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Developing seagrass index for long term monitoring of Zostera japonica

seagrass bed: a case study in Yellow River Delta, China

Abstract

Seagrass beds offer unique and vital ecological services as an important blue carbon ecosystem
in coastal wetlands. Zostera japonica is an intertidal seagrass species native to eastern Asia and
is one of the most widely distributed seagrass species in China. However, little is known on the
long-term variations of Z. japonica extents. Automatic mapping method for Z. japonica
seagrass beds is in urgent need to fill this knowledge gap. In this study, we proposed a new
SeaGrass Index (SGI) for automatic and rapid mapping of Z. japonica based on time-series
Landsat satellite imagery, aiming to alleviate the influence of tidal inundation and enhance the
separability from other coastal cover types. The SGI considers both spectral and phenological
characteristics of Z. japonica, as well as the spatial location of Z. japonica. We took the Yellow
River Delta (YRD), China as our study area, where Z. japonica was first discovered and
reported in 2015. Based on SGI, Z. japonica extents during 1985-2018 were extracted using
multi-Otsu thresholding algorithm. Accuracy assessments based on field investigations and
high-resolution imagery showed that SGI has successfully separated seagrass beds from other
cover types, especially intertidal salt marshes, with overall accuracies >95%, producer’s
accuracies >90% and user’s accuracies >94%. Our study provides the first long-term maps of
seagrass beds in YRD. The area of Z. japonica showed large variations during 1985-2018,

ranging from 149 ha in 2005-2006 to 1302.9 ha in 2011-2012. The spatial distribution of Z.
2
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japonica varied with the morphological change of the estuary caused by river channel shifts.
Since 2011, Z. japonica seagrass beds have undergone area degradation due to the invasion of
S. alterniflora. The area was only 332.3 ha in 2017-2018. Coastal erosion and extreme climate
events such as drought and typhoon might also explain degradation of seagrass beds in YRD.
We expect that the SGI will advance automatic and rapid mapping methods for intertidal
seagrass beds, and the Z. japonica maps will provide a baseline data for restoration and
management of seagrasses at regional scale.

Keywords: Seagrass mapping; Zostera japonica; Time-series analysis; Multi-Otsu algorithm;

Yellow River Delta

1 Introduction

Seagrasses are marine plants found in shallow coastal and estuarine waters in many parts of
the world from the equator to high latitude except Antarctica. Seagrass beds are one of the most
valuable marine and coastal ecosystems in the world (Programme, 2020). They form important
nursery habitats and support coastal food webs for thousands of marine species (lacarella et al.,
2018). In addition, they provide significant services including sediment stabilization, coastal
erosion reduction, water purification and nutrient cycling (Programme, 2020; Green et al.,
2021). Meanwhile, seagrass beds are important blue carbon ecosystems. Although seagrass
beds cover less than 0.2% of the total ocean area, they store approximately 10% to 20% of the
global marine carbon (Fourqurean et al., 2012; Campbell et al., 2022). They also bring valuable

socio-economic benefits by providing food and livelihoods for coastal communities.
3
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Unfortunately, seagrass beds are one of the most threatened marine ecosystems. Researches
have shown that 29% of the known seagrass beds have disappeared since first recorded in 1879,
and the global seagrass beds are being lost at a rate of 1.5% per year (Green et al., 2021). Global
climate change, including the elevated seawater temperature and the increasingly extreme
weather events such as hurricanes and ocean heat waves, has caused serious damage to seagrass
beds (Yue et al., 2021). Human activities such as beach aquaculture, coastal development and
water pollution also pose threats to seagrass beds, resulting in habitat fragmentation and
degradation, presenting negative feedback to coastal ecosystem and climate change (Adams et
al., 2016; Salinas et al., 2020).

Zostera japonica (also called dwarf eelgrass or Japanese eelgrass) is a seagrass species
native to eastern Asia from Vietnam to Russia. It is one of the most widely distributed seagrass
species in China’s coastal areas and can be found primarily in intertidal zones. The Yellow River
Delta (YRD) is the youngest and broadest coastal wetland ecosystem in China (Li et al., 2019).
In 2015, researchers discovered a large Z. japonica meadow in the intertidal zone of YRD
during field investigations, which was the first record of the seagrass distribution in YRD (Zhou
et al., 2016). However, to date little is known about the spatial and temporal dynamics of Z.
japonica extents in YRD during the past decades. In recent years, YRD has experienced
dramatic morphological and landscape changes due to river channel shifts, coastline variations
and rapid expansion of invasive plant species Spartina Alterniflora (Li et al., 2019; Wang et al.,
2021; Li et al., 2021). In this highly dynamic area, Z. japonica mapping and monitoring over

the past decades are vital for better understating their responses to climate change and human
4
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activities, and for sustainable management and conservation of the coastal wetlands.

Compared to in-situ field investigations and acoustic-based techniques, satellite remote
sensing techniques provide unique opportunities for seagrass monitoring over large area in an
efficient and cost-effective manner (Hossain et al., 2015a; Programme, 2020; Veettil et al., 2020;
Lietal., 2021). As reviewed by Hossain et al. (2015) and Veettil et al., (2020), seagrass mapping
approaches should consider habitat conditions including water depth (exposed intertidal,
submerged intertidal, shallow subtidal or deep subtidal) and water clarity (clear or turbid). For
submerged seagrasses in subtidal area (e.g., water depth > 2 m), water depth corrections are
usually required to reduce the effects of water attenuation and retrieve bottom reflectance, based
on which seagrasses are identified (Kuhwald et al., 2021; Tu et al., 2021). For intertidal
seagrasses which are exposed during low tide, surface reflectance-based vegetation indices,
such as Normalized Differential Vegetation Index (NDVI) have been adopted to delineate
seagrass extents (Valle et al., 2015; Zoffoli et al., 2020; Zoffoli et al., 2021).

At present, multispectral satellite data with spatial resolutions from hundreds of meters to
sub-meter including MODIS, Landsat series, Sentinel-2, SPOT series, QuickBird, WorldView-
2/3 and PlanetScope have been used for seagrass mapping in different coastal areas (Hossain et
al., 2015b; Veettil et al., 2020). For intertidal seagrasses such as Zostera noltei or Zostera
marina, some researchers have investigated monitoring long-term variations of seagrass extents
based on satellite imagery acquired on multiple years (Calleja et al., 2017; Zoffoli et al., 2020;
Zoffoli et al., 2021). These studies generally selected single-date cloud-clear image acquired at

low tide and identified seagrasses using supervised classification (Coffer et al., 2020; Kuhwald
5



101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

etal., 2021; Carpenter et al., 2022; Lebrasse et al., 2022) or unsupervised classification (Barrell

and Grant, 2015; St-Pierre and Gagnon, 2020; Xu et al., 2021). For example, Calleja et al. (2017)
selected 10 cloudless Landsat images with lowest tidal level for each summer during 1984-

2015 and developed rule-based thresholds to identify Zostera noltei in Bay of Santander, Spain.

