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ABSTRACT

Along the eastern coastline of James Bay, also known to the local Cree as
Eeyou-Istchee, exist large subtidal eelgrass meadows. This study assessed the
feasibility of evaluating the distribution of eelgrass beds along the entire eastern
coastline of James Bay using imagery from the Landsat-8 Operational Land
Imager and supervised classification using random forests machine learning
algorithm. The methodology was then applied to historical imagery from the
Landsat archive (Landsat-5 Multispectral Instrument), and image classifications
were evaluated for accuracy using a randomly generated subset of digitized
eelgrass distribution maps from Hydro-Quebec. Our classified images from 1988,
1991, 1996, and 2019 achieved overall accuracies ranging from 74.6 — 84.6% when
evaluated using our ground-truth datasets. Our supervised classification
approach showed the ability to detect eelgrass along the entire coast where
turbid water was not present. The total area classified as eelgrass appeared to

decrease over the study period (1988 —2019).
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CHAPTER 1: GENERAL INTRODUCTION

Seagrass exists worldwide in littoral, intertidal, and subtidal ecosystems
and is a vital component of many healthy coastal habitats[1-3]. James Bay (the
southernmost extension of Hudson Bay and consequently the Arctic Ocean) has
historically been known to contain large meadows of eelgrass (Zostera marina), a
true seagrass native to the Northern Hemisphere, within its shallow depths [2,4].
The region has historically been primarily utilized by the indigenous Cree
people, who today have four main settlements along the coast of the Bay (from
North to South: Chisasibi, Wemindji, Eastmain, and Waskaganish) [5]. Eelgrass
has a prominent place in the culture of the Cree, who utilize the coastline for
subsistence hunting [6]. Eelgrass is known to provide shelter for juvenile fish and
invertebrates and food for migratory waterfowl, both of which are essential
components of the Cree diet [7,8]. Eelgrass in James Bay may also be of global

importance, as seagrasses worldwide are known to sequester carbon [9,10].

Today, the eastern coastline of James Bay is heavily utilized by the power
supply company Hydro-Quebec, who in the 1970s undertook a massive
hydroelectric development known as the James Bay Project that severely altered
the hydrology of the area as well as many of the ecosystems on and surrounding
the coast [11,12]. This prompted investigations by Hydro-Quebec into the

distribution of eelgrass along the coast and the impacts and ramifications of their
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hydroelectric project. Eelgrass along the coast was generally assessed by Hydro-
Quebec using aerial photography taken by helicopter survey and/or intense
monitoring of individual bed sites [13,14]. Besides a large-scale and universal
decline in eelgrass bed health and distribution in 1999 (for which the cause is
unclear), they determined that the hydroelectric development had little impact
on eelgrass growth in the bay outside of the plume of the La Grande River (the
site of the largest hydroelectric power generating station), and consistent
monitoring became limited to field surveys assessing bed health at several

individual sites every few years [15].

The eastern coastline of James Bay is relatively shallow (the average depth
across the entire bay is 28m), a result of large amounts of riverine input and,
primarily, isostatic rebound [16]. This presents multiple obstacles for researchers
hoping to map and quantify eelgrass and other coastal features; the shoreline is
difficult to navigate and dotted by bays and islands, and large boats cannot
travel along much of the coast due to water depth. The bay is frozen for large
parts of the year (October — June), and weather can be highly variable, making
field surveys challenging in their scope and ambition. Most major studies
investigating eelgrass distribution in the bay have been carried out via Hydro-
Quebec, by capturing aerial photos using a helicopter. These data were collected

in different years and then ceased before the turn of the century, leaving us in the
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present with distribution maps for various years in the late 1980s-1990s, a few
aerial photographs, and little more information about the current and projected

status of health of eelgrass in James Bay.

An alternative approach to evaluating the current and historical
distribution of eelgrass along James Bay’s eastern coast is through the remote
sensing of eelgrass using multispectral satellite imagery. Satellite remote sensing
offers the possibility to provide a systematic approach to mapping and assessing
eelgrass bed distribution along the eastern coast of James Bay that can integrate
both past and present data. The Landsat data collection has data spanning from

1984 to the present day with high levels of comparability between images [17].

This thesis follows a paper-based format comprising two individual
papers presented as Chapters 2 and 3, respectively. The first paper (Chapter 2)
presents an assessment of the ability of Landsat-8 OLI imagery to detect and
therefore map eelgrass bed distribution in 2019 along the eastern coastline of
James Bay. The second paper (Chapter 3) utilizes historical imagery from the
Landsat archive and historical data provided by Hydro-Quebec to evaluate
temporal trends in eelgrass distribution along the eastern coastline of James Bay
and provide a framework for satellite-based mapping objectives in the future.

This study is part of a Cree-driven project, the Coastal Habitat Comprehensive



Research Program (CHCRP). The CHCRP aims to combine Cree's traditional
knowledge with Western science to understand better environmental changes in

the coastal ecosystems and ecosystem services of eastern James Bay.
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CHAPTER 2: USE OF LANDSAT-8 OLI IMAGERY AND LOCAL
INDIGENOUS KNOWLEDGE FOR EELGRASS MAPPING IN EEYOU

ISTCHEE!

2.1. ABSTRACT

The eastern coastline of James Bay (Eeyou Istchee) is known to be home to
beds of subarctic eelgrass (Zostera marina L.). These eelgrass beds provide
valuable habitat and food sources for coastal and marine animals and contribute
to valuable ecosystem services such as stabilizing the shoreline all along the
coast. Despite reports from Cree communities that eelgrass bed health has
declined, limited research has been performed to assess and map the spatial
distribution of eelgrass within the bay. This study aims to address that issue by
evaluating the capability of Landsat-8 Operational Land Imager (OLI) imagery to
establish a baseline map of eelgrass distribution in 2019 in the relatively turbid
waters of Eeyou Istchee. Three images acquired in September 2019 were merged
and classified using Random Forests into the following classes: Eelgrass, Turbid

Water, Highly Turbid Water, and Optically Deep Water. The resulting classified

! This chapter was published in Clyne, K., Leblon, B., LaRocque, A., Costa, M.,
Leblanc, M., Rabbitskin, E., & Dunn, M. (2021). Use of Landsat-8 Oli Imagery and
Local Indigenous Knowledge for Eelgrass Mapping in Eeyou Istchee. ISPRS
Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, V-3—
2021, 15-22. https://doi.org/10.5194/isprs-annals-v-3-2021-15-2021



image was validated against 108 ground truth data obtained from both the
eelgrass health and Hydro-Quebec research teams. The resulting overall
accuracy was 78.7%, indicating the potential of the Random Forests classifier to
estimate baseline eelgrass coverage in James Bay using Landsat-8 imagery. This
project is part of a Cree-driven project, the Coastal Habitat Comprehensive
Research Program (CHCRP). The CHCRP aims to combine Cree's traditional
knowledge with Western science to understand better environmental changes in
the coastal ecosystems and ecosystem services of eastern James Bay. The study is
funded by a MITACS grant sponsored by Niskamoon Corporation, an

indigenous non-profit organization.

2.2. INTRODUCTION

Zostera marina L., more commonly known as eelgrass, is a marine
flowering plant found in many coastal marine environments across the Northern
Hemisphere [18]. It occurs primarily in the sublittoral zone, in areas sheltered
from wave action with a soft or sandy substrate, and is generally submerged at
low tide. Seagrasses, including eelgrass, provide a wide variety of ecosystem
services, which make them an important indicator of environmental health
[19,20]. Some of the services they provide include protection from wave and tidal
action, shelter for juvenile fish and invertebrates [21,22], carbon sequestration

[23], and a foraging environment for migratory and/or residential waterfowl
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[7,24]. Seagrasses can also play an important role in sediment stabilization and
erosion reduction [10], making them an essential feature for coastline
preservation [25]. The Eastern coastline of James Bay, Quebec (also referred to as
Eeyou Istchee by the Cree First Nation) offers an excellent growing environment
for eelgrass [2]. The coastline is dotted with numerous islands providing shelter
from wind and wave action [26], and coastal development by humans is low. In
Eeyou Istchee, eelgrass beds are critical food for waterfowl [27], particularly for
the Canada Geese (Branta canadensis) and Atlantic Brant (B. bernicla rota), as
documented by the Cree hunter experience and described in Dignard et al. (1991)
[4], COMEX (2013) [28] and Royer (2016) [5]. To this day, migratory waterfowl
hunting is an important activity in coastal communities and contributes to

maintaining traditional food security.

Eeyou Istchee has been subject to climate change and large-scale
hydroelectric development in the past fifty years. Hydroelectric development in
the eastern James Bay watershed, which began in the 1970s, has entailed
diverting water from the Ungava Bay watershed and the Rupert and Eastmain
Rivers of southern James Bay into the La Grande River watershed that drains
into northeast James Bay. Although the coastal zones have been monitored since
the early 1980s, many hydrological changes and implications for eelgrass

distribution within the bay are largely understudied. The Cree Land Users of
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Eeyou-Istchee have noted steady declines in eelgrass coverage along the coast,
primarily near Chisasibi, in the late 1980s, and then a drastic decline in 1997-1998
[29]. Cree report 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, discolored) [29]. Due to the inaccessibility of
much of the coastline, quantifying and mapping eelgrass extent within the bay
presents a major challenge. Multispectral satellite imagery offers the only source
of continuous data spanning the entire extent of the coastline, and much of it is
freely available. The objectives of this study are to assess the capability of the
Landsat-8 Operational Land Imager (OLI) imagery to detect eelgrass in Eeyou
Istchee waters and map the distribution of eelgrass along the eastern coastline of
James Bay in the summer of 2019. Temperate and subarctic water, such as in
Eeyou Istchee, poses additional challenges for mapping eelgrass compared to
tropical and subtropical waters because this region tends to have lower water
clarity and, therefore, low light penetration, like West coast waters [30,31]. Local
indigenous knowledge about the eelgrass beds was employed during field data
collection. The study is part of a Cree-driven project, the Coastal Habitat
Comprehensive Research Program (CHCRP), which aims to combine Cree's
traditional knowledge with Western science to understand better environmental

changes in the coastal ecosystems and ecosystem services of eastern James Bay.



