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Spartina alterniflora is an aggressive invasive plant spreading along the coastal China, spanning a latitudinal
range of 20◦ N - 39◦ N, and its invasion resulted in dramatic decline in both native plant diversity and ecosystem
functioning. Phenology of S. alterniflora saltmarshes is a critical feature to elucidate the invasion dynamics over
geographical regions but has not been well understood yet. In this study, we examined the variation of
S. alterniflora saltmarsh phenology across coastal China during 2018–2020 by using time series Landsat 7/8 and
Sentinel-2 images. Combined Landsat 7/8 and Sentinel-2 images provided more good-quality observations in a
year, which could facilitate phenological retrieval. We applied and assessed three widely used phenology
retrieval methods (i.e., NDVI-based pixel-specific statistical threshold, NDVI-based double logistic mathematical
equation, and LSWI-based biological threshold) for retrieving the start and end of season (SOS and EOS) as well
as the length of season (LOS) of S. alterniflora saltmarshes. The SOS and EOS dates derived from three phenology
retrieval methods showed similar patterns in latitudinal phenology variation: SOS became later and LOS became
shorter as latitude increased, and the latitudinal trend of EOS was not as large as that of SOS. This study shows
the potential of Landsat 7/8 and Sentinel-2 to quantify land surface phenology of S. alterniflora saltmarshes,
which not only enhances our understanding of the spatial-temporal dynamics of coastal saltmarshes in China but
also improves the management of this plant invader that threatens native saltmarshes in the world.
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1. Introduction
Plant phenology is the timing of seasonal developmental stages in
plant life cycles, which is an important indicator for climate change,
land cover change, and agriculture production (Bolton and Friedl, 2013;
Bórnez et al., 2020; Piao et al., 2019; Zhong et al., 2014). Recently, the
role of phenology in plant invasions has been increasingly recognized
(Wolkovich and Cleland, 2014). Some studies have found that in com
parison with native species, invasive species have distinct phenological

traits, for example, earlier emergence, later senescence, or both, which
often result in longer growth period (Fridley, 2012; Liao et al., 2007).
This extended phenology is considered as a temporal niche for invasive
species to assimilate resources both in spring and autumn (Wolkovich
and Cleland, 2011), which facilitates invasive species to establish and
gain competitive advantage. In addition, several studies have reported
that invasive species respond more sensitively to climate warming by
adjusting their phenology (e.g., earlier flowering) than native species
(Esch et al., 2019; Willis et al., 2010; Zettlemoyer et al., 2019), which
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also exacerbates the invasion processes in the context of global warming.
It has been acknowledged that most of exotic species tend to invade
large geographic areas and diverse habitats (Turbelin et al., 2017), but
few studies have investigated the phenology change of invasive species
along the environmental gradients.
Hot spots of plant invasions are found on islands or in coastal regions
like saltmarshes (Dawson et al., 2017; Mark et al., 2018). In 1979,
Spartina alterniflora (hereafter, S. alterniflora), a perennial grass native to
the Atlantic and Gulf Coasts of North America, was first introduced to
China for tidal reclamation and erosion mitigation. Since then, it has
rapidly invaded the areas from north to south (20◦ N - 39◦ N) across
coastal wetlands of China (Xu et al., 2020a; Zuo and Zhao, 2012). Over
the past decades, many researchers have studied several traits of
S. alterniflora across the latitudes in its native and introduced regions
through field surveys or common garden experiments, such as stem
height and diameter (Liu et al., 2016a; Shang et al., 2015), seed set and
production (Liu et al., 2020c), and productivity (Kirwan et al., 2009; Liu
et al., 2020b; Wieski and Pennings, 2014). These studies have led us to
deduce whether the rapid spread of S. alterniflora over a wide range of
environmental conditions in China is reached by phenotype plasticity or
evolutionary adaptation. As an integrative indicator, the phenological
trait, especially for leaf emergence and senescence, of S. alterniflora
along the latitudinal gradient remains poorly understood. Several
studies have reported phenology information of S. alterniflora at one or
few selected locations from in-situ observations or satellite derivations
(Ai et al., 2017; Qiu et al., 2018; Sun et al., 2016; Wu et al., 2020; Zhang
et al., 2020), however, those phenometrics estimates were from different
data sources or different phenology algorithms and could not be
compared on a latitudinal basis.
Phenological metrics could be derived from ground observations,
phenology modeling, and satellite images (Piao et al., 2019). Ground
observations provide specific and accurate timing of plant phenophases
but cannot cover continuously large regions (Garrity et al., 2011). From
a remote sensing perspective, land surface phenology (LSP) describes
the spatio-temporal development of the vegetated land surface as
revealed by synoptic space-borne sensors (White et al., 2009). Many
efforts have been made to study phenology from satellite data in a va
riety of terrestrial and aquatic environments, such as forests (Garrity
et al., 2011; Melaas et al., 2013), grasslands (Shen et al., 2016; Shen
et al., 2011), farmlands (Bolton and Friedl, 2013; Huang and Zhu, 2019),
and phytoplankton communities (Palmer et al., 2015), but satellitebased phenology study of coastal saltmarshes remain limited (Ghosh
and Mishra, 2017). Coastal saltmarshes are generally narrow belts, the
monitoring of which requires satellite images with high spatial resolu
tion. Time series Landsat images (30-m spatial resolution, 16-day tem
poral resolution) are widely used to obtain LSP information (Dong et al.,
2016; Liu et al., 2020a). However, the use of Landsat images for
phenology research often has two limitations: (1) some phenological
transitions occur more rapidly than the 16-day repeat cycle of Landsat,
and (2) cloud and cloud shadow reduce the number of good-quality
observations available for identifying phenological events. Newly
available imagery from Sentinel-2A/B (10-m or 20-m spatial resolution,
5-day temporal resolution), in combination with Landsat images, can
partially overcome this constraint.
A number of studies have reported various ways to understand
satellite-derived SOS (start of season) and EOS (end of season) dates,
including climate data (de Beurs and Henebry, 2005; Zhang et al., 2004),
bioclimatic models (Schwartz and Reed, 1999), and in-situ phenology
observations (Fisher and Mustard, 2007; Garrity et al., 2011). Because
the available in-situ phenology data sources are limited and leaf-on
(SOS) and leaf-off (EOS) in the temperate zone are driven by tempera
ture, many studies used air temperature, growing degree days, and other
temperature-related variables to analyze the relationship between
temperature and satellite-based SOS and EOS estimates (Reed et al.,
2009). For example, some studies have shown that plant phenology
described by time series vegetation indices can be well approximated as

