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Abstract: Intertidal vegetation provides important ecological functions, such as food and shelter for
wildlife and ecological services with increased coastline protection from erosion. In cold temperate
and subarctic environments, the short growing season has a significant impact on the phenological
response of the different vegetation types, which must be considered for their mapping using satellite
remote sensing technologies. This study focuses on the effect of the phenology of vegetation in the
intertidal ecosystems on remote sensing outputs. The studied sites were dominated by eelgrass
(Zostera marina L.), saltmarsh cordgrass (Spartina alterniflora), creeping saltbush (Atriplex prostrata),
macroalgae (Ascophyllum nodosum, and Fucus vesiculosus) attached to scattered boulders. In situ
data were collected on ten occasions from May through October 2019 and included biophysical
properties (e.g., leaf area index) and hyperspectral reflectance spectra (Rrs(λ)). The results indicate
that even when substantial vegetation growth is observed, the variation in Rrs(λ) is not significant at
the beginning of the growing season, limiting the spectral separability using multispectral imagery.
The spectral separability between vegetation types was maximum at the beginning of the season
(early June) when the vegetation had not reached its maximum growth. Seasonal time series of
the normalized difference vegetation index (NDVI) values were derived from multispectral sensors
(Sentinel-2 multispectral instrument (MSI) and PlanetScope) and were validated using in situ-derived
NDVI. The results indicate that the phenology of intertidal vegetation can be monitored by satellite
if the number of observations obtained at a low tide is sufficient, which helps to discriminate plant
species and, therefore, the mapping of vegetation. The optimal period for vegetation mapping was
September for the study area.

Keywords: vegetation phenology; spectral signature; intertidal coastal ecosystem; remote sensing;
eelgrass (Zostera marina L.); saltmarsh; classification

1. Introduction

Intertidal ecosystems are productive and dynamic environments located between low
and high tide levels. These environments play various essential ecological and biogeo-
chemical roles that benefit both terrestrial and marine ecosystems by sequestering carbon
and nitrogen and regulating biogeochemical cycles [1,2]. With the increase in population,
industrial development, and over-exploitation of resources over the past decades, coastal
and littoral environments are among the most vulnerable ecosystems in the world [1,3–6].
The anthropogenic pressures associated with coastal ecosystems and the increase in sea
levels linked to climate change contribute to the loss of 20 to 70% of these ecosystems [7,8].
In addition, global warming causes a rise in the number and intensity of winter storms
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and reduces the coastal ice cover in cold temperate regions and higher latitudes, leading to
rapid changes in coastal environment functions and structures [8]. Management activity
relies on the provision of spatial and explicit information on coastal vegetation distribution,
making it more important than ever [9].

Satellite remote sensing technology is increasingly used to map vegetation cover of
habitats, varying from forests to coasts and their temporal evolution [10,11]. However,
more in situ observations are needed to obtain accurate mapping and to orient the devel-
opment of satellite-based classification algorithms [12,13]. Optical remote sensing images
provide essential information on vegetation cover, such as the spatial extent presence
and the dominant vegetation type, the biomass estimate, the percentage cover, and the
leaf area index (LAI), [14–16]. Recent advances in satellite sensors and algorithms now
provide the ability to monitor coastal vegetation at relatively high spatial (<10 m pixel size)
and temporal (weekly) scales [17]. Spaceborne sensors commonly used to map coastal
vegetation ecosystems or habitats include Landsat-8 [18], Sentinel-2 [17,19], RapidEye [19],
and PlanetScope [20].

Mapping coastal vegetation using satellite remote sensing imagery relies on the as-
sumption that the dominant vegetation type presents unique spectral signatures to dis-
tinguish from others [9,21]. However, reflectance spectra of coastal vegetation frequently
overlap, change rapidly over the season, and are not always distinguishable by using
multispectral sensors alone due to the low number of broad spectral bands. Understanding
vegetation spectral reflectance variability is essential and can be used to map different
vegetation species using remote sensing images [22,23]. In addition, understanding the
seasonal evolution, i.e., the phenology [24], of the reflectance spectra of key vegetation
types can provide additional clues for distinguishing them from space [25,26]. It can help,
for example, to identify the season when the difference between the band is at its greatest.

The first objective of this study was to document with in situ measurements the
seasonal evolution of dominant vegetation reflectance spectra, along with biophysical
properties, in a cold temperate intertidal system. Analysis of spectral measurements is
crucial to determine appropriate spectral resolutions and a classification scheme. The four
prevalent vegetation types included eelgrass (Zostera Marina), macroalgae (Ascophyllum
nodosum, Fucus vesiculosus), saltmarsh cordgrass (Spartina alterniflora), and creeping saltbush
(Atriplex prostrata). The second objective was to assess the potential of combining multispec-
tral sensors onboard satellite constellations offering high spatial and temporal resolution
(i.e., Sentinel-2 Multispectral Instrument (MSI), Landsat-8 operational land imager (OLI),
RapidEye (RE), and PlanetScope (PS)) to quantify the phenological change of intertidal
vegetation. Finally, we identified the best seasonal window to classify and map coastal
ecosystems during the relatively short growing season (<6 months) in the studied system.

2. Materials and Methods
2.1. Study Area

The study area is an intertidal saltmarsh and seagrass meadow near the Baie de l’Isle-
Verte National Wildlife Area located along the south shore of the St. Lawrence Estuary,
Québec, Canada (Figure 1). The Baie de l’Isle-Verte (BIV), located east of the sampling site,
is a protected area of 322 hectares; it was created in 1980 by Environment Canada to protect
the intertidal cordgrass marsh of l’Isle-Verte and the adjacent coastal habitats, which are
used by waterfowl and numerous other fauna species.
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Figure 1. True-color image of l’Isle-Verte from PlanetScope captured on 3 September 2019. The outer
red box delimits the subset used for the study area, and the black dots identify the 13 harvest sites.
White dots on the upper panel are the locations selected for the classification validation.

The sampling site is protected from wave action by the Isle-Verte island (municipality
of Notre-Dame-des-Sept-Douleurs) (69°27′00′′W; 47°58′30′′N). This area is home to one
of the largest eelgrass meadows of the St. Lawrence Estuary, a rich and productive envi-
ronment that has been monitored by the Department of Fisheries and Oceans since the
1980s [27,28]. The climate of the study area is cold (mean annual temperature of 3.5 °C),
humid, and highly influenced by estuarine and marine conditions. In the winter, temper-
atures are well below the freezing point and most of the bay is covered by landfast ice
and ice formed along and attached to the shore, also known as ice foot [29] with a mean
winter temperature of −10.8 °C. In the summer, the temperatures on the shore remain
colder than inland due to the marine influence. The tides are semi-diurnal, with an average
tidal range of 3.5 m [30]. The spring tides can reach 4.7 m and are only 1.5 m during neap
tides. The estuarine waters are brackish (about 20–25 PSU) and relatively turbid in the
study area, limiting the detection of submerged vegetation by remote sensing [30–32].