Xu et al. (2021) selected low-tide Landsat images from 1974 to 2019 and used ISODATA
clustering algorithm to map Zostera marina seagrasses in Caofeidian, Bohai Sea, China.

Fernandes et al. (2022) selected 21 cloud-free and low-turbidity Landsat images acquired

during summer from 1988 to 2018 and utilized Support Vector Machine to separate seagrasses

from sand in Adelaide, South Australia.

However, uncertainties exist when using single-date images for long-term mapping of
seagrasses. First, in coastal areas with frequent cloud coverage and tidal inundation, it is
difficult to find an adequate image acquired in the growing season that is neither contaminated
by cloud nor influenced by tide level. Second, when seagrasses and other coastal vegetation
(e.g., intertidal salt marshes such as S. alterniflora in YRD) are mixed, it is difficult to
discriminate them because they may have similar spectral features during growing seasons.
When it comes to the YRD, additional challenge exists due to the high turbidity of coastal water.
The Yellow River estuary is one of the most turbid estuaries in the world, with high
concentration of suspended particulate matter in the coastal water (Li et al., 2019). The
sediments may cover the seagrasses even during low tide and make it more difficult for
discrimination. Furthermore, supervised classifications that have been used for seagrass

mapping or coastal land cover classification in many studies are challenging for long-term time-
6
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series seagrass mapping due to lack of field data for training sample collection for the
retrospective analysis.

To address these issues, this study aims to: (1) present a SeaGrass Index (SGI) that is
capable of discriminating Z. japonica from other coastal cover types and alleviating the
influence of frequent cloud cover and tidal inundation, (2) develop an unsupervised
classification approach for automatic extraction of Z. japonica in YRD based on SGI. Both SGI
and the classification approach are to be developed on Google Earth Engine (GEE) platform to
facilitate rapid mapping of Z. japonica extent, and (3) investigate long-term spatial and
temporal variations of Z. japonica distribution during 1985-2018 in YRD.

2 Study area and data
2.1 Study area

The YRD is located in Shandong Province, China, adjacent to the Bohai Sea in the north
and Laizhou Bay in the east. It belongs to temperate continental monsoon climate, with an
average annual temperature of 11.5-12.9 °C and average annual precipitation of 592.2 mm.
Precipitation is mostly concentrated in July and August. The Yellow River estuary has weak
tides, with an average tidal range of 0.73-1.77 m, and is dominated by irregular semi-diurnal
tide pattern (Yang et al., 2011). Our study area is located in the Yellow River Delta National
Natural Reserve with an area of 1530 km? (Fig. 1). Z. japonica meadows are distributed in the
lower intertidal area which are submerged at high tide and exposed to air for 4-8 hours at low
tide. The growing season is from June to August (Liu et al., 2019; Zhang et al., 2019). The

native salt marsh vegetations include S. alterniflora, Saueda salsa, Tamarix chinensis, and
7
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Phragmites australis. S. alterniflora is an invasive species in YRD. It was first found in the
intertidal zones in 2008 and since then it has expanded rapidly (Wang et al., 2021). In recent
years, it was reported that S. alterniflora started to encroached ecological niches of Z. japonica
(Ren et al., 2019; Ma et al., 2020). S. salsa grows on both mid-high intertidal area and low
intertidal area near the coastline. 7. chinensis and P. australis grow in high-tide area. The study
area is featured considerable sediment deposition because Yellow River carries an average 1.0
billion tons of sediment per year. The river channel in the delta has shifted many times in history.
During the past fifty years, it was artificially shifted from the Diaokou course to the
Qingshuigou course in 1976 (Fig. la), and then to Q8 in 1996 (Fig. 1b). In 2007, the
downstream end of the Q8 course shifted naturally because of the change in riverine dynamics
(Fan et al., 2018; Li et al., 2019). As a results, the shape of the coastline in the estuary has
changed dramatically during the past a few decades. Based on the locations of river course
channels during the study period, we divided the study area into three zones, namely Zone A,
B and C (Fig. 1). Zone A covers the north bank of YRD after the river course shifted in 2007.
Zone C covers the south bank of YRD before the river course shifted in 1996. Zone B is located

between Zone A and Zone C.
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Fig. 1. The location of the study area. (a) — (c¢) are Landsat imagery in standard false color
acquired on August 27, 1993; August 5, 2003; August 10, 2016, respectively. (d) illustrates the
spatial locations of field photos. Field photos in (1) - (5) are Z. japonica, S. alterniflora, S.salsa,
tidal flat, and water, respectively.
2.2 Datasets
2.2.1 Landsat imagery and pre-processing

We collected all available Landsat 5 TM, Landsat 7 ETM+ and Landsat 8 OLI surface

reflectance (SR) images (Tire 1 Level 2 products) covering YRD (Path 121, Row 43) during
9
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1985-2018 on the Google Earth Engine platform, with a total number of 801 images. The SR
products were generated by atmospheric correction using Landsat Ecosystem Disturbance
Adaptive Processing System (LEDAPS) and Landsat Surface Reflectance Code (LaSRC)
algorithms. For each image, the quality assurance (QA) band was used to mask out the bad-
quality pixels covered by cloud, cirrus, shadow, and snow. We grouped the time-series
observations during 34 years into 16 periods to ensure each period has enough valid
observations in each season (Fig. 2). In general, observations during every two-year period were
grouped except for 1993-1998. Because the river tail channel shifted in 1996, we grouped
observations before and after tail channel shift in to two periods, i.e., from 1993 to 1995 and
from 1996 to 1998, respectively. Fig. 2 shows the available Landsat images by sensors range
from 24 to 75, and the average number of valid observations ranges from 10 to 40 in the 16
periods (Fig. 2a). Most pixels have at least one observation during the summer (June to August)
and autumn (September to November), and the autumn witnessed slightly more valid

observations than the summer (Fig. 2 b-d).
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Fig. 2 The number of Landsat images (a) by sensors (Landsat TM, Landsat ETM+, Landsat
OLI), (b) by seasons (spring from March to May, summer from June to August, autumn from
September to November, and winter from December to February), and percentage of pixels
with various numbers of good-quality observations in (¢) summer and (d) autumn on YRD in
each period during 1985-2018.
2.2.2 Field investigations and high spatial resolution imagery

