-09 79◦27′50′′ 54◦14′17′′

HQ-10 79◦07′00′′ 54◦08′59′′

HQ-11 78◦59′09′′ 53◦34′27′′

HQ-12 79◦06′34′′ 53◦30′34′′

HQ-13 79◦04′35′′ 53◦27′04′′

3. Results

3.1. Spectral Separability between Classes

Spectral separability between classes varied widely between years, with an average of
1.982 (Table 6), with 2 representing a perfect measure of class separability and 0 representing
a complete lack of class separability. Separability between eelgrass and bare seafloor was
the highest of all the class pairs, averaging 1.992 across the four classification years. Low
turbidity and Deep water were the classes with the lowest average separability (1.946)
when averaging over the four years. They had the lowest separability between class pairs
in three of the four years. Compared to the average separability across the years, the 1996
and 2019 Landsat images showed the highest average class spectral separability between
all spectral class pairs. These two years also showed excellent separability between the
eelgrass classes and all other class pairs, with an average separability between eelgrass and
all other classes of 1.996 and 1.999 for 1996 and 2019, respectively. The 1988 classification
showed the worst average separation between eelgrass and the other class pairs evaluated,
consistent with this year having the lowest overall separability between all the evaluated
training class pairs.

The spectral reflectance curves confirm the good spectral separability between all the
water classes defined with the training areas as a function of the Landsat bands (Figure 7).
According to the spectral response recorded by the training areas, all the classes exhibit a
general trend that matches how we would expect the light to be absorbed in water, with
a stronger reflectance in the green band, which gradually becomes weaker in the longer
wavelengths, due to the high absorption by water. This curve also shows that eelgrass
detection in water is ensured by a difference in the reflectance value from the vegetation
class compared to achlorophyllous classes, such as turbid water, seafloor, and deep water.
The spectral reflectance curves also show that the reflectance increases with turbidity, as
observed in [127]. However, because the spectral signature of the “High Turbid” class has
the strongest reflectance values, eelgrass growing underwater may not be detectable due to
the abundance of suspended particles in the water column.
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Table 6. Class spectral separability assessed using Jeffries-Matusita (J-M) distances calculated using

the combination of Landsat spectral bands for each sensor (list of these bands is found in Table 2).

J-M distance values range from 0 to 2, 2 representing perfect class separability.

Year Average Class Eelgrass Low Turbid High Turbid Seafloor

1988 1.950

Low Turbid 1.936
High Turbid 1.901 1.923

Seafloor 1.974 1.981 1.968
Deep Water 1.980 1.906 1.931 1.998

1991 1.983

Class Eelgrass Low Turbid High Turbid Seafloor
Low Turbid 2.000
High Turbid 1.966 1.999

Seafloor 2.000 2.000 2.000
Deep Water 1.987 1.904 1.979 2.000

1996 1.996

Class Eelgrass Low Turbid High Turbid Seafloor
Low Turbid 2.000
High Turbid 1.997 2.000

Seafloor 1.994 2.000 1.996
Deep Water 1.999 1.992 1.986 2.000

2019 1.997

Class Eelgrass Low Turbid High Turbid Seafloor
Low Turbid 2.000
High Turbid 1.999 2.000

Seafloor 2.000 2.000 1.999
Deep Water 1.999 1.984 1.985 2.000

Average 1.982

Class Eelgrass Low Turbid High Turbid Seafloor
Low Turbid 1.999
High Turbid 1.999 1.999

Seafloor 1.999 1.999 1.991
Deep Water 1.999 1.946 1.970 1.999

ff

(a) 1988 

 

(b) 1991 

 
(c) 1996 

 

(d) 2019 

 

Figure 7. The spectral signatures of each class as a function of the year. Reflectance values are

expressed from 0 to 1.
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3.2. Image Classification

The overall accuracies of each respective image classification displayed in Figure 8
varied between 94.51% for the 1996 classification and 99.85% for the 2019 classification
(Table 7). Producer’s accuracies for the “eelgrass” class were the lowest for the 1996
classification (89.29%) and the highest for the 2019 classification (99.95%). By all three
metrics stated, the 2019 classification using Landsat-8 imagery was the most accurate of the
four classified images, and the 1996 classification (Landsat-5) was the least accurate.

Year North of Chisasibi South of Chisasibi 

1988 

  

1991 

  

Figure 8. Cont.
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1996 

  

2019 

  

tt

Figure 8. Classified images as a function of the year produced by the RF classifier.