a quadratic function of thermal time (de Beurs and Henebry, 2004;
Krehbiel et al., 2017), from which the fitted curve of vegetation indices
can be used to alternatively derive phenological metrics (Nguyen et al.,
2020). Other studies have indicated that remote sensing-based surface
temperature (i.e., land surface temperature, LST) correlated well with
canopy greenness dynamics as observed from vegetation indices in most
terrestrial ecosystems, and was also a good proxy for estimating SOS and
EOS (Dong et al., 2015; Hassan and Rahman, 2012; Liu et al., 2016b).
For coastal ecosystems, apart from land surface temperature, plant leaf
emergence, growth, and senescence are inevitably influenced by sea
surface temperature (SST) (Egan and Ungar, 1999). Although many
studies have revealed the strong correlations between LST and LSP for
terrestrial vegetation (Han and Xu, 2013; Xu et al., 2020b), the re
lationships between LST, SST, and LSP for coastal vegetation along the
latitudes are poorly understood.
In this study, the following three questions were addressed: (1) What
are the differences in SOS and EOS of S. alterniflora saltmarshes retrieved
from the three phenology retrieval methods with combined Landsat 7/8
and Sentinel-2 images? (2) What are the temperature conditions of SOS
and EOS dates from various phenology retrieval methods, depicted by
air temperature (AirT), sea surface temperature (SST), and land surface
temperature (LST)? (3) How do the SOS and EOS of S. alterniflora salt
marshes vary along the latitudinal gradient across coastal China? We
first retrieved and compared phenological metrics by using three
phenology retrieval methods and combined Landsat/Sentinel images. In
order to assess the retrieved phenological metrics, air temperature data
from a reanalysis climate dataset, sea surface temperature data from
AVHRR, and land surface temperature data from MODIS were used to
analyze the relationships between temperature conditions and pheno
logical metrics. We assumed that the phenological retrievals are
reasonable when they agree well with temperature conditions indicated
by accumulated growing degree-days (AGDD) at SOS dates and mean
temperature at EOS dates. Then we examined the latitudinal variation of
S. alterniflora saltmarsh phenology across the coastal regions of China.
By conducting a large-scale study on phenology of S. alterniflora salt
marshes, this study could shed lights not only on the mechanisms of
S. alterniflora invasion that are essential to its management, but also on
the prediction of future invasion dynamics. Moreover, monitoring of
S. alterniflora saltmarsh phenology with high accuracy is also crucial for
the studies of carbon, water, and surface energy fluxes of coastal
saltmarshes.
2. Materials and methods
2.1. Study area
The study area is located in the coastal zone of mainland China
including eight provinces or municipalities (Hebei, Tianjin, Shandong,
Jiangsu, Shanghai, Zhejiang, Fujian, and Guangxi) and ranges from
20◦ 10′ N to 40◦ 0′ N. Because Liaoning and Guangdong provinces have
relatively small continuous areas of S. alterniflora saltmarshes, we did
not consider S. alterniflora saltmarshes in these two provinces in this
study (Fig. 1). This region covers the temperate zone, subtropical zone,
and tropical zone from north to south. Since the end of the 1970s,
S. alterniflora has been introduced into many intertidal areas in China
and become the most dominant species in the coastal saltmarshes.
Several estuaries and bays such as Yellow River estuary, Yangtze estu
ary, and Luoyuan bay are the hot-spots of S. alterniflora invasions.
2.2. Data and processing
2.2.1. Landsat 7/8 and Sentinel-2 data
In this study we used Landsat Collection 2 Level-2 surface reflectance
(SR) data and Sentinel-2 Level-2A (SR) data archived in Google Earth
Engine (GEE) cloud platform from January 1, 2018 to January 1, 2021.
Landsat data include all available Landsat 7 Enhanced Thematic Mapper
2
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Fig. 1. Location of study area and availability of Landsat 7/8 and Sentinel-2 images from 2018 to 2020 after applying cloud mask (a, b) and cloud and inundation
mask (c, d).

(ETM+) and Landsat 8 Operational Land Imager (OLI) images from the
United States Geological Survey (USGS). Sentinel-2 data include all
available Sentinel-2A and Sentinel-2B Multi Spectral Instrument (MSI)
images from the European Space Agency (ESA). Landsat has 16-day
revisit cycle, and Landsat 7/8 images together have 8-day temporal
resolution. Sentinel-2 has 10-day revisit cycle, and Sentinel-2A/B im
ages together have 5-day temporal resolution. Landsat 7/8 and Sentinel2 SR products are radiometrically and geometrically corrected.
The data preprocessing included four steps: (1) identifying badquality observations, (2) harmonizing Landsat and Sentinel images,
(3) calculating vegetation indices, and (4) constructing time series
datasets. The first three steps were conducted in the GEE platform and
the last step was processed in R software (R Core Team, 2013).
The quality of Landsat 7/8 and Sentinel-2 SR data was assessed based
on the quality assessment band (QA_PIXEL) and s2cloudless algorithm,
respectively. All bad-quality observations including clouds, cloud
shadows, cirrus, and snow/ice were identified in Landsat 7/8 collection.
Clouds were identified from the Sentinel-2 cloud probability dataset
(s2cloudless) and shadows were defined by cloud projection intersection
with low-reflectance near-infrared (NIR) pixels. Fig. 1 shows the spatial
distributions of the number of good-quality observations at the pixel

scale from Landsat 7/8 and Sentinel-2 datasets during 2018–2020. Fig. 2
shows the number of observations for selected S. alterniflora saltmarsh
ROIs from Landsat 7/8 and Sentinel-2 datasets during 2018–2020.
In order to increase the number of good-quality observations for
identifying phenology (SOS, EOS) of saltmarshes, we harmonized and
combined Landsat ETM+, OLI, and Sentinel MSI images. Due to the
differences in band wavelengths from these three sensors, we firstly
transformed the spectral bands of Landsat 7 ETM+ and Sentinel-2 MSI to
match those of Landsat 8 OLI by using the linear correction methods
proposed by Roy et al. (2016) and Zhang et al. (2018). Two types of
regression analyses were conducted by Roy et al. (2016) and Zhang et al.
(2018) including ordinary least square (OLS) regression and reduced
major axis (RMA) regression, and we used the OLS transformation co
efficients in this study. Then we merged these three datasets by their
acquisition time and constructed a comparable time series dataset (i.e.,
combined Landsat/Sentinel images). The combined Landsat/Sentinel
time series data has at least one observation within a 5-day period,
which facilitates following data compositing.
We calculated three vegetation indices (Normalized Difference
Vegetation Index, NDVI, Enhanced Vegetation Index, EVI, and Land
Surface Water Index, LSWI) using Eqs. (1)–(3). The intertidal areas are
3
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Fig. 2. The distribution of observations at selected S. alterniflora saltmarsh ROIs using Landsat 7/8 images (a) and Sentinel-2 images (b) during 2018–2020. The
legends indicate the number of total observations, observations after cloud mask, observations after cloud and inundation mask.