2.3. MATERIALS AND METHODS

2.3.1. Study Area
The study area encompasses the entire Eastern coastline of James Bay,

from about 54.7 °N latitude in the north to 51.1 °N in the south (Figure 2.1).
James Bay represents the southernmost portion of Hudson Bay. Eastern James
Bay is ice-covered between December and early June each year [16], although the

date of fast ice breakup has gotten progressively earlier since 1980 [32].

810w 80°0W 790W 78°0W mow

] = Chisasibi ™
P et 18
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D ............ ﬁ‘/ ,
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Figure 2.1. Location of the four main Cree coastal communities along the
Western coastline of Eeyou-Istchee.

James Bay is essentially a postglacial depression and, as such, is affected
by the isostatic rebound. Thus, the eastern coastline can be characterized by

having a low coastal slope and many islands that dot the shoreline, protecting it
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from wind and tidal action. According to Dignard et al. (1991) [4], eelgrass
meadows are abundant in every inlet along the eastern coast of James Bay,
except at the mouth of large rivers. Towards the open sea, eelgrass meadows
generally are replaced by a zone colonized by the brown algae Fucus distichus
and Ascophyllum nodosum [4]. Four coastal communities, namely Chisasibi,
Wemindji, Eastmain, and Waskaganish, with populations (primarily Cree First
Nations) ranging from about 900 people in Eastmain to nearly 5000 people in
Chisasibi, are located along this coast. Except for the hydroelectric development

initiated in the early 1970s [11], there is little coastal development in the region.

2.3.2. Image Acquisition

The study used freely available imagery acquired by the Landsat-8 OLI
(Table 2.1). Images were obtained on the United States Geological Survey’s
(USGS) Earth Explorer website. Three images were acquired on September 16,
2019, during the period when the eelgrass reached its peak biomass [2]. Given
that there was cloud cover over Chisasibi on the September image, we used a
cloud-free image acquired on August 26, 2019, as close as possible to the

September image.
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Table 2.1. List of the Landsat-8 OLI images used in the study and associated
dates, times, and tide heights.

Scene Identifier Image Date |Image Time (UTC)|Tide Height (m)*
LC80200222019259LGNO0 | 2019-09-16 16:12:59 1.1
LC80200232019259LGNO0 | 2019-09-16 16:13:23 1.1
LC80200242019259LGNO0 | 2019-09-16 16:13:47 1.1
LC80210222019234LGNO00| 2019-08-22 16:19:19 14

*Tide height is predictive tide height acquired at https://tides.gc.ca

2.3.3. Field Data

Field data were acquired during the summer of 2019 from two different
sources: Hydro-Quebec’s eelgrass monitoring program and the CHCRP’s field
surveys [33] (Table 2.2). Both datasets evaluated eelgrass presence/absence at
several sites throughout the study area that was determined using snorkeling
surveys by SCUBA and snorkeling divers of the CHCRP eelgrass health team
and Hydro-Québec. The location of the sites assessed by the CHCRP dataset was
guided by local Cree land users who have a good understanding of their coastal
environment. Each dataset recorded each point’s location using a GPS. The
CHCRP dataset from the field research team was scored into two classes:
eelgrass present and eelgrass absent. The Hydro-Quebec dataset scored eelgrass

density at each site on a scale from 1-4, with 4 representing continuous eelgrass
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and 1 representing a complete absence of eelgrass. To compare the two datasets,
any score from 2-4 in the Hydro-Quebec dataset was considered eelgrass present.
These field data were used to validate the final classified image mosaic. Points
classified as turbid water were omitted from the validation analysis since the
reflectance signal in turbid waters is dominated by particulate matter in the

water column and, therefore, should not show the spectral signature of eelgrass.

Table 2.2. Number of ground-truth data points coming from each dataset
for each ground-truth point class.

Dataset Eelgrass | Eelgrass | Turbid water in the | Total
Present | Absent classified image
Hydro- 51 0 12 63
Quebec
CHCRP Field 31 35 18 84
Team
Total 82 35 36 147

2.3.4. Image Processing

The four images obtained from the USGS EarthExplorer were top-of-
atmosphere (TOA) reflectance images that were converted into surface
reflectance images using Acolite, a free atmospheric correction software by the
Royal Belgian Institute of Natural Sciences designed for simple and fast
processing of coastal scenes [34]. The atmospheric correction in the Acolite
software is based on the dark-spectrum fitting algorithm, and a sun glint

correction is also applied during the correction [35]. Acolite was also used to
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mosaic the three images acquired on September 16, 2019. Once processing was
completed, the resulting image mosaic was clipped to the coastline. The

September image mosaic produced by Acolite can be seen in Figure 2.2.
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Figure 2.2. RGB composite for the mosaic created using Acolite with the
images acquired over James Bay on September 16, 2019
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2.3.5. Training Areas

The September mosaics and the August imagery were classified using the
Random Forests supervised classifier, which requires training areas.
Representative training areas were delineated through photointerpretation of the
satellite imagery for the four following classes: Eelgrass (EG), Turbid Water
(TW), Highly Turbid Water (HTW), and Optically Deep Water (DW). Spectral
separability between representative training classes was assessed using Jeffries-
Matusita (J-M) distance computed using Geomatica [36]. In the late summer of
2019, much of the eastern coastline of James Bay contained turbid water, either
within bays near the coastline or out in deeper waters at the southern end of the
bay (as exhibited in Figure 2.2). To account for this turbidity, a “Turbid Water”
class was created through a manual selection of visibly turbid waters. Another
class was created as “Highly turbid water”, which encompasses the reflectance
signal of optically shallow sandy James Bay waters and visually highly turbid
waters (water that appeared very light brown or red on RGB imagery). Optically
shallow sandy waters showed a similar spectral curve to highly turbid waters,
and both highly turbid waters and optically shallow waters displayed higher
reflectance values than any other class in every visible band and the near-

infrared band. To avoid conflating the two classes, these classes were merged.
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Besides, the deep-water class was meant to encompass all optically deep water

that should not contain eelgrass theoretically.

2.3.6. Additional Input Layers

To bolster the potential separability between the four training classes,
additional layers were created as inputs for the classifier. Concentration [37],
Floating Algal Index [38], and orange reflectance [39]. The four layers are
computed during the atmospheric correction. Additionally, we used 11
vegetation indices, as shown in Table 2.3. Finally, to separate optically deep-
water areas, four bathymetric ratios were computed (Table 2.3). They are based
on the ratio decay algorithm designed for evaluating satellite-derived
bathymetry [40]. The computed layers were combined with the surface
reflectance mosaic from Acolite and used as inputs for the RF classifier. Acolite
provides the option to compute the so-called “L2W Parameters”, which include
Turbidity [38], Suspended Material Concentration [37], Floating Algal Index [38],
and orange reflectance [39]. The four layers are computed during the
atmospheric correction. Additionally, we used 11 vegetation indices, as shown in
Table 2.3. Finally, to separate optically deep-water areas, four bathymetric ratios
were computed (Table 2.3). They are based on the ratio decay algorithm

designed for evaluating satellite-derived bathymetry [40]. The computed layers
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were combined with the surface reflectance mosaic from Acolite and used as

inputs for the RF classifier.

Table 2.3. Spectral variables added to the classifier derived from the original
band reflectance

Variable Expression*
DVI NIR -R
GDVI NIR - G
GNDVI (NIR-G)/ (NIR + G)
NDVI (NIR - R) / (NIR + R)
NG G/(NIR+R+G)
NR R/(NIR +R + G)
NNIR NIR / (NIR + R + G)
RVI NIR /R
GRVI NIR /G
NDAVI (NIR - B) / (NIR + B)
WAVI 1.5* (NIR-B) / (NIR + B +0.5)
Bathy 1 Ln(B/G)
Bathy 2 Ln (Ub/G)
Bathy 3 Ln (B/R)
Bathy 4 Ln (Ub/R)

* NIR = NIR-Band (0.845 — 0.885 um) reflectance, R = Red Band (0.630 — 0.680 pim)
reflectance, G = Green Band (0.525 — 0.600 um) reflectance, B = Blue Band (0.450 —
0.515 um) reflectance, Ub = Ultrablue Band (0.433 — 0.453 um) reflectance.

2.3.7. Random Forests Classifier

The classifier used is Random forests, a non-parametric, decision-tree
classifier that does not assume a normal distribution of the input data [41].
Random forests can be run in two ways: “all-polygon” and “sub-polygon”. The
all-polygon setting uses all the pixels within the training area polygons, while the
sub-polygon version randomly selects a user-determined number of pixels from

each training area polygon. For this study, the all-polygon setting was used, as it

17



has the advantage of considering the actual class size. The forest size was 500
independent decision trees. The mtry variable, which refers to the number of
variables randomly sampled as candidates at each split of every node, was set to
the default value (the square root of the total number of predictor variables,
rounded down). The classifier randomly selects two-thirds of the training data
(referred to as “In Bag” data) to develop one decision tree. This tree is then
validated using the remaining third of the training data (referred to as “out of
bag”, or OOB data). The process is repeated for the 500 individual decision trees
and produces 500 independent classifications. These independent classifications
are then combined to create the final classification. RF is not sensitive to noise or
over-fitting and can estimate the importance of the individual input variables.
The August image was classified separately from the September mosaic, and the
area covered by clouds was clipped from the August classified image and
mosaicked together on the September image to create one classified image
mosaic. The classification accuracy assessment and the ground-truth validation

accuracy assessment use the combined data from both image classifications.

