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Abstract: The northward expansion of Spartina alterniflora (S. alterniflora) poses a profound
ecological threat to coastal ecosystems and biodiversity along China’s coastline. This inva-
sive species exhibits strong adaptability to colder climates, facilitating its potential spread
into northern regions and underscoring the urgent need for a nuanced understanding of
its spatial distribution and invasion risks to inform evidence-based ecosystem manage-
ment strategies. This study employed multi-temporal Sentinel-1/2 imagery (2016–2022)
to map and predict the spread of S. alterniflora in Bohai Bay. An object-based random
forest classification achieved an overall accuracy above 92% (κ = 0.978). Over the six-year
period, the S. alterniflora distribution decreased from 46.60 km2 in 2016 to 12.56 km2 in 2022,
reflecting an annual reduction of approximately 5.67 km2. This decline primarily resulted
from targeted eradication efforts, including physical removal, chemical treatments, and bio-
logical competition strategies. Despite this local reduction, MaxEnt modeling suggests that
climate trends and habitat suitability continue to support potential northward expansion,
particularly in high-risk areas such as the Binhai New District, the Shandong Yellow River
Delta, and the Laizhou Bay tributary estuary. Key environmental drivers of S. alterniflora
distribution include the maximum temperature of the warmest month, mean temperature
of the wettest quarter, isothermality, sea surface temperature, mean temperature of the
warmest quarter, and soil type. High-risk invasion zones, covering about 95.65 km2. These
findings illuminate the spatial dynamics of S. alterniflora and offer scientific guidance for
evidence-based restoration and management strategies, ensuring the protection of coastal
ecosystems and fostering sustainable development.
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1. Introduction
Invasive plant species can severely disrupt native ecosystems and diminish biodi-

versity, especially in vulnerable island and coastal environments [1,2]. S. alterniflora, a
perennial grass, was introduced into China from North America in the late 1970s [3,4]
to stabilize shorelines, reclaim tidal flats [5], and improve soil fertility [6]. However, its
vigorous reproduction and high salt tolerance have turned it into a serious ecological
threat to China’s coastal wetlands [7,8]. This invasive plant quickly colonizes tidal zones,
outcompeting native vegetation and establishing dominance [9]. Its rapid spread lowers
plant diversity, alters bird habitats, and triggers a chain of ecological disturbances, cul-
minating in notable economic losses [10]. Climate change and the species’ adaptability to
colder temperatures have facilitated its northward migration to higher-latitude regions such
as the Bohai Sea [11]. Bohai Bay, as a key economic and ecological region, is particularly
vulnerable to S. alterniflora invasion. The bay hosts major port cities (e.g., Tianjin, Tangshan),
extensive fisheries, and aquaculture industries, making it an economically vital area where
wetland degradation could have direct financial consequences. Ecologically, Bohai Bay
supports critical wetland habitats for migratory birds and native salt marsh species, which
are highly sensitive to habitat alterations caused by S. alterniflora encroachment. Despite
these risks, research on S. alterniflora invasion in Bohai Bay remains limited compared to ex-
tensively studied regions such as the Yangtze and Pearl River estuaries. This knowledge gap
underscores the urgency of monitoring its spatiotemporal spread and assessing potential
threats to northern coastal ecosystems. In response to these escalating concerns, the Chinese
government released the Special Action Plan for the Prevention and Control of S. alterniflora
(2022–2025), aiming to reduce S. alterniflora’s expansion and bolster the resilience of coastal
ecosystems. Effective management hinges on up-to-date information about S. alterniflora’s
distribution and preferred habitats. Consequently, timely and precise actions are critical to
protect coastal wetlands and ensure sustainable development in the affected areas.

Remote sensing technologies offer a faster, more accurate, and cost-effective solution
for monitoring invasive vegetation, particularly in remote coastal landscapes. By inte-
grating satellite imagery, geographic information systems (GIS), and cloud computing,
these methods enable efficient detection and tracking of invasive species. Previous studies
employing Landsat imagery have successfully delineated the nationwide distribution of
S. alterniflora in China’s coastal regions [12–14]. Nevertheless, the 30 m spatial resolution
of Landsat data constrains detailed analysis of smaller infestations, which may lead to
the underestimation of invasion-prone areas, particularly in fragmented or early-stage
invasion zones. Although high-resolution commercial satellite images are effective for re-
gional assessments, their high cost and limited temporal coverage pose significant barriers,
making it difficult to track invasion dynamics over time. Open-access Sentinel imagery,
offering 10 m resolution and frequent revisits, has gained popularity for coastal wetland
mapping [15]. While S. alterniflora mapping with Sentinel-2 has been explored [16,17],
most studies have relied on single-time observations, lacking multi-temporal analyses to
document long-term invasion trajectories. Moreover, persistent cloud cover can undermine
continuous optical data acquisition, which may have resulted in data gaps, particularly
in regions with frequent cloud obstruction. This challenge can be mitigated by merging
Sentinel-1 Synthetic Aperture Radar (SAR) data with Sentinel-2 optical imagery, capitaliz-
ing on SAR’s all-weather capabilities and optical sensors’ rich spectral information—an
approach that significantly improves classification accuracy. Furthermore, research utilizing
multitemporal Sentinel-1 and Sentinel-2 datasets has demonstrated their utility in monitor-
ing S. alterniflora at local scales [1,18]. However, few studies have systematically applied
these integrated datasets across a broader spatial and temporal scale to capture invasion
dynamics and predict future risk areas. This study integrates Sentinel-1 SAR and Sentinel-2
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optical imagery to enhance classification accuracy, leveraging SAR’s all-weather capabilities
and optical sensors’ spectral richness. The proposed multi-temporal analysis (2016–2022)
using object-based random forest classification systematically tracks the spatiotemporal
dynamics of S. alterniflora, addressing gaps in previous studies that relied on single-time
observations. Furthermore, MaxEnt modeling identifies key environmental drivers and
delineates high-risk invasion zones, offering predictive insights beyond static distribu-
tion mapping. These advancements establish a comprehensive, data-driven monitoring
framework to inform targeted management strategies for mitigating S. alterniflora invasions.

Recent work has indicated that incorporating phenological features derived from
multi-temporal Sentinel imagery markedly enhances the spectral differentiation of various
plant species [19,20]. Tian et al. (2020) presented the Ppf-CM method, which uses spectral
indices from green-up and senescence phases to reliably distinguish S. alterniflora from
neighboring vegetation [21]. Nevertheless, creating composite images for these phenologi-
cal periods by aggregating all available pixels over a predefined time window can introduce
inaccuracies due to variability in vegetation growth patterns and human observation errors.
This issue is particularly pronounced during the early stages of growth or senescence,
where unstable reflectance characteristics inject significant noise into the final products.
Identifying the specific month when S. alterniflora exhibits the strongest spectral contrast
from other plant species—based on vegetation indices—can substantially reduce these
complications. This targeted strategy sharpens S. alterniflora’s spectral profile, thereby im-
proving classification accuracy. Google Earth Engine (GEE) offers an advanced platform for
pixel-level phenological analysis [22], providing large-scale, cloud-based access to diverse
satellite datasets. Its capabilities support efficient processing and analysis of extensive
time-series data, yielding powerful tools to track vegetation phenology and its changing
dynamics. Leveraging time-series Sentinel imagery to detect phenological patterns and
monitor the spatial-temporal evolution of S. alterniflora is fundamental for sound ecological
management and conservation strategies.