2.2. In Situ Measurement

The sampling area was divided into four zones based on the frequency of immersion,
which is a function of elevation, the ice in the winter, the water temperature, and salinity
(Figure 2). The zones are: (1) the eelgrass bed of Zostera marina (EG); (2) the mud flat
with microphytobenthos (SD: sediment) and the macroalgae zone composed of Fucus and
Ascophyllum, mainly attached to scattered boulders (MA); (3) the low marsh cordgrass
zone dominated by Spartina alterniflora (SC); and (4) the high marsh zone mainly dominated
by Atriplex prostrata (CS, creeping saltbush) [30,31,33]. During the winter, ice scouring
creates ice-made tidal pools, which increase the spatial heterogeneity within the shore
habitats [34–36].
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Figure 2. Drone image collected on 1 September 2019 presenting the delimitation of the four zones of
the study site and the transect of 13 harvest points.

A 600 m transect perpendicular to the shoreline was set up to cover the four zones
identified above (Figure 2). Thirteen stations, or plots, were placed along the transect,
covering each zone of the coast, in relatively homogeneous patches of vegetation (>100 m2),
except for SD and MA where scattered boulders create high spatial heterogeneity from a
remote sensing perspective. A complete species composition list, including the percentage
cover estimates, was established for every plot in 50 × 50 cm (2500 cm2) quadrats (Table 1).

Table 1. Zone type, percentage coverage at the beginning and the end of the season, and the vegetation
biomass harvested at the end of the season in g/m2.

Station Zone Type
Coverage

Beginning of
the Season (%)

Coverage End
of the Season

(%)

Total Biomass
(g/m2) Latitude (N) Longitude (W)

1 EG 100 100 122.4 47°58′59.52′′ −69°27′24.84′′

2 EG 100 100 45.0 47°58′58.08′′ −69°27′23.04′′

3 EG 50 100 48.3 47°58′57.00′′ −69°27′21.96′′

4 EG 20 50 16.4 47°58′57.72′′ −69°27′20.16′′

5 SD 100 100 NA 47°58′57.36′′ −69°27′19.44′′

6 MA 100 100 476.7 47°58′59.16′′ −69°27′15.12′′

7 MA 100 100 1018.7 47°58′58.80′′ −69°27′15.12′′

8 MA 100 100 1009.0 47°58′57.72′′ −69°27′12.14′′

9 SC 75 100 72.4 47°58′56.28′′ −69°27′10.80′′

10 SC 90 100 200.6 47°58′54.84′′ −69°27′08.28′′

11 SC 100 100 146.8 47°58′53.04′′ −69°27′06.84′′

12 SC 100 100 219.7 47°58′52.68′′ −69°27′06.12′′

13 CS 100 100 40.4 47°58′48.36′′ −69°27′06.48′′

Note: only one station was sampled for CS due to time constraints (i.e., low tide sampling) and difficulty in
identifying CS at the beginning of the season.

Each station was geolocated using a GPS, marked with a wooden post, and visited up
to 10 times from 17 May–25 October 2019 (Table 2). All stations were sampled during the
low tide, approximately every two weeks during the maximum growth period (defined as
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mid-May to early August for this study) and then every three to four weeks for the rest of
the season until late October due to a decrease of change in the vegetation in the summer,
or for practical reasons (instrument availability and other academic activities).

Table 2. Dates, sky, tidal levels and number of stations of the in situ data collection.

Date of Sampling Weather Conditions Tide Level (m) Number of Stations
Visited

2019-05-17 Cloudy 0.5 10

2019-05-23 Partly cloudy 1.1 13

2019-06-05 Partly cloudy 0.5 13

2019-06-18 Clear sky 0.6 13

2019-07-04 Clear sky 0.3 13

2019-07-18 Partly cloudy 0.8 13

2019-08-13 Clear sky 0.9 13

2019-09-03 Clear sky 0.3 13

2019-10-01 Cloudy 0.2 13

2019-10-25 Cloudy 0.8 12

Plant allometry was determined for each station along with radiometric measurements
and vertical photographs for the vegetation percent cover (every time). More specifically,
plant allometry included the length and width of leaves, and it was determined for eelgrass
(EG), the creeping saltbush (CS), and the saltmarsh cordgrass (SC) for every sampling
date. For each harvested site, the number of plants (or shoots) were calculated inside the
quadrat of ∼2500 cm2 Furthermore, the number of leaves by plant and their lengths and
widths for EG and SC were measured on five plants chosen randomly inside the station.
For the CS, the lengths of the stems were measured using five plants, chosen randomly.
The lengths of the leaves and stems were measured using tape directly on the field. Solely
at the end of the season, the vegetation inside the quadrat was harvested for biomass
determination. The leaf area index (LAI) was calculated using a similar method by [37] and
applied for the EG and SC. Three shoots were collected in the field and photographed with
their leaves (flattened out on a white board next to a ruler). The leaf surface area (SLeaf)
was determined using the wand tool of ImageJ software [38]. SLeaf was measured twice
for the photosynthetic leaf surface (using only the green parts of the leaves) and for the
total leaf surface (including the necrotic tissue). The LAI was then calculated based on the
following, by Watson [37]:

LAI =
SLeaf × Dshoot

1000
(1)

where SLeaf is the mean surface area (cm2) measured for the three shoots of a given quadrat
and shoot density (Dshoot) is the density (N shoots m−2) for the original value for the
same quadrat.

2.2.1. In Situ Radiometry

Field radiometry was performed using a VIS-NIR analytical spectral device (ASD)
spectroradiometer (Handheld2-pro model) recording wavelengths from 325 to 1075 nm.
The upwelling radiance (L, Wm−2sr−1nm−1) spectra were measured at nadir. To avoid
any disturbance of the light field, the radiance measurements were collected with a 5 m
bare optical fiber fitted to the ASD, having a field-of-view (FOV) of 25°. The fiber was
attached at the end of a rod fixed to a tripod pointing the surface at nadir from 113 cm
above the surface to obtain a ∼2500 cm2 surface area (Figure 3), similar to the quadrat
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area. For each spectrum recorded, the ASD collects five spectra and computes the average
and standard deviation of the spectra. Before each surface radiance measurement (Lsurf),
a calibrated white reference (Spectralon plate, Lref) with a known reflectance value was
measured (99.57%) at nadir (Rpanel). At least two sets of measurements (replicates) were
made at each site. More measurements were performed under changing illumination due
to the presence of thin clouds or cloudy conditions.

Figure 3. Acquisition of the emerged surface reflectance with the ASD fitted to a tripod (A) and
typical vegetation target photographed at nadir: CS (B), EG (C), SC (D), and MA (E).

The surface reflectance, Rsurf (unit less), was calculated following Equation (2).

Rsurf =
Lsurf × Rpanel

Lref
(2)

Because the Rsurf were not collected on the same day and time of the day, under dif-
ferent sky conditions, sun-view geometry, and instrument settings (i.e., integration time)
(Table 2), variations in magnitude due to illumination differences were present [39]. Sim-
ilar issues were noticed in the literature [17], and a correction was then applied to Rsurf
following [40]. Briefly, the multiplicative scatter correction method (MSC; [40,41]) mini-
mizes the uncertainty in the reflectance spectra due to different measurement conditions
while keeping the main spectral features. MSC applies a simple correction to the raw
reflectance value at each wavelength of the sample spectra based on the reference spectra.
It uses the offset and the slope values estimated by linear least-squares regression of all
the raw spectra collected in the field against a reference spectrum [41]. In MSC, the linear
regressions are fit to a local wavelength region using a moving window of a specified
length. The reference spectra applied in the MSC to the sample spectra were the mean
spectra of each station’s spectra collected during the growing season.