often affected by tides, which may affect the surface reflectance of
coastal vegetation. We excluded the observations affected by the tidal
inundation for individual pixels using Eq. (4), which has been validated
in previous studies (Dong et al., 2016; Xiao et al., 2006; Xiao et al.,
2005). Moreover, due to the limited number of good-quality observa
tions in coastal regions, we combined the vegetation index data from
multiple years (2018–2020) into one year, organized by day of year
(DOY).
NDVI =

NIR − RED
NIR + RED

EVI = 2.5 ×

LSWI =

NIR − RED
NIR + 6 × RED − 7.5 × BLUE + 1

NIR − SWIR
NIR + SWIR

Inundation observation = LSWI > NDVI or LSWI > EVI

constructed the 10-day composites from Sentinel-2 (10-day revisit cycle)
and Landsat 7/8 data by selecting the observation with the maximum
value of all available observations in NDVI composites and mean value
of all available observations in LSWI composites at each 10-day period.
The 10-day composites start and label with 1/1, 1/11, 1/21, etc. The
more specific descriptions could be found in a previous study (Liu et al.,
2020a). Because the growing season of S. alterniflora lasts late and has
some over-wintering ramets surviving until next year, we repeated the
first three months (DOY 0–90) of the following year at the end of the
annual time series composites to constitute a consistent annual cycle of
plant growth. After obtaining the 10-day composites, we filled the
missing observations using linear interpolation, and then smoothed the
datasets by applying Savitzky-Golay filter with a smoothing window of
size 9 and a polynomial order of 2. Because LSWI is sensitive to soil
moisture (due to rainfall or inundation) and leaf water content, it is
unnecessary to smooth the LSWI dataset. We did not smooth the LSWI
dataset but only gap-filled the missing values. The NDVI and LSWI
datasets were prepared for further phenology analysis.

(1)
(2)
(3)
(4)

where BLUE, RED, NIR, SWIR are the surface reflectance values of blue
(450–515 nm), red (630–680 nm), near-infrared (NIR: 845–885 nm),
and shortwave-infrared (SWIR: 1560–1660 nm) bands for OLI sensor.
Image temporal compositing is an effective approach to preprocess
the time series data in many published data products (e.g., MOD13Q1),
which can effectively reduce the abnormal observations due to cloud
and uneven observations in time (Holben, 1986). In this study, we

2.2.2. Field survey data
The field surveys were conducted from August to September of 2015
across six provinces (Hebei, Shandong, Jiangsu, Zhejiang, Fujian, and
Guangxi) and two municipalities (Tianjin and Shanghai) in coastal areas
of China. In the field sampling work, plant and soil samples were
collected and biotic and abiotic variables (e.g., aboveground biomass)
4
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were measured. In July and September of 2020, DJI Phantom 4 Pro V2.0
Unmanned Aerial Vehicle (UAV) were also used to collect multispectral
and lidar data in some coastal regions of China. The geo-referenced
photos and UAV data taken from these field surveys provided informa
tion for selecting point of interest (POI). Each POI was carefully selected
from saltmarsh patches larger than 60 m × 60 m to ensure the homo
geneity (saltmarsh dominated) of samples. The selected POIs had
consistent S. alterniflora saltmarshes during 2018–2020 after checking
satellite images with very high spatial resolution (VHSR) from Google
Earth (GE), using time slide method. Then we delineated the region of
interest (ROI) as circle buffers of the points (15-m radius) using ArcGIS
software. We finally generated 102 S. alterniflora ROIs across the coastal
China to analyze the spatial variation of S. alterniflora saltmarsh
phenology.

monthly in-situ phenological photos accompanied with air temperature,
photosynthetically active radiation (PAR) from the tower site, and
vegetation indices dynamics from combined Landsat/Sentinel images
are shown in Fig. 3. Time series field photos show that S. alterniflora
started to green-up in mid-April (DOY 115), grew rapidly from May to
early-September, flowered in late-September, and died in late-December
or January of next year (DOY 10). The site-based local weather and
sensor-based greenness variation generally concur well with the
observed phenology change of S. alterniflora saltmarshes. The phenology
of plants determines the growth stage, water and chlorophyll content,
and canopy structure of plants, and thus the spectral reflectance
captured by portable spectrometer or satellite sensor, facilitating the
derivation of phenological metrics. Table 1 shows key growth stages of
S. alterniflora and its possible relations to the satellite-based land surface
phenology.
In order to obtain robust phenology information and assess the
performance of several widely used phenology retrieval methods, the
phenological metrics were determined from three different retrieval
algorithms in this study: NDVI-based pixel-specific statistical threshold
method (hereafter, NDVI-ST), NDVI-based double logistic mathematical
method (hereafter, NDVI-DLM), and LSWI-based biological threshold
method (hereafter, LSWI-BT).