RF produces a list of variables used according to their order of importance (Table 8).
Like [50,54,105], we found that the green reflectance band was among the most important
in every image classification, particularly for the 1991 classification, mostly because this
band has better penetration in water [128–130] and is more sensitive to the green vegetation
found near the water surface [54,105,130–132]. The other visible bands (red and blue)
are also among the most important, with the coastal band in the Landsat-8 OLI satellite
image, because the wavelengths associated with these bands can penetrate more deeply
through the water. While near-infrared radiation is expected to be readily absorbed by
water [98], the NIR reflectance band is among the ten most important variables in the
classification of the Landsat-5 TM images, likely indicating that eelgrass plants are found
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in very shallow water [129,133,134]. Because they do not penetrate water as well due to
their longer wavelength [128], the shortwave infrared bands (SWIR-1 and SWIR-2) are
less important, as shown by the reflectance values used to draw the curves (Figure 7).
The turbidity layer produced with ACOLITE was also important for all the classified
images (Table 8), particularly for the 2019 classified image, as the waters of James Bay were
particularly murky during that year [107]. Although eelgrass is a chlorophyllous feature,
the vegetation indices were generally less important than the original bands of reflectance,
except for the Green Difference Vegetation Index (GDVI), which is based on the reflectance
of the two spectral bands that are the most sensitive to the presence of vegetation, namely
the green and the NIR spectral bands (Table 3). Finally, among all bathymetric variables
used in RF, the Relative Depth-1 (RD-1) and the blue/green ratio are always among the top
10 most important variables in all the classification of Landsat imagery. The Relative-Depth
1 (RD-1) variable seems very important, even if the water could be murky.

Table 7. Confusion matrices (in number of pixels) and associated classification accuracies for each

classification year produced by the RF classifier.

1988 Eelgrass
Low

Turbidity
High

Turbidity
Seafloor

Deep
Water

Total UA * (%)

Eelgrass 4142 40 15 35 354 4586 90.32
Low Turbidity 68 9041 10 24 81 9224 98.02
High Turbidity 14 8 1859 1 69 1951 95.28

Seafloor 36 15 3 2620 4 2678 97.83
Deep Water 239 25 26 2 119,499 119,791 99.76

Total 4499 9129 1913 2682 120,007 138,230

PA * (%) 92.06 99.04 97.18 97.69 99.58 Overall Accuracy (%) = 99.23

1991 Eelgrass
Low

Turbidity
High

Turbidity
Seafloor

Deep
Water

Total UA (%)

Eelgrass 2881 15 10 19 103 3028 95.15
Low Turbidity 27 37,016 3 23 1431 38,500 96.15
High Turbidity 14 5 361 2 35 417 86.57

Seafloor 15 45 0 974 0 1034 94.20
Deep Water 26 1335 10 0 54,651 56,022 97.55

Total 2963 38,416 384 1018 56,220 99,001

PA (%) 97.23 96.36 94.01 95.68 97.21 Overall Accuracy (%) = 96.85

1996 Eelgrass
Low

Turbidity
High

Turbidity
Seafloor

Deep
Water

Total UA (%)

Eelgrass 3367 0 136 58 450 4011 83.94
Low Turbidity 0 12,240 0 0 2323 14,563 84.05
High Turbidity 146 5 3385 45 160 3741 90.48

Seafloor 71 0 31 1624 0 1726 94.09
Deep Water 187 2031 65 0 77,617 79,900 97.14

Total 3771 14,276 3617 1727 80,550 103,941

PA (%) 89.29 85.74 93.59 94.04 96.36 Overall Accuracy (%) = 94.51

2019 Eelgrass
Low

Turbidity
High

Turbidity
Seafloor

Deep
Water

Total UA (%)

Eelgrass 12,906 0 0 1 25 12,932 99.80
Low Turbidity 0 31,055 1 0 178 31,234 99.43
High Turbidity 1 1 9674 0 300 9976 96.97

Seafloor 0 0 0 3618 0 3618 100.00
Deep Water 4 175 3 0 414,701 414,883 99.96

Total 12,911 31,231 9678 3619 415,200 472,643

PA (%) 99.95 99.44 99.96 99.97 99.88 Overall Accuracy (%) = 99.85

(*) Bold figures indicated well-classified pixels; PA = producer’s accuracy; UA = user’s accuracy.
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Table 8. The order of importance of each input feature ranked from the most (1) to the least important

(24) as a function of the classification year. The top 10 most important input features are bolded.