The spectral similarity between the Rsurf spectra was estimated using the spectral
angle mapper (SAM; rad), used [42] as:

SAM = cos−1

 ∑B
k=1 xkyk√

∑B
k=1 x2

k ×
√

∑B
k=1 y2

k

 (3)

where B is the number of spectral bands, k the ith waveband, x and y are two Rsurf spectra
to compare, respectively. The SAM was applied to both raw and MSC-corrected spectra,
but only the latter were used for further analysis. The SAM was used to examine the
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spectra similarities/differences among different species, and for a given species during the
growing season.

2.2.2. Spectral Resampling and Vegetation Indices

For comparison with satellite data, the measured hyperspectral Rsurf were resampled
to the multispectral bands of OLI, MSI, RapidEye, and PlanetScope using the sensor spectral
response function (SRF) provided by the space agencies. For all sensors, only the visible
and the near-infrared bands (400–900 nm) were used for the analysis.

Many different vegetation indices (VIs) have previously been applied to multispectral
remote sensing data [43]. In the present study, VIs suitable for the satellite sensors were
tested (Table 3) to identify which indices respond best to seasonal variability and vegetation
density metrics (i.e., LAI).

Table 3. Vegetation indices applied to the reflectance spectra and the satellite images.

Name Equation Source

Green–Red Vegetation Index (GRVI)
ρgreen − ρred

ρgreen + ρred
Motohka et al., 2010 [44]

Normalize Difference Aquatic Vegetation
Index (NDAVI)

ρnir − ρblue
ρnir + ρblue

Villa et al., 2014 [45]

Normalize Difference Vegetation Index
(NDVI)

ρnir − ρred
ρnir + ρred

Tucker, 1979 [46]

Soil Adjusted Vegetation Index (SAVI)
ρnir − ρred

ρnir + ρred + 1
× (1 + L) Huete, 1988 [47]

Water Adjusted Vegetation Index (WAVI)
ρnir − ρblue

ρnir + ρblue + 1
× (1 + L) Villa et al., 2014 [45]

Note: where L is the magnitude of green vegetation cover.

2.3. Satellite Data

Cloud-free satellite images from OLI, MSI, RapidEye, and PlanetScope captured
between May and October 2019 were downloaded for the data providers (USGS EarthEx-
plorer, earthexplorer.usgs.gov; Copernicus Open Access Hub, scihub.copernicus.eu; and
PlanetExplorer planet.com/explorer/ all accessed on 16 June 2022).

A total of 16 images (Sentinel-2 (6), Landsat-8 (2), RapidEye (2), and PlanetScope (6))
were selected based on the date, the state of the tide, and the cloud cover, i.e., a low tide
under a clear sky (less than 15% of cloud cover) (Table 4).

Level 1 images (top-of-atmosphere radiance) were atmospherically corrected to re-
trieve the surface reflectance using ACOLITE (version Python 20190326.0), which was
adapted for all sensors. To compute the surface reflectance, the dark spectrum fitting
method was adopted using the standard parameters proposed by ACOLITE [48]. Briefly,
after cloud masking and gas transmission correction of top-of-atmosphere reflectance,
ACOLITE found multiple dark pixels in sub-scenes, to define a “dark spectrum” based
on the lowest reflectance values in any spectral bands. The dark spectrum was then used
to estimate the atmospheric path reflectance according to the best fitting aerosol model.
Sky and sun glint components were also estimated over water surfaces, but not for land
surfaces. The images were then projected, and the VIs were calculated. The homogeneous
area of each vegetation species and sediment were delimited based on GPS collected on
the field and from drone images (collected in September) to compare VIs from the images
to the in situ. The VI values were extracted from those areas covering the stations visited
in the field. For MA, due to the small patch size, subpixel fractions were calculated based
on the sensor’s pixel size using a very high spatial resolution drone image. For each area,
the mean values of the VIs were calculated.

earthexplorer.usgs.gov
scihub.copernicus.eu
planet.com/explorer/
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Table 4. List of the images acquired for the study and the water level when the sensor collected
the images.

Sensors OLI MSI RapidEye PlanetScope

Acquisition
dates/Water
level

2019-05-05 (B)/0.6 m 2019-05-18 (DR)/0.4 m

2019-06-04 (B)/0.5 m 2019-06-08 (DC)/0.8 m

2019-06-18 (DC)/0.6 m

2019-07-04 (B)/0.6 m 2019-07-04/0.6 m 2019-07-07 (DC)/0.5 m

2019-08-05 (DC)/0.6 m

2019-08-14/0.9 m 2019-08-15 (DR)/0.8 m

2019-09-12 (B)/1.2 m 2019-09-03/0.3 m 2019-09-03 (DR)/0.3 m

2019-09-30 (A)/0.1 m

2019-10-10/1.5 m 2019-10-20 (A)/1.6 m 2019-10-03 (DC)/0.8 m

Source USGS Copernicus Planet Planet

Note: A and B in the MSI column depict the satellite Sentinel-2A and Sentinel-2B, respectively. For PlanetScope—
DC and DR correspond to Dove Classic and Dove-R sensors, respectively.

2.4. Classification

Image classification was performed using a machine learning algorithm named the
extreme gradient boosted decision tree algorithm (hereafter referred to as XGBoost) [49].
To classify the vegetation, the XGBoost creates decision trees based on the input features
and assigns specific weights to these features based on their significance in identifying
a vegetation species, thereby defining the feature importance for the model. To train the
XGBoost model, the in situ Rsurf spectra associated with each vegetation type and sediment
were used [50]. The in situ dataset was divided into training and testing datasets with a
4:1 ratio to train the model effectively. We first trained the model using the Rsurf of each
vegetation type and sediment collected during the growing season. This model was applied
to the Sentinel-2 image time series (hereafter referred to as XGBoostnoSeason). Six images
were classified from June to October (one per month). To cover all months of the growing
season, an image from August 2020 was used as no clear sky images were available in
August 2019. This process allowed us to identify the most favorable month to distinguish
intertidal vegetation. Furthermore, to identify the best period in the season to classify the
intertidal coastal habitats, XGBoost models were trained using the in situ Rsurf collected
closest to the date of the satellite image acquisition (hereafter referred to as XGBoostSeason).

The classification accuracy was evaluated using 170 different data points for which
the vegetation classes were known based on the information collected from the study
area and photo-interpretation of the drone or aerial photographs (white dots on Figure 1).
A confusion matrix was generated and the overall accuracy, Kappa coefficient (κ), and per-
class F1-score were calculated to assess the performance of the classification. The κ values
ranged between 0 and 1; they are measures of accuracy that account for the random chance
of correct classification [51]. The F1-score (ranging between 0–1) is the harmonic average of
precision and recall for every class to deal with unbalanced validation data [52].

