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ARTICLE INFO ABSTRACT
Keywords: The ecosystem services and functions of seagrass meadows are indisputable, and knowledge about
Eelgrass their coverage is critical for coastal managers worldwide. In this study, the surface area coverage
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of the foundation species Zostera marina L. (eelgrass) was investigated in four contrasting sub-
regions of the Estuary and Gulf of St. Lawrence (EGSL), eastern Canada. The meadows in all
subregions mainly occupy intertidal zones. Our analysis covered broad spatial (meters to kilo-
meters) and temporal (annual to decadal) scales and revealed unprecedented insights at a local
and regional context. We processed surface reflectance products of the Landsat archive through
the Google Earth Engine cloud computing platform. The processing scheme only considered
emerged areas of intertidal zones from imagery acquired at the lowest tide levels because of
inherent limitations imposed by water clarity and the poor radiometric quality for water appli-
cations of the early Landsat sensors. The polygons classified as eelgrass encompassed at least 25 %
coverage of eelgrass for each patch, and the classification scheme showed a very good agreement
with coastal ecosystem habitats maps generated by photointerpretation and field validation for
the period between 2015 and 2019, with an overall accuracy of approximately 94 %. From the 40-
year period analyzed (1984-2023), the meadows’ surface area dramatically increased 10- (from
approx. 0.3 to 2.5 km?) to 21-fold (from approx. 0.8 to 16.7 km?). The percentage of the intertidal
area occupied by eelgrass meadows varied by subregion, ranging between 17 % and 82 %. In
some subregions, meadows expanded landward. Some meadows experienced relatively short-
term losses (interannual scale) in three subregions, although these losses differed in their
timing. We propose several hypotheses involving hydrodynamic, sedimentological, drift ice and
climatic processes that could explain long- and short-term variability of the meadow coverage.
However, this complex relationship remains to be investigated. Overall, while showing suitable
habitats for eelgrass colonization, this study also revealed the EGSL tidal flats as potentially
important areas of biodiversity, carbon storage, and coastal protection against erosion.

1. Introduction

Seagrasses are recognized as foundation species, i.e., they modify their environments to create unique habitats, and constitute
highly productive areas and biodiversity hotspots in coastal and nearshore environments globally (Duffy, 2006; Holmer, 2019). They

* Corresponding author.
E-mail addresses: sampca0l@ugar.ca (C.A.S. Aradjo), simon_belanger@uqar.ca (S. Bélanger), pascal_bernatchez@uqar.ca (P. Bernatchez),
mathieu_cusson@uqac.ca (M. Cusson).

https://doi.org/10.1016/j.rsase.2025.101623
Received 23 October 2024; Received in revised form 14 May 2025; Accepted 8 June 2025

Available online 9 June 2025
2352-9385/© 2025 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC license

(http://creativecommons.org/licenses/by-nc/4.0/).


mailto:sampca01@uqar.ca
mailto:simon_belanger@uqar.ca
mailto:pascal_bernatchez@uqar.ca
mailto:mathieu_cusson@uqac.ca
www.sciencedirect.com/science/journal/23529385
https://www.elsevier.com/locate/rsase
https://doi.org/10.1016/j.rsase.2025.101623
https://doi.org/10.1016/j.rsase.2025.101623
http://crossmark.crossref.org/dialog/?doi=10.1016/j.rsase.2025.101623&domain=pdf
http://creativecommons.org/licenses/by-nc/4.0/

C.A.S. Aratijo et al. Remote Sensing Applications: Society and Environment 39 (2025) 101623

provide valuable ecosystem services and functions (Henderson et al., 2019), such as offering habitat for various species including
exploited ones (Beck et al., 2001; Whitfield, 2017; Unsworth et al., 2019b), protecting coastlines against erosion (Ondiviela et al.,
2014), improving water quality (Moore, 2004), storing (blue) carbon (Duarte, 2017; Rohr et al., 2018). Seagrasses are significantly
impacted by multiple stressors, including human activities (Hemminga and Duarte, 2000; Orth et al., 2006; Lotze et al., 2006) and
climate change exacerbates these issues through rising sea temperatures and severe weather events (Duarte et al., 2018). Given these
pressures, conservation and monitoring efforts targeting best management practices of seagrass meadows have been implemented
worldwide (Grech et al., 2012; Unsworth et al., 2015, 2019a).

From a global perspective, seagrass meadows have declined in extent, although high variability in their distribution has been
reported at regional and temporal scales (Waycott et al., 2009; Dunic et al., 2021). Gallagher et al. (2022) recently underscored the
significant variability, with estimates of global seagrass coverage differing up to tenfold. This variability arises from the use of either a
compiled and verified data set (McKenzie et al., 2020) or a predictive habitat model (Jayathilake and Costello, 2018), indicating a
potential knowledge gap within the field. However, information about the distribution and extent of seagrass meadows is a minimum
requirement for management practices, yet these baseline data are not publicly available in many coastal regions.

The heterogeneity of meadows at broad spatial scales, i.e., from meters to kilometers, is complexly related to ecological processes
(seagrass landscapes; sensu Bostrom et al., 2006; Turner, 1989). At these spatial scales, yearly and decadal variations in the areal cover
of seagrass meadows also have broad ecological relevance. In combination with fieldwork observations, space-borne Earth Obser-
vation Technologies (EOT) are the most reliable method for assessing information on seagrass at broad spatiotemporal scales (see
reviews of Hossain and Hashim, 2019; Veettil et al., 2020).

Canada has the longest coastline in the world, and eelgrass (Zostera marina L.) meadows is a major habitat in 9 of its 12 bioregions
(Murphy et al., 2021). In the Estuary and Gulf of St. Lawrence (EGSL), which connects the Great Lakes with the North Atlantic Ocean
and encompasses one of the largest estuaries in the world (El-Sabh and Silverberg, 1990), eelgrass meadows were abundant. This
littoral plant was harvested for commercialization (Michaud, 1985) before the “wasting disease”, in the early twentieth century (see
Den Hartog, 1987; Short et al., 1988). The disease is caused by a pathogen attributed to a marine slime mold-like protist, Labyrinthula
zosterae Porter and Muehlstein (Muehlstein et al., 1991). This disease contributed to the near disappearance of most eelgrass meadows
along the North Atlantic coast by the end of the 1920s. Punctual inventories and local knowledge have revealed the reappearance of
eelgrass in nearshore waters of the EGSL at the end of the 20th century and relatively extensive meadows in recent years (e.g., Pro-
vencher and Deslandes, 2012; Jobin et al., 2021). Nonetheless, the distribution of eelgrass meadows in the EGSL at a broad spatio-
temporal scale has not been reported.