In August 2016, July 2017, and June 2018, we conducted several field investigations in
the seagrass bed habitats in the study area. During each survey, we recorded the locations of Z.
japonica patches using GPS RTK units. High spatial resolution imagery including Gaofen-1
(GF-1, 2 m), Gaofen-2 (GF-2, 1 m) and Sentinel-2 (10 m) images were used to examine the
appearance of Z. japonica and other salt marsh species on the image. Visual analysis of these
images helped us locate Z. japonica on the images in other years when field surveys were not
carried out. In addition, we collected WordView-2 (0.5 m), ZY-3 (6 m), SPOT-6 (1.5 m), and
GF-1/2 high spatial resolution imagery during June-October from 2012 to 2018 (Table 1).
Because of the scarcity of high-resolution data before 2012, we relied on Landsat satellite

images for visual interpretation. These images, together with the field investigation records
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were used to create reference samples in order to analyze the phenological dynamics of typical
vegetation species in the study area (see Section 3.2) and to validate the seagrass mapping
results (Section 3.5).

Table 1. High spatial resolution imagery used for validation sample collection from 2012 to

2018.
Year Date Satellite sensors Spatial resolution (m)
2018 June 5 to October 27 GF-1; GF-2 2;1
2017 June 9 to November 4 GF-1; GF-2 2;1
2016 June 22 to October 14 GF-1; GF-2 2;1
2015 May 25 to October 27 GF-1; GF-2 2;1
2014 June 6 to October 28 GF-1 2
2013 June 14 to October 17 GF-1; SPOT 6 2;1.5
2012 May 27 to September 20 WorldView-2; ZY-3 0.5; 6

3 Methods

Fig. 3 illustrates the workflow of Z. japonica seagrass beds mapping. First, potential
distribution area of Z. japonica in YRD was delineated based on time-series Landsat images
during each period (section 3.1). Second, SGI that considers both spectral and phenological
characteristics of Z. japonica was developed by analyzing time-series spectral indices (section
3.2). Third, separability analysis was conducted to evaluate the reliability of SGI (Section 3.3).
Fourth, SGI images were generated within the seagrass potential area for each period and an
unsupervised classification method was developed for seagrass identification (section 3.4);
Finally, the seagrass mapping results were validated and seagrass maps during 1985-2018 were

generated for YRD (Section 3.5).
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According to our field surveys and previous reports (Zhou et al., 2016; Zhang et al., 2019),
Z. japonica grows in the low intertidal zone of YRD within 500 m away from the coastline. In
order to narrow down the image processing extent and reduce the influences of land cover types
in the high tidal zone, we created 4 km buffer area around the coastline (2 km inside and outside
the coastline) as the potential distribution area of Z. japonica.

We delineated coastline for each period based on the minimum composite image of
Modified Normalized Difference Water Index (mNDWI) (hereafter mNDW I,,;,,). mNDWI (Eq.
1) is sensitive to open surface water bodies, and it can identify subtle differences between turbid
and clear water (Xu, 2005). At present, mNDWTI is one of the most widely used indices for

coastline extraction.

mNDW]I = Pgreen — Pswir1

(1)

pgreen + Pswir1

where pgreen 18 the reflectance of the green band (Band 2 for Landsat TM/ETM+ and Band 3
for Landsat OLI), and pgy/;r4 1s the reflectance of the short-wave infrared 1 (Band 5 for Landsat
TM/ETM+ and Band 6 for Landsat OLI). First, mNDWI was calculated from each Landsat
image. Based on all mNDWI images during each period, we generated an mNDW1,,,;,, image,
where the value at each pixel represents the lowest mNDWI during the period. The mNDW I,,,;,,
image depicts the driest condition of every pixel. Then, Otsu algorithm was used to separate
land from water on mNDW1,,;,, image and extract the coastline. The Otsu algorithm is a
nonparametric approach for image thresholding. The optimal threshold is determined by

traversing all potential thresholds using the image's histogram and selecting the one with the
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minimal inter-class variation (Otsu, 1979). As mNDW1,,;,, generally represents the image at
the lowest tide, the delineated coastline and the 4 km buffer area can effectively remove the
features at mid to high tide area. As a results, the potential distribution area of Z. japonica was
identified for every periods. By field surveys and visual interpretation of the reference images,
land cover categories in the area consists of include Z. japonica, S. alterniflora (only after 2008),
S.salsa, tidal flat and water.
3.2 Construct seagrass index (SGI)
3.2.1 Analysis of time-series spectral indices

To enhance the separability between Z. japonica seagrass and other cover types (S.
alterniflora, S.salsa, tidal flat and water), time series analysis of three spectral indices including
NDVI, mNDWTI and Tasseled Cap Brightness Index (TCBI) was conducted. NDVI has been
widely used to represent growing status of vegetation, with NDVI reaching peak during
growing season and declining during senescence season. mMNDWI was selected as it is sensitive
to water features mixed with vegetation (Singh et al., 2015). TCBI was derived from Tasseled
Cap Transformation, which incorporates six different bands of Landsat TM/ETM+/OLI
imagery (Kauth, 1976). The TCBI has proven to be suitable for soil moisture estimation and
inundation detection (Ludwig et al., 2019).

Fig. 4 illustrates time-series NDVI, mNDWI and TCBI of pure Z. japonica, S. alterniflora,
S.salsa, tidal flat and water pixels calculated based on valid observations during 2015-2016.
We merged all observations during 2015-2016 sorted by the day of year (DOY). Fig. 4a shows

that the NDVI of Z. japonica depicts water-like characteristics during late September-May
15
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(NDVI<0) and strong vegetation features during June-August. It climbs from June to August,
with NDVI peak occurring in August, and then rapidly declines to negative values in the end of
September. We determined the DOY from 150 to 250 as the green period (Gr-P) and DOY from
260 to 330 as the senescence period (Se-P) of Z. japonica. The penology pattern of Z. japonica
observed from the NDVI time series is consistent with previous in-situ studies (Zhang et al.,
2019; Zhang et al., 2021). During Gr-P, Z. japonica demonstrates similar NDVI as S.
alterniflora. During Se-P, Z. japonica demonstrates significantly lower NDVI than S.
alterniflora and S. salsa. Note that S.salsa shows low NDVI throughout the year because of its
short plant height and low coverage, with peak value of around 0.3 in September. The mNDWI
and TCBI time series do not show much temporal variations throughout the year (Fig. 4b and
4c). Z. japonica has high mNDWI values. S. alterniflora and S. salsa has much lower mNDWI
(mostly negative) than other types, and Z. japonica pixel generally has the lowest TCBI values.
S. salsa had the highest TCBI. Due to the turbidity of the water in the YRD, the TCBI of the

water 1s higher than that of Z. japonica.
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Fig. 4. The temporal profile of (a) NDVI (b) mNDWI (c¢) TCBI of Z. japonica, S. alterniflora,

S. salsa, tidal flat and water pixel during 2015-2016. The maximum NDVI value was marked

as X; and the corresponding mNDWI and TCBI values on the date when NDVI reaches the

maximum were also marked as X.