2.5. Satellite Vegetation Index Validation

The VI values from the reflectance spectra (in situ) and the multispectral satellite
images were statistically analyzed for the different vegetation types. It was then possible to
determine whether the VI values between vegetation types differed between in situ and
satellite data. The accuracies of the satellite VI retrievals were evaluated using the root
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mean square error (RMSE), the mean relative difference (Bias), and Pearson’s correlation
coefficient (r), expressed respectively as:

RMSE =

√√√√√ N
∑

i=1
(yi − xi)2

N
(4)

Bias =
1
N

N

∑
i=1

(yi − xi) (5)

r =

N
∑

i=1
(xi − x)(yi − y)√

N
∑

i=1
(xi − x)2

√
N
∑

i=1
(yi − y)2

(6)

where N is the number of samples in the data set, xi the in situ value, and yi the satellite
estimated value of the parameter of interest; x and y are the corresponding mean values of
the samples. We used a significance level of α = 0.05 for all statistical analyses.

3. Results
3.1. Field Observations
3.1.1. Biophysical Parameters

Over the season, the number of leaves per shoot, the leaves, and the stem maximum
length for Zostera marina (EG), Spartina alterniflora (SC), and Atriplex prostrata (CS) were
measured (Figure 4A). For the SC and the CS, the maximum length increased from May
to August, with lengths reaching about 35 cm (except for station S9 that remained shorter
than 20 cm), which was 30 times longer than at the beginning of the season in mid-May.
A sharp decrease in the absolute length of the stem and leaves occurred after the peak reach
in August, with leaf length values at ∼10 cm in October. In contrast, the EG leaf length
at the beginning of the season was much longer (10 to 25 cm) than the other species. It
must be noted that the length of the leaf was inversely proportional to the elevation relative
to the sea level, with longer leaves in deeper waters (S1–S3). More than twice shorter
leaves were observed at station S4 located at the fringe of the meadow in sightly shallower
waters (Figure 2). The maximum lengths of the eelgrass leaves increased until September,
reaching lengths >20 cm with a maximum of 80 cm and the absolute lengths decreased at
all stations thereafter.

Figure 4. Seasonal evolution of (A) the leaves and stem maximal length and (B) the leaf area index
(LAI) of the EG and SC, and the steam length of the CS from 23 May–25 October 2019.



Remote Sens. 2022, 14, 3000 10 of 29

The leaf area index (LAI), a commonly used proxy to quantify the density of vegetation
canopy, allows the estimation of the plant canopy surface area per m2 of the substrate
(Figure 4B). For the EG, the LAI was somewhat more stable throughout the season and lower
than the SC in the middle of the summer. The seasonal evolution of EG LAI is explained
with tissue growth until August, and thereafter—a decrease (due to the appearance of
necrosis on the leaves, which reduced the LAI based on the green part of the leaves).
As for the SC, the LAI increased from May to July (S11 ad S12) or August (S9 and S10)
reaching values > 1 m2 m−2 (maximum close to 3 m2 m−2), and then decreased to values
of 0.5 to 1 m2 m−2 in October due to the pigment degradation in the tissue caused by the
temperature change.

3.1.2. Spectral Signatures of Vegetation Types and Sediments

Figure 5 presents the average and standard deviation (shaded area) of each vegetation
type calculated on all available raw and MSC-corrected Rsurf, respectively. As expected,
much larger variability was observed in raw spectra compared to the MSC-corrected,
which was due to the seasonal evolution of the spectra, but also, to some extent, due to
the illumination conditions that varied from date-to-date (e.g., a clear sky versus cloudy
or partly cloudy; (Table 2). Despite a marked seasonality in terms of leaf length and LAI
(Figure 4), the standard deviation of raw Rsurf was much lower for Spartina alterniflora
(SC) compared to the other vegetation species. The largest variability was observed in
the NIR for creeping saltbush, followed by macroalgae and eelgrass. A homogeneous
spectral variability was also observed for bare sediments, except a notable trough around
676 nm corresponding to the red peak of absorption because of chlorophyll-a. The MSC
normalization removed most of the variability, including part of the seasonal variability.
Interestingly, the spectral shape of the MSC-corrected spectra for MA in the visible bands
showed virtually no variability, suggesting a very stable pigment composition across the
growing season for this type of vegetation. For comparison, EG and SC showed the largest
variability in the visible bands after the application of the MSC, followed by SD.

Figure 5. Mean reflectance spectra of four vegetation species and sediments and their standard
deviations (shaded area): (A) raw Rsurf; (B) MSC-corrected Rsurf.

The SAM quantifies the spectral similarity and difference between the vegetation species
(Figure 6). Sediment (SD) spectra differed markedly from all vegetation types (SAM > 0.29 rad),
with the largest difference with MA. The spectral differences between the EG and MA, EG
and CS, and MA and SC showed intermediate values (0.23 < SAM < 0.27 rad). Between the
different vegetation types, MA and CS showed the smallest differences (0.1 rad), followed by
SC versus CS (0.17 rad).
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Figure 6. SAM analyses were applied to the MSC-corrected Rsurf of four vegetation species
and sediments.

3.1.3. Spectral Phenology

In general, the spectral shape of vegetation species remained almost the same through-
out the season. However, there can be spectral crossovers between species due to changes in
the absorption strengths and pigment concentrations. Therefore, it is necessary to consider
intra- and inter-species spectral variability throughout the season.

In the visible spectrum, the reflectance peak of the healthy EG was stable over the
season and was located between 555 and 564 nm (Figure 7C). The EG showed a very
low reflectance peak at the beginning of the season (early May) before jumping up to the
highest reflectance for this season at the end of May. Afterward, the spectra remained,
with mid- to low peaks and values observed in the middle and at the end of the season.
Two major absorption bands were visible and located in the blue (489–496 nm) and red
(671–677 nm), respectively. Those absorption bands are typical of the absorption features of
chlorophyll and carotenoids. Note that the spectrum observed on 23 May differed from the
other. The exact reason for this anomaly could not be confirmed due to the unavailability
of supporting data. At any other moment through the season, the EG spectra stayed similar
without a clear seasonal evolution.
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Figure 7. MSC-corrected reflectance spectra collected through the summer for four vegetation
species and sediments collected from 17 May to 25 October 2019 for CS (A), SC (B), EG (C), MA (D),
and SD (E).

The macroalgae spectra remained stable over the season (Figure 7D), with almost no
change in the visible range compared to the NIR. The location of the green reflectance peak
was regular, around 568 to 574 nm. Still, two absorption bands could be located, one in the
green (504–520 nm) and the other in the red (671–678 nm). Secondary reflectance peaks are
found in the red near 650 and 670 nm, respectively (c.f. Figure 7).

The peaks of reflectance of CS and SC were shifted to the longer wavelengths in the
beginning (May to end of June) and at the end (mid-September to November) of the season
(Figure 7A,B), but were almost the same as the EG in the middle of the summer (July to the
middle of September). For the SC, the peak reflectance location shifted from 556 to 648 nm
from the summer to the fall (Figure 7B). As for CS, the reflectance peak was located between
554 nm in the summer and shifted to 648 nm in October (Figure 7A). Both species presented
similar absorption bands in blue (488–499 nm) and in red (672–680 nm) portions of the
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visible. The later corresponds to the red absorption peak of chlorophyll-a. The seasonal
shift in the reflectance peak can be explained by the composition of the dominant pigment
changing at the beginning and end of the season.