We built a long-term data set of eelgrass distribution in four ecologically significant areas (subregions) of the EGSL to assess its
spatial and areal changes over a 40-year time series. Our data set was built using the freely available Landsat imagery archive (Wulder
etal., 2022) and a free cloud-computing platform (Google Earth Engine; Gorelick et al., 2017). Such a data set enables us to fulfill our
main objective of describing the temporal trajectories of the eelgrass meadows of the EGSL by answering the following questions: What
are the decadal trends in eelgrass cover in the EGSL? Are the trends similar across subregions? Do we observe linear trends, or is there
significant interannual variability?

The four subregions selected within the EGSL were chosen based on their ecological importance, historical records of eelgrass
presence, and availability of ancillary data, including field observations and regional studies. Although they are not spatially
continuous, the selected areas span a gradient of environmental conditions, making them representative of the broader ecological
heterogeneity found in the EGSL. This variability allows for comparative analysis of eelgrass dynamics under different local drivers.
While our methodological approach leverages established remote sensing techniques, the main goal of this study is not methodological
development, but rather the application of these tools to produce a robust, regionally contextualized assessment of long-term changes
in eelgrass coverage. Our study thus serves as both a case application and a reference for future ecological monitoring in similar coastal
environments.

2. Materials and methods
2.1. Study areas

The study sites (subregions; Fig. 1) are within temperate and subarctic zones, featuring a climate classified as cold, without a dry
season, and with either warm or cold summers; however, these regions are experiencing a warming as per projections conditions
(Koppen-Geiger classification; Beck et al., 2018a). These four subregions were chosen because eelgrass meadows are the dominant
vegetated habitat present in relatively extensive tidal flats (Fig. 1B-E). Moreover, each subregion is subject to various environmental
conditions, including the degree of wave exposure, circulation regimes, tidal ranges, and optical properties of water, and they are
bordered by different types of coasts.

From downstream to upstream, or from northeast to southwest within the EGSL, the studied subregions are the Bay of Sept-Iles
(BSI), the Manicouagan Peninsula (MAN), Rimouski Bay (RIB), and L’Isle-Verte Bay (IVE, which includes a National Wildlife Area of
Canada). These subregions are characterized by large muddy to sandy tidal flats (Fig. 1), positioned in sheltered and fetch-limited
locations unlike the central parts of the EGSL. The BSI eelgrass meadows are in a large and partially enclosed bay, whereas those
of RIB and IVE are protected by an island. This sheltered coastal environment in these three subregions favors fine sedimentation and
the development of salt marshes dominated by the smooth cordgrass (Spartina alterniflora Loisel), which often occupies the upper limit
of the tidal flats. The MAN eelgrass meadows are much more directly exposed to waves and are bordered by sandy beaches and cliffs.
Other depositional facies within the intertidal zones include deltas and tidal channels, which can also be colonized by eelgrass,
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Fig. 1. (A) Study areas (subregions) in the Estuary and Gulf of St. Lawrence (EGSL). The inset shows the EGSL in North America context. Primary
delimitation of areas of interest (red dashed lines) for the (B) Bay of Sept-iles (BSD), (C) L’Isle-Verte Bay (IVE), (D) Manicouagan Peninsula (MAN),
and Rimouski Bay (RIB). The main local riverine outlets are indicated for each subregion and the background images are a true-color composition of
recent (2020s) Landsat 8 (or 9) OLI scenes (USGS L2SP).

especially in the MAN subregion. Scattered boulders and cobbles in BSI, RIB, and IVE, found in both intertidal and subtidal zones,
support diverse and abundant macroalgal assemblages, and the heterogeneous seabed of the subtidal zones is more likely to be
occupied by macroalgae than by other vegetated substrates (Quintin et al., 2006; Jobin et al., 2021; Ferrario et al., 2022; Légaré et al.,
2022).

All four subregions are influenced by major and local riverine discharges. First, the waters in the nearshore zones of BSI are affected
by four rivers that flow into the bay (Fig. 1B-Aratijo and Bélanger, 2022; Shaw et al., 2022). Second, the area adjacent to the MAN is
influenced by the plumes of the Aux-Outardes and Manicouagan rivers (Fig. 1D-Therriault et al., 1990). Finally, RIB and IVE, in
addition to receiving waters from local riverine discharges, are also influenced by brackish waters that are flushed along the south
shore, corresponding to the outflow of the Saguenay Fjord and the upper St. Lawrence Estuary (Fig. 1E and C; El-Sabh et al., 1982;
Therriault et al., 1990). Therefore, different oceanographic conditions exist between the lower St. Lawrence Estuary, from
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approximately the mouth of the Saguenay Fjord to Pointe-des-Monts, surrounding the MAN, RIB, and IVE, and the northern part of the
Gulf of St. Lawrence, surrounding BSI (see Fig. 1A).

In the EGSL, the tides are predominantly semidiurnal, with daily inequalities, and fortnightly cycles with neap and spring tides
being a marked feature (Fig. 2B). Neap and spring tide values for the BSI subregion typically range between 0.54 and 3.50 m,
respectively (Shaw et al., 2022), but tidal amplitudes are higher upstream in the EGSL (see El-Sabh and Murty, 1990). Thus, in the MAN
and RIB subregions the amplitudes will be higher than in the BSI subregion, and even higher in IVE, often reaching 5 m.

2.1.1. Regional characteristics and rationale for image selection

Knowledge of the variability of tides, water optical properties, and reflectance of nearshore vegetation is a primary requirement for
mapping seagrass using optical approaches, including multispectral satellite imagery. In the EGSL, eelgrass meadows primarily occupy
intertidal areas and, to a lesser extent, shallow subtidal zones (Jobin et al., 2021, Fig. 2A).