2.4. RESULTS
2.4.1. Class Separability
Training areas were delineated for each class (Eelgrass, Turbid Water,

Highly Turbid Water, Clear Water) from the image mosaic on September 16 and
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the image obtained on August 26, 2019. They were used to compute mean values
for each class to assess the class separability in the case of the first 6 Landsat-8
bands (Figure 2.3), the Acolite variables (Figure 2.4), the vegetation indices

(Figure 2.5), and the bathymetric ratios (Figure 2.6).
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Figure 2.3. Mean reflectance values for each class for the first 6 Landsat-
8 bands for both images
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Figure 2.6. Mean values of each bathymetric ratio for each class for both
images
The training areas of the September image were also used to assess the

class spectral separability using the J-M distance computed with the six first

Landsat-8 OLI bands (Table 2.4).

Table 2.4. ]-M distances computed with the class training areas for the
Landsat-8 OLI bands of the September image mosaic.

Class Code EG ™ HTW

T™W 1.341 - -

HTW 1.986 1.939 -

DW 1.388 1.674 1.999
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2.4.2. Classification

The September 16 and August 26 images were then classified in R using
the Random Forests classifier [41,42], using the six first Landsat-8 OLI bands and
all variables listed in Table 2.3. The confusion matrix assessing the out-of-bag
training areas within the classifier was combined for both images and is
presented in Table 2.5. The classification accuracy is high, with an overall
accuracy of 99.3%. The classified image is shown in Figure 2.7. Detailed maps
were created at a scale of 1:250,000 around each of the main Cree coastal
communities: Chisasibi (Figure 2.8), Wemindji (Figure 2.9), Eastmain (Figure

2.10), and Waskaganish (Figure 2.11).

Table 2.5. Confusion matrix for out-of-bag training pixels computed with
the Random Forests classifier (bold values represent well-classified

pixels).

Class EG T™W | HTW | CW Total UA (%)
EG 3139 56 43 268 3506 89.5
™ 28 33129 78 197 33432 99.1

HTW 58 55 96688 65 96866 99.8
CW 69 274 74 37866 | 38283 98.9

Total | 3294 | 33514 | 96883 | 38396 | 172087

PA (%) | 95.3 98.9 99.8 98.7 OA =99.3%

The classified image was then assessed for accuracy by comparing the

mapped eelgrass presence/absence to the field dataset provided by Hydro-
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Quebec and the project’s field research team. Points that were classified as turbid
water were excluded from the validation analysis. We achieved an overall
accuracy of 78.7% (Table 2.6). The eelgrass present class resulted in a User’s
accuracy of 84.2% and a Producer’s accuracy of 87.3%, which are excellent

considering the challenging environmental conditions.
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Figure 2.7. Classified image produced by applying the Random Forests
classifier to both Landsat-8 OLI images
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Figure 2.10. Classified image produced by applying the Random Forests
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Table 2.6. Validation accuracies obtained by comparing field-based
ground-truth sites with the classified image.

Class Present Absent Total UA (%)
Present 69 13 82 84.2
Absent 10 16 26 61.5
Total 79 29 108
OA =
78.7%
PA (%) 87.3 55.2

2.5. DISCUSSION AND CONCLUSIONS

Our study presents preliminary results on combining local indigenous
knowledge and Landsat-8 OLI imagery for mapping eelgrass beds in water with
high turbidity. The imagery was atmospherically corrected using the Acolite
software. We show that eelgrass can be spectrally distinguished from optically
deep and turbid waters. The spectral signature of eelgrass was not shown to be
detectable underneath suspended material in the water column since the red and
green reflectance of turbid waters is dominated by particulate matter in the water
column. The overall accuracy for the validation was 78.70%. Adding extra input
layers to the Landsat-8 OLI reflectance bands improved the validation accuracy
significantly. Decreasing or optimizing layers was shown not to increase the
validation overall accuracy, and thus it is recommended to add these additional

input layers to improve the accuracy of Landsat-8 classifications.
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Our classified image mosaics did not show extensive eelgrass beds where
it was possible to map them with the Landsat8-OLI imagery. Such observations
agree with the Cree Land Users of Eeyou Istchee, who have noted steady
declines in eelgrass coverage along the coast in the late 1980s and then a drastic
decline in 1997-1998 [29]. Cree reported that since the decline in the late 1990s,
the recovery of the eelgrass has been very slow. Such a study is, therefore, a good
example of how local indigenous knowledge can be combined with Western
science in a case study. Landsat-8 imagery, while providing exceptional temporal

coverage, is limited in its spatial resolution.

The 30 m pixel size of Landsat-8 imagery limits the creation of training
areas to only large beds that dominate the reflectance signal of a single pixel.
Landsat-8 imagery may therefore not be suitable for classifying patchier eelgrass
or smaller patches of turbid/clear water. The 30 m spatial resolution also makes
an accurate location of the coastline difficult. This was not too much of an issue
in James Bay, where optically shallow waters suitable for eelgrass extend far past
the coastline-however it could present an issue if applied to a coastline with only
a tiny strip (< 30 m width) of shallow enough water for eelgrass growth. Besides,
while James Bay contains geographically large eelgrass beds, areas dominated by
other types of submerged aquatic vegetation may have similar spectral

characteristics. Therefore, this study framework may not be applicable for
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locations where multiple submerged aquatic vegetation may encompass a
geographic area larger than 30 m. While this study provided a framework for
mapping eelgrass beds on a large spatial scale in turbid waters, more work
should be done researching the accuracy of the Random Forests classifier on
smaller spatial scales using higher resolution imagery. Sentinel-2 imagery could
potentially offer bay-wide coverage at a 10 m resolution and should be explored
as a high-resolution multispectral alternative. High-resolution hyperspectral
imagery would be a suitable option for mapping sections of the Bay, but the
unpredictable bay-wide turbidity could also make hyperspectral imagery

acquisition costly or not feasible.

Lastly, substituting actual bathymetry data for the ratio decay algorithms
used in this study may improve classification; however, in the absence of
bathymetry data, the high spectral separability between deep clear water and
eelgrass makes the bathymetric ratios a good alternative as a classifier input. Our
classified image was validated against 108 points, and there is a need to add

more validation points in further work.
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CHAPTER 3: USE OF LANDSAT IMAGERY TIME SERIES AND RANDOM
FORESTS CLASSIFIER TO RECONSTRUCT EELGRASS BED

DISTRIBUTION MAPS IN EEYOU ISTCHEE

3.1. ABSTRACT

The eastern coastline of James Bay is known to be home to sizeable beds of
eelgrass (Zostera marina L.), which thrive 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 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 and assessed
for accuracy each year on a bay-wide scale using an independent field validation
dataset. The validation data were extracted from eelgrass bed maps that were
established from aerial photos and field surveys in 1986-1987, 1991-1992, and
1995-1996 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, making it possible to use satellite imagery for
detecting past changes to eelgrass distribution within a bay. The classified

images of 1988 and 1996 were also compared to aerial photos taken at close years
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at ten sites to determine their capability to assess the shape and presence of small
eelgrass beds. Such a comparison revealed that the classified images accurately

portrayed eelgrass distribution even at finer scales.

3.2. INTRODUCTION

Zostera marina L. (commonly referred here to as eelgrass) is a seagrass
species that grows in shallow and intertidal habitats throughout the northern
hemisphere and provides valuable ecosystem services to both terrestrial and
aquatic ecosystems [1-3]. It has historically been found to occur along the eastern
coastline of James Bay, i.e., the southernmost embayment of Hudson Bay, which
offers suitable habitat for eelgrass growth (i.e., low tidal slope, protection from
wind and wave action, suitable substrate) [4,5]. It is a fundamental part of the
region’s various coastal ecosystems as it serves as a source of shelter for fish and
invertebrates, as well as an essential source of food for migratory waterfowl [1,6].
In James Bay, eelgrass has a slow vegetative and reproductive rate, similar to
Arctic macroalgae species [4,7]. Its growth is influenced by several
environmental factors, including ice, wind, wave action, substrate composition,

and irradiance [5,8].
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James Bay is referred to as Eeyou Istchee by the Cree inhabitants who
have historically resided in the region. The Cree consistently rely on geese
hunting as a primary form of subsistence [9,10]. Species of particular importance
to the Cree include the Canadian Goose (Branta canadensis) and the Atlantic Brant
(Branta bernicla), both of which are documented to feed on eelgrass in the region
[10,11]. For this reason, knowledge about the health and distribution of eelgrass
in the bay is of critical importance for the Cree. 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 [12]. 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, discolored) [13], which has in, in turn, has had an effect on the

predictability of geese to appear around documented feeding areas [13].

In 1974, the Canadian Wildlife Service attempted the first large-scale
mapping effort of eelgrass in James Bay, utilizing black and white aerial
photography to create a distribution map at a scale of 1:125,000 [14]. All major
beds along the coast were recorded and generalized spatially into one of four
distribution classes based on estimated percent cover. This was the only large-
scale analysis of eelgrass distribution in the bay before the construction of most

of the hydroelectric dams. In 1987, the James Bay Energy Corporation deemed it
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necessary to update the map with distribution changes over the past 12 years
using color aerial photography at a scale of 1:10,000 as well as field validation
using divers to ascertain the limit of eelgrass distribution [15] This exercise was
repeated in 1991 and 1996, and distribution maps were derived from analysis of
aerial photos for each of these years. Some aerial photographs were used to
monitor changes in the detectable limit of continuous and discontinuous eelgrass
beds at 14 sites in 1986 and 1996 [16]. In addition to the large-scale mapping,
Hydro-Quebec initiated six permanent sampling stations in their monitoring
effort, nearly all of them around Chisasibi, to estimate the impact of the
hydrological changes in the bay’s effect on eelgrass (since the most pronounced
impact would be around Chisasibi) [16,17]. The results of the 1996 investigation
concluded that eelgrass distribution in the bay had not changed drastically and
that most of the hydrological changes due to the building of the La Grande
complex would affect eelgrass in winter when the plant was in a physiologically
dormant state [18]. In 1996, Hydro-Quebec concluded that regular analysis of the
bay-wide distribution of eelgrass was unnecessary, and irregular monitoring was
carried out from that point onward. In 1998, there was a significant, documented
die-off of eelgrass that has since lacked a clear explanation. Reports indicate that
eelgrass beds have been recovering [13,18] but have not managed to rebound