SAM was used to assess the seasonal variation in the spectral reflectance for each veg-
etation type and bare sediment (Figure 8). For MA and SC, the spectra did not change over
the season with SAM values constantly below 0.18 and 0.14 rad, respectively (Figure 8B,D).
Even though the SAM values were low for SC, we observed a difference in the spectral shape
between the beginning/end and the middle of the season, but the differences remained
small in terms of SAM. For example, the August spectrum was clearly different relative
to the spectra measured in May, June, and the end of October (0.11 < SAM < 0.14 rad; c.f.
Figure 8B). Among the four vegetation types, the CS showed the clearest seasonal evolution
in terms of reflectance (Figure 8A). The values obtained by the SAM ranged from 0.02 to
0.27 rad. Spectra at the beginning (May and June) and at the end (September and October)
of the season were similar, and different from those from the middle of the season (July
to August). As for EG, the SAM values ranged from 0.04 to 0.38 rad (Figure 8C), with an
anomalous value for the spectra collected on 23 May. The high SAM values for those spectra
may be attributed to a particular moment corresponding to a high EG growth rate, or to the
unstable sky conditions while collecting in situ radiometric data. As mentioned previously,
the exact reason for this anomaly could not be confirmed due to the unavailability of
supporting data. At any moment, the EG spectra stayed remarkably similar without a clear
seasonal evolution.

Figure 8. SAM analyses were applied to the reflectance spectra of four vegetation species and
sediments collected from 17 May to 25 October 2019 for CS (A), SC (B), EG (C), MA (D), and SD (E).



Remote Sens. 2022, 14, 3000 14 of 29

Figure 9 shows the SAM calculated for a vegetation type using the spectra at a given
date, against another date. This analysis helps to understand the variations of spectral
changes of a species relative to another during the summer season. The most significant
difference between all vegetation species spectra occurred at the beginning (May and June)
and the season’s end (September and October). For example, Figure 9A compares creeping
saltbush (CS) with the other vegetation types (EG, MA, SC) and sediments (SD). The largest
difference between CS and the other was in May, except for SC, where the SAM remained
stable during the growing season (0.2 rad). In June and July, CS and MA were very similar
and difficult to distinguish spectrally (SAM < 0.1 rad) Figure 9A,D. A similar remark can
be made for EG, where the lowest SAM were generally found in July. It also suggests that
EG differs more from the other vegetation types in the spring (end of May) and in early
October. Saltmarsh cordgrass (SC) is more easily distinguished from EG and MA at the
beginning and end of the season (Figure 9B), but more different from sediment in July.
The sediment spectra are different from all ofthe vegetation spectra (Figure 9E). Overall,
this analysis indicates that it can be difficult to distinguish many vegetation species based
on a single date in the middle of the growing season (June to August).

Figure 9. SAM analyses applied to the reflectance spectra according to the vegetation species and
sediment over time, collected from May to the end of October for CS (A), SC (B), EG (C), MA (D),
and SD (E).

3.2. Classification of Vegetation Type

To examine the implication of spectral and seasonal variability of the vegetation
type for mapping the coastal intertidal zone using multispectral imagery, a classification
algorithm was applied to the Sentinel-2 MSI time-series covering the growing season
(Table 4). This sensor was selected because (i) it provides the best response to seasonal
variability and availability over the critical dates for the vegetation phenology; and (ii) it
has 13 spectral bands, including key bands in the red-edge portion of the spectrum that is
suitable for vegetation mapping.

The XGBoost algorithm was first applied to the image using the in situ spectra associ-
ated with the date closest to the acquired image (XGBoostSeason, Figure 10). By changing
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the input spectra, the algorithm demonstrated a successful identification of the vegetation
species, which confirmed the occurrences and spatial distributions by each species (Table 5).
For the first and last images (May and October), most of the classification mistakes were
due to confusion between saltmarsh cordgrass (Spartina alterniflora, SC) and the sediment
(not shown) due to their similar spectral signatures at this time of the year (Figure 9B,E).
On every image, the algorithm seems to have a problem identifying the macroalgae (MA).
This might have been caused by the spatial resolutions of the images and the sizes of the
MA patches attached to the boulders that were generally smaller than the pixel sizes. Note
that none of the classified images present MA on the rocky shores of the island (west tip
and north east coast of the island). Based on the classification evaluation metrics (overall
accuracy and κ indices; (Table 5), early June and the end of September images were best
suited for the coastal vegetation cover mapping. In other dates, the overall accuracy reached
about 70% with the worst performance obtained in October (accuracy of 65% and κ of 0.56).

Table 5. Model validation statistics (overall accuracy (κ), and mean F1-score) of XGBoostSeason.

Date Overall
Accuracy (%) κ Mean F1-Score

2019-05-05 74 0.68 0.25

2019-06-04 71 0.63 0.20

2019-07-04 72 0.65 0.20

2020-08-05 69 0.61 0.24

2019-09-30 87 0.84 0.29

2019-10-20 65 0.56 0.23

Figure 10. Classification of coastal and intertidal vegetation using XGBoostSeason applied to the
Sentinel-2 time series.

Even though XGBoostSeason can classify the intertidal zone with significantly good
accuracy, it is not practical to train separate models for every month of the growing
season. Therefore, we trained a single XGBoost model (XGBoostnoSeason) (Table 6) using
the same set of in situ spectra, without accounting for the seasonality. The goal was to
evaluate the sensitivity of the classification to seasonal variability in the vegetation spectra.
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XGBoostnoSeason yielded marked differences in vegetation mapping (Figure 11) throughout
the season when spectral evolution was not taken into account. More sediment was
identified in May, reflecting the early stage in the vegetation development and/or the low
LAI. Macroalgae occupied a relatively large surface area, which was not consistent with the
field observations. As expected, the classified image from May has the lowest accuracy and
κ index (57% and 0.44, respectively). Between May and June, we see an expansion of the EG
and SC surface areas. The images from July and August have a problem identifying other
vegetation types than EG. In the summertime, the vegetation spectra from all types were
too similar and could not be distinguished by the model trained without accounting for the
seasonality in Rsur f . The best performance of XGBoostnoSeason was obtained in September,
with accuracy and κ values of 87% and 0.85, respectively. At this time, the vegetation
was fully grown and the senescence had just started, yielding spectrally distinguishable
surfaces. The October image yielded the second-best classification metric despite some
senescence within the vegetation. It is interesting to note that the October image did not
perform as well with the in situ spectra associated with the same date. Although the results
of the two classifications for the October image are quite different, the validation results are
almost similar. This can be explained by confusion from the algorithms between different
species. For example, in the XGBoostSeason, the majority of the confusion is with the SD
and the MA, while in the XGBoostnoSeason, the confusion is between SC and SD, resulting
in similar validation statistics.

Table 6. Model validation statistics (overall accuracy (κ), and mean F1-score) of XGBoostnoSeason.