Layer 1988 1991 1996 2019

Coastal n.d. n.d. n.d. 3
Blue 11 2 18 6

Green 3 1 4 4
Red 8 10 6 13
NIR 5 4 5 14

SWIR-1 18 18 21 2
SWIR-2 4 21 22 25

Turbidity 7 9 10 1
Bathy-BG 10 8 9 7
Bathy-CG n.d. n.d. n.d. 9
Bathy-BR 12 5 7 19
Bathy-CR n.d. n.d. n.d. 17

DVI 13 12 8 15
GDVI 9 3 3 5

GNDVI 20 16 13 23
GRVI 21 15 16 21

NDAVI 15 14 11 11
NDVI 19 20 15 20

NG 16 7 14 12
NNIR 22 17 19 18

NR 14 13 20 16
RVI 17 19 12 24

WAVI 6 11 17 10
RD-1 2 6 1 8
RD-2 1 22 2 22

3.3. Validation of the Image Classification

The validation of classified images is based on two methods. The first method assesses
each classified image with observation sites (eelgrass present/absent) derived from histori-
cal Hydro-Québec (HQ) eelgrass distribution maps for 1986, 1991, and 1995, as well as the
James Bay Comprehensive Coastal Assessment Program (JBCCAP) team’s field validation
set for the 2019 classification. The results are displayed as a confusion matrix for each
classified image (Table 9). The overall validation accuracy was the highest for the 1988 clas-
sification (84.5%) and the lowest for the 2019 classification (74.5%). Producer’s accuracies of
the eelgrass present class ranged from 73.3% with the 1996 classification to 84.0% with the
1988 classification, while the corresponding user’s accuracies ranged from 79.2% with the
1988 classification to 91.1% with the 2019 classification, indicating reasonable consistency
between classification results. The 1988 (123 sites) and 2019 (128 sites) classifications had
significantly fewer validation sites compared to the 1991 (200 sites) and 1996 (180 sites)
classifications due to the lower availability of data for 1988 and 2019. In the case of the
classified image for 2019, the lower number of sites for validation is mostly related to the
turbidity of the coastal water of James Bay at several validation sites [107].

The second method validated the results at a finer resolution than at the bay scale
by comparing the classified images with maps produced for seven sites selected from the
studies carried out on behalf of HQ (Table 5). Since aerial photographs were unavailable for
1991, only the 1988 and 1996 classifications were compared at individual HQ sites where
eelgrass beds were manually digitalised (Figure 9). There are some agreements concerning
eelgrass presence between both types of maps in most sites, but the boundaries and extents
are different. Generally, the edges of the eelgrass meadows did not perfectly match the
classified images and the air photo interpretations, probably because of a difference in the
scale of the original dataset (1:30,000 for the image versus 1:10,000 for aerial photographs).
It should be noted that, on the 1988 classified image, eelgrass occupied more area in all sites
and was found further offshore, compared to the areas mapped on the 1986 aerial photos.
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On the opposite, the eelgrass delineated on the 1996 classified image generally extends
closer to the coast if we compare it with the limits of eelgrass on the aerial photos dating
from 1995. Finally, on the 1996 classified image for several sites, i.e., HQ-08, HQ-09, HQ-12,
and HQ-13, the extent detected from the Landsat imagery covers a much smaller area than
that established from the 1995 aerial survey (Figure 9).

Table 9. Confusion matrices related to the validation accuracy determined by comparing the classified

image to a dataset different from the one used for the training areas for each classification year.

Ground-Truth

1988 Class Eelgrass present Eelgrass absent Total UA * (%)

C
la

ss
ifi

ed

Eelgrass Present 42 11 53 79.3
Eelgrass Absent 8 62 70 88.6

Total 50 73 123

PA * (%) 84.0 84.9 Overall Accuracy (%) = 84.6

Ground-Truth

1991 Class Eelgrass Present Eelgrass Absent Total UA * (%)

C
la

ss
ifi

ed

Eelgrass Present 75 16 91 82.4
Eelgrass Absent 25 84 109 77.1

Total 100 100 200

PA * (%) 75.0 84.0 Overall Accuracy (%) = 79.5

Ground-Truth

1996 Class Eelgrass Present Eelgrass Absent Total UA* (%)

C
la

ss
ifi

ed

Eelgrass Present 66 12 78 84.6
Eelgrass Absent 24 78 102 76.5

Total 90 90 180

PA * (%) 73.3 86.7 Overall Accuracy (%) = 80.0

Ground-Truth

2019 Class Eelgrass Present Eelgrass Absent Total UA * (%)

C
la

ss
ifi

ed

Eelgrass Present 69 13 82 84.2
Eelgrass Absent 10 16 26 61.5

Total 79 29 108

PA * (%) 87.3 55.2 Overall Accuracy (%) = 78.7

(*) Bold figures indicated well-classified sites; EC = error of commission; EO = error of omission; PA = producer’s
accuracy; UA = user’s accuracy.