With its formidable invasive capacity, S. alterniflora now occupies a wide range of
China’s coastal regions [23], and once established, it proves extremely difficult to eradi-
cate [24]. Consequently, integrating species-specific traits with environmental variables
is crucial to forecasting S. alterniflora’s spatial distribution and enabling prompt interven-
tions [25]. Ecological niche models are widely used to predict species distributions. Notable
examples include the genetic algorithm for rule-set production (GARP) [26], ecological
niche factor analysis (EnFA) [27], bioclimatic model (BIOCLIM) [28], DOMAIN [29], and
maximum entropy modeling (MaxEnt) [30]. By combining spatial distribution data and en-
vironmental variables, these models simulate ecological requirements and forecast species
distributions across diverse temporal and geographical scales to pinpoint potential inva-
sion zones [25]. MaxEnt, known for its low sensitivity to sample bias, strong robustness,
and high predictive accuracy, is widely applied in invasive species habitat analysis and
ecological niche modeling [28]. Its ability to effectively integrate presence-only data with
environmental variables [31] enables the identification of key drivers and high-risk invasion
zones, providing predictive insights beyond static distribution mapping. Multiple studies
have highlighted MaxEnt’s value in modeling species distributions: for instance, Blanco-
Sacristán et al. used MaxEnt to map potential mangrove habitats in the Red Sea [32], while
Charrua et al. employed it to identify suitable mangrove locations in Mozambique [33].
In China, Zhang et al. utilized MaxEnt to predict S. alterniflora’s likely distribution along
the nation’s coastline, revealing its northward expansion, especially in Bohai Bay [34].
Nonetheless, no study has specifically examined S. alterniflora’s invasion status in Bohai
Bay, making timely identification of its current extent and prediction of future spread vital
for managing ecological risks.
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As S. alterniflora continues to migrate northward in China, its invasion poses a greater
threat to Bohai Bay’s fragile coastal ecosystems due to harsher climatic conditions, unique
tidal regimes, and critical migratory bird habitats. Unlike southern estuaries, northern
wetlands have lower resilience to invasion, making ecosystem disruptions more severe.
Previous studies have primarily focused on southern regions, often relying on single-source
optical imagery and pixel-based classification, which struggle with cloud cover and com-
plex wetland landscapes. Research on northern expansion trends, invasion drivers, and
human impact in Bohai Bay remains limited. Therefore, understanding its invasion trends
and potential distribution is paramount. This study integrates Sentinel-2 imagery and
phenological analysis to derive optimal vegetation spectral features, complemented by
polarization data from Sentinel-1. By applying an object-based random forest classification
approach and MaxEnt, we monitored S. alterniflora’s spread and predicted its future inva-
sion zones in Bohai Bay between 2016 and 2022. The key objectives are (1) quantifying the
progression and spatial heterogeneity of S. alterniflora’s invasion from 2016 to 2022; (2) fore-
casting potential distribution regions and high-risk invasion zones; and (3) pinpointing the
environmental variables driving S. alterniflora dynamics, with particular emphasis on the
impact of human activities.

2. Materials and Methods
2.1. Study Area

Bohai Bay, located in northern China (117◦25′–123◦45′E, 35◦03′–41◦06′N), spans the
provinces of Liaoning, Hebei, and Shandong, as well as the municipality of Tianjin. The
region experiences a warm temperate continental monsoon climate, with an average annual
temperature of 10.7 ◦C and precipitation ranging between 500 and 600 mm. The study
area, extending 10 km inland and offshore along the Bohai Bay coastline, is depicted in
Figure 1. It encompasses 11 National Wetland Nature Reserves, including the Yellow
River Delta (YRD) and the Changli Gold Coast (CGC). The elevation across the region is
generally below 10 m, apart from man-made structures such as roads and dikes. The flat
topography and high groundwater table contribute to the prevalence of wet and saline
soils, predominantly derived from sedimentary and loess parent materials [35]. Typical
wetland plant communities include reeds (Phragmites australis), S. alterniflora, Suaeda spp.,
and Tamarix spp. The region’s favorable natural conditions support diverse coastal wetland
resources, serving as breeding grounds for waterfowl and critical stopover points for
migratory birds. These ecosystems play an essential role in maintaining biodiversity and
ecological stability, highlighting the urgent need to address invasive species threats.

 

Figure 1. Locations of study area.
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2.2. Data and Processing
2.2.1. Satellite Data

A total of 15,630 Sentinel-2 Level-2A image products spanning 2016 to 2022 were
acquired via GEE platform. To ensure consistency, all bands were resampled to a spatial
resolution of 10 m, encompassing the seven required spectral bands (B2, B3, B4, B5, B6, B7,
and B8). Bad-quality observations caused by cloud cover were masked using the QA60-bit
mask band of each Sentinel-2 image.

Additionally, 4716 Sentinel-1 C-band ground range-detected (GRD) SAR images were
obtained from the GEE platform. To suppress the speckle noise inherent in SAR imagery,
each Sentinel-1 image underwent processing with a refined Lee filter. Dual-polarization
bands—vertical transmit and vertical receive (VV) and vertical transmit and horizontal
receive (VH)—were employed for wetland classification. All Sentinel-1 images were
preprocessed on the GEE platform, which involved the following steps: updating orbital
metadata using precise orbit files, removing boundary and thermal noise from GRD images,
performing radiometric calibration, and applying terrain correction.

The spatial and temporal distribution of Sentinel-1/2 images covering the study area
is illustrated in Figure 2. Approximately 85.8% of independent pixels recorded over 25 high-
quality observations, as shown in Figure 2c,d. The spatial distribution and histograms of
valid observations for each pixel are presented in Figure 2a–d, further underscoring the
comprehensive coverage and data quality.

2.2.2. Sample Data

Field Survey Data: From 2021 to 2023, three field surveys were conducted to investigate
the distribution of S. alterniflora in representative areas along the Bohai Bay coast, including
Tianjin and the YRD. These surveys identified the primary coastal wetland species as
S. alterniflora, reeds (Phragmites australis), Suaeda spp., and Tamarix spp. Based on these
findings and the national salt marsh classification dataset, coastal wetland vegetation
was categorized into two main groups: S. alterniflora and non-S. alterniflora. The latter
encompassed reeds, Suaeda spp., and Tamarix spp. The research team utilized handheld
GPS devices(The GPS data were collected using a Garmin Etrex 221x (Garmin Ltd., Olathe,
KS, USA), unmanned aerial vehicles (A DJI Mavic 3M UAV (DJI Innovation, Shenzhen,
China) was used for aerial data collection.), and ground vegetation grids (Vegetation
coordinates were recorded using the GVG mobile software, a scientific data collection
application custom-developed and operated by the Global Agricultural Remote Sensing
Monitoring Team at the Chinese Academy of Sciences (CAS), Beijing, China.) for sample
collection, supplemented by onsite investigations. Drone photography facilitated the
simultaneous acquisition of diverse vegetation samples at high spatial resolutions.