2.2.3. Temperature data
To analyze the temperature conditions of phenological dates (SOS,
EOS) of S. alterniflora saltmarshes, three temperature datasets were used
in this study. For air temperature (AirT), we used a climate reanalysis
dataset from the European Center for Medium Range Weather Forecasts
Reanalysis 5 (ECMWF/ERA5) archived in the GEE platform. ERA5 is the
fifth generation ECMWF atmospheric reanalysis of the global climate
and provides the available data from 1979 to three months before the
real time. ERA5 dataset has a spatial resolution of 0.25 degrees. We used
ERA5 daily dataset which aggregated values at each day for seven ERA5
climate reanalysis parameters including daily mean, minimum and
maximum temperature at 2 m above the ground. Daily mean air tem
perature (Tday), daily daytime mean air temperature (Tdaytime), and daily
nighttime mean air temperature (Tnighttime) were calculated for analysis.
For sea surface temperature (SST), we used the NOAA AVHRR
Pathfinder Version 5.3 (PFV53) SST dataset. These SST values were
generated at approximately twice-daily 4-km resolution going back to
1981. The Pathfinder SST algorithm was applied consistently over the
full time period (August 1981–December 2014) and updated till present.
For land surface temperature (LST), MODIS-Aqua (MYD11A2) and
MODIS-Terra (MOD11A2) products were used, which are the level-3
global Land Surface Temperature and Emissivity 8-day composites
with 1-km spatial resolution. This dataset provides both daytime
(LST_Day_1km) and nighttime (LST_Night_1km) surface temperatures
and associated quality control assessment bands. Overpass time for
daytime (nighttime) observations are about 10:30 (22:30) local solar
time of Terra and about 13:30 (01,30) local solar time of Aqua. Both SST
and LST datasets for the period of 2018–2020 were also processed in the
GEE platform.

2.3.1. Method 1: NDVI-based pixel-specific statistical threshold method
The start of season (SOS), end of season (EOS), and length of season
(LOS) were determined with a transformation of NDVI (referred as
NDVIratio) developed by White et al. (1997). The NDVIratio was calcu
lated by the difference between the NDVI value at a certain time (NDVIt)
and the minimum value (NDVImin) for the time span of interest,
normalized by the amplitude of NDVI values during this time span
(NDVImax - NDVImin) (Eq. (5)). In the study of White et al. (1997), the
threshold of 0.5 in the NDVIratio curve was used to identify the onset and
offset of season because it indicates the most rapid increase and decrease
in greenness (greatest slope). Another study that used the ground ob
servations at 22 grassland monitoring stations in Qinghai Province,
China, reported the threshold of 0.2 for identifying the beginning of the
growing season (Yu et al., 2010). In this study, we were more concerned
with the date of leaf emergence, thus we used the threshold of 0.2 to
determine SOS and EOS during the growth and senescence periods. The
first composite with consecutive values exceeding the predefined
threshold (0.2) was identified, then NDVI of two near composite periods
were linearly interpolated into daily NDVI to locate the specific day of
the year (DOY) as SOS. The same procedure was applied to define EOS.
NDVIratio =

2.3. Phenology retrieval algorithms

NDVI t − NDVI min
NDVI max − NDVI min

(5)

2.3.2. Method 2: NDVI-based double logistic mathematical method
A double logistic model was applied to characterize the seasonal
change of S. alterniflora using a consistently processed 10-day NDVI
composites. The double logistic model is effective for depicting plant
growth curves (both green-up and senescence phases) by modeling
increasing greenness in spring and decreasing greenness in autumn,
which has been widely used in phenology studies (Elmore et al., 2012;
Fisher et al., 2006; Zhang et al., 2003). The NDVI composites were fitted
using the improved double logistic model as Eq. (6). We followed the
method provided by Zhang et al. (2003) to identify phenology transition
dates by calculating the rate of change in the curvature (third derivative)
of the fitted logistic model. Specifically, we defined the start and end of
growing season as the day when the rate of change in the curvature
reached the first local maximum value and the last local minimum value,
respectively. The length of growing season was calculated as the number
of days between start and end of growing season.
(
)
1
1
f (t) = v1 + v2
(6)
−
1 + e− m1 (t− n1 ) 1 + e− m2 (t− n2 )

Smooth cordgrass (S. alterniflora) is a perennial rhizomatous grass,
grows 0.5–2.5 m in height, and propagates both sexually by seeds and
asexually by clonal growth (Huang and Zhang, 2007). Under suitable
conditions, S. alterniflora can reach sexual maturity after three or four
months of vegetative growth. As an invasive wind-pollinated plant,
S. alterniflora flowers from August to October, and each ramet can pro
duce up to 800 seeds, depending on ramet size (Daehler and Strong,
1994; Qiu et al., 2018). The seed survival time is estimated to be only
eight months, indicating that there is no long-term seed bank in the soil
(Meng et al., 2020). According to the ground observations, S. alterniflora
saltmarshes during winter senescence period includes (1) old dead
shoots of the preceding seasons and (2) young live ramets that emerge in
the fall. The new ramets generally grow about 5 cm aboveground and
survive through the winter at this size and resume growth quickly in the
next spring (Wijte and Gallagher, 1991).
We had time series in-situ phenology observations from an auto
mated digital camera (Brinno BCC200) during 2018–2019 at one site on
Chongming island, Shanghai. The camera has high performance HDR
video sensor that generates a real time-lapse video at 5-s interval. The
5
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Fig. 3. Monthly phenological photographs of Spartina alterniflora from an in-situ site on Chongming island, Shanghai (a) and the seasonal dynamics of 8-day mean air
temperature and PAR (b) and vegetation indices (c) in 2019.

reflectance than SWIR reflectance, resulting in negative LSWI value (<
0). For plants, the transition of LSWI <0 to LSWI >0 represents emer
gence of green leaves, and the transition of LSWI >0 to LSWI <0 repre
sents a state of change from green leaves to senescent (or dead) leaves,
which together are referred to as a phenology-related change in bio
physical traits of leaf (Xiao et al., 2009). As coastal saltmarshes are
periodically affected by tidal water, moist soils cause large spectral
absorption in the SWIR band, which leads to LSWI >0. To apply this
assumption to coastal saltmarshes, we slightly relaxed the specified
threshold to determine the phenological transition dates: LSWI - 0.1 > 0.
The adjustment of 0.1 is referred to higher soil moisture level in previous
studies (Chen et al., 2018; Liu et al., 2020a). Similarly to method 1
(NDVI-ST), the first day in the spring with LSWI exceeding this threshold
was defined as SOS, while the first day in the fall and winter with LSWI
below this threshold was defined as EOS.