back to the level they existed at before this event [19].
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These inconsistencies in data collected by Hydro-Quebec outline the need
for continuous and independent monitoring of eelgrass distribution along the
Eeyou Istchee coastline. Due to the many limitations on researchers to perform
tield surveys in James Bay (i.e., harsh winter conditions, the extent of coastline,
shallowness of coastline limiting the operating capacity of ships, etc.), satellite
image analysis presents the best option for cost-effective, routine monitoring of
the entire extent of the coast. Previous attempts to map eelgrass distribution
along the bay using satellite imagery have been scarce and varied in their
methodology. Kennedy et al. (2009) conducted a preliminary eelgrass change
detection analysis using Landsat-5 TM images acquired between 1988 and 2003.
They also tested multiple approaches to produce eelgrass bed maps from the
images. While they could detect a change in the eelgrass distribution using image
differentiation techniques, they could not correctly classify the images [20]. A
team from the University of New Hampshire and Stantec consulting firm set out
to classify eelgrass extent along the coast utilizing high-resolution imagery. In a
tirst study [21], an unsupervised classifier (ISOCLUST) was applied to mosaics
made with WorldView-2 and RapidEye images acquired in 2012 and 2013. The
images were not subjected to atmospheric corrections. They achieved an overall
validation accuracy for the presence/absence of eelgrass of 72.7% when

comparing the resulting classified image to 77 ground-truth points collected in
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the summer of 2016. In a second study [22,23], PlanetScope images acquired in
2017 were subjected to atmospheric corrections using AtmosC, based on an
outdated atmospheric correction algorithm [24] and classified with a supervised
classifier (Maximum Likelihood Classifier). As part of this research, the authors
achieved an overall validation accuracy for the presence/absence of eelgrass of
73.7% when comparing the resulting classified image to 209 ground-truth points

collected in the summers of 2016, 2017, and 2018.

In this study, we aim to present a mapping approach for evaluating the
distribution of eelgrass along the eastern coast of James Bay utilizing both freely
available imagery from the Landsat-5 Multispectral Instrument (MSI) and
Landsat-8 Operational Land Imager (OLI), in conjunction with preexisting field
data collected by Hydro-Quebec. Images were classified using a non-parametric
supervised classifier (Random Forests) that was shown to outperform the
Maximum Likelihood classifier_in many eelgrass mapping studies (e.g.,
(Traganos et al. 2018, Fethers et al. 2018, Aarts et al., 2020) [25-27]. The classified
images were assessed for accuracy on a bay-wide scale using an independent
tield validation dataset for each year. The validation data were extracted from
eelgrass bed maps established from aerial photos and HQ field surveys in 1986-
1987, 1991-1992, and 1995-1996 [16] and a field survey performed by both HQ

and the CCHRP field team in 2019. The classified images from 1988 and 1996
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were then directly compared to the aerial photo-derived maps at several
locations in the area to ascertain the ability of the classified multispectral satellite
imagery to effectively map the shape of more localized eelgrass beds. The
accuracy, limitations, and applicability of our classified image maps are
discussed, and recommendations are made for a consistent future eelgrass
distribution monitoring approach. The present study is part of the James Bay
Coastal Habitat Comprehensive Research Program (JBCHCRP), a Cree-driven
project aiming to combine Cree's traditional knowledge with Western science to
understand better environmental changes in the coastal ecosystems and

ecosystem services of Eeyou Istchee.

3.3. MATERIALS AND METHODS

3.3.1. Study Area

The study area is located on the western coastline of Eeyou Istchee (or the
eastern coastline of James Bay in western Quebec (Figure 1). We considered only
two zones of the whole coastline where historical maps existed because they
were used as ground-truth data for the classification. The first zone is north of
Chisasibi and spans from 54° 0" Latitude N. to about 54° 40" Latitude N. The

second one is south of Chisasibi and spans from 53° 20" Latitude N. to 53° 45’
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Latitude N. (Figure 3.1). Both zones excluded the plume of the La Grande Riviere

and its immediate vicinity since there are no ground-truth data for that zone.

79°20'W 78%40'W 78°20W

Zone North Roggan River
of Chisasibi *i s

54°0'N

- Chisasibi
-
Zone South
of Chisasibi ~ ***

79°40W 79°20W 79°0W 78°40W 78°20W

Figure 3.1. Study area showing the two zones where eelgrass
distribution was evaluated: North and South of the Cree community
of Chisasibi

3.3.2. Image Selection and Acquisition

The 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 3.1). Images were
acquired from the United States Geological Survey’s (USGS) EarthExplorer

website, utilizing the most recent collection of multispectral Landsat imagery
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available. Images selected were prioritized according to two criteria: (i) images
were as free of cloud cover as possible; (ii) images were acquired as close as
possible to peak eelgrass biomass season (late summer). Due to the limited
amount of cloud and ice-free scenes available that covered the full extent of the
coastline, tidal level was not accounted for when selecting imagery. In addition,
tidal data for this region was not consistently until the 21t century, so accurate
tidal measurements do not exist for the historical study period (1988 — 1996).
Imagery from the Landsat-5 Thematic Mapper (Collection-2) was acquired as
close as possible to the years of the aerial photos and field surveys used for
establishing the historical maps, i.e., 1986-1987, 1991-1992, and 1995-1996 [16].
For the 1991-1992 and 1995-1996 historical data, cloud-free Landsat-5 TM
imagery was available for the entire extent of the area covered by the distribution
maps derived from the aerial photographs in 1991 and 1996, respectively. For the
1986-1987 historical data, cloud-free imagery was unavailable for the summer of
1985, 1986, and 1987. Fortunately, in the summer of 1988, one cloud-free image
was acquired for most of the eastern coastline. However, the northernmost part
of the study area was covered by clouds for this image. We also used Landsat-8
Operational Land Imager (OLI) (Collection-2) imagery in 2019 that covers both

zones and coincides with the 2019 summer field survey by the JBCHCRP team.
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Table 3.1. List of the images used in the study and associated date and
cloud cover

Sensor Image gz?:mhon Image Path / Row S?:jefig/;d

Landsat-5 MSI 24-Jul-1988 020 /022 26
020 /023 2

17-Jul-1991 020 /022 7

020 /023 48

16-Sep-1996 020 / 022 0

020 /023 0

Landsat-8 OLI 16-Sep-2019 020/022 0
020 /023 0

3.3.3. Other Data

For the 1988, 1991, and 1996 classifications, the ground-truth data were
extracted from eelgrass distribution maps established over the two zones based
on aerial photo interpretation, helicopter-based aerial surveys, and
snorkeling/diving survey in the summers of 1986-87, 1991-1992, and 1995-1996
(Figure 3.2.) [16,18]. This dataset was used to train the classifier and validate the
resulting classified images. For the maps to be usable, they were first digitized
and georeferenced using ESRI ArcMap’s Georeferencing toolbox, which allows
the user 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 [28] each historical
map was georeferenced using its respective year’s Landsat-5 MSI imagery as the

reference image. Once each map was digitized, the distribution polygons were

45



traced manually and saved as polygon shapefile data. For the 2019 classification,
the field data were acquired the same year via a snorkeling/diving survey, and
eelgrass presence/absence was recorded using a GPS at each evaluation site. Each
point location was saved, and the dataset was converted to a point shapefile
dataset. This dataset was only used for validating the classified image. To
account for varying survey extents by Hydro-Quebec between each of their
distribution maps, we limited our study area to only where survey extent was
the same during all three years North of Chisasibi (northern zone) and South of
Chisasibi (southern zone), except for the 1988 southern zone (Figure 3.2).. To
account for this, the 1988 image was assessed for accuracy only as far south as

the published distribution maps for Hydro-Quebec.

1986 1991 1995
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Figure 3.2. Digitized historical eelgrass bed distribution maps overlaid
over a Google Earth image as a function of the year. Data outside of the
red box was excluded from the study area due to varying survey extents.

Since the eelgrass grows in areas of less than 5 m water depth, there is a
need to define these areas. However, bathymetric data are unavailable for the
bay. Therefore, we estimated a water depth with a digital terrain model (DTM)
that was extracted from the Shuttle Radar Topographic Mission (SRTM) data

from the United States Geological Survey (https://earthexplorer.usgs.gov/). The

SRTM DTM consists of one arc-second global grid (approximately 30m=30 m)

47




produced from resampling of the original three arc-second grid of elevation data
(about 90m by 90 m) collected by the Endeavour Space Shuttle between 11 and 22
February 2000 (Farr et al.,, 2007). The DEM has a resolution of 1m in the z-

direction (elevation), recorded in m relative to Mean Sea Level (MSL).

3.3.4. Image Processing

To create suitable imagery for detecting and monitoring submerged
aquatic vegetation change, Level-1 Landsat imagery must be corrected for
atmospheric effects (i.e., aerosol scattering, sun glint, etc.) before analysis [29].
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 steps of processing, such as the merging of adjacent imagery,
sun glint correction, and production of derived imagery layers, such as turbidity
[30-32]. Acolite was also shown to perform better than other similar freely-
available atmospheric correction software in turbid coastal waters for
atmospheric correction of multispectral satellite imagery [33-35]. Acolite presents
the user with multiple optional parameters for computation during the
atmospheric correction, including sun glint correction and image merging,
utilized for each image year[36]. An example of a setting file that outlines the

parameters set during Acolite atmospheric correction is available in this thesis’s
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Appendix. The image type utilized in the process was the water reflectance
image, created by Acolite using a SWIR-based land mask [37]. Once the Acolite
processing was completed, all subsequent image processing was performed in

PCI Geomatica Banff.