Visual Interpretation of Google Earth Images: To ensure comprehensive spatial-
temporal coverage, 2400 additional sample points were collected through visual inter-
pretation of high-resolution Google Earth images. These sample points were integrated
into the GEE platform to extract vegetation-specific information. Samples corresponding to
distinct phenological periods were selected to enhance accuracy. For instance, S. alterniflora
samples were collected during their key phenological period (green period). Samples
deemed ineffective or redundant—particularly those from 2022—were excluded, resulting
in a refined reference dataset. The final dataset comprised 1550 field samples, including
456 S. alterniflora, 300 Suaeda spp., 288 reeds, 276 Tamarix spp., and 230 tidal flat samples.
The remaining 850 samples represented forests, cultivated land, and artificial surfaces.
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Historical Sample Data Reconstruction: Field samples from 2016 to 2020 were un-
available due to temporal constraints. These data were reconstructed through manual
interpretation of high-resolution imagery on the GEE platform and corroborated with the
existing research literature. Vegetation and land cover sample points for these years were
iteratively updated via monthly manual visual modifications, then validated against 2023
field survey images.

All sample points adhered to strict criteria, ensuring that each quadrat (0.001 km ×
0.001 km) contained a single vegetation type, thereby minimizing classification errors from
mixed pixels. To maintain diversity and richness, approximately 400 samples were collected
annually. Ultimately, a stratified random sampling approach was employed, allocating 70%
of samples as training data and 30% for validation.
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2.2.3. Environmental Data

Building on prior research and the ecological characteristics of S. alterniflora, 33 en-
vironmental variables were selected for analysis (Table 1). To meet the requirements of
MaxEnt, all environmental variables were standardized to a unified coordinate system
(WGS1984) and resampled to a 30 m resolution. The processed data were then converted
into ASCII format for subsequent analysis.

Table 1. Environmental Variables for Model Analysis.

Variables Dataset Source Count

Bio1–19 Climate factor

BIOCLIM WorldClim 2.1 dataset within
the WorldClim database

(https://worldclim.org/, accessed on
15 April 2024)

19

Dem
Slope Terrain factor

ASTER GDEM digital elevation data
(https://www.gscloud.cn/, accessed on

18 April 2024)
2

Cec/pH_H2O/Nitrogen/
Ocd/Ocs/Clay/Sand/

Soc/Silt/Soiltype
Soil factor

SoilGrids global soil dataset
(https://soilgrids.org/, accessed on 26

April 2024)
9

Seatemp
Marine factor

Sentinel-3 SLSTR
(https://earthengine.google.com/,

accessed on 26 April 2024)
ImageCollection

(“COPERNICUS/S3/OLCI”)

2

Seasalt
Global Ocean Data Assimilation

Experiment (GODAE) ImageCollectio
(“HYCOM/sea_temp_salinity”)

Refer to Appendix A for a complete list of variable names.

2.3. Generation of Feature Set

A combination of remote sensing indices, such as the normalized difference vegetation
index (NDVI), the difference vegetation index (DVI), the difference vegetation index (EVI),
the green chlorophyll index (GCI), and the ratio vegetation index (RVI), which are effective
at identifying water bodies and flooded vegetation, can be used. Additionally, the red-edge
bands of Sentinel-2 satellites are crucial for extracting S. alterniflora due to their sensitivity
to chlorophyll content, vegetation structure, and biomass, allowing for more accurate
differentiation in complex wetland ecosystems. Three red-edge band indices, including
chlorophyll index using red edge (CIre), normalized difference red edge (NDre1), and
normalized difference red edge 2 (NDre2) were also considered.

Time-series curves of nine vegetation indices were calculated for four vegetation types
in the study area, spanning the period from 1 January to 31 December 2022 (Figure 3).
Notably, the vegetation indices of S. alterniflora exhibited clear separability from those of
other vegetation types. To quantitatively evaluate this separability across different months,
the Jeffries–Matusita (JM) distance [15] was applied (Figure 4). Previous studies have
suggested that a JM distance exceeding 1.9 indicates superior class separability. Based on
our analysis, the months of August, October, and November were identified as the optimal
time periods for accurately extracting S. alterniflora.

The feature set utilized for S. alterniflora classification in this study comprises three
parameters derived from the polarization characteristics of Sentinel-1 SAR data, eight
spectral-derived indices from Sentinel-2 imagery, and the seven original spectral bands of
Sentinel-2, as detailed in Table 2.

https://worldclim.org/
https://www.gscloud.cn/
https://soilgrids.org/
https://earthengine.google.com/
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Table 2. S. alterniflora classification feature set.

Index Abbreviation Equation Source

Spectral Bands B B2, B3, B4, B5, B6, B7, B8 Sentinel-2

SAR Difference Index SAR_D VV − VH
Sentinel-1SAR Sum Index SAR_S VV + VH

SAR Nominalized Difference Vegetation
Index SAR_N (VV − VH)/(VV + VH)

Nominalized Difference Vegetation Index NDVI B8−B4
B8+B4

Sentinel-2

Difference Vegetation Index DVI B8 − B4
Enhanced Vegetation Index EVI 2.5×(B8−B4)

B8+6×B4−7.5×B2+10000
Ratio Vegetation Index RVI B8/B4

Green Chlorophyll Vegetation Index GCI B8
B3 − 1

Red Edge Index
CIre B7

B5 − 1
NDre1 B6−B5

B6+B5
NDre2 B7−B5

B7+B5
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2.4. S. alterniflora Detection and Prediction
2.4.1. Object-Based Random Forest Algorithm

The object-based random forest algorithm represents an advanced adaptation of
the traditional random forest classifier, as it is specifically tailored for remote sensing
image analysis tasks [36,37]; integrating object-based analysis, this method effectively
incorporates spatial and contextual information, facilitating the classification of complex
image datasets [9,38]. Initially, the simple non-iterative clustering (SNIC) algorithm was
applied to generate superpixel segmentations. Key parameters for segmentation were
carefully calibrated, including compactness, connectivity, and split scale, which were set as
follows: compactness = (10), connectivity = (8), and split scale = (40).

Following segmentation, the random forest classifier was employed to perform image
classification. The feature set was used as the inputs. The random forest classifier parame-
ters were configured with 100 trees, and the number of variables per split was set to the
square root of the total number of input features. The sample data were randomly divided
into 70% training data and 30% validation data. Subsequently, visual interpretation cor-
rections were implemented to refine the classification by addressing misclassified objects,
thereby enhancing the accuracy of the results. Confusion matrices were generated for each
temporal period to validate the resulting S. alterniflora distribution maps from 2016 to 2022.

2.4.2. Accuracy Assessment

To evaluate the performance of the object-based random forest algorithm, four stan-
dard metrics were employed: producer’s accuracy (PA), user’s accuracy (UA), overall accu-
racy (OA), and the kappa coefficient. These metrics provided a comprehensive assessment
of classification performance. The formulas for the evaluation metrics are outlined below:

PA =
Xij

Xi∗
, (1)

UA =
Xij

Xi∗
, (2)

OA =
Sd
n

, (3)

Kappa =
OA − ∑(Xi∗×X∗j)

n2

1 − ∑(Xi∗×X∗j)
n2

, (4)

where Xij represents the count of samples classified as land cover type i that actually belong
to land cover type j; Xi∗ signifies the total count of samples classified as land cover type
i; X∗j represents the accurate count of samples correctly classified as the true land cover
type j.