Table 1
Key growth stages and descriptions of Spartina alterniflora and its possible re
lations to satellite-based land surface phenology (LSP).
Key growth
stage

Description

Land surface phenology

Sprouting

Emergence of leaves from seeds and
rhizomes, indicating the initial growth
of plants
When the aboveground biomass has
reached its maximum and plants switch
from vegetative growth to sexual
reproduction
Seed set and maturity

Greenup onset (start of
the season, SOS)

Flowering

Fruiting
Senescence
Dormancy

Coloring of leaves and stems
Most leaves and stems wither, a few
new ramets emerge and keep green but
grow very slowly, indicating the end of
photosynthesis and the start of
overwintering

Reaching maximum
greenness
Between maximum
greenness and
senescence onset
Senescence onset
Dormancy onset (end of
the season, EOS)

2.4. Statistical analyses
We calculated the growing degree-days (GDD), which measures the
number of degrees that daily mean temperature exceeds a threshold for
plant leaves to emerge or green-up, to characterize the effects of thermal
conditions on spring phenology of S. alterniflora saltmarshes. We used
10 ◦ C as the base temperature for S. alterniflora, which has been assessed
by laboratory and field experiments (Kirwan et al., 2009). Accumulation
of GDD (accumulated growing degree-days, AGDD) starts at the begin
ning of the calendar year and continues until spring green-up (SOS date).
The GDD and AGDD were calculated from ERA5 AirT and MODIS LST
using Eqs. (7)–(8). Note that LST dataset is 8-day composite dataset, and
LST value in one 8-day period is the average value of all good-quality
observations within the 8-day period. We assumed the same LST value
for each day within the 8-day period, when we calculated GDD. In order
to compare AGDD at SOS for different latitude bins, we drew color

where f(t) is the fitted NDVI value at time t (in DOY), v1 and v2 are the
background and amplitude of NDVI over the entire year, respectively.
m1, n1, m2, and n2 are the fitted parameters that determine the slope and
phase of sigmoid growth curve at both green-up and senescence phases.
2.3.3. Method 3: LSWI-based biological threshold method
The SWIR band is sensitive to both leaf water content and soil
moisture, and is often used to develop water-related vegetation indices
such as LSWI (Xiao et al., 2002a; Xiao et al., 2002b). Green leaves have
higher NIR reflectance than SWIR reflectance, resulting in positive LSWI
value (> 0). Senescent (or dead) leaves and soils have lower NIR
6
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scatterplots at 4-degree latitudinal interval between 20◦ N and 40◦ N. The
simple linear regressions were fitted for different latitude bins and the
coefficient of determination (R2) and slopes (k) were calculated. On the
other hand, in comparison to spring green-up (SOS) that needs a period
of time to accumulate thermal, a few frost events are sufficient to drive
leaf from green to senescence or dead, which could occur within a week
or so. We calculated the 5-day mean temperature prior to EOS from the
three temperature datasets to represent the temperature conditions
when the fall/winter senescence (EOS) occurred. Specifically, for AirT
and SST datasets, all available daily temperatures during a time period
of 5 days prior to EOS were averaged; for LST 8-day composite dataset,
LST from one composite prior to EOS was used. Annual mean temper
ature (AirT, SST, LST) and their AGDD and seasonal mean temperature
(spring and winter) over five latitude bins, based on S. alterniflora salt
marsh ROIs, were compared (Figs. S1–S2).
(
)
{
Tmean,t − (Tbase Tmean,t >) Tbase
GDDt =
(7)
0 Tmean,t ≤ Tbase
t
∑

AGDDt =

i × GDDt

from LST is 8).
Prior to the phenological trend analysis, quality control of derived
phenological dates was conducted to reduce uncertainties: removing
those ROIs with SOS earlier than DOY 60 or later than DOY 180, and
removing those ROIs with EOS later than DOY 60 of the next year. One
ROI was accepted only if both SOS and EOS were available. In order to
characterize the latitudinal phenology trends, we simply averaged the
three phenological metrics (SOS, EOS, and LOS) within each 0.5◦ × 0.5◦
gridcell between 20◦ N and 40◦ N. Standard errors of the mean (SEM) and
95% confidence intervals were calculated to quantify the variation at
each gridcell using Eq. (9). Latitudinal trends of phenology were
examined by applying the least-squares linear regression model with
latitude as the independent variable and phenological metrics as the
response variable. Regression coefficients (R2) and p-values were
calculated.
SD
SEM(x) = √̅̅̅
n

(9)

where SD is the standard deviation, and n is the sample size.

(8)

DOY=1

where Tmean,t is daily mean air temperature for ERA5 AirT and mean of
the mean daytime (T10:30 and T13:30) and mean nighttime (T22:30 and
T01:30) land surface temperature for MODIS LST at DOY (t), Tbase is set as
10 ◦ C, and i is the time interval coefficient (GDD from AirT is 1, GDD

Fig. 4. Seasonal dynamics of vegetation indices (NDVI and LSWI) at three sites (North: 39.0439◦ N, 117.7613◦ E; Middle: 31.7854◦ N, 121.6705◦ E; South: 21.5872◦ N,
109.0414◦ E) from combined Landsat/Sentinel images during 2018–2020.
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3. Results

varying degrees of importance in determining the SOS dates of
S. alterniflora saltmarshes across the latitudes. For the ROIs within the
temperate zone, where temperature is a limiting factor, SOS signifi
cantly changed with AGDD. For the ROIs within the subtropical and
tropical zones, where temperature is not a limiting factor, there was no
significant linear relationship between AGDD and SOS. Linear regression
analyses also showed that the slopes at higher latitudes were generally
higher than those at lower latitudes (Table 3), which further supported
the closer relationship between AGDD and SOS at higher latitudes.
Fig. 6 shows the temperature conditions of EOS from 102
S. alterniflora saltmarsh ROIs, based on three types of temperature
datasets (AirT, SST, and LST) and three phenology retrieval methods.
The temperature conditions of EOS from SST and LST datasets were far
more scattered and irregular than those from AirT dataset, suggesting
that AirT dataset would be more appropriate than SST and LST datasets
for phenology retrieval of EOS. Among the ROIs within the temperate
zone, the EOS dates at higher latitudes (≥ 36◦ N) were earlier, because of
earlier arrival of cold temperature in the fall/winter season (Fig. 6a,b).
Most of ROIs within the temperate zone started senescence when air
temperature fell below 5 ◦ C (Fig. 6a,b) and SST fell below 2 ◦ C (Fig. 6d,
e). For the ROIs within the subtropical and tropical zones, there were
weak relationships between EOS and temperature, as shown by highly
scattered data in Fig. 6, suggesting that temperature plays a weak role in
determining the EOS dates of S. alterniflora saltmarshes at lower
latitudes.