The atmospherically corrected images produced by Acolite were inputted
into the RF classifier. We only used the band images listed in Table 3.2.
Additional layers were added to each classification to bolster the RF classifier
performance. The first layer is the Turbidity, expressed in Formazin
Nephelometric Units (FNU) computed by Acolite [32]. Other layers include
eleven vegetation indices (Table 3) that were selected based on work by Forsey et
al. (2020) [38] and bathymetric ratios, which are based on a ratio decay algorithm
designed for evaluating satellite-derived bathymetry [39]. Since there are few
reliable bathymetry sources for James Bay and bathymetry has an obvious effect
on eelgrass growth, two “relative depth” layers were created from the DTM as
follows. The elevations of the land mass were transformed into a slope layer that
was the extent to the water area. The resulting slope layer was converted to an
elevation layer as a function of the coast distance to estimate the water depth.
This allows the ability to create additional input features for the classifier,
defining the deep water zone (water depth higher than 5 m) and the shallow

water zone with a water depth of less than 5m. Both zones were only delineated
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where there were no islands along the coast. The island zone was considered a

shallow water zone.

Table 3.2. Wavelengths of the Landsat-5 and Landsat-8 bands of the
images used in the study

Landsat-5 TM Landsat-8 OLI
Band Name
Wavelength (nm) Wavelength (nm)

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
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Table 3.3. Vegetation indices and bathymetric ratios considered in our study.

Variable Layer Name Formula ® Reference
DVI Difference vegetation index NIR -R [40]
GDVI Green difference vegetation NIR - G [41]
index
GNDVI Green normalized difference (NIR - G) / (NIR + G) [42]
vegetation index
GRVI Green ratio vegetation index NIR/ G [41]
NDAVI Normalized difference aquatic (NIR - B) / (NIR + B) [43]
vegetation index
NDVI Normalized difference (NIR - R) / (NIR + R) [44]
vegetation index
NG Normalized green vegetation G/(NIR+R+G) [41]
index
NNIR Normalized near-infrared NIR / (NIR +R + G) [41]
vegetation index
NR Normalized red vegetation R/(NIR+R+G) [41]
index
RVI Red ratio vegetation index NIR /R [45]
WAVI Water-adjusted vegetation 1.5* (NIR - B) / (NIR + [43]
index B +0.5)
Coastal/Green Bathymetric Ratio Ln(Coastal)/Ln(Green) [39]
(Coastal/Green)
Coastal/Red Bathymetric Ratio Ln(Coastal)/Ln(Red) [39]
(Coastal/Red)
Blue/Green Bathymetric Ratio (Blue/Green) Ln(Blue)/Ln(Green) [39]
Blue/Red Bathymetric Ratio (Blue/Red) Ln(Blue)/Ln(Red) [39]
RD1 Relative Depth- 1 Shallow water of less This paper
than 5 m deep
RD2 Relative Depth- 2 Deep water of more This paper

than 5 m deep

M B = reflectance in the blue band; G = reflectance in the green band;
NIR = reflectance in the near-infrared band; R = reflectance in the

red band; CA = reflectance in the coastal / aerosol band
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3.3.5. Model Training Data

The Random Forests classifier used in our study is a supervised classifier
that requires training data in polygon shapefile format [46]. Since water
conditions in the bay (including turbidity, ice, wind, wave action, etc.) can be
highly variable in this region based on runoff or time of year [47], water
conditions could not be guaranteed to be similar across the year and training
areas had to be individually created for each of the respective classification years.
Five classes were considered for each training set: Eelgrass, Low Turbidity
Water, High Turbidity Water, Bare Seafloor, and Deep Water. The number of
training pixels created for each class and classification year is displayed in Table
3.4. For every year, each set of training data was created in an iterative process
until the final image product, and the spectral separability between classes

computed as a J-M distance was deemed to be satisfactory

Table 3.4. 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 38501 14568 7795
High Turbidity = 1962 417 3744 2474
Seafloor 2721 1034 1726 905
Deep Water 119800 56024 79992 106253
Total 138321 99004 104042 120652
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Training areas for the classified historical imagery (1986-1987, 1991-1992,
and 1995-1996) were extracted from the distribution maps of Figure 3.2 derived
from aerial photos as well as by photointerpretation of the multispectral imagery.
The Eelgrass class was created where field surveys recorded eelgrass presence in
that respective year or where large eelgrass beds were visible on the
multispectral satellite imagery. Where field data were derived from the historical
distribution maps, eelgrass training polygons were created in areas with large,
high-density eelgrass beds recorded on the map. 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 polygons were created over pixels containing
eelgrass on any historical distribution maps. The low and high turbid water
training polygons were created solely based on photo-interpretation of the RGB
composites, regardless of the year of classification. The low turbid water has a
distinctly grayish color. The high turbid water has a distinctly brownish color.
This class is also well defined in the Turbidity layer computed by Acolite. 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
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black on the RGB multispectral satellite imagery), were not close to shore, and

where no presence of eelgrass was indicated from the historical data.

For 2019, polygon training data for the Eelgrass and Deep Water classes
were derived entirely from photointerpretation of the Landsat-8 imagery, and
tield data acquired during this year were used for validating the classified image.
The Eelgrass class for this year was defined where the reflectance of near-shore
pixels appeared to be dominated by submerged aquatic vegetation, usually
expressed by a strong green hue in the RGB imagery, especially if it was in an
area of documented or otherwise established eelgrass presence such as the
locations of the field sites. 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.

3.3.6. Image Classification

Once each image classification’s respective training dataset was
completed, the classifications were carried out using the Random Forests
classifier [48,49] using an R script designed for the classification of multispectral
satellite imagery [46], with the training areas being re-assessed based on the
resulting classification in an iterative process. Once the resulting training areas

achieved an acceptable level of accuracy, a final classification was then
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performed for each year, and statistics from each classification were recorded.
The resulting classified images were filtered using a SIEVE filter in PCI
Geomatica, which filters out smaller unconnected polygons to reduce the impact
of small misclassifications on overall accuracy. The SIEVE filter filtered out all
pixels connected to less than seven other pixels with the same value, using the

basis of eight connectedness [50]

3.3.7. Accuracy Assessment

Each classified image was assessed for accuracy using two metrics; the
tirst metric was classification accuracy measured using a subset training of the
training data within the RF classifier, and the second was a randomly generated
dataset derived from the ground-truth data for each classification year. For the
historical classifications (1988, 1991, and 1996), validation points were randomly
generated from each respective image classification and validated against the
historical distribution maps, which in this context functioned as ground-truth
data. A set of 100 points was randomly generated for each of the two zones
(North and South of Chisasibi) for all the classified images. The points were
generated in ArcMap by using the “create accuracy assessment points” tool. Half
of the points were generated on pixels where eelgrass was not classified (i.e.,
pixels classified as bare seafloor or deep water), while the other half were

generated on pixels classified as eelgrass. These points were then manually
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assessed to determine whether they matched the data shown on the historical
distribution maps. If a pixel classified as EP was not within the limits of the
eelgrass beds defined by the distribution map (or within reasonable
approximation to the photointerpreter), that point (and therefore pixel) was
considered incorrectly classified. Similarly, a point considered as EA was only
correctly classified if it was NOT located on or directly next to an eelgrass bed, as
defined by the associated historical distribution map. The results were displayed
in a confusion matrix. For the 2019 validation data, ground-truth points from the
2019 field surveys of Hydro-Quebec and the CCHRP team that were inside the

study zones were utilized to validate the classified imagery.

3.3.8. Comparison To Aerial Photos

To examine how our classified images perform at smaller scales, a subset
of the aerial photos taken by Hydro-Quebec that were used to derive the eelgrass
distribution maps was compared visually with our classified image at specific
locations of the map in Figure 3.3. Each photograph was annotated with the limit
of continuous and discontinuous eelgrass distribution 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. This

comparison was used to examine how closely our image classifications match the
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ground-truth data at more fine resolutions than a bay-wide scale, as well as to

assess the accuracy of our image classifications.
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Figure 3.3. Locations of sites where aerial photographs with delineations
of eelgrass extent were published
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3.4. RESULTS

3.4.1. Image Classification and Validation

Spectral separability between classes varied widely between years, with an
average of 1.982 (Table 3.5) (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, averaging 1.992 across the
four classification years. Low turbidity and deep water were the class pair with
the lowest average separability (1.946) when averaging over the four years and
had the lowest separability between class pairs in three of the four years. In
comparison 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 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 overall accuracies of each respective image classification displayed in

Figure 3.4 were between 94.51% for the 1996 classification and 99.85% for the
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2019 classification (Table 3.6). 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 (LS5) was the least accurate.
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Table 3.5. Spectral separability between classes using J-M distances
computed with the combination of original spectral bands, the
vegetation indices, and the bathymetric ratios for each Landsat sensor.
Values range from 0-2, with 2 representing perfect class separability.

Year Average Class Eelgrass Low High Seafloor
Turbidity Turbidity
1988 1.950 Low Turbidity 1.936
High Turbidity 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 High Seafloor
Turbidity Turbidity
Low Turbidity 2.000
High Turbidity 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 High Seafloor
Turbidity Turbidity
Low Turbidity 2.000
High Turbidity 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 High Seafloor
Turbidity Turbidity
Low Turbidity 2.000
High Turbidity 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 High Seafloor
Turbidity Turbidity
Low Turbidity 2.000
High Turbidity 1.999 2.000
Seafloor 1.999 2.000 1.991
Deep Water 1.999 1.946 1.970 2.000
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Table 3.6. Confusion matrices showing classification accuracy evaluated

with the OOB training areas for each classification year, expressed as a

percentage of the total number of OOB training points for each year.