2.4.3. Detecting Potential Areas of S. alterniflora Using MaxEnt

The objective of the MaxEnt model is to find a conditional probability distribution
P(y|x), where x is the input, and y is the predicted class. This is performed by maximizing
the entropy under the given constraints, leading to the following formula:

P(y|x) = 1
Z(x)

exp(∑n
i=1 λi fℶ(x, y)), (5)

where

• P(y|x): The probability of class y given input x;
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• Z(x) = Σyexp
(
Σn
ℶ=1λi fℶ(x, y)

)
: The partition function, ensuring the probabilities

sum to 1;
• λi: Model parameters or weights for each feature function, learned during training;
• fℶ(x, y): Feature functions that capture relationships between input x and output y;
• n: Number of feature functions.

(1) Model Operation

The predictive accuracy of MaxEnt is heavily influenced by the quality and quantity
of the input species distribution data. In this study, the distribution points of S. alterniflora
were derived from GEE image segmentation results for 2022, encompassing a total of
79 sample points. A zonal prediction model for S. alterniflora was constructed using these
distribution points alongside environmental variables extracted through remote sensing.
Input data were formatted as CSV and ASC files for integration into the MaxEnt framework.

To mitigate overfitting due to multicollinearity among the 33 environmental variables,
a two-step refinement process was undertaken. Initially, the contribution of each factor was
assessed using the jackknife method in MaxEnt, and variables with negligible contributions
were excluded. Subsequently, Pearson correlation analysis was applied to the remaining
variables, with highly correlated factors (r > 0.8) eliminated if their individual contributions
were low. This iterative approach resulted in the selection of nine key environmental
variables (Table 3) that exhibited significant influence on the suitability predictions for
S. alterniflora.

Table 3. Modeling parameter.

Variables Environmental Variables Dataset Unit

Bio3 Isothermality (Bio2/Bio7) (×100) Climate factor
Bio5 Max temperature of warmest month Climate factor ◦C
Bio8 Mean temperature of wettest quarter Climate factor ◦C
Bio10 Mean temperature of warmest quarter Climate factor ◦C
Bio13 Precipitation of wettest month Climate factor mm
Bio2 Mean diurnal range Climate factor
Soc Soil organic carbon content in the fine earth fraction Soil factor g/kg

Soiltype Soil type Soil factor
Seatemp Sea surface temperatures Marine factor ◦C

Prior to running the model, the maximum number of iterations was set to 500, and
the convergence threshold was adjusted to 10−5. To train and validate the model, 75% of
the dataset was randomly allocated for training, while the remaining 25% served as a test
subset [39,40]. The jackknife test was employed to identify the environmental variables
contributing most to predictive accuracy. Additionally, the model’s performance was
evaluated using the area under the receiver operating characteristic (ROC) curve (AUC).
An AUC score, ranging from 0 to 1, serves as an indicator of model precision, with higher
values reflecting superior predictive capability.

(2) Suitability Zone Classification

The suitability index (SI) for S. alterniflora was categorized into four distinct zones using
the natural break-point method [30]. These zones were defined as follows: non-suitable zone
(SI < 0.05), low suitability zone (0.05 ≤ SI < 0.2), moderate suitability zone (0.2 ≤ SI < 0.6),
and high suitability zone (0.6 ≤ SI < 1). This classification framework enhances the pre-
cision of suitability predictions by systematically refining the environmental variables
contributing to MaxEnt. Moreover, it provides a robust basis for delineating the spatial



Remote Sens. 2025, 17, 975 11 of 25

distribution of S. alterniflora, thereby improving the practical applicability of the model in
ecological management and conservation efforts.

3. Results
3.1. Accuracy Assessment of S. alterniflora Wetland Maps

The classification accuracy of S. alterniflora maps in the Bohai Sea region from 2016 to
2022 was evaluated using field survey data and validation samples obtained through man-
ual visual interpretation (Table 4). The validation dataset included 2325 points, comprising
664 S. alterniflora samples and 1661 non-S. alterniflora samples. The confusion matrix results
demonstrated that the overall accuracy of the object-based random forest classification
exceeded 92.1%, integrating multiple parameters. Notably, the producer’s accuracy and
user’s accuracy for S. alterniflora were both above 86.6% and 92.1%, respectively. These
findings underscore the effectiveness of combining Sentinel-1 and Sentinel-2 imagery, phe-
nological analysis, and joint feature indices in significantly enhancing the classification
performance of S. alterniflora.

Table 4. Accuracy assessment of the classification results for S. alterniflora.

Year Class Non-SA SA Total UA Kappa OA

2016

Non-SA 269 2 271 0.993

0.933 0.975
SA 7 85 92 0.924

Total 276 87 363 -
PA 0.975 0.977 - -

2017

Non-SA 223 4 227 0.982

0.978 0.947
SA 3 90 93 0.968

Total 226 94 320 -
PA 0.987 0.957 - -

2018

SA 248 5 253 0.98

0.879 0.952
Non-SA 12 88 100 0.88

Total 260 93 353 -
PA 0.954 0.946 - -

2019

SA 184 13 197 0.934

0.82 0.921
Non-SA 10 83 93 0.892

Total 194 96 290 -
PA 0.948 0.866 - -

2020

SA 231 8 239 0.966

0.854 0.942
Non-SA 11 80 91 0.879

Total 241 88 330 -
PA 0.955 0.909 - -

2021

SA 220 11 231 0.952

0.885 0.951
Non-SA 5 92 97 0.948

Total 225 103 328 -
PA 0.978 0.893 - -

2022

SA 231 12 243 0.951

0.888 0.953
Non-SA 4 94 98 0.959

Total 235 106 341 -
PA 0.983 0.887 - -

3.2. The Temporal and Spatial Dynamics of S. alterniflora Wetlands from 2016 to 2022

Figure 5 shows that the inter-annual changes of S. alterniflora wetland area has two
phases: (1) a small gain from 2016 to 2020 and (2) a large loss from 2020 to 2022.



Remote Sens. 2025, 17, 975 12 of 25

Remote Sens. 2025, 17, x FOR PEER REVIEW 13 of 27 
 

 

the Duliu River mouth, exhibiting fragmented distributions that gradually aggregated 
into larger, more contiguous patches. As shown in Figure 5, the spatial extent of S. alterni-
flora displayed a dynamic trend of expansion over the four-year period. Between 2016 and 
2020, the area experienced steady growth, reaching a peak of 55.81 km2 in 2020, with the 
most significant annual increase (3.97 km2) occurring between 2019 and 2020. This period 
exhibited an average annual growth rate of 2.80 km2. From 2016 to 2018, clustered patches 
emerged near the YRD. By 2018, new small patches of S. alterniflora appeared south of the 
YRD, resulting in a modest increase of 0.87 km2. In 2019, S. alterniflora experienced further 
expansion, reaching 51.84 km2, with substantial growth in the YRD, increasing from 37.06 
km2 in 2018 to 42.07 km2 in 2019—a net growth of 5.01 km2. Sparse patches in the YRD 
coalesced into stable clusters, encroaching on other wetland vegetation such as reeds and 
alkali grasses. Additional growth of approximately 1.26 km2 occurred near the southern 
Yellow River estuary. 