The optical properties of nearshore waters in the northern part of the EGSL are influenced by high concentrations of colored
dissolved organic matter (CDOM) and moderate levels of suspended particulate matter (SPM), with an average of 10 mg LhH (Aratjo
and Bélanger, 2022). To illustrate the effects of optically significant constituents in the water of the EGSL, the spectral diffuse
attenuation coefficient of downwelling irradiance (K4(4)) and the light penetration depth (Zgo(4); as defined by Gordon and McCluney,
1975) are shown in Fig. 2C (mean + standard deviation). K4(4) was calculated from 173 in situ profiles of the downwelling diffuse
irradiance (Eq4(4)), using a Compact Optical Profiling System (C-OPS, Biospherical Instruments Inc., San Diego) collected during several
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Fig. 2. General characteristics of eelgrass meadows in the Estuary and Gulf of St. Lawrence and the physical processes affecting their distribution.
(A) Oblique aerial photograph taken in the L’Isle-Verte Bay subregion at low-tide conditions (image courtesy from the Laboratoire de dynamique et de
gestion intégrée des zones cotieres, UQAR). (B) Tidal variability for a 20-day period in 2022 (tidal gauge in Baie-Sainte-Catherine, at the mouth of the
Saguenay Fjord—data available from the Canadian Hydrographic Service). (C) Some optical characteristics of the water column surrounding
meadows: the spectral diffuse attenuation coefficient of downwelling irradiance (K4(4)) and the light penetration depth (Zgo(1)). The solid and
dashed lines indicate the mean values of K4 and Zy, respectively, and the shaded areas indicate the (+) standard deviation.
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field campaigns in the BSI and MAN subregions (for details, see Aratijo et al., 2022; Aratijo and Bélanger, 2022). The K4(4) was then
used to determine Zgo (1) as:

Zao(4) “Kah) (€D)]

The Zgo (1) was first calculated for the 173 spectra, followed by the computation of their mean and standard deviation spectrum
(Fig. 2C).

Together with the tidal variability, the K4 will determine the amount of light that reaches the benthic substrate (Beer-Lambert law),
with higher values meaning less light being transmitted to deeper layers, while it can also indicates roughly the maximum depth of
occurrence of meadows (Duarte, 1991). The Zyo can be defined as the depth above which 90 % of light, i.e., the diffuse irradiance, is
reflected (Gordon and McCluney, 1975), and its value indicates roughly the depth at which a sensor can obtain information from
remote sensing, in optically deep waters. Lower values of Zg (e.g., <1 m) were observed at shorter wavelengths in the blue (<460 nm)
and in the near-infrared regions (>700 nm). The maximum value of Zy, of approx. 2.3 m, was observed to be around 570 nm. It is
important to note, however, the high variability of these parameters in the visible domain, i.e., from 400 to 700 nm, which reflects the
importance of the seasonality in governing the optical properties. The seasonal aspect of the growth of nearshore vegetation should
also be considered for mapping the intertidal meadows. During winter, the lower biomass of eelgrass and the presence of ice cover in
the EGSL limits the ability to map eelgrass using optical remote sensing approaches. Moreover, at the beginning of the growing season
(early May), the variability of reflectance values between different types of vegetation present in the intertidal zone is not significant,
limiting their separability through multispectral imagery (Légaré et al., 2022). Therefore, the collection of images used in this study
was constrained to the period from June to October.

Because of the limitations in accessing subtidal eelgrass meadows imposed by the variability of tides and water optical properties,
only emerged (or non-flooded) pixels were considered for the classification procedure. Additionally, there are constraints imposed by
the radiometry quality across Landsat sensors for water applications, which will be further discussed (Subsection 4.1). Nevertheless,
from hereafter, the term emerged is defined by the tidally exposed portion of the shoal in the imagery and will be used throughout the
text.

2.2. Repository, selection and pre-processing of images

The mapping of eelgrass meadows was conducted using the Landsat Collection 2 (C2) Tier 1 (T1) Level 2 Science Product (L2SP).
This collection includes the satellites (sensors) Landsat 4, 5 (TM), 7 (ETM+), 8, and 9 (OLI), with surface reflectance (SR) products
generated by the Land Surface Reflectance Code (LaSRC, for Landsat 8-9; USGS, 2023) and by the Landsat Ecosystem Disturbance
Adaptive Processing System (LEDAPS, for Landsat 4-5, 7; Masek et al., 2006; USGS, 2021). The products are generated at a 30 m spatial
resolution and cover a timespan of more than 40 years; they are fully available in the Google Earth Engine (GEE) catalog. From
hereafter, the nomenclature used for each band and its corresponding wavelengths, for each collection, are those constant in the GEE
Data Catalog.

Before processing the images in GEE, it was necessary to perform a primary delimitation of the polygons of the studied areas. This
was accomplished using coastline extraction from satellite imagery and bathymetry from the Canadian Hydrographic Service (CHS)
non-navigational (NONNA) bathymetric data. In short, the upper limit of the intertidal areas was determined using the Modified
Normalized Difference Water Index (MNDWTI; Xu 2006) applied to a recent Landsat image under high tide conditions. The MNDWI was
calculated using the green and shortwave infrared 1 (SWIR 1) SR values as:

SRGreen - SRSWIR 1
MNDWI= SRGreen + SRSWIR 1 (2)

MNDWI values of approximately “0” were selected as a threshold to separate the nearshore zones (intertidal and adjacent subtidal)
from land.

The outer (lower) limit of the primary delimitation of all subregions either used the 15 m isobath (BSI and MAN) or geomor-
phological features present along the coast, such as islands and promontories (RIB and IVE). An exploratory analysis of Landsat time-
series imagery under low-tide conditions confirmed that the areas of interest included continuous eelgrass meadows and were suitable
for classification using sensors with a 30 m spatial resolution. However, it is important to note that this primary delimitation does not
represent the final intertidal areas considered in our analysis, as will be discussed next.

The polygons of the primary delimitation areas for the four subregions were uploaded to GEE and used to crop each Landsat scene
(a methodological flowchart is shown in Fig. 3). After constraining the collection of images from June to October, the scaling factors
were applied to each band (blue, green, red, near infrared, shortwave infrared 1, and shortwave infrared 2). Pixel quality attributes,
namely the Dilated Cloud and Cloud attributes generated from the CFMASK algorithm (Zhu and Woodcock, 2012; Foga et al., 2017),
were selected and used to flag the SR bands. The cropped images with more than 50 % of pixels masked by this procedure were
discarded.