Fig. 4 shows that the combination of NDVI, mNDWI and TCBI can help discriminate Z.

Jjaponica from others at the pixel level. The maximum NDVI (NDV1,,,,) during each 2 or 3-

year period (marked as X in Fig. 4a) represents the greenest state of seagrass beds and thus

reduces the tidal influence and possible cloud contamination in a single image. However, using
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the NDVI,,,, alone cannot discriminate Z. japonica from S. alterniflora as they have similar
NDVI,,,, values (Fig. 4a). Note that Z. japonica has shorter green period than the intertidal salt
marshes, and NDVI shows more rapid and higher magnitude of declination during senescence
period. Therefore, we consider to use NDVI,,,, to differentiate Z. japonica from non-
vegetation types and use the difference between NDVI,,, and the mean NDVI during
senescence period (SeNDVI,,.q,) to differentiate Z. japonica and other salt marshes. When
NDVI of S. alterniflora reaches the maximum, its mNDWTI reaches the lowest (mNDWI = -
0.4). This is because S. alterniflora has dense and tall plants, therefore, depicts terrestrial
vegetation spectral characteristics during growing peak.

For each 2 or 3-year period, we generated the NDV1,,,, composite image using function
“imageCollection.qualityMosaic” on GEE platform. Each band of the NDVI,,, image
represents the band values for each pixel when NDVI reaches the maximum. Based on this
image, mNDWI (mNDW I,,;;n4,) and TCBI (TCBI1,;;4,) images were derived (illustrated as X
in Fig. 4b and 4c at pixel level). We also generated SeNDVI,,,,,, image composite and derived
NDVIyax — SeNDV Iy, qn layer. In order to examine the variation in NDV Iy, 4, MNDW im0
TCBl,imax> and NDV I, ., — SeNDV 1, .., indices of the land cover types, we generated 1000
reference sample points for each land cover type over the 16 periods (around 63 samples for
each period for each class) using field survey data and visual interpretation of reference images.
As shown in Fig. 5, NDVI,,,, of Z. japonica seagrass beds demonstrates large variations,
ranging from 0.21 to 0.89. The histogram of NDV1,,,, of Z. japonica overlaps with that of S.

alterniflora in the right tail and that of S. salsa in the left tail (Fig. 5a). mNDWI, ;4 can
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effectively distinguish Z. japonica from S. alterniflora because almost all Z. japonica sample
pixels have positive mMNDWI, ey and S. alterniflora sample pixels have negative
MNDW I, imax - However, mMNDW 1,4, cannot separate Z. japonica from S. salsa (Fig
5b). Note that S. salsa grows on both mid-high intertidal area and low intertidal area, for S.
salsa on tidal flats near the water, mNDW [ ,;,,,. 1s greater than 0 due to tidal influence. Fig. 5c
shows that the TCBI,;nqx Of Z. japonica is considerably lower than that of S. salsa, while its
histogram has obvious overlap with water and tidal flat. The NDVI,,,,, — SeNDV I, 0qn of Z.
Japonica is greater than other land cover types (Fig. 5d), while its histogram has small overlap

with S. alterniflora.
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Fig. 5 Histograms and box plots of (a) NDVInax, (b) mMNDWlyimax, (¢) TCBlyimax, (d) NDVImax-

SeNDVlnean for Z. japonica, S. alterniflora, S. salsa, tidal flat and water.

3.2.2 Formulation of SGI based on phenological-spectral characteristics

Based on the above analysis, we can utilize mMNDW 1,4 > 0 to remove S. alterniflora
from the image. Compared to tidal flat and water, Z. japonica has much higher NDV1I,,,,.
Compared to S. salsa, it has higher NDVI,,,,, — SeNDV I, 0q0n and lower TCBI,jmay - TO
enhance the contrast, we formulated SGI as Eq. (4). We first assigned NoData value to the

pixels with mNDW ;0 < 0 as all Z. japonica pixels have positive mMNDW1I 4, Values.
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For other pixels, we sum NDVI,,,, and NDVI,,, —SeNDVI, .., in the numerator to
highlight the spectral and phenological characteristics of Z. japonica and use TCBI,;q5 10 the

denominator to differentiate with S. salsa.

NoData (MNDW Lyimax < 0)

={2NDVI — SeNDVI
SGI max mean (MNDWL,;. . > 0) 4)
TCBIvimax

Fig. 6 shows that the histogram of SGI of Z. japonica, water, S. salsa and tidal flats sample
pixels show three peaks. Z. japonica has obviously higher SGI than S. salsa, tidal flat and water.
Water pixels have relatively lower SGI than other types, while S. salsa and tidal flats have
similar SGIs. Overall, the SGI histogram of Z. japonica is visually more separable from others

compared to any of NDV 1,45, NDV I, 0o — SENDV I eqn O TCBLimax (Fig. 5).

F-- -
1-- B} - -1
beeeeess - |
3
9; Z. japonica
o 15 | S. salsa
a Tidal flat
g Water
w10

Fig. 6 Histogram and box plot of SGI index for Z. japonica, S. salsa, tidal flat and water.

3.3 Separability analysis
Separability analysis is important to examine how well a target class can be discriminated

from others and can be used as indicators of the classification performances (Xu et al., 2021).