However, from 2020 to 2022, a pronounced decline was observed, with the area 
plummeting to 12.56 km2. The most substantial reduction occurred between 2021 and 
2022, amounting to 34.51 km2—a decrease approximately 2.74 times greater than the area 
in 2022 (see Figure 5b; dynamic attitude = 274%). The YRD saw a marked decline in S. 
alterniflora, dropping from 40.77 km2 to 11.44 km2, accounting for over 70% of the total 
reduction. The decline from 2021 to 2022 was particularly striking, representing the largest 
single-year reduction (34.51 km2) during the study period. The significant decline in S. 
alterniflora over the past two years can be largely attributed to intensified human activities, 
particularly targeted management and eradication efforts. Measures such as mechanical 
removal, chemical treatments, and habitat restoration initiatives have been implemented 
extensively to control its spread, especially in ecologically sensitive areas. These interven-
tions, driven by growing awareness of the invasive species’ ecological impact, have 
played a pivotal role in accelerating its reduction. 

 

Figure 5. The changes in area of S. alterniflora from 2016 to 2022. (a) shows the annual total area 
changes of S. alterniflora in the study region, (b) illustrates the dynamic trend of its area changes. 

3.3. The Potential Distribution Prediction of S. alterniflora 

3.3.1. Dominant Factors for the Spatial–Temporal Dynamics of S. alterniflora Wetlands 

The ROC curve and AUC value are critical for evaluating the performance of MaxEnt 
in predicting vegetation suitability [40]. The ROC curve, i.e., changes in the AUC value, 
can assess the contribution of environmental variables and optimize the model. It aids in 
selecting optimal thresholds, with varying thresholds affecting the delineation of suitable 
and unsuitable habitats [41]. A curve closer to the upper-left corner indicates superior 
predictive performance. The AUC, ranging from 0 to 1, quantifies predictive accuracy, 

Figure 5. The changes in area of S. alterniflora from 2016 to 2022. (a) shows the annual total area
changes of S. alterniflora in the study region, (b) illustrates the dynamic trend of its area changes.

In 2016, the area covered by S. alterniflora was approximately 46.6 km2, primarily
concentrated along both sides of the Yellow River estuary. Extensive patches were observed
on the eastern tidal flats of Laizhou Bay and Taiping Bay. Additionally, strip-like patches
appeared near the Yongdingxin River Bridge in Tianjin, the estuaries of Ziya Xinhe, and
the Duliu River mouth, exhibiting fragmented distributions that gradually aggregated into
larger, more contiguous patches. As shown in Figure 5, the spatial extent of S. alterniflora
displayed a dynamic trend of expansion over the four-year period. Between 2016 and
2020, the area experienced steady growth, reaching a peak of 55.81 km2 in 2020, with the
most significant annual increase (3.97 km2) occurring between 2019 and 2020. This period
exhibited an average annual growth rate of 2.80 km2. From 2016 to 2018, clustered patches
emerged near the YRD. By 2018, new small patches of S. alterniflora appeared south of
the YRD, resulting in a modest increase of 0.87 km2. In 2019, S. alterniflora experienced
further expansion, reaching 51.84 km2, with substantial growth in the YRD, increasing
from 37.06 km2 in 2018 to 42.07 km2 in 2019—a net growth of 5.01 km2. Sparse patches in
the YRD coalesced into stable clusters, encroaching on other wetland vegetation such as
reeds and alkali grasses. Additional growth of approximately 1.26 km2 occurred near the
southern Yellow River estuary.

However, from 2020 to 2022, a pronounced decline was observed, with the area
plummeting to 12.56 km2. The most substantial reduction occurred between 2021 and 2022,
amounting to 34.51 km2—a decrease approximately 2.74 times greater than the area in 2022
(see Figure 5b; dynamic attitude = 274%). The YRD saw a marked decline in S. alterniflora,
dropping from 40.77 km2 to 11.44 km2, accounting for over 70% of the total reduction. The
decline from 2021 to 2022 was particularly striking, representing the largest single-year
reduction (34.51 km2) during the study period. The significant decline in S. alterniflora over
the past two years can be largely attributed to intensified human activities, particularly
targeted management and eradication efforts. Measures such as mechanical removal,
chemical treatments, and habitat restoration initiatives have been implemented extensively
to control its spread, especially in ecologically sensitive areas. These interventions, driven
by growing awareness of the invasive species’ ecological impact, have played a pivotal role
in accelerating its reduction.

3.3. The Potential Distribution Prediction of S. alterniflora
3.3.1. Dominant Factors for the Spatial–Temporal Dynamics of S. alterniflora Wetlands

The ROC curve and AUC value are critical for evaluating the performance of MaxEnt
in predicting vegetation suitability [40]. The ROC curve, i.e., changes in the AUC value,
can assess the contribution of environmental variables and optimize the model. It aids in
selecting optimal thresholds, with varying thresholds affecting the delineation of suitable
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and unsuitable habitats [41]. A curve closer to the upper-left corner indicates superior
predictive performance. The AUC, ranging from 0 to 1, quantifies predictive accuracy,
with values closer to 1 reflecting higher model performance. An AUC between 0.9 and
1.0 signifies excellent model evaluation results. In this study, the AUC values for the training
and test sets of the optimal model were 0.972 and 0.948 in Figure 6, respectively, indicating
high model accuracy. This result effectively reflects the distribution characteristics of
S. alterniflora along the coastal areas of the Bohai Rim in China and reliably predicts its
potential distribution [42].
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Figure 6. ROC Curve of the Predicted Results of S. alterniflora Potential Habitat Area.

MaxEnt employs the jackknife method to assess the contribution of environmental
variables to the analysis results, as shown in the regularized training gain (RTG) plot
below [43]. In this plot, the blue rectangles represent the regularization gain when only the
respective variable is used for computation, while cyan rectangles indicate the regulariza-
tion gain when the model is computed excluding that variable [44]. When constructing
single-variable models, variables such as Seatemp, Bio3, Soiltype, Bio8, and Bio5 showed rel-
atively high AUC values, all exceeding 0.8 (Figure 7). Of these, Bio5 exhibited the strongest
association with the potential habitat of S. alterniflora, having the greatest influence among
the environmental variables. Other variables, such as Bio10, Nitrogen, Bio13, and Soc,
had AUC scores greater than 0.75, indicating their notable impact on the distribution of S.
alterniflora. In contrast, variables like Bio2, Cec, Dem, pH_H2O, and other variables scored
below 0.75, suggesting they have a relatively minor influence on the distribution of S.
alterniflora. According to the RTG jackknife plot results, the most influential environmental
variables are identified as the temperature of Bio5, Bio8, Soiltype, and Bio3, and Seatemp,
Bio10, Bio13, and Soc are considered to have relatively strong importance.
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3.3.2. The Response of Potential S. alterniflora Distribution to Environmental Variables

To assess the impact of environmental factors on the potential distribution of S. alterni-
flora, we applied the jackknife method to evaluate the importance of each environmental
variable [45]. Based on this analysis, nine dominant environmental factors were selected to
construct the response curve for the probability of S. alterniflora presence (Figure 8).
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maximum existence probability).