3.1. Comparison of vegetation indices and phenological metrics derived
from combined Landsat 7/8 and Sentinel-2 images at three sites
The seasonal and interannual dynamics of NDVI and LSWI from
combined Landsat/Sentinel images at three sites (at a latitudinal inter
val of 10 degree) during 2018–2020 were compared (Fig. 4). NDVI and
LSWI from the north, middle, and south sites had different seasonal
dynamics. Greenness in spring started to rise earliest at the south site,
followed by the middle and north sites. NDVI peaked around late June to
July at the south site, earlier than the timing of peak at the other two
sites. In the fall/winter senescence period, the rate of greenness decline
at the middle site was the slowest and NDVI remained above 0.2 until
January in the next year. The seasonal dynamics of LSWI was similar to
that of NDVI. During winter to early spring, LSWI dropped below 0 and
reached around − 0.2 at the middle site, while LSWI at the north and
south site decreased to around 0. SOS and EOS were calculated and
marked at each year using combined Landsat/Sentinel images (Fig. 4).
There were some interannual fluctuations in the estimation of pheno
logical metrics, for example, the SOS dates were identified as 128, 116,
107 day-of-year (DOY) at the south site during the period of 2018–2020
when NDVI-ST was used.
All available observations from multiple years (2018–2020) were
combined into one year to compare the phenological metrics derived
from the three phenology retrieval methods and combined Landsat/
Sentinel images (Table 2). It is clear that the phenological metrics
retrieved from different phenology retrieval methods were slightly
variable but represented similar trends among the three sites. SOS dates
were earliest at the south site followed by the middle site and the north
site, and EOS dates were latest at the middle site. When NDVI-DLM was
used, most retrieved SOS were earlier and retrieved EOS were later than
those from the other two phenology retrieval methods. Of the three sites,
the middle site had the largest deviation in SOS and EOS when the three
phenology retrieval methods were used.

3.3. Latitudinal variation of S. alterniflora saltmarsh phenology across
coastal China
Fig. 7 shows latitudinal variation in phenological metrics (SOS, EOS,
and LOS) of S. alterniflora saltmarshes during 2018–2020 using three
phenology retrieval methods. Despite the spatial heterogeneity, SOS
became later and LOS became shorter as latitude increased across
coastal China. It is clear that SOS in the north of the Yangtze River
(Tianjin, Hebei, Shandong, and Jiangsu) were mostly later than DOY
120 (i.e., May or June), while SOS in the south of the Yangtze River
(Shanghai, Zhejiang, Fujian, and Guangxi) mostly occurred on DOY
90–120 (i.e., April). As for EOS, no significant latitudinal trends were
observed but EOS in mid-latitude regions were slightly later than those
in high- and low-latitude regions. We performed quality control of the
resultant phenological metrics, and then aggregated into 0.5 degree by
calculating the mean value to explore the quantitative relationship be
tween phenological metrics and latitude (Fig. 8). The relationships be
tween phenological dates and latitudes followed similar patterns
obtained by three phenology retrieval methods. The slopes of SOS, EOS,
and LOS were respectively 2.54, 0.37, − 2.17 from NDVI-ST, and 2.30,
0.05, − 1.70 from NDVI-DLM, and 2.97, 0.99, − 1.70 from LSWI-BT. The
large variations in the latitudinal trend of SOS and EOS mostly occurred
in the estuarine regions such as Yangtze estuary (~31◦ N), Oujiang es
tuary (~28◦ N), Minjiang estuary (~26◦ N) and Zhangjiang estuary
(~24◦ N).

3.2. Temperature conditions of S. alterniflora saltmarsh SOS and EOS
dates
Fig. 5 shows the relationships between AGDD and SOS from 102
S. alterniflora saltmarsh ROIs, based on two types of temperature data
sets (AirT and LST) and three phenology retrieval methods. Compared to
the relationship with AGDD from AirT (AGDDAirT), the relationship
between AGDD from LST (AGDDLST) and SOS was less obvious (Fig. 5),
partially because of few available data from LST dataset. The AGDD
estimates for ROIs at lower latitudes were significantly higher than those
at higher latitudes, showing different optimal forcing temperature for
S. alterniflora at different latitudes. The correlations (indicated by co
efficient of determination, R2) between AGDD and SOS across the lati
tudes were also different (Table 3), suggesting that temperature plays
Table 2
Phenological metrics (SOS, EOS, and LOS) of three sites derived from three
phenology retrieval methods with combined Landsat/Sentinel images.
Metrics

Sites

NDVI-ST

NDVI-DLM

LSWI-BT

SOS

North
Middle
South
North
Middle
South
North
Middle
South

138
125
107
357
375
351
219
250
244

146
108
107
383
411
366
237
303
259

169
166
120
383
351
346
214
185
266

EOS
LOS

4. Discussion
4.1. S. alterniflora saltmarsh phenology along the latitudes in coastal
China
The S. alterniflora saltmarshes have a large latitudinal range both in
native and invaded regions (Wang et al., 2006), however, few attempts
have been made to study the phenology of S. alterniflora saltmarshes
across the latitudes. To our limited knowledge, this is the first study that
evaluates latitudinal variation of S. alterniflora leaf phenology in the
coastal zone of China using satellite data. In this study, we focused on
the spring green-up (leaf-on, SOS) and fall/winter senescence (leaf-off,
EOS) phenology, which is critical for assessing the effects of plant in
vasions on the structure and functioning of coastal saltmarshes.

Note: The phenological metrics are in the unit of day of year (DOY), and the
derived date later than 365 means that the end of season occurs in the next year.
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Fig. 5. The relationships between temperature conditions (AGDD) and SOS dates derived from three phenology retrieval methods and AirT (a-c) and LST (d-f)
temperature datasets for 102 S. alterniflora saltmarsh ROIs.

that could make a quantitative analysis over a wide range of latitudes.
Our results on the latitudinal variation of EOS within the temperate
zone was consistent with the Hopkins’ Bioclimatic Law, which predicts
that the senescence dates of plants should occur earlier as latitude in
creases, driven by the short photoperiod and cold temperature (Hopkins,
1920). When we did a piecewise analysis, we found that the EOS dates in
mid-latitude regions were slightly later than those in low-latitude re
gions. Three potential causes might help explain such latitudinal pattern
of EOS at S. alterniflora saltmarshes. First, nitrogen availability has been
reported to play an important role in regulating plant growth, and the
plant tended to delay the phenology when resources are abundant (e.g.,
nitrogen addition) (Cleland et al., 2006; Wang and Tang, 2019). Our
previous study (Xu et al., 2020a) has suggested that the amount of
exogenous nitrogen was highest at the mid-latitude in China and
decreased with both increasing and decreasing latitude, which might
have led to an later EOS at middle latitudes. Second, heat-stress which
can result in an advancement of plants senescence (Xie et al., 2015)
might have led to an early EOS at lower latitudes. Previous studies
conducted in both native and introduced ranges suggested that at lower
latitudes, extremely high temperature reduced S. alterniflora perfor
mance (Liu et al., 2016a; Wiski and Pennings, 2014). For example, some
field-based studies found that sexual reproduction of S. alterniflora at
lower latitudes was low as shown by minimal seed set and very small
numbers of flowering culms (Liu et al., 2016a; Liu et al., 2020c). Third,
the accuracy of EOS detection is affected by several factors and thus
there is uncertainty in EOS estimates, which might contribute to the
large scattering of EOS among the ROIs across the latitudes. Further
studies are still required to investigate the mechanisms underlying the
latitudinal patterns of S. alterniflora saltmarsh phenology.