In this study, we utilized separability index (SI) presented by Somers and Asner (Somers et al.,
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2010) to assess and compare the separability between Z. japonica and others in terms of
NDVIpax, MNDW Limax, NDVIgaw —SeNDV Iy ean, TCBLimax and SGI. SI incorporates

both intra-class and inter-class variabilities. The formula is as follows:

Aintery, [z~ Fol
Slyo = = = (5
Aintrag, 1.96X(0,+0,)

where SI,, denotes the separability index between Z. japonica and other categories. i, and
U, denote the mean index values of Z. japonica and the other class, respectively. o, and g,
denote the standard deviation of the index values. |, — [, | denotes the inter-class variance
between Z. japonica and the other class, and (o, + g,) denotes the intraclass variance. Higher
SI values indicates greater disparities between Z. japonica and others and smaller within-class
variances.
3.4 Identify seagrass bed extent

We adopted multi-Otsu thresholding algorithm (Liao et al., 2001), an unsupervised
clustering approach, to extract Z. japonica automatically based on SGI image without training
process. The conventional Otsu algorithm automatically select one optimal threshold and
partitions the dataset into two classes based on the histogram of the dataset. It has been
successfully used for image binarization and target detection in remote sensing. Unlikely, multi-
Otsu thresholding algorithm calculates multiple thresholds with the number of categories
defined by user (>2). From Fig. 6, we suppose that two thresholds can be used to separate Z.
Jjaponica, water and tidal flat/S. salsa based on SGI image. In this case, multi-Otsu algorithm

aims to find two thresholds which maximize the inter-class variance of SGI.

of(ty,t;) = Zi3=1 P; (u; — pr)? (6)
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(T, T;) = arg 0<rrTlfl<XT2{0 (t1,t2)} (7)

__ Xpixelsinclassi

P; 3

Total pixels
where 67 (t,,t,) denotes the inter-class variance at threshold (ty,t,). The algorithm goes
through all possible thresholds to find the optimal thresholds (T;,T,) which maximize
of(ty,t,). P; represents the probability of a pixel belonging to class 7, u; represents the mean
SGI value of class i, and pur represents the mean value of the whole SGI histogram. We used
the multi-Otsu algorithm to segment SGI images into three classes. According to Fig. 5, the
class with SGI values greater than T, is identified as Z. japonica seagrass bed. Finally, a total
of 16 seagrass maps were generated by re-classifying the results in each period into two
categories: Z. japonica and non- Z. japonica.
3.5 Accuracy assessment

Considering the availability of high spatial resolution imagery, we validated all Z. japonica
seagrass maps during 2011-2018, and selected two Z. japonica seagrass maps before 2000
(1993-1995) and after 2000 (2007-2008) for validation. First, we employed stratified random
sampling strategy to select validation samples. From the seagrass maps during each period, 150
and 300 pixels were randomly selected for Z. japonica and non- Z. japonica, respectively. The
sample pixels were visually interpreted based on the field investigations during 2016-2018
combined with high spatial resolution imagery acquired between 2012 to 2018 (Table 1). Before
2010, the sample pixels were interpretated based on the time-series Landsat images. These

validation pixels should have consistent class (Z. japonica or non- Z. japonica) during the two

or three-year period. In rare cases that the class of a sample pixel has changed from Z. japonica
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to non- Z. japonica or vice versa, the sample pixel was excluded and a pixel with unchanged
class around it was added.
4 Results
4.1 Separability analysis and SGI maps

Fig. 7 shows the SI values of each index including mMNDW ;105> NDV Loy, TCBLimaxs
NDVI,0x — SeNDV Iy, 0q0n and SGI for seagrasses between different classes based on the 1000
reference samples. It is obvious that mNDW ;. ., has much greater SI value (1.68) between
Z. japonica and S. alterniflora than other indices, indicating that S. alterniflora can be well
separated from Z. japonica by mMNDW ;4. SGI shows much greater SI values than other
indices in separating Z. japonica from S. salsa, tidal flat and water (SI value = 1.42, 1.41 and
2.17 respectively). We also calculated the SI value of the 5 indices between Z. japonica and
non-Z. japonica. Similarly, the SI value of SGI between Z. japonica and non-Z. japonica
(SI=1.41) was higher than any other indices (0.81 for NDVI,,,,,; 0.42 for TCBI ;4 and 0.68
for NDV 1,4y — SeNDV L, 0an;)- The highest SI value of SGI between Z. japonica and non- Z.
japonica indicates that SGI generates good inter-class separability and low intra-class

variability.
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Fig.7. SI values for each index between different classes. Class acronyms are: ZJ- Z. japonica,
SA- S. alterniflora, SS- S. salsa, TF- Tidal flat, WT- water, Non ZJ- non ZJ

Fig. 8 presents some exemplar SGI maps within the potential distribution area (left
column), as well as corresponding histograms (center column) and the extracted Z. japonica
map (right column). The SGI maps show substantially higher SGI values at the lower intertidal
area around the north and east coastline of YRD. Two peaks in the low range of SGI (<3) and
one flatter peak in the high range of the SGI (3~10) are observed in the histograms, which is
quite similar as Fig. 6. The three-class Otsu algorithm identified two thresholds, 0.73 and 3.21
for 2013-2014 (Fig. 8a); -0.09 and 4.07 for 2003-2004 (Fig. 8b); 0.46 and 3.16 for 1993-1995
(Fig. 8c), and the pixels with SGI greater than 3.21, 4.07, 3.16 were classified as Z. japonica
seagrass beds, respectively. Fig. 9 illustrates that the SGI thresholds for Z. japonica
identification are relatively stable, varying from 2.22 to 4.11 with an average threshold of 3.22.
The SGI thresholds for the images before 2001 (2.22~3.16) were slightly lower than those after
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2001 (3.18~4.11). Examinations of the images showed that the seagrass beds demonstrated

lower NDV1,,,,, in those years than other years, which might be explained by lower biomass or

coverage.

20132014
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SGI
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1993-1995 ] =5 TE
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Fig. 8. SGI maps in the potential distribution area (left column), the corresponding SGI
histogram and the thresholds identified by multi-Otsu algorithm (center column), and the
classification results of Z. japonica (right column) in (a) 2013-2014, (b)2003-2004, (c)1993-

1995.
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Fig. 9. SGI thresholds for Z. japonica extraction in each period during 1985-2018. The area
with SGI greater than the threshold is identified as Z. japonica.
4.2 Accuracy assessment of seagrass bed maps

Table 2 lists the Z. japonica seagrass mapping accuracies in 1993-1995, 2007-2008, 2011-
2012, 2013-2014, 2015-2016, and 2017-2018. The overall accuracies of the seagrass bed maps
are higher than 95%, and the kappa coefficients are above 89%. The user’s accuracies of Z.
Jjaponica seagrass bed are generally higher than 94.67%, indicating very small commission
errors. The producer’s accuracies of seagrass beds are higher than 95.33% except for 2015-
2016. In 2015-2016, the producer’s accuracy is 90.06%, suggesting omission errors of around
10%. Examinations of Landsat images in 2015-2016 found that frequent cloud cover in both
years may have resulted in insufficient acquisition of effective image pixels at low tide during
the green period. Overall, the validation results show that the seagrass maps generated from
SGI and multi-Otsu thresholding algorithm are accurate for further analysis of spatiotemporal
dynamics of Z. japonica distribution.