Under the influence of variations in temperature during Bio5, Bio8, Bio3, Seatemp,
Bio10, and Bio13, the probability of S. alterniflora presence generally increased before
decreasing. Specifically, as Bio5 increased, the probability rose sharply, peaking at 29.3 ◦C,
followed by a gradual then rapid decline (Figure 8a). A similar pattern was observed
for Bio8, where the maximum probability occurred at 24.2 ◦C, after which it gradually
decreased with increasing temperature (Figure 8b). The soil type response curve indicated
that S. alterniflora exhibited the highest probability of occurrence at soil type value of
165, corresponding to coastal saline soil (Figure 8c). Additionally, when Bio3 was below
20 ◦C or above 26.5 ◦C, the probability of S. alterniflora presence dropped to less than
20% (Figure 8d). For sea surface temperatures between 15 and 25 ◦C, the probability of S.
alterniflora presence exceeded 80% (Figure 8e). Bio10 showed a rapid increase in probability
from 22 ◦C, peaking at 24.8 ◦C and then sharply decreasing and approaching 0% at 27 ◦C
(Figure 8f). Similarly, as Bio13 increased, the probability of S. alterniflora presence initially
rose and then fell, nearing 0% as precipitation approached 260 mm. This decline may
be attributed to excessive rainfall causing inundation and soil hypoxia, which restricts
S. alterniflora growth (Figure 8g). The response curve for soil organic carbon content
followed an upward trend, peaking and stabilizing when the soil organic carbon content
reached 360 g/kg, indicating the highest probability of S. alterniflora occurrence at this level
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(Figure 8h). Bio2 in the range of 7.5–8.5 ◦C was identified as an optimal thermal regime for S.
alterniflora, supporting enhanced organic nutrient accumulation. This range likely balances
photosynthetic efficiency and respiratory energy demands, fostering robust growth and
nutrient storage under moderate diurnal thermal oscillations. Stable temperatures may
reduce stress on plant metabolic processes, supporting steady growth (Figure 8i).

Therefore, the most optimal and suitable growth environment for S. alterniflora com-
prises coastal saline soil, along with the following conditions: a hottest monthly temperature
ranging from 28.5 to 30 ◦C, a mean temperature of the wettest quarter between 24 and
25.5 ◦C, Bio3 between 23 and 26, a mean temperature of the warmest quarter between 24
and 26 ◦C, precipitation in the wettest quarter ranging from 180 to 250 mm, and low-lying
coastal tidal flats.

3.3.3. Potential Suitable Areas and Suitability Assessment of S. alterniflora in the Study Area

The potential habitat suitability of S. alterniflora within the study area was categorized
into four classes (Figure 9). The distribution probability of highly suitable areas for S.
alterniflora covered an area of 956.46 km2, which accounted for 1.92% of the total study area.
Moderately suitable areas encompassed an area of 4163.13 km2, constituting 8.34% of the
total study area. Low-suitability areas covered an area of 3902.87 km2, accounting for 7.82%
of the total study area. Non-suitable areas spanned an area of 40,885.2 km2, representing
81.92% of the total study area.
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Based on the analysis results of MaxEnt, it can be concluded that the coastal areas of
Liaoning Province within the Bohai Sea study area are highly unsuitable for the growth
and spread of S. alterniflora, falling into the non-suitable category. The high latitude and
unfavorable climatic conditions of Liaoning Province significantly hinder the growth of S.
alterniflora. Specifically, the relatively low average annual temperature and prolonged frost
periods present substantial challenges for the establishment and spread of this invasive
species [46]. In contrast, highly suitable areas are mainly distributed in Cao Feidian District,
Hebei Province, near Nanpu Village on the coastal tidal flats, Tianjin Binhai New Area,
Wudi County, Binzhou City, Kenli District, Dongying City, around Laizhou Bay, and near
the mouth of the Taiping Bay. Moderate- and low-suitable areas are primarily found in the
southern part of Hebei Province, Tianjin Municipality, and the coastal tidal flat areas of
Shandong Province.
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Further analysis of the potential suitable habitats for S. alterniflora revealed that the
majority of highly suitable areas are located in Shandong Province, which accounts for
82.4% of this category. Meanwhile, Hebei Province and Tianjin Municipality account for
13% and 4.5%, respectively. The predictive results also indicate that the high-incidence areas
of S. alterniflora invasion include Nanpu Village and South Beach Village in Cao Feidian
District, Hebei Province as well as Tuhai River, the YRD region, Laizhou Bay, and near the
mouth of Taiping Bay in Shandong Province. In Tianjin Municipality, high-incidence areas
include coastal waters near Hangucheng Salt Factory, near Duliujian River (around Tianjin
Binhai Shrimp Farm), and at the mouth of the Beidagang Reservoir and Ziyaxin River.

4. Discussion
4.1. Uncertainty Analysis
4.1.1. Characterization and Monitoring of S. alterniflora Wetlands from Satellite
Data Analyses

The feasibility and reliability of depicting the spread and growth of S. alterniflora in
the Bohai Sea region using phenological and Polarization features were validated using
Sentinel-1/2 remote sensing imagery and GEE processing platform. Sentinel-1, with its
polarization modes (VV and VH) and sensitivity to hydrological information [9], along
with Sentinel-2 time-series analysis, allowed for more effective identification of vegetation
phenological features [47,48], achieving good classification results in mapping coastal
salt marshes. However, certain uncertainties in this study still require further analysis
and mitigation.

Sentinel data improve Spartina alterniflora classification accuracy due to several ad-
vantages over Landsat. Sentinel-2’s higher spatial resolution (10 m vs. 30 m) enables
precise vegetation delineation, while its frequent revisit cycle (5 days vs. 16 days) enhances
phenological monitoring. The integration of Sentinel-1 SAR provides all-weather imag-
ing and structural vegetation information, improving classification robustness in coastal
wetlands. Additionally, Sentinel-2’s extended spectral range, including red edge bands,
enhances vegetation differentiation. These factors, combined with the ability to perform
high-resolution change detection, make Sentinel data superior for long-term S. alterniflora
monitoring and invasion risk assessment. However, Sentinel series data could not detect
small, fragmented patches of S. alterniflora smaller than 10 m × 10 m due to their maximum
spatial resolution of 10 m [16]. This species, with its extensive root system, salt and flood
tolerance, strong reproductive capacity, and rapid population dispersal, could experience
widespread expansion if such small patches are not promptly addressed [1]. Therefore,
further research is needed to develop a more refined method for classifying and monitoring
S. alterniflora.

In this study, object-based random forest and SNIC segmentation algorithms were used
for vegetation classification in salt marsh wetlands. The combination of these two methods
effectively improves classification efficiency. Object-oriented classification integrates spec-
tral, spatial, and contextual feature information for classification. For classification using
the RF model, multiple experiments and adjustments are required for various algorithm
parameters, such as “snic_size” and “snic_compactness”, which affect the granularity and
shape of segmentation. In this study, conservative values based on previous research
were used, resulting in fine yet irregular segmentation and slow processing speed. Future
research will address these issues to improve both classification accuracy and the integrity
of vegetation area delineation.
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4.1.2. Prediction of S. alterniflora Wetland Distribution from MaxEnt

MaxEnt was used to predict the suitability of invasive plants, determining the dis-
tribution of S. alterniflora based on environmental variables and avoiding subjectivity. In
selecting environmental variables, this study considered the species’ growth characteristics
and geographical environment, analyzing 33 environmental variables, including ocean,
climate, and soil types. Due to multicollinearity, the initial MaxEnt was overfitted, but after
screening, analysis focused on the nine most important environmental variables [32,45].
Full coverage of the study area was achieved by applying Kriging interpolation to fill gaps
in the environmental data, with a uniform data resolution of 1 km. However, applying
marine data to land data through Kriging could lead to accuracy errors, data mismatches,
and the misclassification or omission of small areas of suitable habitats for S. alterniflora,
resulting in coarse-grained imagery with jagged edges [39,45,49]. Hence, obtaining high-
precision, well-matched environmental data remains critical for producing more refined
predictions. To improve prediction accuracy, obtaining accurate distribution points of S.
alterniflora while avoiding spatial autocorrelation is essential [50]. In this study, distribution
points were visually interpreted based on GEE classification results, the literature, and field
survey data, but strong subjectivity was present, and the prior knowledge of the researcher
also influenced the determination of distribution points.