3.4. Temporal Evolution of the Eelgrass Extent

The area of eelgrass beds mapped with the classified images over each zone was
quantified (Table 10) and plotted (Figure 10). This figure shows a declining trend in eelgrass
extent observed throughout the study period for both AOIs and the total study period.
However, the 2019 extent was slightly higher than the 1991 and 1996 extents. The areas
covered by eelgrass mapped by Hydro-Québec in 1991 and 1996 are also shown. The
classified image area compares well with the Hydro-Québec area in 1991 for the south of
Chisasibi AOI but not for the north of Chisasibi AOI. The difference was the most important
for the 1996 classification.
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Site 
Aerial Photograph (1986)  

vs. Classified Landsat Imagery (1988) 

Aerial Photograph (1995) 

vs. Classified Landsat Imagery (1996) 

HQ-07 

 

  

HQ-08 

 
 

HQ-09 

 
  

HQ-10 

 

  

Figure 9. Cont.
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Figure 9. A comparison of the extent of eelgrass delineated from aerial photographs and Landsat

classified images on specific sites (marked by a red star) over the study area. Aerial Photograph

(1986) [23,59] vs. Classified Landsat Imagery (1988), Aerial Photograph (1995) [23,30] vs. Classified

Landsat Imagery (1996).

Table 10. The surface (in km2) covered by eelgrass beds in the two AOIs, according to previous

studies and this study.

Year North South Total Source

1986 79.61 n.d. * 93.02 [43]
1988 82.39 86.89 169.28 This paper
1991 64.56 56.34 120.90 [45]
1991 50.47 59.35 109.82 This paper
1995 81.19 74.97 156.16 [40]
1996 60.00 45.51 105.51 This paper
2019 66.37 59.31 125.68 This paper

* The 1986 map of eelgrass only covers a small part of the AOI located south of Chisasibi; therefore, the total
measured area is not considered in this study.
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(a) North of Chisasibi 

 

(b) South of Chisasibi 

 
(c) Total 

 

Figure 10. The evolution of the eelgrass area extracted from the classified images and the HQ aerial

photographs as a function of the classification year. The dashed line shows the trend in the variation

of the area covered by eelgrass.

4. Discussion

4.1. An Assessment of the Classified Images

The overall classification accuracy of our classified Landsat imagery assessed by com-
paring with the training data subset ranged from 94.51% for the 1996 classification to 99.85%
for the 2019 classification (Table 7), indicating exceptionally high classification accuracies for
all the years. The quality of the training areas can first explain these good results. Indeed, all
the training areas for the “Eelgrass” class have a good spectral separability between classes,
with a J-M distance greater than 1.9 from the other classes, whatever the year (Table 6). The
good spectral separability of eelgrass from other unvegetated classes is also shown in the
graphical representation of the class spectral response for each Landsat band (Figure 7). For
the “Eelgrass” class, the spectral signature is in agreement with the one obtained in other
studies [130,131], with the highest reflectance in the green band [4,132,135]. Figure 7 also
shows that the “High Turbid Water” class has the highest reflectance value in all the bands,
such as a terrestrial class. In addition, the spectral separability between “Deep Water” and
shallower “Eelgrass” is obvious in the case of clear water but not when the water is murky
or coloured.

The comparison with the validation datasets led to accuracies for eelgrass pres-
ence/absence ranging between 78.7% for the 2019 classification and 84.6% for the 1988
classification (Table 9). These validation accuracies are lower than the classification accu-
racies extracted from image data. In addition, the validation accuracies were established
with a lower number of data than the classification accuracies. Also, there were some
year differences between the image dates and the time when the validation data were
collected. However, our validation accuracies are better than those obtained in previous
studies on eelgrass bed mapping along the eastern part of James Bay. With the Maximum
Likelihood Classifier (MLC), an accuracy of 73.7% was achieved when using PlanetScope
images [64] and 75.6% when using PlanetScope, Worldview-2, and RapidEye-5 images [19].
The authors of ref. [63] obtained an accuracy of 72.7% when applying an unsupervised
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IsoCluster classifier to Worldview-2 and RapidEye-5 images. These lower accuracies can be
explained by (1) the use of classifiers that were already shown to be less efficient than the
RF classifier we used [65–68]; (2) the fact that the input features did not have shortwave
infrared bands nor green-based vegetation indices, such as the GDVI, both being among the
most important variables in our classification (Table 8); and (3) the studies did not consider
bathymetric data or their proxies such as the bathymetric ratios and relative depth layers
we used in our study. Similarly, our overall validation accuracies were slightly greater
than those [136] (72%) who mapped the presence/absence of eelgrass beds in Greece using
Sentinel-2 imagery and a Support Vector Machine classification via Google Earth Engine.
Our results were comparable and, in some instances, better than those using Sentinel-2 im-
agery for mapping eelgrass along Canada’s Atlantic coast, such as [50] (78%) with Random
Forests and [137] (79%) with a hierarchical classifier. On the west coast of Canada, eelgrass
classification studies by [131] showed accuracies of 83% with AISA hyperspectral imagery
and 68% with IKONOS high-resolution imagery. In [138], the authors obtained an accuracy
of 75% with WorldView-2 imagery.