Date Overall
Accuracy (%) κ Mean F1-Score

2019-05-05 57 0.44 0.18

2019-06-04 59 0.47 0.17

2019-07-04 63 0.52 0.18

2020-08-05 57 0.45 0.19

2019-09-30 87 0.85 0.29

2019-10-20 65 0.55 0.23

Figure 11. Classification of coastal and intertidal vegetation using XGBoostnoSeason applied to the
Sentinel-2 time series.
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Overall, only the eelgrass meadows were well classified (>85% accuracy) in all images,
although they were over-represented in the middle of the summer. In contrast, confusion
between MA and EG was observed for most images, as observed on the rocky coast of the
island at the western tip and along the northeast coast.

3.3. Remote Sensing of Coastal Vegetation Phenology

We further assessed the potential of recent satellite constellations to monitor the phe-
nology of intertidal vegetation found in the study area. The VI time series were computed
on both in situ and satellite-derived Rsurf from OLI, MSI, RapidEye, and PlanetScope. We
first evaluated the robustness of each VI in terms of its capacity to predict the leaf area
index (Section 3.3.1), a classical proxy for vegetation biomass, as well as its response to
the seasonal variability in the vegetation. It turns out that the NDVI provided the highest
correlation with LAI, which was selected for further analysis. After a comparison of in situ
NDVI (NDVIin situ) with satellite-derived NDVI (NDVIsat) (Section 3.3.2), we examined the
potential of this spectral index to monitor coastal vegetation phenology in our study area
(Section 3.3.3).

3.3.1. Vegetation Indices as Predictor of LAI

Among the VIs listed in Table 3, the NDVI presented the best predictor of the LAI
(highest r and RMSE). Figure 12 shows the linear relationship between LAI and the NDVI
for EG and SC, separately. For both species, we found an important variability in terms
of LAI at some stations at a given NDVI value. This is particularly evident at stations S1
and S2, where a dense EG cover (100% coverage throughout the growing season) produced
almost constant NDVI value, while the LAI varied by a factor of 2. At other stations where
the initial % coverage was lower (Table 1), seasonal variability was more evident, especially
for the SC. Note that the MSC correction of Rsurf tends to reduce the variability in NDVI,
but increases the Pearson correlation with the LAI (Table 7), confirming the relevance for
that correction.

Table 7. Pearson’s correlation coefficient (r) of the LAI versus VI relationships obtained for EG and
SC. The highest (bold) and lowest (italic) values are highlighted.

VIs
Raw Spectra MSC-Corrected Spectra

EG SC EG SC

NDVI 0.59 0.50 0.65 0.51

SAVI 0.38 0.36 0.53 0.41

WAVI 0.31 0.04 0.54 0.01

NDAVI 0.20 0.13 0.21 0.14

GRVI 0.28 0.44 0.33 0.49

3.3.2. Satellite-Derived NDVI Validation

Within a given time frame of two days, 15 match-ups, i.e., co-incident in situ and satel-
lite observations, were obtained considering the four satellite sensors evaluated (Figure 13).
The relatively strong linear relationship (r = 0.76) between the MSC-corrected NDVIin situ
and NDVIsat, and the low bias (−0.054) and RMSD (0.16) indicate good agreement between
the in situ and satellite NDVI. The NDVIin situ values followed were clustered by vegetation
type showing that the MA had the lowest values, followed by SC, EG, and CS. For all sen-
sors, a much larger range of NDVIsat (−0.24 to 0.95) was obtained compared to NDVIin situ
(0.13 to 0.75). This was also true for individual vegetation types (e.g., MA and EG), where
the NDVIin situ varied in a narrow range compared to the satellite retrievals. One explana-
tion for the low range in NDVIin situ was due to the MSC normalization of the in situ spectra
(see below). Sentinel-2 MSI and Landsat-8 OLI presented the best relations between the
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NDVIin situ and satellite values. The RapidEye and PlanetScope sensor provided generally
good results for most of the vegetation species, except for the MA. These sensors had lower
spectral resolutions (i.e., broad spectral bands), yielding outliers, as shown in Figure 13.

Figure 12. Linear relationship between the in situ MSC-corrected NDVI and LAI for (A) EG and
(B) SC. Grey data points represent outliers.

Figure 13. Scatter plot of in situ and satellite-derived NDVI. Different symbols are for sensors and
colors for vegetation types (see legend). Grey data points represent outliers.

3.3.3. NDVI-Based Phenology

Figure 14 shows the seasonal evolution of NDVI for each vegetation type calculated
from the in situ MSC-corrected (solid lines) and raw (dashed lines) reflectance spectra.
Interestingly, there is not much crossover with the NDVI value among species; each has
its specific range (as in Figure 13). The shape and range is similar for both normalized
and raw spectra for SD and MA, but the normalization reduces the range for CS, SC,
and EG. As expected, bare sediment (SD) or mud had the lowest NDVI values (<0.15),
followed by SC, EG, CS, and finally MA. For SD and MA, the NDVI was relatively constant
over the season with values of 0.04 ± 0.11 and 0.82 ± 0.07, respectively. Note that MA
NDVI was for “pure” spectra while satellite-derived MA NDVI values considered the
subpixel coverage (sediment mixed with MA). We can see a clear seasonal evolution for
the CS with NDVI as obtained from MSC-corrected reflectance ranging between 0.44 and
0.76. For SC, the NDVI peaked in August at 0.49 and was minimum in May with a value
of 0.33. For these two vegetation types, in particular, the MSC-correction substantially
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reduced the range of variability Figure 14. EG NDVI constantly increased from May to
early October when computed on MSC-corrected spectra but showed two peaks in early
July and early September when computed on raw spectra. Note that the decrease in NDVI
in mid-summer (July–August) was likely due to the presence of necroses in the leaves. EG
seasonal evolution also varied among stations with more marked evolution at S3 and S4
where the initial coverages were 50% and 20%, respectively (Table 1; Figure 4).

Figure 14. Temporal evolution of the NDVI values from the in situ spectra collected from May to the
end of October of four vegetation species and sediments. Dashed lines are NDVI calculated on raw
reflectance spectra.

Since only two images were available for Landsat-8 OLI and RapidEye sensors, re-
spectively,we assessed the space-based phenology using Sentinel-2 and PlanetScope con-
stellations. Six images were available for the Sentinel-2A and 2B MSI sensor from May
until the end of October 2019, covering most of the critical moments for the coastal and
saltmarsh growing season (Figure 15), but with a more than 2-month gap between 4 July
and 12 September.

Eight images from mid-May to early October 2019 were available for the PlanetScope
sensor (Figure 16). PS images filled the gap of MSI images, but no images beyond October
3 were available for the senescence period.
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Figure 15. Time series of NDVI from the Sentinel-2 MSI acquisition obtained at a low tide. Homoge-
neous regions of interest (ROIs) for the four vegetation types and sediments where the NDVI values
were extracted are also shown.

Figure 16. Time series of NDVI from the PlanetScope sensor acquisition obtained at a low tide and
zoomed in on the region of interest. Homogeneous regions of interest (ROIs) for the four vegetation
types and sediments where the NDVI values were extracted are also shown.