Table 3
The coefficient of determination (R2) and slopes (k) of linear regressions be
tween AGDDAirT and SOS dates for different latitude bins.
Latitude
bins
20–24 N
24–28◦ N
28–32◦ N
32–36◦ N
36–40◦ N
◦

NDVI-ST

NDVI-DLM

LSWI-BT

R2

k

R2

k

R2

k

0.58
0.54*
0.85**
0.86**
0.88**

0.0378
0.0614*
0.0852**
0.0881**
0.0920**

0.41
0.70*
0.85**
0.91**
0.92**

0.0806
0.0499*
0.0916**
0.1374**
0.0787**

0.71*
0.60*
0.93**
0.92**
0.91**

0.0476*
0.0693*
0.0846**
0.0855**
0.0952**

Note: * indicates P < 0.01; ** indicates P < 0.001.

Based on the temporal profiles of spectral bands or vegetation
indices, previous studies have reported the satellite-based greenness
(leaf-on or leaf-off) phenology of S. alterniflora saltmarshes in local re
gions. For instance, Sun et al. (2016), Liu et al. (2017) and Wu et al.
(2020) analyzed the seasonal dynamics of vegetation indices at coastal
saltmarshes from Landsat, MODIS, and Chinese Huangjing-1 (HJ-1)
satellite optical imagery in Jiangsu province (~33◦ N), one of
S. alterniflora invasion hotspot areas in China, and they found that
S. alterniflora started to grow in May and died after December. Our study
showed consistent but more specific results: SOS of S. alterniflora in
Jiangsu province were mostly later than DOY 120 and EOS were mostly
later than DOY 365 (January to February of the next year). Another
study by Tian et al. (2020) identified the green and senescence periods of
S. alterniflora in Beibu Gulf (18◦ N - 22◦ N) by using an average NDVI
temporal profile from multi-year (2014–2017) Landsat-8 OLI images,
and determined the green period from DOY 154 to 270 and the senes
cence period from DOY 1 to 142 of the next year. Our results for those
ROIs within the latitude of 20◦ N - 22◦ N showed that SOS occurred at
around DOY 110 and EOS occurred at around DOY 10 of the next year.
Overall, the phenology retrievals from this study are not only in line
with the findings from previous studies that covered smaller areas along
the coastal China but also provide continuous phenology information

4.2. Uncertainties in satellite-based characterization of S. alterniflora
land surface phenology
Data and methods can introduce uncertainties that affect in
terpretations of the findings. In this study, we used time series Landsat
9
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Fig. 6. The relationships between temperature conditions (mean temperature) and EOS dates derived from three phenology retrieval methods and AirT (a-c), SST (df), and LST (g-i) temperature datasets for 102 S. alterniflora saltmarsh ROIs.

7/8 and Sentinel-2 surface reflectance (SR) data to estimate land surface
phenology. Due to frequent cloud coverage across the coastal zone, there
were missing data after quality control (cloud and inundation mask) and
the number of good-quality observations in a year at ROIs varied across
the latitudes (Fig. 2), which could cause some uncertainties in the
retrieval of phenological metrics. To reduce such uncertainties, we
combined three-year observations into one year organized by DOY and
constructed 10-day time series composites through gap-filling and data
smoothing. Here we took 6 sample sites (3 pairwise adjacent sites) at
different latitudes with either low or high number of observations as an
example to compare the seasonal dynamics of NDVI before (raw) and
after (processed) data compositing and analyzed the impact of number
of observations on the retrieved phenological metrics by using NDVI-ST
(Fig. 9). The data compositing process could to certain degree eliminate
or reduce the impact of number of available observations on phenology
retrieval.
In terms of phenology retrieval method, both NDVI-ST and NDVIDLM are based on the seasonal variation of vegetation greenness,
which is mediated by leaf chlorophyll content and canopy structure
(Gitelson and Merzlyak, 1997). Previous studies on terrestrial ecosys
tems have noticed that, compared to spring green-up (SOS), satellitederived vegetation senescence phenology (EOS) is more disparate with
ground observations (Yan et al., 2019; Zeng et al., 2020). In contrast to

the rapid leaf color change and leaf expansion during the green-up
phase, the changes in leaf color and leaf area during the senescence
phase are more gradual (Yan et al., 2019), limiting the ability to accu
rately monitor leaf senescence. As for S. alterniflora, the standing litter in
late autumn is also likely to interfere with the decreasing NDVI trends
detected from synoptic sensor. The standing litter with withered canopy
dampens the reflectivity of NIR band and reduces the NDVI value.
Additionally, most S. alterniflora populations have over-wintering ra
mets, and the presence of ramets in winter might also affect the satellite
detection of increasing greenness in the next year. On the other hand,
the LSWI-based delineation of plant growing season was first proposed
in an early study of forests in Northern China (Xiao et al., 2002b), later
used and developed in the study of forests in other regions (Delbart et al.,
2005; Xiao et al., 2009). To date, no formal study examined the potential
of LSWI-BT in extracting phenological metrics of coastal saltmarshes. In
this study, we found that LSWI-BT had the lowest ability to retrieve SOS
estimates (retrieval rate of 67.6%) because 1) some LSWI values did not
fall below the threshold in spring onset or fall/winter offset period, and
2) excluding inundation observations reduced the data availability for
temporal analysis. We therefore set quality control rules to remove the
abnormal phenological retrievals before further latitudinal trend
analysis.
It should be noted that there were some local variations of
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Fig. 7. Spatial variation of three phenological metrics (SOS, EOS, and LOS) of S. alterniflora saltmarshes at ROIs (n = 102) using each of the three phenology retrieval
methods (NDVI-ST (a-c), NDVI-DLM (d-f), and LSWI-BT (g-i)).