Table 2. Confusion matrix of Z. japonica seagrass bed (ZJ) maps accuracy assessment. PA=
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producer’s accuracy; UA = user’s accuracy; OA = overall accuracy.
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4.3 Spatial-temporal dynamics of Z. japonica seagrass bed

Fig. 10 shows that the area of Z. japonica fluctuated greatly, ranging from 149 ha in 2005-
2006 to 1302.9 ha in 2011-2012. From 1985 to 1995, the area of Z. japonica generally showed
an increasing trend from 762.2 ha in 1985-1986 to 1060.9 has in 1993-1995, except that only
374.9 ha was detected in 1989-1990. From 1996 to 2010, the area of Z. japonica varied from
149.0 ha to 924.6 ha. From 2011 to 2018, the area presented obvious decreasing trend, from
1302.9 ha to 332.3 ha in 2017-2018. During the 34 years, no Z. japonica was detected in Zone
C. Z. japonica was distributed in zone A throughout the 34 years but showed an overall
decreasing trend. Before 1999, Zone A had an average area of 904.4 ha Z. japonica except for
1989-1990, when only 374.3 ha of Z. japonica was detected. After 1999, the average Z. japonica
area was 652.2 ha. Z. japonica first appeared in Zone B in 1991. The area varied from 10 ha in

2005-2006 to 822 ha in 2011-2012. From 2011 to 2018, the area of Z. japonica decreased to
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Fig. 10. Z. japonica area during 1985-2018 and timeline of important events in YRD.
4.3.1 Spatial distribution of seagrass bed before and after river course diversion

The river course of the Yellow River shifted twice in YRD during 1985-2018. The first
shift occured in 1996 when the Q8 channel was artifically constructed and the river course
migrated from the southeastward to the eastward. The second one occurred in 2007, with the
end of the channel natually shifted northward. Fig.11 presents the Z. japonica seagrass maps
during 1985-2018, superimposed on the flase color Landsat imagery acquired in growing
season. The Landsat imagery illustrates that the morphology of the shorelines changed
significantly after each river channel shift, and the spatial distribution of Z. japonica changed
accordingly. In 1985, only one large patch of Z. japonica was detected in the east of the artificial
coastline of Gudong Oil Field. Since 1985, this patch shrank substantially (Fig. 11). From 1985
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Fig. 11. Spatial distribution of Z. japonica seagrass bed in YRD.

In 1996, a large part of the patch in Zone B disappeared when the tidal flat formed with
the sediment deposition during the river course diversion. Only a small patch remained in 1996
and then expanded from 1999 to 2004. After 1996, the river mouth extended eastwards.
Correspondingly, a big patch of Z. japonica was observed in the newly formed intertidal area
of the north shoreline from 2001 (marked as @ in Fig. 11h). In 2002, Yellow River Conservancy
Commission (YRCC) initiated water sediment regulation scheme (WSRS), aiming to sour the
elevated riverbed in the lower Yellow River and maintaining the storage capacity in the
reservoirs in the downstream of Yellow River. From 2002 to 2018 except for 2016 and 2017,
WSRS was implemented every summer by creating man-made flood peak and expelling
accumulated sediment from the large reservoirs (e.g., Xiaolangdi Reservoir). During WSRS,
significant increase in water and sediment delivery was observed and thus the sediment

deposition in the estuary resulted in rapid land gain in YRD (Li et al., 2019). Fig. 11 i-j
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illustrates substantial expansion of tidal flats in YRD during the early stage of WSRS (2003-
2006). This might cause Z. japonica seeds to be buried by the rapid deposition of sediments,
resulting in shrinkage of Z. japonica segrass beds patches in 2005-2006 (Fig. 11j). In 2007, the
flow channel in the river mouth diverted naturally to the northward, which again changed the
mophology of the shoreline in the river mouth (Fig. 11k). The rapid deposition of sediments
caused the damage of Z. japonica bed in the north bank of the new river mouth (Fig. 11k), while
new patches started to grow in 2011 (Fig. 11m). From 2007 to 2018, the northeastern shoreline
continued extending to the sea, while the eastern shoreline retreated toward the land. The Z.
Jjaponica seagrass beds in the southeastern bank remained relatively stable (marked as 3 in Fig.
10k-p).
4.3.2 Changes of seagrass beds after S. alterniflora invasion

S. alterniflora was first discovered in the YRD's intertidal zone in 2008. Since then, the
invasion of S. alterniflora has experienced three stages: slow expansion during incubation
period before 2011, rapid expansion during outbreak period from 2011 to 2017, and slower
expansion after 2017 (Ren et al., 2019; Wang et al., 2021). By 2019, the area of S. alterniflora
reached 4672.38 ha (Wang et al., 2021). S. alterniflora expanded both landward and seaward.
As illustrated in Fig. 12, before 2011, only small patches of S. alterniflora were found in the
north bank of YRD. After 2011, S. alterniflora expanded rapidly to the seaward in both north
bank and south bank of YRD, and started to enchroach the habitat of Z. japonica since 2013.
Correspondingly, the seagrass bed patches shrank substantially from 2013 to 2018, especially

in the south bank of YRD. Fig. 10 showed that the area of Z. japonica decreased from 1302.9
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ha in 2011 to 332.3 ha in 2018. This is consistent with previous report by Wang et al. (2021)
that S. alterniflora has enchroached Z. japonica seagrass by around 902.32 ha. On the Landsat
image acquired during growing season in 2019 and 2020, no obvious patches of Z. japonica
seagrass beds were deteced (Fig. 12f). Our field investigations also showed that no large patches
of Z. japonica were found in 2019 and 2020. In summer 2021, the investigators could hardly

find intact Z. japonica patches which is larger than 1 m?.