The classification analysis determined the best image features to distinguish eelgrass
from other underwater classes. The green band reflectance consistently emerged as one
of the most important input features to produce a classified image with the RF classifier
(Table 8). It effectively distinguishes eelgrass from the other classes in the spectral signature
plot (Figure 7), a result that aligns with [54]. The importance of the green band reflectance
can be attributed to its deeper penetration in water [4,128,130] and the high reflectance due
to the red and blue reflectance absorption by the eelgrass chlorophyll [4,54,105,129–132,135].
This is why a strong green hue expresses the reflectance of submerged eelgrass in Landsat
RGB imagery, which helps to delineate training areas associated with the eelgrass class.
The vegetation indices were generally less important than the simple band reflectance
(Table 8), except for the Green Difference Vegetation Index (GDVI), which includes the
green band reflectance (Table 3). The red or near-infrared band reflectance was not as useful
for detecting eelgrass in the AOIs despite their sensitivity to chlorophyll [50,54,129,133,134].
Indeed, the radiation in these bands is highly absorbed by the water [4,51,130,135].

Our study also showed that adding bathymetric variables to the classification helped
to detect eelgrass beds by delineating areas where the depth is appropriate for eelgrass.
Among all bathymetric data used in the classification, the blue/green ratio and the Relative
Depth-1 (RD-1) variable were always among the top 10 most important input features (Ta-
ble 8). The blue/green ratio is computed with the blue and green band reflectance [105,132]
that was already shown to be very useful in detecting eelgrass beds. The Relative Depth-1
(RD-1) variable allows us to locate areas that have a depth of less than 2 m, which is suitable
for eelgrass growth even in the case of turbid water. The Relative Depth-2 (RD-2) variable
(depths between 2 and 5 m) is also important for two classification years (1988 and 1996),
which corresponded to years with less murky water influence.

4.2. Eelgrass Spatial and Temporal Dynamics

As in the historical maps (Figure 3), our classified images showed that eelgrass beds are
mostly found inside sheltered embayments in the two AOIs (Figure 8). The areas extracted
from the historical maps and the classified images are very similar in 1988 and 1991, but
only for the south AOI, but not in 1996 (Table 10). For both methods, there were inaccuracies
associated with the environmental conditions during the data acquisition. For the aerial
photograph-based methods, waves or sun glint did not allow us to see the underwater
eelgrass beds well either on the aerial photo or from the helicopter [43]. Another problem
with the method was that some observations were made without considering the tidal
height, as in 1986 [59,60] and 1995 [30]. However, this method better considers the water
turbidity as the aerial photographs or helicopter surveys were conducted over several
weeks, which allowed us to obtain the most optimal condition concerning this factor. Sun
glint was not an issue for the Landsat-based method because of the ACOLITE correction.
However, there was significant water turbidity on the images that precluded the detection
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of some portions of the eelgrass beds, thus possibly leading to eelgrass areas smaller than
the actual ones. Tide height is also an important factor to be considered. It was impossible
to assess the tidal height’s effect on the measured total area covered by eelgrass due to the
lack of tidal measurements. However, the visual inspection of the Landsat images shows
that some images were acquired at high tides. This was probably the case for the 1996
image and could be one of the reasons why the total area of eelgrass extracted from the
1996 classified image appears considerably lower than in other classification years.

There is an additional source of inaccuracy related to the aerial photo-based method
that differed as a function of the year. The eelgrass map published in 1988 [59] is based on
a manual delineation of eelgrass beds over a 1:50,000 topographic map during low-level,
slow-speed helicopter flights along the coast. After, these delineations were transferred
to 1:10,000 aerial photographs [23,59,61]. In the case of the 1996 eelgrass map [30], the
delineation was conducted by the photointerpretation of 1:10,000 colour aerial photographs
acquired at low tide in August 1995 and validated in the field in 1996 [23]. In both cases, the
resulting maps were at a scale of 1:125,000 [30,59,61], even if the aerial photographs were at
a 1:10,000 scale [23,30,59,139]. Such a scale change resulted in some inaccuracies due to the
generalisation of the limits of the eelgrass beds [20]. In addition, the 1:125,000 maps did
not capture the fine details of the rugged coastline of eastern James Bay [59], which can
lead to additional inaccuracies. All the delineations of the eelgrass beds were conducted
manually with a pen, and an error of 1 mm in the position induces an error of 125 m on the
1:125,000 maps.

Despite the possible inaccuracies associated with both methods, the extracted areas
allow us to assess the evolution in the extent of eelgrass over time (Figure 10). It is
impossible to compute regression models due to the lack of a suitable number of data,
particularly for the 1996–2019 period, given no historical data were available to validate
any classified images. We also did not consider the period before 1985, i.e., before the
development of the La Grande Hydroelectric Complex, because of the absence of suitable
multispectral optical imagery. Figure 10 shows a decline in eelgrass bed areas before 2000,
consistent with the documented Cree observations [140] and the investigations led by the
team of the CHCRP [16]. Such a decrease in eelgrass beds in the coastal waters of James
Bay was also observed at the bay level for the 1986–1988 and 1995–1996 periods (Figure 9).