The next step consisted of extracting the emerged pixels polygons, which were performed using. a series of image-processing
techniques implemented in GEE. The near-infrared (NIR) and SWIR bands are sensitive to flooded areas because of the high ab-
sorption of water in this spectral region, and the NIR band was found to be empirically related to tidal variability in the nearshore EGSL
(data not shown). Therefore, this band was used as input to separate flooded and non-flooded areas. First, for noise removal, a spatial
filter (convolve function in GEE) was applied using a Gaussian kernel with a radius equal to three pixels. The original and filtered
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Fig. 3. Diagram of the process and analysis chain to assess the yearly and decadal variability of intertidal eelgrass meadow coverage in four
subregions of the Estuary and Gulf of St. Lawrence. For each major step, the subsections where more detailed information is provided are
also shown.

images were then subjected to a segmentation procedure, which consisted of superpixel clustering based on SNIC (simple non-iterative
clustering; Achanta and Susstrunk, 2017), available in GEE. Zonal statistics, specifically the mean SRyr value of each segment, were
computed, and a threshold of 0.05 was used to separate the emerged areas in each image of the collection. This procedure demon-
strated good consistency with field observations and knowledge about shallow bathymetry.

Considering only the emerged areas from the resulting images, a minimum number of pixels was established as a threshold for
selecting images having a reasonable emerged surface area. For example, an image with a lower number of pixels than the threshold
value indicates that more pixels were considered flooded; therefore, it was not selected for the following classification. The thresholds
varied by subregion and were empirically determined to ensure that a minimum number of images represented the yearly variability of
intertidal eelgrass meadow coverage for the period between 1984 and 2023. Finally, a manual selection based on the visual inspection
of individual images was made to avoid problems related to clouds that were not detected by the masking procedure (e.g., cirrus) and
to ensure that no more than four images were selected in a single year.

The resulting polygons consisted of classes of emerged and eelgrass classes at an image basis resolution. Additional procedures for
generating yearly and standardized spatial products for time series analysis are detailed in Subsection 2.4.

2.3. Eelgrass cover classification

As for the emerged areas delimitation, the polygons of eelgrass meadows were obtained through segmentation and classification by
object-based image analysis. After conducting some tests using different combinations of bands, we found that using the blue, green
and red bands in the filtering (Gaussian kernel) and segmentation (SNIC algorithm) processes yielded the best results. The zonal
statistics (mean values in each segment) were computed for each SR and selected vegetation and water index. Similarly, after testing
several indices, we found that the Normalized Difference Vegetation Index (NDVI; Tucker, 1979) and the Normalized Difference
Moisture Index (NDMI; Wilson and Sader, 2002) were the most useful for discriminating the eelgrass polygons in intertidal EGSL zones.
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The spectral indices are calculated as:

SRR — SRRed

NDVI=———— 3)
SRR + SRRed
SRy — SRswir 1

NDMI=—++———"—— “4)
SRNir + SRswir 1

In short, the NDVI is used to assess vegetation greenness, whereas the NDMI is used to assess the moisture level of either soil or
vegetation. The contrasting higher NDVI and lower SRg.q values of the meadows relative to surrounding bare sediment were effective
in separating these two coverage types. Additionally, mean NDMI values were effective in distinguishing some salt marshes from
eelgrass meadows. A possible explanation is the lower water content present in salt marshes at low tide than in eelgrass meadows.

Taking this into consideration, the classification of the eelgrass meadows was conducted through object-based image analysis,
using the mean NDVI, SRg.4, and NDMI values of individual polygons (segments). The thresholds used in this rule-based classification
scheme took the form of NDVI > X, “AND” SRpeq <Y, “AND” NDMI > Z. The threshold values were determined on a single-image basis,
requiring more interaction within the classification process and user experience. The histogram of the threshold values is shown in
Fig. S1A in the Supplementary Material 1 (S1; Appendix A). The variability of the mean values can be explained by oscillations of
reflectance values that could be related to natural causes (vegetation phenology) or atmospheric correction issues and differences in
solar viewing geometry.

The polygons classified as eelgrass and the total emerged areas of each image were exported from GEE, and some of them required
manual editing. For example, isolated patches of known macroalgae beds were removed manually in the RIB and IVE subregions.

2.4. Eelgrass cover analysis and accuracy assessment

For each subregion, the resulting polygons of eelgrass patches and emerged areas were grouped and merged by year. The merging
process considered the maximum area occupied by all polygons, incorporating both eelgrass and no eelgrass classes, for each year. The
number of images per year varied from 1 to 4, and years without images were not considered in the analysis. An example of this
procedure can be found in Fig. S2A in Supplementary Material 2 (S2).

A final emerged area was derived by considering that the same pixel location was classified as “emerged” at least 70 % of the total
number of years analyzed (more information in S2 and Fig. S2B). This was a critical step in establishing a common baseline for
comparison, across the entire time series. If the emerged area of a specific year did not cover the final (single) emerged area of the
subregion, the missing areas were considered to be equal to the closest classified year (either eelgrass or no eelgrass classes, see the
example in Fig. S2C).

The validation of the classification procedure was performed by direct comparison with maps of nearshore habitats based on
orthophotos having a 30 cm spatial resolution (Jobin et al., 2021; SIGEC, 2023). The orthophotos, from Fisheries and Oceans Canada
(DFO), were taken during low-tide conditions in September or October in the years 2015 (RIB and IVE) and 2016 (BSI and MAN) and
were composed of four bands (RGB + NIR). In short, the orthophoto images were first submitted to a segmentation algorithm in PCI
Geomatica software, and the segments were classified based on visual interpretation by experts, using oblique aerial photos and
fieldwork recognition as auxiliary data. For the comparison, only the segments classified as predominantly eelgrass and with at least
25 % coverage were considered.

The spatial accuracy statistics were calculated through the computation of the confusion matrix (Congalton and Green, 2019),
which was built considering the two classes and only in the final emerged area polygon for each subregion. The metrics include
producer’s accuracy (% of each reference class mapped correctly), user’s accuracy (% of each map class that were correct in the
reference), the overall accuracy (% of reference sites mapped correctly), and Cohen’s kappa coefficient, which shows the strength of
agreement between two variables (reference and mapped data), with 0 indicating no agreement, and 1 indicating complete agreement.

The final area of eelgrass meadows (per subregion and per year) was calculated by multiplying the number of classified pixels by
the area of a unit pixel (equal to 900 m?). Similarly, the percentage of the area covered by the meadows relative to the total emerged
area was also calculated.