j(a) 2009 -2010 J (b) 2011-2012

37°50'N

37°45'N

37°50'N

37°45'N

119°10'E 119°15'E

33



503

504

505

506

507

508

509

510

511

512

513

514

515

516

) (e) 2017-2018 J (f) 2019-2020

KA

119°10'E | 115'5 119°10°E | 119°15'E
Study zones Z . japonica S. alterniflora jL
Fig. 12. Spatial distribution of Z. japonica and S. alterniflora in YRD from 2009 to 2020. Note
that no Z. japonica was detected in 2019-2020.
5 Discussion
5.1 Advantages of SGI in seagrass mapping
In this study, we constructed SGI by taking into account both spectral, phenological and
spatial characteristics of Z. japonica seagrass beds. Using SGI, we generated the first maps of
Z. japonica seagrass beds from 1985 to 2018 in YRD. The resultant seagrass bed maps
demonstrate good accuracies, with producer’s accuracies higher than 90.06% and user’s
accuracies higher than 94.67%. The successful mapping can be explained by three advantages
of SGIL.
First, SGI was constructed by temporal composite approach on a pixel-by-pixel basis,
which effectively alleviates the influence of frequent cloud cover and tidal inundations in
coastal areas. Especially for seagrass beds that are submerged at high tide and exposed at low

tide, the maximum NDVI composite image (i.e., NDVI,,,,) highlights the greenest growth
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condition of each Z. japonica pixel and eliminates the possible influence of tidal inundation on
a single image. In recent years, the pixel-based approach has been increasingly utilized for
coastal wetlands mapping and proved to achieve better accuracy than those from a single or
multiple cloudless images because it allows all pixels with valid observations to be utilized
regardless of the cloud coverage at a scene (Zhang et al., 2020; Jia et al., 2021; Hu et al., 2021,
Sun et al., 2021; Xu et al., 2021). For example, Jia et al., (2021) proposed to use maximum
mNDWI (mNDWI-MSIC) and maximum NDVI image composites (NDVI-MSIC) to extract
tidal flat, with the former extracting coastline at high tidal level and the latter extracting
coastline at low tidal level. Note that in our study, we used the minimum mNDWI composite
to obtain the coastline at low tidal level instead of NDVI-MSIC. This is because the coastal
water in YRD is highly turbid. For the water area in YRD, the NDVI-MSIC composite generates
the most turbid pixels throughout a year, which are difficult to be distinguished from tidal flats
as they have similar NDVI values. In contrast, mNDWI was less influenced by water turbidity
(Xu, 2005). The minimum mNDWTI of tidal flat pixels represents the status when they are fully
exposed at low tide level, and thus help extract more accurate coastlines at low tide level.
Second, SGI considers the spectral and phenological characteristics, and spatial location
of Z. japonica seagrass beds as well as salt marsh vegetations such as S. alterniflora and S.
salsa. With S. alterniflora invading seaward, its niche overlaps with that of Z. japonica (Fig.
11). It is difficult to distinguish S. alterniflora and Z. japonica solely based on NDV1,,,, (Fig.
5a). However, S. alterniflora is distributed in higher intertidal area and has much taller and

dense plants compared to Z. japonica, thus its mNDWTI at low tide level is negative and similar
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as terrestrial vegetation. As Z. japonica has short plants and is frequently submerged at high
tide level, it has low brightness value than S. salsa and tidal flats. In addition, Z. japonica has
much shorter growing length than salt marsh vegetation. Compared to any of the vegetation
indices, the integration of spectral and phenological indices in SGI exaggerate the difference
between Z. japonica and others.

Third, SGI allows automatic and rapid mapping of Z. japonica using unsupervised
classification algorithm. As Z. japonica and other types showed distinct SGI values, the
unsupervised extraction using multi-class Otsu algorithm achieved good accuracy. Most
previous studies utilized supervised classification algorithms for seagrass mapping (Coffer et
al., 2020; Kuhwald et al., 2021; Fernandes et al., 2022; Lebrasse et al., 2022). Sample collection
is the most time-consuming and labor-intensive task in supervised classifications. It is
especially difficult for the coastal wetlands as many areas are hard to reach for field surveyors.
In addition, the long-term distribution of seagrass beds is usually poorly documented,
hampering collection of sufficient training datasets for retrospective mapping. Compared to the
supervised classification method, the unsupervised Otsu threshold segmentation algorithm does
not require the collection of training samples and the classification process is automated without
human intervention, which is suitable for the long time series and large-scale dynamic
monitoring of seagrass beds in YRD. Therefore, SGI combined the multi-Otsu algorithm can
be easily applied to other time-series satellite imagery such as Sentinel-2 or the Harmonized
Landsat-8 Sentinel-2 surface reflectance for seagrass extraction. In 2021, Shandong Province

started to implement seagrass beds restoration in the south of YRD. Our proposed method has
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potential to provide technical support and basic data for regular seagrass restoration monitoring.
5.2 Uncertainties and limitations of our seagrass mapping method

Although our method achieved high accuracy in long-term seagrass mapping YRD,
uncertainties and limitations still exist. First, successful application of this method relied on
temporally dense observations during specified phenological periods. Due to limited Landsat
data before 1999 and scan-off failure in Landsat 7 ETM+ after 2003, our method generated
seagrass bed maps every two years instead of performing annual mapping. Although using
Landsat imagery during two-year period effectively increases the number of valid observations
at pixel level and can better represent vegetation phenology, it may not capture the rapid annual
change in Z. japonica seagrass beds. For example, research has shown that S. alterniflora can
push over 10 m into Z. japonica region during several months (Yue et al., 2021). Because S.
alterniflora has generally higher NDVI than Z. japonica, using NDVI,,,, during two-year
period probably identified S. alterniflora instead of Z. japonica for those pixels where Z.
Jjaponica was replaced by S. alterniflora. In this case, the seagrass bed maps represent the
minimum area of Z. japonica during the two-year period. Nevertheless, the problem can be well
resolved when dense observations are available during a year. Second, our method is suitable
for intertidal seagrass extraction where the seagrass beds are exposed at low tide. For submerged
seagrass beds in subtidal area, it may not work as water column correction is needed to retrieve
correct bottom reflectance. Third, the 30 m-resolution Landsat images inevitably produce
mixed-pixel problem. Small patches of Z. japonica seagrass beds with low biomass may not be

identified. In July 2019, we found some small patches of Z. japonica in our field investigation
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in Zone B. Unfortunately, our method did not detect any of Z. japonica in this year.
5.3 Driving factors for Z. japonica seagrass beds variations in YRD

Previous studies have reported that many factors can cause the degradation and loss of
seagrass beds, including coastal erosion, extreme climate events, and human activities such as
coastal development and water pollutions (Kim et al., 2015; Kendrick et al., 2019; Oprandi et
al., 2020). The YRD is probably one of the most active deltas in the world’s estuaries because
of large interannual and intra-annual variations in sediment transport and recent invasions of S.
alterniflora. In YRD, the large variations of the spatial extents of Z. japonica during 1985-2018
(Fig. 9 and Fig. 10) indicates that the driving factors can be very complex. To date, no previous
study has investigated the driving factors for the long-term spatial variations of Z. japonica
meadows in YRD. Our results demonstrated two convincing factors for the loss of Z. japonica
seagrass beds: (1) rapid and large amount of sediment deposition in the estuary due to river
channel diversion and early implementation of WSRS, and (2) S. alterniflora invasion in the
recent decade.