4.1.3. Comparison with Previous Studies and Classification Accuracy

The classification accuracy achieved in this study aligned well with previous research
on S. alterniflora mapping in Bohai Bay. The object-based RF classification demonstrated
high accuracy, with an overall accuracy exceeding 92% and a kappa coefficient of 0.978,
which is comparable to recent studies employing similar methodologies. This suggests that
the combination of Sentinel-1 and Sentinel-2 imagery, along with object-based classification
techniques, provides reliable results for large-scale monitoring of S. alterniflora.

Regarding distribution and area estimation, the results indicated a decline in S. al-
terniflora coverage from 46.60 km2 in 2016 to 12.56 km2 in 2022, an annual reduction of
approximately 5.67 km2. This trend is consistent with recent studies reporting contraction
in S. alterniflora extent due to intensified management efforts. However, some discrepancies
remain between predicted and observed distributions, likely due to differences in data
sources, spatial resolution limitations, and environmental variable selection. While the
Sentinel-based approach effectively captures large contiguous patches, fragmented stands
below the 10 m detection threshold may be underestimated. Future studies should explore
the integration of higher-resolution commercial satellite imagery and UAV-based field
validation to refine classification accuracy and enhance small-scale invasion detection.

4.2. Current Status and Management Recommendations for S. alterniflora Control

S. alterniflora was introduced to Bohai Bay between 1997 and 2000, making this region
the northernmost distribution area of the species in China. Since its introduction, S.
alterniflora has spread extensively across seven coastal cities in Shandong Province, notably
in the YRD, Laizhou Bay, Jiaozhou Bay, and other tidal flat ecosystems. Current control
measures in Bohai Bay primarily comprise mechanical removal, chemical treatments,
and biological interventions. Mechanical or physical control methods generally involve
mowing, plowing, and burying invasive stands. For example, a physical control initiative
in the Weihe River region of Weifang City successfully treated 280.44 ha of S. alterniflora,
achieving a removal rate exceeding 85%. Between 2016 and 2019, similar mechanical
approaches (mowing and manual uprooting) were implemented in the Tianjin Binhai
New Area along the Yongding New River tide gate, from Yiou Park to the central fishing
port, and at Dagang Li Erwan coastal beaches, covering an additional 380 ha. Chemical
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control typically involves the application of herbicides in intertidal zones [51]. In the
north side of the Yellow River estuary, short-term toxic effects on benthic organisms
have been reported, yet certain herbicides (e.g., H-aloxyfop-R-methyl) achieved over 95%
eradication effectiveness for up to three years, demonstrating substantial efficacy in areas
such as the YRD [52]. Similarly, the Beidagang Wetland Nature Reserve successfully
employed a specialized S. alterniflora-control agent with minimal environmental impact,
while Yaohe District utilized selective chemical agents across 389.3 ha, resulting in a
mortality rate above 90% [53]. Biological control strategies are typically categorized as
either biocontrol technologies (introduction of S. alterniflora natural enemies such as marsh
periwinkles, fungi, or planthoppers) [54] or biotic replacement (e.g., competitive planting
with native wetland species such as reeds or mangroves) [55]. Although some experiments
with natural enemies have shown limited success [56], native vegetation competition
has demonstrated the potential to reduce S. alterniflora expansion [57]. Additionally, S.
alterniflora confers certain ecological benefits, including the absorption of heavy metal
ions, which should be factored into any integrated management approach tailored to local
conditions [58].

Spurred by the urgency of S. alterniflora control, multiple jurisdictions surrounding Bo-
hai Bay enacted special policies and allocated funding to support eradication programs [56].
In 2020, Shandong Province issued a comprehensive prevention and control plan; by Au-
gust 2022, the removal rate in Qingdao exceeded 99.9%. Public records from the Chinese
government procurement website (https://www.ccgp.gov.cn/) indicate that from 2020
to 2023, Shandong Province allocated CNY 16.73 billion for S. alterniflora management,
while Tianjin earmarked CNY 5.73 million in 2018 and CNY 5.09 million in 2020. In 2023,
Cangzhou City (Hebei Province) launched a marine ecological protection and restoration
project, dedicating CNY 1.35 million explicitly to S. alterniflora control, including site-specific
vegetation selection and planting techniques. Spatiotemporal analyses indicate that, since
2020, S. alterniflora invasions have declined markedly throughout Bohai Bay, reflecting
the collective effectiveness of existing measures. Nevertheless, persistent monitoring and
rigorous follow-up strategies remain essential to prevent re-establishment, particularly in
ecologically sensitive areas. Further efforts to refine integrated management—combining
mechanical, chemical, and biological controls with targeted ecological restoration—will be
critical for the long-term suppression of S. alterniflora and the protection of coastal wetland
ecosystems in Bohai Bay.

4.3. Potential Suitable Areas and Key Regions of Concern for S. alterniflora

An analysis of S. alterniflora habitats highlighted Shandong Province as the most
vulnerable area, representing 82.4% of the highly suitable regions, followed by Hebei (13%)
and Tianjin (4.5%). High-risk zones, including the YRD, Laizhou Bay, and Taiping Bay, owe
their susceptibility to nutrient-rich sediments from the Yellow River, flat terrain, and low
elevation, which promote the species’ proliferation [41,50,56,57]. These areas are critical for
targeted management efforts to curb its spread. In the YRD, a combination of physical (e.g.,
mowing, deep plowing, and burial) and chemical methods has resulted in eradication rates
exceeding 90% [58], with a reduction in coverage area from 42.02 km2 in 2019 to 12.56 km2

by 2022 (see Figure 10A).
The management of S. alterniflora in Laizhou Bay delivered outstanding results, with

the infested area declining from 5.46 km2 in 2017 to 2.02 km2 in 2022 (see Figure 10B). This
success underscores the effectiveness of a coordinated and adaptive management model,
where a combination of seasonal interventions—including winter mowing, plowing, chem-
ical treatments, and environmental toxicity assessments—has significantly refined regional
control strategies [57]. The bay-level approach, which prioritizes local responsibility and

https://www.ccgp.gov.cn/
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fosters collaborative action, has played a crucial role in halting the spread of S. alterni-
flora. Moreover, the continuous monitoring and evaluation of pilot projects emphasize the
importance of evidence-based decision making in effective management [59,60].
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Similarly, in Tianjin Binhai New Area, the application of specialized, eco-friendly
herbicides in tidal flats has proven to be highly effective, minimizing non-target impacts
while achieving substantial mortality rates in S. alterniflora. Complementary efforts, such
as the reintroduction of native plant species like reed, have been pivotal in restoring the
Tianjin coastal wetland ecosystem and curbing further spread of the invasive species [61].
These combined efforts have expedited the removal of S. alterniflora, reducing the infested
area from 4.32 km2 in 2016 to 1.71 km2 in 2021, a reduction of 60.4% (see Figure 10C). This
highlights the critical value of integrating ecological restoration with invasive species man-
agement for long-term success. Despite these significant achievements, challenges remain.
The resurgence of S. alterniflora in Tianjin, where the infested area rebounded to 2.97 km2 by
2022, reveals the ongoing need for improvement. Notably, the resurgence is concentrated in
the coastal tidal flats of Beitang Port and along the stretch between Ji Yun Fourth Road and
Beigang Road in the Tianjin Free Trade Zone, where the area increased by approximately
0.514 km2, accounting for 40.8% of the total re-expansion. A key limitation impeding
continued progress is the absence of continuous, high-resolution monitoring systems [9,60].
To address this, the establishment of a comprehensive monitoring framework—leveraging
advanced technologies such as drones and remote sensing for early detection and precise
tracking—is essential for ensuring the sustained effectiveness of control efforts.