Low High Deep o
1988 Eelgrass Turbidity Turbidity Seafloor Water Total UA (%)
Eelgrass 2.996 0.029 0.011 0.025 0.256 3.318 90.32
Low 0.049 6.541 0.007 0.017 0.059 6.673 98.02
Turbidity
High
. 0.010 0.006 1.345 0.001 0.050 1.411 95.28
Turbidity
Seafloor 0.026 0.011 0.002 1.895 0.003 1.937 97.83
Deep 0.173 0.018 0.019 0.001 86.449 86.661 99.76
Water
Total 3.255 6.604 1.384 1.940 86.817 Total Points = 138230
Overall Accuracy (%)
PA (%) 92.06 99.04 97.18 97.69 99.58 - 99.23%
Low High Deep
1991 Eel fl Total A (9
99 clrass Turbidity Turbidity Seafloor Water ota UA (%)
Eelgrass 2.910 0.015 0.010 0.019 0.104 3.059 95.15
Low
. 0.027 37.390 0.003 0.023 1.445 38.888 96.15
Turbidity
High
. 0.014 0.005 0.365 0.002 0.035 0.421 86.57
Turbidity
Seafloor 0.015 0.045 0.000 0.984 0.000 1.044 94.2
Deep 0.026 1.348 0.010 0.000 55.202 56.587 97.55
Water
Total 2.993 38.804 0.388 1.028 56.787 Total Points = 99001
Overall Accuracy (%)
PA (%)  97.23 96.36 94.01 95.68 97.21 96,85
Low High Deep o
1996 Eelgrass Turbidity Turbidity Seafloor Water Total UA (%)
Eelgrass 3.239 0.000 0.131 0.056 0.433 3.859 83.94
Low
.. 0.000 11.776 0.000 0.000 2.235 14.011 84.05
Turbidity
High
. 0.140 0.005 3.257 0.043 0.154 3.599 90.48
Turbidity
Seafloor 0.068 0.000 0.030 1.562 0.000 1.661 94.09
Deep 0.180 1.954 0.063 0.000 74.674 76.871 97.14
Water
Total 3.628 13.735 3.480 1.662 77496 | Total points = 103941
Overall Accuracy (%)
PA (%) 89.29 85.74 93.59 94.04 96.36 9451
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Low High Deep o
2019 Eelgrass Turbidity Turbidity Seafloor Water Total UA (%)
Eelgrass 2.731 0.000 0.000 0.000 0.005 2.736 99.8
Low 0.000 6.570 0.000 0.000 0.038 6.608 99.43
Turbidity
High
g 0.000 0.000 2.047 0.000 0.063 2.111 96.97
Turbidity
Seafloor 0.000 0.000 0.000 0.765 0.000 0.765 100
Deep 0.001 0.037 0.001 0.000 87.741 87.779 99.96
Water
Total 2.732 6.608 2.048 0.766 87.846 Total Points = 472643
Overall Accuracy (%)
PA (%) 99.95 99.44 99.96 99.97 99.88 — 99.85
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Figure 3.4. Classified images produced by applying the Random Forests
classifier to all the reflectance images, associated vegetation indices, and

bathymetric ratios for each year
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To assess the importance of each inputted feature in the classification, we
used the mean decrease in permutation accuracy statistic provided by Random
Forest. Each variable was ranked relative to the other variables for each
classification year and tabulated (Table 3.7). This analysis suggests that variable
importance is not consistent across classification years, as well as between the
two different optical sensors (Landsat-5 and Landsat-8) within the random
forests classifier. The Green band reflectance was important in every
classification (particularly for the 1991 classification), but the most important
single band reflectance was from the coastal band in the 2019 classification. The
Turbidity layer was very important for the 2019 classification. The relative depth
variables were the two most important variables for 1988 and 1996. However,
they were less important in 1991 (with RD2 ranking as the least important
variable) and 2019. The SWIR2 layer was one of the least important variables
across years, except for 1988. The vegetation indices were generally less

important than the simple band reflectance or the bathymetric ratios.
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Table 3.7. Importance of each input variable for increasing model accuracy
ranked from the most (1) to the least important (24) as a function of the

classification year.

Model 1988 1991 1996 2019
Importance
Rank

1 RDI2 Green RDI1 Turbidity
2 RDI1 Blue RDI2 SWIR1
3 Green GDVI GDVI Coastal
4 SWIR2 NIR Green Blue
5 NIR Blue/Red NIR GDVI
6 WAVI RDI1 Red Green
7 Turbidity NG Blue/Red Blue/Green
8 Red Blue/Green DVI WAVI
9 GDVI Turbidity Blue/Green RDI1
10 Blue/Green Red Turbidity ~ Coastal/Green
11 Blue WAVI NDAVI NIR
12 Blue/Red DVI RVI NDAVI
13 DVI NR GNDVI Red
14 NR NDAVI NG NNIR
15 NDAVI GRVI NDVI GRVI
16 NG GNDVI GRVI GNDVI
17 RVI NNIR WAVI RDI2
18 SWIR1 SWIR1 Blue NDVI
19 NDVI RVI NNIR RVI
20 GNDVI NDVI NR SWIR2
21 GRVI SWIR2 SWIR1 RDI2
22 NNIR RDI2 SWIR2 GNDVI
23 RVI
24 SWIR2

Classified images were further assessed for accuracy using validation
points (present/absent) derived from historical HQ eelgrass distribution maps for
1988, 1991, and 1996 as well as the JCCAP team’s field validation set for the 2019

classification and displayed as a confusion matrix for each classified image
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(Table 3.8). The overall validation accuracy was the highest for the 1988
classification (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 84.00% 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 classification and the 2019 classification had significantly fewer
validation points compared to the 1991 and 1996 classifications due to lack of
data availability in 1988 and 2019. Yet, the results of the field validation do not

show any distinct trends relative to the number of validation points.
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Table 3.8. Confusion matrices showing classification accuracy evaluated
with the ground-truth dataset for each classification year, expressed as a
percentage of the total points used for each year.

Ground-Truth

1988 Class Eelgrass Eelgrass Total  UA (%) EC (%)
Present Absent
Eelgrass Present 34.15 8.94 43.09 79.25 20.75
E Eelgrass Absent 6.50 50.41 56.91 88.57 11.43
E Total 40.65 59.35
5 PA (%) 84.00 84.93 Total Points = 123
EO (%) 16.00 15.07 Overall Accuracy (%) = 84.55
Ground-Truth
1991 Class Eelgrass Eelgrass Total  UA (%) EC (%)
Present Absent
Eelgrass Present 37.50 8.00 45.50 82.42 17.58
E Eelgrass Absent 12.50 42.00 54.50 77.06 22.94
z Total 50.00 50.00
8 PA (%) 75.00 84.00 Total Points =200
EO (%) 25.00 16.00 Overall Accuracy (%) =79.50
Ground-Truth
1996 Class Eelgrass Eelgrass Total UA (%)  EC (%)
Present Absent
Eelgrass Present 36.67 6.67 43.33 84.62 15.38
E Eelgrass Absent 13.33 43.33 56.67 76.47 23.53
z Total 50.00 50.00
8 PA (%) 73.33 86.67 Total Points = 180
EO (%) 26.67 13.33 Overall Accuracy (%) = 80.00
Ground-Truth
2019 Class Eelgrass Eelgrass Total UA (%) EC (%)
Present Absent
Eelgrass Present 69.49 6.78 76.27 91.11 8.89
©  Eelgrass Absent 18.64 5.08 2373 2143 78.57
' Total 88.14 11.86
6‘ PA (%) 78.85 42.86 Total Points =59
EO (%) 21.15 57.14 Overall Accuracy (%) =74.58

™ Bold figures indicated well-classified pixels; EC = Error of commission; EO =
Error of omission; PA = Producer’s accuracy; UA = User’s accuracy.
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When the classified eelgrass area across each zone was quantified, a
declining trend in eelgrass extent was observed throughout the study period for
both zones as well as the total study period, although the 2019 extent was
slightly higher than the 1991 and 1996 extents (Figure 3.5). Total eelgrass
classified was not evaluated between 1996 and 2019 due to the absence of
historical distribution data, therefore information during this specific period is

lacking.
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Figure 3.5. Evolution of the eelgrass area extracted from the classified imagery as
a function of the classification year. The dotted lines represent trends over the
course of the study period since no data exists between 1996 and 2019.

Due to variable extents of turbid water in each classification year, the total area
having potentially eelgrass beds varies between the four classified images. To
determine if this impacted the overall trend, the total area classified as eelgrass
was also determined where all pixels classified as turbid water during any of the
four image classifications were removed from all the classified images. This
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allowed us to determine the total eelgrass area independent of the quantity of
turbid water pixels present for each individual classification year. Table 3.9 gives
the resulting eelgrass area with and without the turbid water pixels. The
difference between the two cases is the largest for 1991 and 1996, indicating that
the influence of water turbidity extent is the most important for both years.

Table 3.9. Total classified eelgrass area, assessed with turbid water
points from any classified image omitted from all other images, as well
as with turbid water points included.

Turbid Pixels Included Turbid Pixels Excluded
North South Total North South Total
1988 82.39 86.89 169.28 79.39 62.82 142.21
1991 50.47 59.35 109.82 23.58 25.87 49.45
1996 60.00 4551 105.51 30.24 14.81 45.05
2019 66.37 59.31 125.68 47.95 44.06 92.01

3.4.2. Eelgrass Distribution and Temporal Trends

Eelgrass was observed along most of the extent of the coast in the two
zones evaluated (North of Chisasibi and South of Chisasibi). For both zones,
there was a slight decrease in total classified eelgrass over the study period.
However, the trend exhibited does not take into account changes in eelgrass
distribution over the 22-year period from 1996 to 2019, since no historical
distribution data was published for these years. To the North of Chisasibi, certain
bays, such as the Bay of Many Islands (approximately 53° 8 N Latitude), appear
to consistently hold large eelgrass meadows through all four classification years.

South of Chisasibi, large-scale trends are less apparent, partially due to the
widespread classification of turbid water in the region. Dead Duck Bay, a large

bay at around 53° 35" N Latitude, shows turbid water classified during all four
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classification years. While eelgrass was still classified in the region, the
comparison between our classifications and the HQ aerial photos in 1988 and
1996 suggested that this area was classified slightly less accurately than areas
with less turbid water, indicating that turbid water likely decreases mapping
accuracy in the zone south of Chisasibi. Total eelgrass extent extracted from the
1996 classified imagery appears to be substantially lower than the other
classification years, especially towards the seaward extent of meadows, which

may be indicative of higher tidal levels obfuscating eelgrass in deeper water.