phenological metrics even if the same method was adopted, which might
be attributable to the selection of regions of interest (ROIs). Here, we
considered two possible scenarios when the selection of ROIs affected
the phenology retrievals. First, previous studies have found that the
growth of invasive species may decline over time after an initial success
due to the development of limiting factors (Banasiak and Meiners, 2009;
Lankau et al., 2009). A field experiment with S. alterniflora reported that
the old S. alterniflora populations created unsuitable habitats for them
selves by reducing the tidal inundation time and changing the available
resources of light and space (Tang et al., 2012). Therefore, the selected
ROIs with different population ages (i.e., invasion age) could cause the

local variation of extracted phenological dates. Second, the selected
ROIs distributed in different tidal heights (or distance from the sea) also
cause the variation of extracted phenological dates over short distances
in the natural environment. By analyzing 294 Landsat 5 TM scenes ac
quired between 1984 and 2011, O’Donnell and Schalles (2016) found
that tall form S. alterniflora standing at lower elevations and more
favorable edaphic conditions had earlier and more robust spring growth.
Another study found that spring green-up of plants in the interior area
was 17 days earlier than that of plants at the channel edges, and they
attributed this phenomenon to the elevation changes (15 cm) that drove
soil temperature variation of 0.8 ◦ C (O’Connell et al., 2019). In addition,
11
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Fig. 8. The mean phenological metrics along the latitude at 0.5o spatial resolution, derived from NDVI-ST (a-c), NDVI-DLM (d-f), and LSWI-BT (g-i). The red dashed
lines show the linear trend of relationship and the shaded areas represent standard errors of the mean. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)

a recent study developing S. alterniflora mapping algorithm also found
that the spatial variation of phenology existed in S. alterniflora (Tian
et al., 2020). Therefore, in this study, we aggregated the SOS, EOS, and
LOS for each 0.5◦ × 0.5◦ gridcell, which could reduce the local varia
tions in characterizing the overall latitudinal trend of S. alterniflora
saltmarsh phenology.

certain locations (Ai et al., 2017; Sun et al., 2016; Tian et al., 2020;
Zhang et al., 2020). With the comprehensive phenology information
across the latitude, researchers could now adjust their algorithms, for
example, determining the optimal temporal windows, and apply it to
map the S. alterniflora saltmarshes over large geographic regions. If so,
the resultant S. alterniflora saltmarsh maps across coastal China would
provide useful knowledge for the management of this invasive species
and coastal ecosystem.
Latitudinal phenology information can also help understand the ef
fects of S. alterniflora invasion on structure and functioning (e.g., pro
ductivity) of coastal wetlands. The timing of green-up and senescence
determines the length of growing season, which is proportional to the
CO2 uptake period (CUP) and indicates the duration of CO2 assimilation
within a year. It has been acknowledged that the terrestrial gross pri
mary production is jointly controlled by vegetation phenology and
physiological processes (Xia et al., 2015). For coastal ecosystems, with
the latitudinal phenology information of S. alterniflora saltmarshes, we
are able to estimate the total carbon (blue carbon) sequestrated by

4.3. Implications for coastal ecosystem management
Our study provided a quantitative comparison of SOS, EOS, and LOS
of S. alterniflora saltmarshes along the latitudinal gradient in the coastal
zone of China. The latitudinal phenology information obtained from this
study is expected to significantly improve the S. alterniflora saltmarsh
mapping as the phenology-based algorithm is quite prevalent in land
cover classification recently (Dong et al., 2016; Helman et al., 2015).
Due to the phenological variation of S. alterniflora along a geographic
gradient, previous studies using the phenology-based mapping tool only
identified and generated the distribution of S. alterniflora saltmarshes at
12
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Fig. 9. The seasonal dynamics of raw and processed NDVI data at 6 sample sites (3 pairwise) with low (a, c, e) and high (b, d, f) number of observations in highlatitude (north), middle-latitude (middle), and low-latitude (south) regions.

saltmarshes and other invasive plants, which could support the man
agement of invasive species and coastal wetland ecosystems.

S. alterniflora saltmarshes across the latitudes. Some previous studies
have suggested that the rapid expansion of S. alterniflora would make it
the leading contributor to primary production in the coastal marshes
especially because they have higher photosynthesis efficiency, higher
LAI, and longer growing season (Ge et al., 2016; Ge et al., 2015; Liao
et al., 2007). The comprehensive latitudinal phenology knowledge of
S. alterniflora saltmarshes provides valuable and timely information for
different decision makers and stakeholders to efficiently manage the
saltmarshes and coastal wetlands in general.
In addition, a number of studies have pointed out that the capability
of invasion for an exotic species depends largely on its phenological
characteristics (Fridley, 2012; Wolkovich and Cleland, 2014). Under
ongoing global warming, if we extend the phenology information to
both temporal and spatial scales, we are able to predict the new in
vasions based on their phenological sensitivity and latitudinal
phenology patterns, which support to establish an early-warning system
against plant invasions.
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5. Conclusions
This study demonstrates the capacity of time series Landsat 7/8 and
Sentinel-2 images to identify and characterize phenology of
S. alterniflora saltmarshes over 102 sites along the latitudinal gradient in
coastal China. After combining Landsat 7/8 and Sentinel-2 images, more
good-quality observations were used to track the seasonal dynamics of
S. alterniflora saltmarshes, which conduces to generate more reasonable
phenological retrievals. These three phenology retrieval methods
generated reasonable phenological metrics (SOS and EOS dates). The
temperature conditions over the time periods associated with those SOS
and EOS dates meet the biological temperature requirements for vege
tation green-up or senescence. The SOS dates of S. alterniflora salt
marshes varied across the latitudes with a significant linear trend, and
there is a linear relationship between AGDD and SOS for those ROIs in
the temperate zone. The EOS dates of S. alterniflora saltmarshes varied
across the latitudes without a linear trend. Because the relationship
between SOS and the latitudes was significantly positive, the relation
ship between LOS and the latitudes was significantly negative. As more
ground phenology monitoring sites for S. alterniflora saltmarshes
become available in the future, the satellite-based phenology could be
validated and integrated with ground observations to accurately and
dynamically monitor the large-scale phenology change of S. alterniflora
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