Figure 17 depicts the phenology of NDVI by combining the two satellite sensors for the
pixels extracted from five homogeneous regions of interest (ROI) located in the sampling
area (Figure 16). Steady growth in NDVI for all vegetation types was identifiable from May
to August, while the sediment stayed relatively constant. The agreement between MSI
and PS was very good for CS and SC throughout the season, except in September/October
for SC. The phenology of these two vegetation types agree well with in situ observations
(Figure 14) with peaks in August reaching 0.75 and 0.55 for CS and SC, respectively.
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Figure 17. Satellite-based phenology of coastal vegetation from MSI and PS sensors for the four
vegetation types and sediments. NDVI pixels values were extracted from homogeneous surfaces
depicted in Figure 16. The LOESS fit was applied for each vegetation type to better visualize
the phenology.

A more noisy signal was obtained for EG, which showed higher NDVI relative to
other vegetation types. This result contrasts with in situ observations (Figure 14), but not
with Figures 15 and 16 where dense EG stations (S1 and S2) constantly showed higher
NDVIsat compared to NDVIin situ. EG mapping was more sensitive to tidal differences
among satellite acquisitions as it stood in deeper water (e.g., <0.2 m above sea level) relative
to CS and SC. The phenology of this vegetation type was more evident from space than for
field observations probably due to the percentage coverage of our selected stations.

Macroalgae phenology extracted from satellite images was more pronounced than
expected from the in situ observations. Again, the large difference in MA phenology
between in situ and the satellite was due to the spectral resolution versus the size of the
vegetation patches. The lack of a continuous cover of MA limited our interpretation for
this type of vegetation. The SD showed the lowest values and remained relatively constant
throughout the season for a given sensor, although a small peak was observed in the late
summer. A relatively important discrepancy was obtained between MSI and PS. The later
yielded NDVI within the range of the in situ data with non-seasonal variability. In contrast,
MSI values for the sediments were relatively high (0.25 to 0.4).

In summary, the images from PS and MSI sensors, allowed us to detect the seasonal
evolution of the vegetation. By combining the time series of the two sensors, we can
better see the complementary data, offering a better understanding and monitoring of the
phenology of the vegetation.

4. Discussion

In this study, we showed that spectral seasonal evolution in coastal and intertidal
vegetation types can be detected by in situ and spaceborne sensors. This evolution is
related to the biophysical metric of the vegetation, such as the LAI, but it depends on the
vegetation type and the pigment composition. A better understanding of the vegetation
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phenology provides key insights for the coastal mapping based on spectral classification,
with strengths and limitations discussed in the following sections.

We observed an important evolution of the vegetation biophysical metrics, with a
growth phase from May to September, which was particularly evident for saltmarsh
cordgrass (Spartina alterniflora) and creeping saltbush. This observation was consistent
with other studies [53–55]. For eelgrass, the growth continued until the beginning of
October, while the LAI showed an increase between May and June, remained constant until
September, and was followed by a small decrease at the end of the season. Similar results
were shown in other studies [56–58].

Our vegetation Rsurf spectra measurement is consistent with other studies [17,59–61].
The in situ spectra analyses suggest that the general shapes of Rsurf are similar for all vege-
tation types (EG, MA, SC, and CS), but markedly different from the SD. Even if the shape
is similar, they are different from each other and evolve over the season, as demonstrated
using the SAM and the NDVI. This seasonal evolution is crucial for ecosystem remote
sensing and is rarely mentioned and documented in other studies [62]. The spectra from
mid-June to the beginning of September often overlapped. At that time of the growing
season, the distinction among vegetation types was less obvious. Furthermore, the evalua-
tion of the pure vegetation spectra revealed that MA and EG were stable throughout the
season under 100% cover. In contrast, CS and SC presented more variability during the
growing season with similar spectra at the start (May and June) and at the end (September
and October), but different in the middle of the season (July to August).

Sentinel-2 images were chosen to classify the intertidal and coastal vegetation types
in the study area. Using the identical spectra for all images, the XGBoost algorithm
(XGBoostnoSeason) was not able to distinguish the vegetation types in July and August.
Nevertheless, good results were obtained in June and at the end of the growing season
(September and October). The highest accuracy (κ of 0.85) was obtained with the September
30th image at the onset of the senescence phase, suggesting that fully-grown vegetation
is spectrally distinguishable from each other. We also demonstrate that accounting for
vegetation phenology in the classification training dataset (XGBoostSeason) improved the
classification accuracy by about 15%.

The NDVI was the most suitable proxy for the LAI among different VIs, and it was
selected to evaluate the phenology from remote sensing using in situ spectra and multispec-
tral images from four sensors (Landsat-8 OLI, Sentinel-2 MSI, PlanetScope, and RapidEye).
The NDVI has been widely demonstrated to be a good descriptor of vegetation dynamics
for many types of ecosystems, including wetlands [17,63–66]. It is also widely used in
satellite-based phenology monitoring, as it could be applied to almost any multispectral
sensors on a wide range of platforms (in situ, drone, plane, satellite) [67,68]. Based on
in situ NDVI measurements, SC and CS clearly showed a seasonal evolution, while MA,
EG, and SD were more stable throughout the season. Frequent observations are needed
to quantify the seasonal variability and evolution of the vegetation in a cold temperate
environment due to a relatively short growing season (<6 months). Changes in coastal
vegetation, such as growth, flowering, senescence, and shedding of leaves, take weeks and
even months [68–70]. For this reason, we recommend visiting the field as soon as the ice
starts to melt (i.e., late March or beginning of April) [69,71]. In our study, we started the
fieldwork in mid-May when the EG was already growing, with some stations showing
100% areal coverage.

By combining MSI and PS images, we could also track the vegetation phenology
with a clearer signal for EG compared to the in situ. In general, satellite-derived phenol-
ogy was consistent with the in situ NDVI values shown in this study and as presented
by [17,60,72,73]. For example, Zoffoli et al. [17] also used MSI images to document the
phenology of intertidal seagrass (Zostera noltii) in France. For comparison, these authors
obtained 22 MSI images obtained at a low tide under cloud-free conditions for a ten-month
period (March to December). With only six MSI images in our region, the combination
with the PlanetScope constellation was necessary to fully capture the growing seasons and
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the following senescence. However, if our result demonstrates the feasibility, differences
in spectral and spatial resolutions between sensors may complicate the combination of
multisensor data for phenology monitoring.

As for Landsat-8 and Sentinel-2—both EO missions are dedicated to land cover moni-
toring and are widely used for phenology assessment. They both acquire images at lower
temporal and spatial resolutions compared to PlanetScope. Even if the images are not
available at a rapid rate due to tidal height and cloud cover restrictions, we can expect
monthly images for the Sentinel-2 sensor, but much less for Landsat (one or two per year).
Sentinel-2 images are easily usable and provide much better spectral resolution compared
to the very-frequency acquisition of PlanetScope. Therefore, Sentinel-2 images allow further
mapping capability by applying a classification algorithm using a high number of bands
( 10 bands). Still, Landsat is a very useful sensor, offering long-term time series for detecting
and relatively good spectral capability for coastal mapping [74–76]. In addition, the tempo-
ral resolution will improve with the recent launch of Landsat-9 in September 2021, opening
the door for data fusion from MSI and OLI [73,77,78]. The fusion of Landsat and Sentinel-2
images has tremendous potential to improve the ability to detect vegetation change and to
cover all key periods of the vegetation phenology. However, in our case, combining the
data was not necessary because the Sentinel-2 time series was already covering all of the
vegetation phenology.