Temporal and spatial changes in eelgrass meadow coverage were assessed by grouping the yearly patches in five-years intervals,
following a similar procedure to that used for of the yearly composition of the original classified images. The five-year composites were
compared to 2023, which was selected as a reference year because it was the last year an image was classified. Meadows that were
present at any time during the analyzed period but were not present in the reference year were also identified. Nevertheless, long-term
trend analysis of the meadows was conducted by dividing the area of meadows (for each subregion and year) by their initial area (in
1984).

All image processing described in this subsection were made using MATLAB software (MathWorks®), and the final maps (presented
as figures in this study) and the manual selection of polygons were created using ArcGIS Pro software (ESRI™).

3. Results
3.1. Image selection and classification accuracy

A total of 195 Landsat images were used to classify the coverage of eelgrass meadows in the four subregions. Supplementary
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Table 1
Confusion matrix and accuracy assessment of eelgrass coverage. The values shown correspond to the sum of areas of all four subregions considered in
this study.

Reference cover map (km?)

Classified cover map (km?) User’s accuracy (%)
Eelgrass No eelgrass Total

Eelgrass 33.70 1.84 35.54 95

No eelgrass 4.75 62.95 67.70 93

Total 38.45 64.79 103.24

Producer’s accuracy (%) 88 97

Overall accuracy (%) 94 x = 0.86

The Cohen’s kappa coefficient (x) is presented separately and is out of context on the table.

Material 3 (S3) and Table S3A detail the selected Landsat imagery. The initial selection of images (cropped and monthly constrained;
see Fig. 3) varied by subregion and was mainly related to the position of the areas of interest within the orbit (path and row) of the
Landsat satellites. As a result, the L’Isle-Verte Bay (IVE) subregion had the highest number of images, whereas the other subregions had
similar numbers (Table S3A). The application of the cloud mask threshold criteria (for image selection) reduced the initial selection by
an average of 50 %. From this selection, the minimum area threshold applied to the classified emerged areas reduced the number of
images by about 12 % in RIB, and by 36 % in IVE. This reduction testifies to the negative effect of high tidal levels on selecting images
suitable for classification (the criterion of only emerged pixels). Manual selection removed between 16 % (IVE) and 27 % (BSI) of the
remaining images.

The total surface area of the emerged polygons in the BSI, MAN, RIB, and IVE subregions was 20, 40, 12, and 31 kmz, respectively.
The emerged polygons encompass most of the intertidal zone of each subregion, with relatively smaller intertidal and adjacent subtidal
areas omitted in the following analysis. It is important to note that the threshold used to separate the emerged pixels may also include
very shallow (<1 m) submerged areas, because the reflectance signals of the bottom in the NIR band may not be negligeable (see
Fig. 2C), and especially where submerged aquatic vegetation is present (which has higher NIR reflectance). Moreover, these areas may
be also included in the analysis due to intra-pixel mixing or to inaccuracies in the thresholding method.

The confusion matrix and accuracy assessment results, analyzed by comparing the classes eelgrass and no eelgrass coverage of the
year correspondent to the ecosystem mapping based on aerial photographs and in situ observations, are presented in Table 1. The areas
presented in Table 1 consider the sum of the four subregions. An overall accuracy of 94 % and a kappa coefficient (x) of 0.86 reveal a
very good agreement for classification. More importantly, the accuracy assessment exercise ensured that the classification procedure
developed in this study classified meadows with at least 25 % areal coverage, as estimated by photointerpretation of the aerial
photographs. Furthermore, as the general image-processing procedures were systematic for the entire Landsat time series, we assume
that the classification procedure was valid for the whole analyzed period.

The degree of misclassification areas varied by subregion (see Table S4A, in Supplementary Material 4 [S4]) and mainly related to
regions where eelgrass meadows were mixed with other vegetation types and where their coverage was close to 25 %. For example, in
the BSI subregion (overall accuracy: 86 % and x = 0.62), a sector known to have sparse eelgrass coverage (approx. 25 % in the reference
map) was not classified in the Landsat workflow. These types of misclassifications were present to a lesser degree in the other sub-
regions (overall accuracy >90 % and x > 0.8). Nonetheless, misclassifications at the edge of the polygons were also observed and
attributed to the discrepancy of two orders of magnitude between the spatial resolution of Landsat (30 m) and the aerial photographs
(30 c¢m) used in the reference maps.

3.2. Eelgrass coverage, area, trends, and changes

The analysis of eelgrass coverage in the intertidal zone of the studied areas (subregions) revealed its highly dynamic nature at
yearly and decadal time scales. Fig. 4 shows selected Landsat images from the approximate initial year of analysis and the approximate
year of maximum coverage for each subregion. A clear trend is the abrupt increase, in all subregions, of the area occupied by the
meadows relative to bare sediment (or meadows with less coverage), when comparing recent years images from the 1980s.

The shape and area of the emerged zones retrieved from the processing chain reflected the major geomorphological aspects of each
subregion. The emerged area in BSI followed the shape of the bay and varied from about 1 to 2.5 km in width. Two major types of
emerged areas were observed in the MAN subregion. The first, associated with the peninsula feature of the coastline and corresponding
to half of the total emerged area, presented a typical width of about 1 km and was the main area of eelgrass occurrence. The second
type, which made up the other half, is associated with the deltas of the Aux-Outardes and Manicouagan rivers, while being less
occupied by eelgrass meadows. Nevertheless, the emerged areas of RIB and IVE occupied the zones between land and the barrier
islands, sometimes forming a contiguous area reaching up to 3 km wide (e.g., for the RIB subregion).