Comparing the maps produced from aerial photos with the classified images at the
site level shows that the eelgrass beds covered a similar area (displayed in dark green in
Figure 9) for the HQ-10 and HQ-11 sites for both periods, for HQ-07 only for the 1995–1996
period, and for HQ-08 and HQ-13 but only for the 1986–1988 period. However, it seems that
the 1988 Landsat imagery detects eelgrass beds located more offshore than in 1986 for all
the sites. This agrees with the observations of [23,30,59] who explained this local migration
of eelgrass beds offshore due to the glacio-isostatic rebound. Indeed, given the very low
slope of the seafloor in the embayments of 0.5 m/km [28] and a rate of glacio-isostatic
recovery of approximately 1 cm/year [83], we can estimate a retreat of the coast of 20 m
between the two years, which agrees with the estimate already made [30]. However, the
eelgrass beds are closer to the coast on the 1996 classified image compared to the 1995 aerial
photographs. The high tide associated with the 1996 image could explain such a change.

4.3. Sources of Water Turbidity

Water turbidity is another problem in detecting eelgrass beds in the coastal wa-
ters of eastern James Bay. Water turbidity is due to suspended matter in the water col-
umn [44,141,142]. The suspended matter includes sediments, mainly silt, and colloidal
materials, such as clay and organic matter [20,141–143]. Low suspended matter concentra-
tions are mainly made of colloids, which colour the water [19,20,143]. The amber orange
colour of the water is due to the Coloured Dissolved Organic Matter (CDOM), while
the greyish colour is due to clay [26,106]. In both cases, the reflectance coming from the
seabed is distorted [34], leading to a possible misclassification of the true extent of eelgrass
meadows [48,64]. When the concentration of suspended matter is high, it is because of the
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presence of sediments (mainly silt) in addition to colloidal materials, and the water becomes
very murky and opaque, making it impossible to detect what is on the seafloor [127,144].
Our Landsat-classified images show that water turbidity was found at several embayments
along the coast of both AOIs whatever the year (Figure 8). Indeed, on each image, some
areas had coloured or cloudy water, which precludes determining whether the seabed
was covered or not with eelgrass. The water turbidity was variable spatially as a function
of the year, which could be one of the causes for the differences in the areas covered by
eelgrass beds for the same or close years compared to the aerial photograph-based mapping
(Table 9 and Figure 10). The presence of turbid water in the two AOIs is in agreement with
the observations made by many previous studies on mapping eelgrass beds in James Bay
from aerial photographs [23,30,59,72,88,139,145], helicopter flights [30,59,61,72,88,139,146],
diving [20,23,30,33,59,61,72,139,145], or satellite image classification [19,63,64,107]. This
is also in agreement with the observations of the Cree land users of Eeyou Istchee, who
already reported increasing turbidity in the water along the eastern coast of James Bay
from the mid-1980s, with a peak in the 1990s [18–20,140,147,148].

As shown in Figure 8, the major source of water turbidity is the freshwater flume of
rivers entering James Bay, which spread northwards along the eastern shore of James Bay
because of drift currents moving along the coast. Indeed, James Bay water has a cyclonic
circulation [19,85,149] that follows a counterclockwise gyre [73,84,86]. The turbidity at
the mouth of the rivers is often used as one of the potential causes to explain the lack of
eelgrass in river estuaries [19,145]. This is the case for the La Grande River [27], which
naturally has murky water [25,150,151] because of the bank erosion of the sandy island at
the mouth of the river [31] and the easily erodible marine clays and glacial till outcrops
further upstream [31,150,152]. The river became even murkier with the development of the
hydroelectric complex on the La Grande River [19,20,140]. The riverbanks also experienced
numerous landslides because of their nature [152–156]. This was the case in 1987, after the
La Grande Hydroelectric Complex was completed but before its commissioning [157].