The PlanetScope sensor constellation is relatively new and offers many advantages,
including high temporal resolution obtained at high spatial resolution compared to Landsat
and Sentinel-2. Those images appear to be promising for extracting natural resources infor-
mation, including intertidal ecosystem estimates and potentially even vegetation diversity
estimates [20,79,80]. As seen in our results, the sensor provides many images covering
most of the vegetation key. The spatial resolution of PlanetScope images provides many
details, but it is not without issues. Indeed, the variable radiometric quality, inconsistent
radiometric calibration across multiple platforms, and low spectral resolution are central
challenges for marine and coastal applications, such as vegetation classification and ecosys-
tem monitoring [20,81–83]. The low spectral resolution of the first Dove generation limits
its use for the vegetation type classification. Furthermore, the noise level is high, and the
radiometric quality and inconsistency are low on clusters of pixels, especially in homoge-
neous pixels. This indicates the low signal-to-noise ratio of PlanetScope images [20,84]. This
issue was encountered during the atmospheric correction, and even after the correction,
noise can still be detected in the NDVI images. The next generation of PlanetScope sensors
launched in January 2022 with a greater number of bands (eight bands) and a radiometric
signal that may have helped resolve most of the limitations of the early sensor fleets.

The presence of water overlying the vegetation at the time of in situ data acquisition
or in the images highly affected the spectral reflectance due to its high absorption in the red
and the infrared. With high water levels within the vegetation, the species identification
can be difficult, and further processes will be needed to use the images and spectra [85–88].
For this reason, the state of the tidal level could significantly influence the spatiotemporal
distribution of remotely-sensed parameters, such as vegetation NDVI, which uses red
and infrared wavelengths. For example, the bathymetric map combined with water level
measurements during the data acquisition could be used to correct the water column
interference to retrieve the bottom reflectance [88]. However, estuarine water masses of
the St. Lawrence are characterized by high concentrations of colored dissolved organic
matter (CDOM) and suspended sediments that severely limit the light penetration, even
in the visible bands [89], and impair water column correction. Due to the loss of spectral
information in the NIR, submerged vegetation indices need to be based on visible bands
only [40,88], or located in the red-edge portion of the spectra [59]. In conclusion, we
recommend selecting images at the lowest tides possible to maximize the area to be mapped
and to minimize the effect of water on the vegetation. The maximum tidal height that
allows the vegetation to be mapped using multispectral data requires prior knowledge of
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the area. Furthermore, the mapped area will mainly depend on the area characteristics,
such as the bathymetry/elevation and location of the vegetation.

Many atmospheric correction (AC) algorithms can be applied to multispectral images;
this is a crucial step in the processing of remote sensing data for aquatic and coastal
applications. Ideally, AC aims to separate the top-of-atmosphere observation by the satellite
sensor into the signal from the atmosphere and the signal from the surface to retrieve
surface reflectance [90]. By using PlanetScope and RapidEye sensors, we are limited by the
atmospheric correction algorithm due to a lack of spectral bands (as, for example, in the
SWIR). Even though we can apply different atmospheric corrections, the algorithm applied
to the image needs to be the same to compare the sensors together. Here, we adopted
ACOLITE, as it allows the application of the dark spectrum fitting (DSF) atmospheric
correction method to all imagery evaluated in this study. Furthermore, ACOLITE has
been developed for the coastal environment and is currently widely used for aquatic-
based applications, such as coastal water monitoring [91–94]. The sensitivity of satellite-
derived NDVI phenology to AC could have been quantified, which was out of the scope of
this study.

The area covered by our sampling sites was minimal (472,800 m2) as we focused our
effort on one EG meadow and intertidal vegetation section to maximize our frequent visits
to the sites. This area was selected for its diversity of vegetation cover and easy access but
was nevertheless quite representative of the entire coast of the region. The small size of the
studied area helped us to develop excellent knowledge of the vegetation dynamics and
the ecosystem structure. However, the sites were not optimal for the detection of small
macroalgae patches (e.g., <1–2 m2) with the limited satellite spatial resolution.

5. Conclusions

In this work, we assessed the seasonal dynamics of four typical intertidal vegetation
types encountered in cold temperate coastal littoral, including macroalgae (Ascophyllum
nodosum and Fucus vesiculosus), eelgrass (Z. marina), saltmarsh cordgrass (S. alterniflora),
and creeping saltbush (A. prostrata). The seasonal evolution was determined based on
biophysical characteristics (leaf area index), in situ reflectance spectra, vegetation indices,
and classification of multispectral images. We identified a significant seasonal change in
phenology of saltmarsh cordgrass and creeping saltbush. Even though some seasonal
change could be observed for some vegetation types, no significant changes were observed
in the in situ reflectance spectra for eelgrass and macroalgae. Moreover, we evaluated the
potential of the NDVI to quantify the vegetation phenology from space. We demonstrated
that the NDVI was the best vegetation index proxy to track the phenology that could be
applied to multispectral cameras (including drones). Satellite-based NDVI, which strongly
correlates with in situ values for saltmarsh cordgrass and creeping saltbush, were used to
assess the potential of multispectral instruments to assess the phenology. By combining
Sentinel-2 and planet imagery, we showed that the seasonal evolution of eelgrass NDVI
was more evident than with in situ measures, likely because of the initial coverage of the
quadrats (2500 cm2). The extreme gradient boosted decision tree (XGBoost) algorithm was
applied to a monthly time series of Sentinel-2 using in situ spectra as input spectral classes.
The results indicate September as the best month of the year to classify coastal vegetation
in our cold temperate environment, i.e., when the vegetation is fully grown and spectrally
distinguishable.

Further work is required to monitor the vegetation species from this complex ecosys-
tem located in a cold temperate climate with a relatively short growing season. We intend
to extend the vegetation species mapping, especially for marshes that have a high plant
diversity (Salicornia maritima, Spartina pectinata, Spartina patens, etc.). Satellite remote sens-
ing provides access to spatial scales, enabling the environment to be documented over vast
areas. Widening the study area to cover all the coasts of the St. Lawrence maritime estuary
and Gulf system would be interesting to know their conditions and interannual evolution.
In addition, it will extend our knowledge of vegetated coastal ecosystems and their overall



Remote Sens. 2022, 14, 3000 25 of 29

importance to the environment. Furthermore, it would be interesting to evaluate the carbon
stock sequestration rates in coastal habitats (seagrass and marshes). Remote sensing tools
are nowadays developed to quantify the extent of seagrasses and marshes, the species
composition of these environments, and the above-ground biomass. In addition, some
authors have demonstrated the possibility of estimating carbon stocks using empirical
algorithms [95–97]. With these types of data, it will be possible to document and monitor
changes in carbon stocks and estimate emissions as functions of ecosystem degradation,
conservation, and restoration. Finally, historical data could be used to assess the history of
carbon stocks and emissions and the spatial distribution and changes of vegetation species.
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