The temporal evolution of areal cover of the meadows and their respective relative occupation of the emerged zone (in percentage)
is presented in Fig. 5. In all subregions, the initial area of the meadows (in 1984) was the lowest in the entire period and was 1 km? or
less (except for IVE, which had an initial area of approx. 1.5 km?). All subregions experienced a significant increase in meadow
coverage over the years, reaching the highest areas in the BSI and IVE subregions (almost 17 km?) in 2020 and 2022, respectively. The
largest area for RIB was observed at the end of the time series (2023), reaching approximately 2.5 km?. In contrast, the MAN subregion
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Fig. 4. Examples of Landsat images used in the classification process of eelgrass meadows (green patches) inside the polygons of the emerged areas
(solid lines with varying colors for subregions: blue, BSI; yellow, MAN; red, RIB; green, IVE). Images in the left-hand column correspond to the
approximately years of minimum area of meadows, whereas the right-hand column presents the approximately years of maximum extent.
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Fig. 5. Temporal evolution of areal cover of eelgrass meadows in the four subregions (A to D). The values in parentheses along the y-axis are the
percentage of the eelgrass areal cover in relation to the total emerged area. The color codes for the subregions are the same as in Fig. 4.

reached its maximum in 2014 (6.7 km?), followed by an almost linear decline since (approx. 3.5 km? loss from 2014 to 2023).
Meadows in the BSI subregion decreased in area from 2020. It is important to note the differences of the absolute area of the meadows
(y-axis in Fig. 5) among subregions, which maximum values ranged from 2.5 to 16.7 km?, for RIB and BSI, respectively. Small fluc-
tuations in the areal increase trends were observed throughout the entire time series for all subregions. A decrease was also noted from
2002 to 2006 in RIB (1 km? loss), followed by significant growth until 2023. A relatively stable state was observed between 2000 and
2010 in the MAN and IVE subregions.

The percentage of meadow coverage relative to total emerged areas (values in parentheses in Fig. 5) also varied by subregion. The
BSI presented the highest value of relative coverage, reaching 82 % of the total emerged area in 2020. In contrast, the meadow
coverage in the MAN and RIB subregions reached only 17 %-22 % of the intertidal emerged area, whereas IVE presented an inter-
mediate relative coverage, with a value of approximately 54 %. In contrast, the initial relative cover of all subregions was below 5 % in
1984. These results indicate a relative saturation of space in the emerged areas of the BSI subregion for eelgrass expansion, considering
that some areas are also occupied by salt marshes. The lower relative occupation rate of meadows in the MAN subregion can be
associated with the high proportion of the emerged areas being present in more dynamic locations, such as river deltas and sandbanks
subject to migration.

To complement the quantitative trends in eelgrass cover, we provide spatial distribution maps for each subregion (Fig. 6). These
maps illustrate the evolution of eelgrass extent over selected years and offer a more intuitive visualization of the spatial dynamics
driving the observed areal changes. By maintaining a consistent scale across all panels, the figure enables direct comparison of
temporal patterns between subregions and highlights the variability in expansion or contraction of eelgrass meadows over time.

10



C.A.S. Aratijo et al. Remote Sensing Applications: Society and Environment 39 (2025) 101623

Rlsi i j 7 i i ﬁ i
1984 1993 2002 2006 2017 ¢ 2023

023
< Eelgrass cover

Fig. 6. Representative spatial distribution maps of eelgrass polygons over time in each of the four EGSL subregions. The maps illustrate temporal
changes in eelgrass coverage across selected benchmark years. The color codes for the subregions are the same as in Fig. 4.

The seagrass areal trends for the EGSL are plotted in Fig. 7. The yearly areal eelgrass coverage was normalized by the initial area
(1984) for comparison between subregions. The solid line curves were obtained by fitting a 4th degree polynomial equation to the
log10-transformed data, illustrating the relative areal trends in the four subregions relative to the 1984 data. For comparison, the
curves from the North Atlantic Ocean, from both the east and west coasts (world bioregions; Short et al., 2007), compiled by Dunic
etal. (2021) are presented. The general trends were very similar for all subregions, reaching as much as a 21-fold increase for BSI and a
10-fold increase or higher for the other subregions. Compared to global bioregional trends, the EGSL eelgrass meadows experienced
about an order of magnitude higher increase than in the northeastern Atlantic (European coasts). This expansion trend in the EGSL was
opposite to that of southern northwestern Atlantic meadows (see Fig. 1 of Dunic et al., 2021).

The spatial dynamics of eelgrass meadow expansion over the last decades are shown in Figs. 8 and 9. The comparison of a reference
year (i.e., 2023) with the coverage over the decades allowed for the identification of when and where the meadows first appeared (or
disappeared). In general, the expansion started in small patches and was located mostly closer to the lower limit of the emerged areas
(i.e., lower intertidal limit, near the subtidal fringe in an offshore direction). Thus, the expansion generally started in areas farthest
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Fig. 7. Eelgrass meadows areal trends in the Estuary and Gulf of St. Lawrence over the last four decades and in comparison with other seagrass areal
trends along the northeastern Atlantic (western Europe) and northwestern Atlantic (eastern North America) coasts.

from the coast and expanded landward. This spatial pattern was more evident in the BSI and MAN subregions, along the north coast of
the EGSL. Moreover, areas where the meadows were present at any time during the analyzed period, but for some reason disappeared
(relative to the reference year), are also shown in Figs. 8 and 9 as light red patches. Specifically, these “lost” patches in the MAN and
RIB subregions correspond to the abovementioned recent decline and is shown in the areal evolution (Fig. 5).

4. Discussion

The spatial variability of eelgrass meadows on an annual to decadal time frame was investigated for the first time in the Estuary and
Gulf of St. Lawrence (EGSL), one of the largest estuarine systems in the world. In this section, we first discuss the advent of cloud-
computing and availability of collections for automated processing of extensive image data, as well as some limitations. Secondly,
we discuss the observed trajectories of the seagrass meadows in EGSL compared to trajectories worldwide. Finally, we draw some
hypotheses that could explain the expansion of the intertidal meadows.

4.1. Cloud-computing and imagery repository

The retrieval of seagrass coverage was performed using Landsat historical images processed with the Google Earth Engine (GEE)
cloud-computing platform. The advent of GEE, together with the availability of optical imagery archives, has allowed several seagrass
mapping efforts around the world, either involving time-series analysis (e.g., Lizcano-Sandoval et al., 2022; Sebastian et al., 2023) or
actual inventories (e.g., Kovacs et al., 2022; Traganos et al., 2022a; b; Li et al., 2022) of areal coverage. Combining cloud computing
and the availability of imagery repositories makes it possible to map very large areas at relatively low computational costs; thus,
estimates of the areal coverage of seagrass meadows are easier. Moreover, the availability of analysis-ready data through GEE-like
repositories provides access to a large number of images and favors their use by end users, while at the same time minimizing the
need for more complicated image-processing techniques, such as atmospheric correction procedures. However, it is important to note
that high spatial resolution (<30 m) products specifically designed for water color applications would benefit not only the retrieval of
water quality parameters but also assist recovering optically shallow benthic coverage information, including seagrass mapping.