3.4.3. Comparison to Historical Aerial Photos

Since the aerial photograph delineations were not available for 1991, only
the 1988 and 1996 classifications were compared at individual sites to aerial
photographs with delineations of eelgrass distribution produced by HQ. Both
data sources (classified imagery and historical aerial photographs) showed a
general agreement that eelgrass was present along the entire eastern coastline of
James Bay based on a visual comparison of the two images for each study site.
Both datasets showed large eelgrass beds in locations where they have been
historically recorded to be present, such as the Bay of Many Islands and Dead
Duck Bay. A slight variation was observed between the three years on either the

historical distribution maps or the multispectral image classifications between
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the presence and general distribution of the most major beds, while higher

variation was shown for smaller beds on the classified Landsat imagery.

Out of the seven sites analyzed in 1986, our classified imagery from 1988
closely resembles the outlined shape of the eelgrass meadows in five images
(Figure 3.6). Generally, the edges of the eelgrass meadows did not perfectly
match, but where eelgrass was delineated, it was always classified as eelgrass in
the 1988 image classification. However, the 1988 image classification showed a
slightly different eelgrass distribution than the aerial photos of 1986 since
eelgrass is frequently classified just outside the aerial photo limits. The
distribution and shape of eelgrass meadows, as extracted from the classified
image of 1996, are generally in good agreement with those extracted from the
aerial photographs of 1995. Out of 11 analyzed sites, the 1996 image classification
closely resembles the outlined shape of the eelgrass meadow in ten aerial
photographs. In the remaining image, eelgrass appears to be overestimated (Site
10), like many of the sites from 1988. In all sites where any pixels within the
image bounds were classified as turbid water, eelgrass extent appeared to be

overestimated by the classifier.
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Figure 3.6. Comparison between the classified Landsat imagery of 1988
and the aerial photographs of 1986 for the limits of eelgrass distribution at
sites 7-13. Green lines on the aerial photos represent the extent of

continuous eelgrass beds, while the red lines represent the discontinuous
bed extent.
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Classified Landsat Imagery (1996)
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Figure 3.7. Comparison between the classified Landsat imagery of
1996 and the aerial photographs of 1995 for the eelgrass distribution.
Green lines on the aerial photos represent the extent of continuous
eelgrass beds, while the red lines represent the discontinuous bed

limit.

79




3.5. DISCUSSION

3.5.1. Overall Mapping Accuracy

Satellite image analysis offers users the unique ability to evaluate data
retroactively and in real-time, which can be a precious tool for scientists looking
to add depth and consistency to temporal change analysis [51,52]. The overall
accuracy of our classified Landsat imagery assessed using the training data
subset ranged from 94% (lowest) for the 1996 classification to 99% (highest) for
the 2019 classification, indicating exceptionally high accuracy. When evaluated
using our independent field data sets, classified image accuracies for eelgrass
presence/absence ranged between 74.6% for the 2019 classification (lowest) and
84.6% for the 1988 classification (highest), which, while lower, is still very
accurate for the classification of multispectral imagery. Our results present better
overall accuracies than previous studies carried out over the eastern coast of
James Bay. In one, an unsupervised classifier was applied to Worldview-2 and
RapidEye images [28], and another utilized a maximum likelihood classifier to
PlanetScope images [22,23]. These earlier studies achieved overall accuracies of
72.7% and 73.7%, respectively, and used more expensive high-resolution
imagery. Our overall mapping accuracies were greater than those of Traganos et
al. (2018) (72%), who mapped the presence/absence of eelgrass beds in Greece

using a Support Vector Machine through the Google Earth Engine system [53].
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They were comparable and, in some instances, better than those using Sentinel-2
imagery for mapping eelgrass along Canada's Atlantic coast, such as Gallant et
al. (2021) (79.00% and 72.58%) with random forests and Wilson et al. (2020)
(78.72%) with a hierarchical classifier [54,55], showing that our approach
utilizing supervised classification via random forests provides similar or better
levels of accuracy to comparable studies in both James Bay and around the

world.

3.5.2. Variable Importance in Random Forests

Relative variable importance, as calculated in the Random Forests
classifier, showed a lack of homogeneity between classification years, meaning
variables did not show clearly distinctive patterns as to which were the most
valuable contributors to mapping accuracy. The Relative Depth variables created
(RDI1 & RDI2) were the two most important variables for 1988 and 1996, but
their relative importance was not consistent between classification years; they
were only the 6% and 224 most important variables for the 1991 classification,
and the 9 and 18% for 2019. In each classification, our model appeared to regard
certain variables as important where they were not in another classification, such
as the SWIR2 variable being 4 most important in 1988 and no better than 21s
most important for any other classification year. Generally, each image

classification used different variables to create the model equation, and no
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variable was considered “ineffective” across all four image classifications. This
suggests that the random forests classifier is likely information limited and will

perform better when given a higher quantity of unique input variables.

3.5.3. Comparison to HQ Aerial Photographs

Only image classifications from 1988 and 1996 were compared to the aerial
photograph delineations of eelgrass extent produced by HQ since these maps
were only produced for the summers of 1986 and 1995. Our image classification
from 1996 showed exceptionally strong agreement between the aerial
photograph interpretations from 1995 in both the presence and extent/shape of
eelgrass beds, while the classification from 1988 matched only the presence of
eelgrass beds at each aerial photography site. The 1988 image generally
overestimated the extent of eelgrass compared to the HQ aerial photos, especially
at sites 7 (southern extent), 9 (western extent), and 11 (southern extent). In both
sets of imagery (1988 and 1996), eelgrass was present in all areas identified,
indicating that the classifier does a suitable job at detecting the presence of large
beds at relatively smaller scales (images were at a relative scale of approximately
1:10,000). In the 1988 comparison, turbid water was classified at sites 7, 11, and
13, which were all sites where eelgrass was overestimated relative to the
assessment performed by HQ. A similar trend was exhibited in the 1996

comparison, where sites 10 and 11 had classified turbid water and showed an
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apparent overestimation of eelgrass extent within the image's bounds. In all, the
similarities exhibited between our image classifications at the sites where aerial
photograph delineations were published suggest that our satellite image
classifications may offer comparable accuracy to the photo interpretation of
historical aerial photographs for mapping the extent of large eelgrass beds along

the coast.

3.5.4. Causes of the Water Turbidity

Table 3.8 shows that the effect of water turbidity extent over the eelgrass extent
was the most important in 1991 and 1996. Besides the hydro-electric
development occurring in the area, another factor that could explain the water
turbidity is extensive wildfires. According to Figure 3.8, the maximum burned
area occurred in 1989. As shown in Figure 3.9, a large portion of that burned area
occurred on or around watersheds of major James Bay tributaries. A comparison
of satellite images acquired before and after the 1989 fires on these major James
Bay tributaries showed a distinctive higher water turbidity on the post-fire

images than on the pre-fire images (Figure 3.10).
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Figure 3.10. Comparison between Landsat RGB composites over major
tributaries of the eastern coast of James Bay before and after the 1989 wildfires

3.5.5. Study Limitations

This study was limited by multiple factors, including: the availability of
suitable ice and cloud-free imagery covering the whole of the study area and
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
Complex, making it impossible to determine the potential effects of the
hydroelectric project on eelgrass distribution in the bay. Even though historical

data exists from before the complex’s construction [14], there is no multispectral
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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-Quebec, 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, which can affect the depth at
which eelgrass can be detected, are reluctantly apparent between the three
historical image classifications. Fortunately, Acolite automatically filters out
“land pixels” (pixels where SWIR reflectance > 0) during atmospheric correction
[30], so we can use a total number of pixels in each image as a proxy for tidal
level. The tidal level, as measured by total water pixels, was lowest in the 1988
image and about 27% higher in 1991 (the image acquired at the highest tide). The
tidal level was 11% higher (than in 1988) in both 1996 and almost exactly the
same in 2019. This difference likely affects the extent to which eelgrass can be
detected by the Landsat sensor, as eelgrass extent can be measured further out
when the tidal level is lower, and there is less water column above the eelgrass to
obfuscate the reflectance signal [56]. This discrepancy, therefore, presents a
possible explanation as to why the extents of the classified eelgrass beds in the
1988 imagery were greater than the imagery in 1996 (Figures 3.6-3.7) and may

have a substantial impact on the difference in total classified eelgrass detected in
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the bay. However, in the absence of bathymetry data, it is impossible to estimate
the exact effect of tidal differences in determining the total classified eelgrass
area. In general, imagery acquired at the lowest possible tidal level should be

prioritized when detecting submerged aquatic vegetation [57].

Landsat-derived image classifications, while effective for change detection
in large areas, have many limitations on their applicability [58]. The moderate
spatial resolution presents an advantage in covering a large aerial swath.
However, mapping accuracy comes at a cost compared to utilizing imagery with
higher spatial resolutions. [59-61]. Large eelgrass beds, mainly when a SIEVE
tilter was applied to the classified images, were easily detectable and their
general shape and distribution were monitorable [50]. 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 m?). Therefore, this
approach cannot accurately reflect smaller eelgrass beds because of possible
confusion with other features. Using this same logic, we can determine that our
image classifications likely do not properly account for other vegetation types
that are not eelgrass since there is only one class for SAV. While eelgrass is the
dominant submerged vegetation across the eastern coast of James Bay, more

localized populations of Ruppia maritima, Ascophyllum nodosa, or Fucus vesiculosus
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could easily represent the dominant reflectance signal of a single pixel [5,17] and
could also be misinterpreted as eelgrass when examining aerial photographs.
While we can assume that eelgrass is most likely the only vegetation that would
dominate the reflectance signal of multiple adjacent Landsat pixels in this region,
this 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 [17,23].

3.6. CONCLUSIONS

Our Landsat image classifications displayed the ability to map large
eelgrass beds in James Bay with relatively strong accuracy on a large scale and
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 accuracies than
other studies utilizing multispectral image classifications to map seagrasses in
turbid, northern waters (including studies using higher resolution imagery)
[22,62]. This study has also shown that our methodology is a reasonably cost-
effective way to temporally monitor eelgrass beds in James Bay. The total costs

associated with this mapping approach were kept low by utilizing publicly
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available imagery and free, open-source atmospheric correction software, which
limited the project's cost to the time required to perform and analyze the
classified imagery and the fieldwork necessary to ground the truth of the data.
Temporal trends exhibited in our study showed a decrease in the total extent of
eelgrass classified over the studied period. The losses and gains for each zone

evaluated can be attributed mainly to a few large eelgrass areas.