Figure 8 shows rivers other than La Grande and Eastmain rivers having a turbid
water discharge in James Bay. This observation agrees with past observations made by
several studies and by local people [19,20,22,25,32,57,61,87,107,147,149,150,154]. However,
the turbidity was sporadic but not constant [20,23,33,61,107]. As mentioned earlier, the
studies could not determine whether the variation in the water turbidity was seasonal
and linked to periods of high flow, given that all the observations were made in late
summer when the eelgrass was in full bloom. Given that these rivers were not subjected
to hydroelectric developments, there is a need to investigate the source of the water
turbidity further. As shown by [158] with the Landsat imagery series acquired over the
2013 megafire in the Eastmain River watershed, forest fires can also be a source of water
turbidity. Indeed, Eeyou Istchee is a region prone to forest fires [159–162], mainly because
of the vegetation cover type [163,164]. In addition to large patches of old coniferous
trees developed in a boreal climate [165,166], peatlands are abundant, covering up to 20%
of the landscape [163]. Under dry, warm, and windy conditions, peat is vulnerable to
intense burning [163,164,167–170], especially when a thick sphagnum peat moss cover
is present at the surface of raised bogs [164,171,172] and the water table is low during
periods of drought [172]. Lightning can easily ignite this organic material, while sustained
windy and dry weather can encourage the spread of large fires [173] across relatively flat
topography [162,174]. When a layer of organic soil ignites, the peat can burn deeper into
the soil, often without a flame, so plant roots are killed, leading to the disintegration of the
surface and the formation of more easily mobilised particles, especially unconsolidated
light powdery ash [175,176]. After the wildfire is extinguished, the erosion of the exposed
combusted peat is accelerated in burnt areas by rain, which is not intercepted because of the
absence of living vegetation [177] and by the transport of DOC by the runoff [175,178–180].
Rapid erosion in the most severely burnt zone results in a very high export of DOC from
the peat bogs and increased suspended sediment loads in watercourses [175–177]. This
contribution of suspended debris could explain the high level of dissolved organic carbon
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(DOC) in the coastal waters of James Bay, as already observed in situ [19,23,149], as well as
the orange or amber colour of the water found in some embayments [19,20,63,64], after the
deposition of suspended mineral particles.

Figure 11 presents the change in the area affected by forest fires in the James Bay
watershed of Quebec, extracted from the Forest Fire database produced by the Quebec
Ministry of Forests, Wildlife, and Parks [181], as a function of the year of the event. These
compiled data about the burned area in Eeyou Istchee are very similar to the trends obtained
for the Hudson Plains Ecozone [165,182] and the province of Quebec [183], according to
the Canadian National Fire Database [184]. Most of these wildfires were natural due to
lightning during thunderstorms, particularly the largest ones [165,181,182]. The plot of
Figure 11 shows that, in addition to the 2013 Eastmain megafire, the peak of burned areas
occurred in 1989 in the James Bay watersheds of Quebec. Indeed, 1989 was a particularly
catastrophic year for Canada’s forests, with some of the largest areas burned since the
1960s [165,166,182,185,186]. Covering a total surface of about 19,755 km2 in the James Bay
watersheds of Quebec, three megafires were located on lands east of the Eeyou communities
of Chisasibi and Wemindji (Figure 12). Part of the 1989 burnt areas in the Eastmain region
were re-burned in 2013 [163,184,186]. As shown in Figure 13, comparing Landsat-TM
images acquired before and after the 1989 wildfires, river water turbidity significantly
increased in several rivers flowing into James Bay after the 1989 megafires, even in the case
of rivers without hydroelectric complexes or other manmade features. As in the case of the
Eastmain River and the 2013 megafire [158], all these rivers became murky after flowing
through burn scars because of post-fire erosion that produced suspended matter. The effect
of burn scars on the water turbidity can still be visible longer after the event, as shown by
the oblique air photo acquired in 2022 over the Sculpin River that runs through the 2013
Eastmain fire scar (Figure 14).

4.4. Issues in Eelgrass Mapping

This study was limited by multiple factors, including the availability of suitable ice-
and cloud-free imagery covering the whole study area and the correct temporal period, tidal
differences between images, limited spatial resolution, and the quality of available ground
truth data. The imagery classified in this present study was acquired after the completion
of most of the La Grande Hydroelectric Complex, making it difficult to determine the
potential effects of the hydroelectric project on eelgrass distribution in the bay. Even
though historical data exist from before the complex’s construction [57,58], there is no
multispectral satellite imagery from the Landsat collection to perform this analysis. In
addition, some of the images acquired (i.e., 1988 and 1996) were acquired within two years
of the data collected and published by Hydro-Québec, limiting the precision with which
we can compare our image classifications to preexisting historical data. Since cloud- and
ice-free imagery covering the full extent of the Eeyou Istchee coastline are scarce, tidal
differences between images, which can affect the depth at which eelgrass can be detected,
are reluctantly apparent between the three historical image classifications (as documented
by the total number of water pixels in each image). This difference likely affects the extent
to which the Landsat sensor can detect eelgrass, as eelgrass extent can be measured further
out when the tidal level is lower because there is less water column above the eelgrass
to obfuscate the reflectance signal. This factor, therefore, presents a possible explanation
as to why the extent of the classified eelgrass beds in 1996 was the lowest. However,
without reliable tidal data, it is impossible to estimate the exact effect of tidal differences in
determining the classified eelgrass area. Ideally, imagery acquired at the lowest possible
tidal level should be prioritised when detecting submerged aquatic vegetation.