In addition to the dynamic nature of tides and water optical properties affecting the meadows and complicating their mapping,
another physical constraint to consider is the inherent limitations of Landsat sensors. Although the 30 m spatial resolution and similar
spectral resolutions (similar center wavelengths but varying bandwidths) are maintained across the different Landsat sensor gener-
ations, there have been significant improvements in radiometric quality from the Landsat 4 Thematic Mapper (TM) to the Landsat 9
Operational Land Imager (OLI). The TM and the Enhanced Thematic Mapper Plus (ETM+) sensors have 8-bit quantization, whereas
OLI has 12 and 14 bits for Landsat 8 and 9, respectively.

This increase in radiometric precision improves overall signal-to-noise ratios (SNRs) and enhances the performance of algorithms
for earth science applications (Schott et al., 2016). Specifically, the lower radiometric quality of TM and ETM+ sensors implies poor
atmospheric correction performance to retrieve surface reflectance (or remote sensing reflectance) for water color applications (Xu
et al., 2020; Maciel et al., 2023). Consequently, the information on eelgrass meadows that are flooded by tides is also compromised.
Moreover, the low reflectance values of the nearshore waters of the EGSL attributed to their strongly light-absorbing and weakly
light-scattering nature (Aratijo and Bélanger, 2022), pose challenges for the application of atmospheric correction methods, even for
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Fig. 8. Decadal spatial changes of eelgrass patches in the (A) MAN and (B) BSI subregions of the Estuary and Gulf of St. Lawrence.

advanced Landsat 8 OLI or Sentinel 2 MSI sensors (see Mabit et al., 2022). Notwithstanding, the legacy of the Landsat continuity
program provides a unique opportunity to establish a baseline of seagrass distribution at yearly to decadal temporal scales, as
demonstrated by several studies (Dekker et al., 2005; Gullstrom et al., 2006; Lyons et al., 2013; Calleja et al., 2017; Fernandes et al.,
2022).

Although there are inherent limitations to accessing subtidal seagrass in highly absorbing and turbid waters with TM and ETM+
sensors, advances in the capabilities of satellite and airborne sensors have proven adequate to overcome or minimize this issue
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Fig. 9. Decadal spatial changes of eelgrass patches in the (A) RIB and (B) IVE subregions of the Estuary and Gulf of St. Lawrence.

(Dierssen et al., 2019; Krause et al., 2021; Kuhwald et al., 2022). Therefore, recent and planned satellite missions hold promise for
extrapolating the mapping of eelgrass meadows in subtidal areas of the EGSL, if water clarity allows for the physical detection of the
bottom.

4.2. Spatial and temporal trajectories of seagrass meadows

We observed a significant increase in the areal coverage of meadows in intertidal areas in four contrasting subregions of the EGSL.
The general trend was similar among the subregions on the decadal scale. However, these trends are not linear considering the
interannual variability, with measured losses of meadows coverage in some subregions.

Limiting the classification to exposed macrophytes in low-tide conditions present advantages and is a common procedure applied to
optical imagery (e.g.; Zoffoli et al., 2020; Carlson et al., 2023). Restricting the analysis to intertidal areas reduce uncertainties pro-
duced by variability in water optical properties and sun and sky glint and permits classifying eelgrass meadows through the application
of land-based vegetation indices. Nevertheless, knowledge of the spectral signatures of the various types of coverage occurring in the
tidal flats is a primary requirement for developing classification tools (see Davies et al., 2023). It is important to note, however, the
limitations of multispectral imagery, such as the ones provided by Landsat sensors, in discriminating between different types of
vegetation (e.g., seagrass and macroalgae), as observed in some intertidal areas of the EGSL (e.g., Légaré et al., 2022).

Since our analysis was limited to the most exposed (emerged) intertidal areas, we assessed the areal cover of meadows occupying
the outer limit of the intertidal and shallow subtidal areas of each subregion. These areas were also retrieved from the nearshore
habitat maps used in the validation procedure (Jobin et al., 2021; SIGEC, 2023), while it corresponds to a snapshot of the whole time
series, relative to the year of acquisition of the orthophotos. The area of the meadows was 15.72, 17.19, 0.03, and 4.18 km?, for BSI,
MAN, RIB, and IVE, respectively. These values reveal that the area occupied by subtidal seagrass is very significant. This was more
evident in MAN, with the area of the subtidal meadows being 2.5 times higher than the area occupied by the meadows in the emerged
area. For BSI, the area of the meadows in the two zones were approximately equal. On the south shore of the EGSL, the subtidal areal
cover of the meadows was less significant, with ~33 % of the emerged meadows in IVE, and almost no meadows outside the emerged
zone (<2 %) in RIB. Interestingly, the subregions more exposed to the main body of the EGSL presented the highest proportion of
subtidal meadows coverage. For example, in the IVE subregion, almost all meadows coverage in the outer limit of the intertidal and
subtidal conditions correspond to its northeastern part, where the coast is not sheltered by the island, comparatively to other parts.

While areas beyond the emerged polygons could be captured in certain Landsat images, even including those from the TM and
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ETM+ sensors, the definition of a common analysis area was essential to ensure methodological consistency across the time series.
However, this analysis can be considered in future inventories, which could be favored by the larger number of missions and sensors
characteristics, as previously discussed. Notwithstanding, the “colonization depth of seagrass,” i.e., the light-limited maximum depth
to which seagrass grows (Beck et al., 2018b), is strictly related to irradiance levels reaching the underwater benthic substrate
(Dennison et al., 1993; Ralph et al., 2007). Thus, combining the retrieval of water quality parameters such as the diffuse attenuation
coefficient (e.g., K4(PAR)) with photoacclimation and light thresholds of seagrass would facilitate access to the knowledge of the depth
limits of the meadows.