In conclusion, while the efforts to manage S. alterniflora in both Laizhou Bay and
Tianjin Binhai New Area have shown substantial success, the persistence of challenges,
particularly related to long-term surveillance, calls for further refinement of monitoring
strategies and the continued integration of innovative technologies to ensure sustained
control and restoration of coastal ecosystems. Another area for improvement lies in the
limited scope and intensity of eradication efforts in some regions. Small-scale pilot projects
have demonstrated success but lack scalability [62]. Expanding these initiatives through
inter-regional cooperation and concentrated eradication campaigns is essential to eliminate
residual populations and prevent reinvasion. Additionally, reliance on single-method
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approaches, particularly chemical control, poses risks to non-target organisms and ecosys-
tems. Developing integrated strategies that combine physical, chemical, and biological
techniques alongside the use of native vegetation competition and hydrological restoration
will enhance long-term efficacy [63].

By learning from successful practices in the Bohai Sea region and addressing identified
gaps, a more holistic, sustainable, and effective framework for S. alterniflora management
can be developed. This approach will not only curb the invasive species but also restore
and protect the ecological integrity of the region’s valuable coastal wetlands [55,57,64].

5. Conclusions
Accurately monitoring and predicting S. alterniflora invasions in China’s higher-

latitude coastal zones are vital for safeguarding biodiversity, restoring ecosystem resilience,
and mitigating ecological threats. This study harnessed the GEE platform alongside multi-
year Sentinel-1 and Sentinel-2 imagery to map S. alterniflora in Bohai Bay via an object-based
random forest classification. Between 2016 and 2022, the temporal dynamics of S. alterniflora
coverage showed a two-phase dynamic: (1) a moderate gain from 46.60 km2 in 2016 to
55.81 km2 in 2020 and (2) a substantial loss from 2020 to 12.56 km2 in 2022. Notably, nearly
60% of S. alterniflora was concentrated in Shandong Province’s YRD. To forecast potential
invasion zones, we employed MaxEnt, which incorporated climatic (Bio5, Bio8, Bio3, Sea
Surface Temperature, and Bio10), soil, topographic, and marine environmental variables.
The results pinpointed average temperatures of 24–30 ◦C during warm and humid seasons,
precipitation ranging from 180 to 250 mm in the wettest quarter, and low-lying coastal saline
soils as optimal conditions. These findings elucidate S. alterniflora’s ecological preferences
and highlight the critical environmental determinants shaping its distribution in Bohai Bay.
By providing a nuanced understanding of S. alterniflora’s spatial patterns and temporal
dynamics, this study offers a foundation for informed ecological management and targeted
eradication strategies. Future investigations could refine detection accuracy by integrating
higher-resolution satellite data, multi-source information, and UAV-based LiDAR, thereby
enhancing mapping precision and facilitating effective monitoring of eradication initiatives.
Additionally, coupling remote sensing datasets with crowdsourced or policy-related infor-
mation could offer deeper insights into the socio-economic and ecological ramifications of
S. alterniflora invasions. Such an interdisciplinary approach could pave the way for rapid,
evidence-based solutions to prevent the recurrence and reinvasion of this high-impact
invasive species.

This study addresses a critical research gap by delivering a high-resolution, multi-
temporal analysis of S. alterniflora dynamics in Bohai Bay, a previously underrepresented
region, achieving a 92% classification accuracy through the integration of MaxEnt model-
ing and remote sensing data. Future research could enhance precision by incorporating
higher-resolution satellite data (e.g., WorldView and GaoFen), UAV-based LiDAR, and
hyperspectral imagery, while interdisciplinary approaches integrating socio-economic and
policy data could provide deeper insights into invasion impacts and management efficacy.
By advancing the understanding of S. alterniflora’s spatial-temporal dynamics and ecolog-
ical drivers, this study lays the groundwork for evidence-based conservation strategies,
leveraging cutting-edge technologies to address invasive species challenges and ensure
sustainable ecosystem recovery in coastal regions.
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Appendix A

Table A1. Environmental variables for model analysis.

Code Environmental Variables Unit Dataset Source

Bio1 Annual mean temperature ◦C

Climate
factor

BIOCLIM WorldClim
2.1 dataset within the
WorldClim database
(https://worldclim.org/,
accessed on 15 April 2024)

Bio2 Mean diurnal range (mean of
monthly (max temp–min temp))

◦C

Bio3 Isothermality (Bio2/Bio7) (×100)

Bio4 Temperature seasonality (standard
deviation ×100)

Bio5 Max temperature of warmest month ◦C
Bio6 Min temperature of coldest month ◦C

Bio7 Temperature annual range
(Bio5–Bio6)

◦C

fBio8 Mean temperature of wettest quarter ◦C
Bio9 Mean temperature of driest quarter ◦C
Bio10 Mean temperature of warmest quarter ◦C
Bio11 Mean temperature of coldest quarter ◦C
Bio12 Annual precipitation mm
Bio13 Precipitation of wettest month mm
Bio14 Precipitation of driest month mm

Bio15 Precipitation seasonality (coefficient
of variation)

Bio16 Precipitation of wettest quarter mm
Bio17 Precipitation of driest quarter mm
Bio18 Precipitation of warmest quarter
Bio19 Precipitation of coldest quarter mm

Dem Elevation m
Terrain
factor

ASTER GDEM digital
elevation data
(https://www.gscloud.cn/,
accessed on 18 April 2024)

Slope Slope ◦

Cec Cation exchange capacity of the soil cmol©/kg

Soil factor
SoilGrids global soil dataset

(https://soilgrids.org/,
accessed on 26 April 2024)

pH_H2O Soil pH pH
Nitrogen Total nitrogen (N) g/kg

Ocd Organic carbon density kg/dm3

Ocs Organic carbon stocks kg/m2

Clay Proportion of clay particles
(<0.002 mm) in the fine earth fraction g/100 g (%)

Sand Proportion of sand particles
(>0.05 mm) in the fine earth fraction g/100 g (%)

Soc Soil organic carbon content in the fine
earth fraction g/kg

Silt
Proportion of silt particles

(≥0.002 mm and ≤0.05 mm) in the
fine earth fraction

g/100 g (%)

Soiltype Soil type

Seatemp Sea surface temperatures ◦C
Marine
factor

Sentinel-3 SLSTR (https:
//earthengine.google.com/,

accessed on 26 April 2024)
ImageCollection

(“COPERNICUS/S3/OLCI”)

Seasalt Seawater salinity % the Global Ocean Data
Assimilation Experiment

https://worldclim.org/
https://www.gscloud.cn/
https://soilgrids.org/
https://earthengine.google.com/
https://earthengine.google.com/
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