After each river channel diversion (1996 and 2007) and during the early stage of WSRS
(2003-2006), the morphology of estuarine land changed substantially owing to rapid sediment
deposition in the river mouth. Several patches were buried by the newly formed land, and the
sediment burial hampers the germination of seeds (Cabag@ and Santos, 2007), which could
cause rapid loss of the patches (e.g., the patches in Zone B in 1996-1998 and Zone A in 2005-
2006, Fig. 11f and Fig. 11j). Meanwhile, new seagrass patches started to grow in the newly

formed intertidal area (e.g., the patches in Zone A in 2001-2002, Fig. 11h). Note that after 2007,
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the continuous implementation of WSRS seemed not affect seagrass beds, regardless of the
highly turbid water around coastal area (Li et al., 2019). From 2007 to 2012 (before explosion
of S. alterniflora), we did not observe rapid declination of Z. japonica area. This is consistent
with recent in-situ field investigations and laboratory experiment by Hou et al. (2020) and
Zhang et al. (2021), which concluded that Z. japonica in YRD shows good short-term resistance
to high turbidity during WSRS.

S. alterniflora invasion is the primary reason for the gradual Z. japonica's degradation in
the recent decade. S. alterniflora has great reproduction capacity with both sexual and asexual
reproduction. Our results showed that from 2013 to 2018, the area of Z. japonica has been
encroached by S. alterniflora with 868.4 ha. Ma et al., (2020) reported that S. alterniflora,
regardless of the plant densities, have significant inhibition effects on the symbiotic Z. japonica.
The stem density, height and total biomass of Z. japonica decreased dramatically once the
invading patches of S. alterniflora arise. Yue et al., (2021) explained three steps of S.
alterniflora invading Z. japonica: first, seeds of S. alterniflora float into the Z. japonica and the
sparse patches of the invader grow; subsequently, sediment accumulation increased with the
growing density of clonal ramets, and the taller S. alterniflora patches blocked the sunlight
needed for Z. japonica, gradually inhibiting the growth of Z. japonica; finally, the patches of S.
alterniflora connected and replace the Z. japonica community.

Other possible factors that affect the growth of Z. japonica seagrass beds in YRD include
soil erosion in local area and extreme climate events including drought and typhoon (timeline

illustrated in Fig. 9). The loss in the Z. japonica patch near Gudong Oil field from 1985 may be
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explained by severe coastal erosion in this area. Ji et al., (2018) reported that Gudong nearshore
experienced severe erosion (—0.1 m/yr) due to reduction of sediment supply and strong wave
currents. In 2000-2002, the rapid loss of Z. japonica may be explained by severe drought events
in 2000, typhoon Toraji in summer 2001 and typhoon Fengshen in summer 2002. The severe
drought in Shandong Province in 2000 resulted in hyper-salinity and water column stratification
in coastal YRD (Xi et al., 2001; Hall et al., 2016), which can lead to mortality of Z. japonica.
Typhoon can be another factor. Recent investigations found that the super typhoon Lekima in
2019 resulted in over 100-fold loss of the area of Z. japonica in YRD due to strong winds, heavy
rainfall and sudden soil erosion (Yue et al., 2021).
5.4 Implications for seagrass management and restoration

This study provides the first long-term Z. japonica seagrass bed maps in YRD, filling the
knowledge gaps on the seagrass bed extents in coastal China. We hope our results can
significantly facilitate in-depth understanding on the mechanisms and driving factors for Z.
Jjaponica variations in YRD, as well as the understanding on the ecosystem services they
provide. It is unfortunate that the typhoon Lekima led to severe loss of Z. japonica meadows in
YRD in 2019 (Yue et al., 2021). Restoration efforts are required urgently for seagrass meadow
recovery. Our long-term Z. japonica seagrass maps can serve as an intrinsic basis for the
development of seagrass restoration measures. In fact, in recent years numerous restoration
efforts have been implemented in the coastal provinces in China, including Hebei, Shandong,
Guangxi and Hainan provinces (Liu et al., 2016; Yu et al., 2019; Xiao et al., 2020). The long-

term seagrass mapping methods developed in this study have great potential to be applied for
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timely monitoring and evaluation of the effectiveness of the restoration efforts at regional scale.
As seagrass bed is one of the most important blue carbon ecosystems, our study provides
baseline efforts for seagrass carbon storage estimation and long-term monitoring, which is

critical to maintain coastal sustainability.

6 Conclusion

This paper proposed a new seagrass index, namely SGI, for automatic mapping of Z.
Jjaponica, an intertidal seagrass species widely distributed in China. SGI alleviates the influence
of tidal inundation and enhances the spectral and phenological separability between seagrass
beds and other cover types by incorporating temporal composites of NDVI, mNDWI and TCBI
based on time-series remote sensing imagery. Using SGI, we then extracted Z. japonica extents
in YRD based on all available Landsat 5/7/8 images during 1985-2018 with SGI thresholds
automatically determined by multi-Otsu algorithm. The results showed that SGI has
successfully discriminated the Z. japonica seagrass beds and non-Z. japonica types such as salt
marshes, tidal flat and water. The SGI thresholds were relatively stable, ranging from 2.22 to
4.11. The overall accuracies were greater than 95%, producer’s accuracies and user’s accuracies
of Z. japonica were greater than 90% and 94%, respectively, which were validated through field
inventory data, high resolution satellite imagery and Landsat imagery. From 1985 to 2018, the
area and spatial distribution of Z. japonica showed large variations (from 149 ha in 2005-2006
to 1302.9 ha in 2011-2012). River channel shifts in YRD altered the spatial distribution of Z.
Jjaponica, and the expansion of invasive salt marsh vegetation S. alterniflora caused gradual
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degradation of Z. japonica in recent years. Coastal erosion and extreme climate events such as

drought and typhoon are other possible factors explaining Z. japonica area decline. In sum, this

paper provides the first long-term seagrass bed maps in YRD. We expect that the SGI will

advance automatic and rapid mapping methods for intertidal seagrass beds, and the Z. japonica

maps will provide a baseline data for restoration and management of seagrasses at regional

scale.
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