The eelgrass meadows coverage in the EGSL increased markedly over the last four decades, contrary to global declining trends and
particularly when compared to previous inventories in the temperate northwestern Atlantic (Waycott et al., 2009; Dunic et al., 2021).
Our results reveal the recolonization of the tidal flats since 1984, a shift from the catastrophic decline at the end of the 1920s caused by
the wasting disease, establishing these nearshore zones of the EGSL as ecologically significant habitats (Zostera marina was recognized
as an “ecologically significant species” in Canada; Fisheries and Oceans Canada, DFO, 2009). This recovery trend in seagrass meadow
coverage has been reported in a few recent studies along the temperate northeastern Atlantic coast (western Europe) (de los Santos
etal., 2019), the eastern shore of Virginia (Orth et al., 2020), southwest Florida (Tomasko et al., 2018; Lizcano-Sandoval et al., 2022),
and South Australia (Fernandes et al., 2022). Overall, these studies associate such increases with an overall improvement in water
quality (less nutrient input in coastal areas leading to less eutrophication and turbid conditions) and the relative success of trans-
plantation programs (e.g., Orth et al., 2020). Although a few localized eelgrass transplant initiatives were identified within our study
areas—particularly in the IVE subregion in the early 1990s (see Lalumiere 1991)—these isolated efforts are insufficient to explain the
broader increase observed in this subregion, which followed the general trend of other areas in the EGSL.

An overall increase in the coverage of dwarf eelgrass (Z. noltei Hornemann) has also been observed in intertidal areas of north-
eastern Atlantic (Bourgneuf Bay, France, approx. 46°60'N; Zoffoli et al., 2021). In this case, and for the intertidal eelgrass meadows of
the EGSL, light limitation caused by overlaying waters during high tide is unlikely because subaerial conditions may satisfy the light
requirements for seagrass growth (for example, see Cussioli et al., 2019).

The trajectories of eelgrass meadow coverage in cold temperate and subarctic environments vary greatly within regions. In Canada,
the quantification of temporal changes in the area of eelgrass meadows remains incomplete (Murphy et al., 2021). In James Bay (a
water body located in Arctic-like conditions), eelgrass meadows experienced a major decline in between 1995 and 1999, followed by a
limited recovery (Leblanc et al., 2023). In Atlantic Canada, about 69 % of the eelgrass meadows sites have shown either a stable,
restored, or increasing trend, whereas 31 % showed a decline (Murphy et al., 2021). For example, a region in the southern Gulf of St.
Lawrence (Tabusintac Estuary) has exhibited a relatively stable subtidal meadows coverage over more than three decades (Leblanc
et al., 2021). The nearshore areas contemplated in our study are separated by up to 300 km of distance from each other (BSI and IVE);
nonetheless they showed a consistent and significant areal increase. Even with relatively contrasting coastal setups and oceanographic
conditions (see Supplementary Material 5 [S5] and Table S5A for more information), meadows in the four subregions of the EGSL
presented similar increasing trajectories (see Fig. 7).

Within the overall increase over the 40 years, we noted marked interannual variability. This was particularly evident in the losses of
meadows in the BSI, MAN, and RIB subregions. In general, the increase (or recovery) pattern was slower than the loss, which was often
more abrupt. We observed a similar pattern in Bourgneuf Bay for the intertidal dwarf eelgrass (Zoffoli et al., 2021). However, the
gradual loss in eelgrass extent observed for the MAN subregion during the last decade calls for more attention. Moreover, the MAN
subregion is that most exposed to hydrodynamic agents. These observations highlight the need to understand the mechanisms driving
short-term losses and recovery and to identify the role of local environmental variables.

4.3. Potential factors contributing to the dynamics of seagrass meadow coverage in EGSL

Several testable hypotheses can be proposed to explain the increase in the meadows observed along the 40 years; they include the
causal responses to the reduction in ice cover (e.g., Krause-Jensen and Duarte, 2014), adaptation to changes in mean relative sea level
(e.g., Kairis and Rybczyk, 2010; Kirwan and Megonigal, 2013), and shifts in the temperature towards the optimal range of growth (e.g.,
Lee et al., 2007). However, a single environmental variable or factor may not be adequate to explain the observed changes, as eelgrass
responds differently when subjected to multiple stressors (Lefcheck et al., 2017; Cimon et al., 2021; Dunic and Cote, 2023).

In regards to the interannual variability of the meadows coverage, various local processes can be listed, such as the exposure of the
meadows to wave action, the intensity and frequency of storms, the burial of seagrass meadows by the migration of sandbars and high
sedimentation rates (e.g., Mills and Fonseca, 2003; Hirst et al., 2017), along with the phenology and dynamics of the ice foot (e.g.,
Robertson and Mann, 1984). Notwithstanding, both decadal and interannual processes need further investigation.

5. Conclusion

The spatial extent of eelgrass in the Estuary and Gulf of St. Lawrence (EGSL) was documented for the first time over both decadal
and interannual timescales. A marked expansion in areal coverage was observed, ranging from a tenfold increase (approximately
0.3-2.5 km?) to a twenty-one-fold increase (approximately 0.8-16.7 km?). This expansion is likely to have significant ecological
implications. In particular, the proliferation of eelgrass meadows plays a critical role in enhancing shoreline stabilization (Marin-Diaz
et al., 2020) and supporting (blue) carbon storage (Marba et al., 2018; Rohr et al., 2018).

The methodology developed in this study demonstrates strong potential for transferability to other intertidal environments,
particularly those with similar benthic characteristics. Mapping and tracking the evolution of coastal and nearshore habitats is critical
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because these areas are often biodiversity hotspots and provide essential ecosystem services, including serving as nursery grounds for
fisheries, providing coastal protection, and contributing to carbon sequestration. In this context, Earth Observation Technologies offer
a powerful tool for researchers, coastal managers and stakeholders.

Looking ahead, the use of recent satellite missions such as Sentinel-2 and ICESat-2 presents a valuable opportunity to extend this
work to submerged eelgrass beds in the Gulf of St. Lawrence, including those in Baie-des-Chaleurs and the lagoons of iles-de-la-
Madeleine. While these technologies do not offer historical perspectives, they significantly enhance spatial and temporal resolution,
enabling the assessment of interannual and even seasonal variability in eelgrass dynamics. In addition, satellite-derived bathymetry
can serve as a key asset by providing high-resolution depth information in shallow coastal waters, supporting more accurate mapping
of eelgrass distribution and habitat suitability.

The increasing areal extent of eelgrass meadows in EGSL over the last four decades suggests a major regional control and, as for the
short interannual variability, requires further investigation of the environmental variables driving this change and their interactive
effects of multiple stressors.
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