Since eelgrass growth and bed distribution can be limited mainly by light
availability [63,64], depth can be a major factor in determining the location of
eelgrass beds. Since no usable bathymetry data exists for James Bay, the addition
of “relative depth” and “bathymetry ratios” were substituted to aid the classifier
in ruling out eelgrass where the water depth was too low for growth (or too low
to be accurately detected by the Landsat sensor). This study did not explore how
the performance of these variables would compare to the addition of bathymetric
data. However, adding bathymetric data to the classifier is recommended to
enhance model accuracy. If available, other types of data (i.e., salinity, substrate
type, acoustic sonar data, etc.) would likely also strengthen classification
accuracy [56]. 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 had an effect on the

river turbidity, but further research should be carried out to investigate more in
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details 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, in this study, we 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. Data
from the Landsat archive is continuously collected and consistently updated
within the USGS database, giving this type of study widespread applicability for
both past and future change detection analysis. Multispectral image classification
can be used on its own but is best used in conjunction with one or multiple field
surveys or other datasets. Our classified image maps can and should be used to
inform and guide future researchers on where eelgrass distribution might be

changing or should be monitored along the eastern coastline of James Bay.
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CHAPTER 4: GENERAL DISCUSSION

The overall objective of this thesis was to evaluate the use of multispectral
satellite imagery and supervised image classification with Random Forests to
detect and map eelgrass along the eastern coast of James Bay, as well as to utilize
our devised methodology to construct a time series of eelgrass distribution from
1988 — 2019. The thesis presented outlines a general methodology for acquiring
and classifying multispectral satellite imagery, as well as validating the
subsequent classified imagery using preexisting and independent historical
eelgrass distribution data. Overall, multispectral satellite image classification was
found to be an effective method of detecting the general shape and presence of
large eelgrass meadows in James Bay, and our time-series of eelgrass distribution
along the coast provides valuable insight into eelgrass distribution trends within

the bay during this period, as well as a framework for future monitoring efforts.

The first objective of my thesis (Chapter 2) was to evaluate the capability
of the Landsat-8 Operational Land Imager (OLI) sensor to detect and map
eelgrass beds in James Bay and to create a baseline distribution map of eelgrass
distribution in Eeyou Istchee for the year 2019. Our final classified image, when
validated against a ground-truth dataset that consisted of 108 presence/absence
points acquired in the summer of 2019, had an overall accuracy of 78.7%, which

is equivalent to or higher than comparable studies utilizing a supervised
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classification of multispectral imagery. Evaluated using a subset of the training
data within the Random Forests classifier, our classified image produced an
accuracy of 99.3%, indicating exceptionally high accuracy and the strong ability

of the classifier to create separability between each of the respective classes.

Atmospheric correction of multispectral satellite imagery is necessary to
obtain accurate information about environmental features [1,2]. For this study,
Acolite was found to be a good option for atmospheric correction of the top-of-
atmosphere (TOA) imagery coming from the U.S. Geological Survey (USGS) due
mainly to its useability in turbid coastal waters [3,4]. The processes for
atmospheric correction, sun glint correction, land and cloud masking, and image
merging were all performed within the Acolite software, which offered a user-
friendly approach to creating reflectance imagery for remote sensing analysis at
zero cost [5]. Multiple input variables were also derived within the software and
used as input variables for the Random Forests classifier. Class separability for
the turbidity [6], suspended material [7] and orange band layers [8] overlapped
significantly, indicating they may have provided the classifier with redundant
information. The separability between classes was also relatively low for the
floating algal index [9] and is likely not worth incorporating into future studies.

Each of the vegetation indices and bathymetric ratios provided more class
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separability and were likely important contributions to the model for increasing

mapping accuracy.

Overall, eelgrass was detected in bands along the coast everywhere north
of Eastmain during the summer of 2019. South of this point (and around the
mouth of the Eastmain River), most of the water was classified as turbid,
indicating that eelgrass cannot be detected there by our Landsat-8 OLI sensor
and likely would have more trouble growing due to lack of light than eelgrass
along the Northern section of the coast [10,11]. Eelgrass was not detected around
Chisasibi and outside of the La Grande, consistent with reports from the Cree
experience as well as Hydro-Quebec (HQ) [12,13], most likely caused by
persistently low levels of salinity around this region [14,15]. Turbid water was
classified abundantly around Wemindji and in many bays south of Chisasibi,
where ground-truth data was collected, indicating these could be areas where the
classifier may lack the ability to map the distribution of eelgrass accurately and

consistently. Extra field verification work may be required.

The second objective of this thesis (Chapter 3) was to evaluate the use of
images from the Landsat archive, including Landsat-5 Multispectral Instrument
(MSI) and Landsat-8 OLI imagery, in conjunction with freely available historical

data acquired by HQ, to map and monitor historical eelgrass distribution
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changes in James Bay. We incorporated a similar methodology outlined in
Chapter 2 (adjusted to fit the limitations of the Landsat-5 sensor), as well as
eelgrass distribution maps produced by HQ through the interpretation of aerial
photography in 1987, 1991, and 1996 to both train and validate our image
classification models. Our historical classifications from 1988, 1991, and 1996
using Landsat-5 imagery yielded classification accuracies ranging from 79.5 —
84.5% when assessed for accuracy using a randomly generated validation data
set, which is very accurate compared to similar studies and consistent between
image classifications [16-18]. The image classification from 2019 using Landsat-8
imagery and the same input variables achieved an overall accuracy of 74.5%,
assessed by the field validation set within the study area. Overall accuracies
acquired using a subset of the training data ranged from 94.1 — 99.8%, indicating
exceptionally strong mapping accuracies and strong model separability between

training classes within the image.

Our historical image classifications were also analyzed by comparing the
images to aerial photographs published by HQ, which are overlayed with the
limit of eelgrass extent determined through photointerpretation of the aerial
photography [19]. In this comparison, our classifications appeared to closely
resemble the extents published by HQ in both the summers of 1987 and 1995.

Our imagery acquired from 1988 seemed to show a greater seaward eelgrass
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extent than the aerial photos from HQ, indicating either a potential error in the
classification at identifying the boundaries of eelgrass meadows or possibly the
sensor being able to detect eelgrass at deeper depths than aerial photograph
interpreters. In the absence of in situ reflectance data as well as data on
bathymetry, it is not easy to estimate the depth at which the Landsat-8 OLI
sensor might be able to penetrate the water and detect eelgrass. In addition,
varying levels of turbidity might make this value variable dependent on location

along the coast [20].

Our classified historical imagery and a present-day map of eelgrass
distribution from 2019 help add context to information about eelgrass
distribution in the bay during this period. Eelgrass is present all along the coast
in all three of our historical classification years, a trend that persists into 2019.
Overall, the total eelgrass extent along the coast of Eeyou Istchee appears to have
declined over the period, though this decline is more pronounced in certain
areas, whereas others seem to be less affected during this period. Our historical
reconstruction began with 1988 imagery, but the construction of the La Grande
Complex occurred in the 1970s. Additional work is needed to compare our maps

with older maps of the area.
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Both papers (Chapters 2 and 3) presented in this thesis outline similar
recommendations for future research. When utilizing supervised classification to
map eelgrass beds in turbid, coastal waters, remote sensing specialists should
coordinate as closely as possible with the field data acquisition team to get the
most optimal data for ground-truthing and model training. Information on
depth, bottom type, or even qualitative descriptions of eelgrass distribution
trends within a confined area (i.e., eelgrass was not shown to grow past 10 m
from the shoreline in this defined region) could aid the training area creation and
thus the optimization of the classification model. In addition, higher resolution
imagery would likely improve the potential of the classifier to detect eelgrass
beds and improve the relative spatial scale at which their extent can be
measured. While only Landsat was used for my study due to its historical
applicability, a modern sensor with higher resolution (such as Sentinel-2
Multispectral Instrument) could allow for a more robust analysis. However, it
may require more ground-truth data to accurately assess the results' quality. At
which point, a field survey utilizing aerial photos or bottom-detecting sonar

could provide a more practical option.

In conclusion, this study showed that eelgrass in James Bay could be
detected and mapped by utilizing freely available multispectral imagery from

the Landsat archive and open-source software packages for atmospheric
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correction and image classification. Using historically collected (1987-1995) and
modern field datasets (2019), we verified our classified image maps spanning
approximately 40 years. These maps should aid researchers hoping to evaluate
past and future changes to eelgrass distribution and dynamics along the Eeyou
Istchee coastline. In addition, my study serves as a framework for any researcher
aiming to utilize supervised classification of multispectral satellite imagery to

detect eelgrass in northern coastal waters.
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Appendix

## Example Settings File

inputfile=C:\ User\ Path_To_Input_Image
output=C:\User\Path_To_Output_Folder
limit=51, -79.8, 54.8, -78.3
aerosol_correction=dark_spectrum
merge_tiles=True
dsf_path_reflectance=tiled
glint_correction=True

## L2w Parameters
12w_parameters=rhot_* rhos_*rhow_* Rrs_*t_nechad
## Glint Correction
glint_write_rhog_ref=True
glint_write_rhog_all=True

## Masking

12w_mask=True

12w_mask_wave=1600
12w_mask_water_parameters=True
12w_mask_negative_rhow=True
I12w_mask_cirrus=True

## Output Options

rgb_rhot=False

rhb_rhos=False

12r_export_geotiff=True
12w_export_geotiff=True
export_geotiff_coordinates=True
xy_output=True

Figure Al. Text used as a settings file to direct the Acolite atmospheric correction
software. Inputs can be found in the Acolite manual at
https://odnature.naturalsciences.be/remsem/software-and-data/acolite.
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