While effective for change detection in large areas, Landsat-derived image classifica-
tions have many limitations on their applicability. Moderate spatial resolution presents
an advantage in covering a large aerial swath. However, mapping accuracy comes at a
cost compared to utilising imagery with higher spatial resolutions. Large eelgrass beds,
mainly when a SIEVE filter was applied to the classified images, were easily detectable,
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and their general shape and distribution were monitorable. The SIEVE filter helped remove
erroneously classified eelgrass pixels located in deep water. For a pixel to be classified
as eelgrass, submerged aquatic vegetation should be the dominant reflectance signal in
the area covered by the pixel (900 m2). Therefore, this approach cannot accurately reflect
smaller eelgrass beds because of possible confusion with other features. Also, there could
be possible confusion with other subaquatic vegetation types that are not eelgrass since our
classification method has only one class for the subaquatic vegetation. While eelgrass is
the dominant submerged vegetation across the eastern coast of James Bay, more localised
populations of Ruppia maritima, Ascophyllum nodosa, or Fucus vesiculosus were also shown to
be present [59,88]. They could also be misinterpreted as eelgrass when examining aerial
photographs or classifying a satellite image. Such a limitation outlines the need for diver-
led field verification to assess the various types of submerged aquatic vegetation and their
distribution within the study area [19,59].

 

Figure 11. Yearly area disturbed by wildfires inside the James Bay watershed of Quebec, extracted

from Quebec’s Forest Fire database [181]. The red arrow indicates the year of the Landsat images

used in the study to map eelgrass.

 

Figure 12. The extension of the 1989 wildfires inside the James Bay watershed of Quebec, extracted

from Quebec’s Forest Fire database [181].
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Figure 13. Comparison between Landsat-5 RGB composite images acquired over rivers along the

eastern coast of James Bay (location marked by a red star) before and after the 1989 wildfire.

 

ffFigure 14. An oblique air photo acquired on 29 September 2022 shows the difference in the water

clarity at the mouth of the Maquatua River (left) and the Sculpin River (right) near the Eeyou

community of Wemindji. The Sculpin River runs through the Eastmain fire scar, which is not the case

for the Maquatua River.
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5. Conclusions

Our Landsat image classifications displayed the ability to map large eelgrass beds
in James Bay with relatively strong accuracy on a large scale. They accurately captured
the presence and the extent of eelgrass beds at a relative scale of approximately 1:10,000
(dependent on the year and environmental factors, including water turbidity and tidal
level). Our classification accuracies, assessed using a subset of the training data and an
independently generated ground-truth dataset, achieved comparable or better overall accu-
racies than other studies utilising multispectral image classifications to map seagrasses in
turbid northern waters (including studies using higher-resolution imagery such as [63,64]).
The methodology we tested in our study is a reasonably cost-effective way to monitor eel-
grass beds in James Bay temporally. The total costs associated with this mapping approach
were kept low by utilising publicly available imagery and free, open-source atmospheric
correction software, which limited the project’s cost to the time required to perform and
analyse the classified imagery and the fieldwork necessary to ground the truth of the
classification. Temporal trends exhibited in our study showed a decrease in the total extent
of eelgrass classified over the studied period, which is consistent with observations made
by local people. The losses and gains for each zone evaluated can be attributed mainly to a
few large eelgrass areas.

Since eelgrass growth is limited by light availability [186,187], water depth can be
a major factor in determining the development of eelgrass beds in turbid water such
as the one of James Bay. Given that James Bay has no accurate bathymetric data, the
bathymetry was considered by adding two “relative depths” and “bathymetric ratios”
to the classification to exclude areas where eelgrass could not grow because the water
was too deep. Further work is needed to test actual bathymetry data in the classification.
Eelgrass is also sensitive to other environmental factors such as salinity and substrate type.
It is necessary to add these variables to the classification method. Another factor that can
limit the availability of light for eelgrass is water turbidity, which makes it an important
environmental parameter to monitor in James Bay. We showed that the 1989 wildfires
influenced the turbidity of the rivers flowing to the bay, but further research should be
carried out to investigate more in detail the effects of wildfire on bay-wide turbidity and,
further, how changes in water turbidity affect the health and distribution of eelgrass in
James Bay.

Overall, this study showed that multispectral image classification could be a valuable
tool for detecting and mapping large eelgrass beds along the eastern coast of James Bay,
even in locations with variably turbid water. Our study also showed that satellite image
analysis offers a unique ability to evaluate data retroactively and in real time, which can
be a precious tool for looking at temporal change analysis. Indeed, the Landsat archive
is continuously and consistently updated within the USGS database, giving this type of
study widespread applicability for past and future change detection analysis. Multispectral
image classification can be used independently but is best used with one or multiple field
surveys or other datasets. The resulting classified image maps can and should be used
to inform and guide future studies on where eelgrass distribution might be changing or
should be monitored, such as in the case of the eastern coastline of James Bay.
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