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Abstract: Coastal wetlands are critical for global biodiversity and ecological stability, yet the invasive Spartina 
alterniflora (S. alterniflora) poses severe threats to these ecosystems. This study evaluates the effectiveness of 
management efforts targeting S. alterniflora in the Yellow River Delta (YRD) using Zhuhai-1 hyperspectral 
imagery and the U-Net method. The U-Net model, coupled with the Relief-F algorithm, achieved superior 
extraction accuracy (Kappa > 0.9, overall accuracy 93%) compared to traditional machine learning methods. 
From 2019 to 2021, S. alterniflora expanded rapidly, increasing from 4,055.06 hm² to 6,105.50 hm², primarily in 
tidal flats and water bodies. A clearing project reduced its extent to 5,063.62 hm² by 2022, and by 2023, only 
0.55 hm² remained. These results underscore the effectiveness of Shandong’s management policies but 
highlight the risk of regrowth due to the species' resilience. Continuous monitoring and maintenance are 
essential to prevent resurgence and ensure wetland restoration. This study offers critical insights into dynamic 
vegetation monitoring and informs conservation strategies for wetland health. 

Keywords: S. alterniflora; Zhuhai-1 hyperspectral imagery; U-Net; Relief-F 
 

1. Introduction 

Coastal wetlands are vital ecosystems that protect shorelines, support biodiversity, improve 
water quality, and store carbon, making them crucial for both environmental health and human well-
being [1,2]. However, as ecologically sensitive areas, coastal wetlands are particularly susceptible to 
invasion by alien species—a susceptibility further exacerbated by increased human activity and 
global environmental changes [3]. S. alterniflora, commonly abundant in the coastal areas of the 
Atlantic, was introduced into China in the 1980s for coastal ecosystem restoration purposes [4,5]. The 
invasion of S. alterniflora harms coastal wetlands by outcompeting native species [3], altering 
hydrology, reducing biodiversity, and degrading critical habitats for wildlife [6]. Recognizing its 
threat, S. alterniflora was successively listed in the "First Batch of Invasive Alien Species in China" in 
2003 and the "Catalogue of Key Managed Invasive Alien Species" in 2023 [7]. 

To address this issue, The National Forestry and Grassland Administration, along with four 
other ministries and relevant departments of the State Council, formulated the "Special Action Plan 
for the Control of S. alterniflora (2022-2025)" (referred to as the "Plan"). The Plan aims to achieve 
effective nationwide management of S. alterniflora by 2025, with each province attaining a removal 
rate of over 90%. Therefore, rapidly, accurately, and comprehensively understanding the dynamics 
of S. alterniflora removal and its management effectiveness is crucial. This knowledge provides 
essential baseline information for the controlling and managing of S. alterniflora, instrumental in 
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formulating scientific policies that protect ecological security and promote the sustainable 
development of coastal wetlands. 

Monitoring S. alterniflora is challenging due to its rapid spread, dense growth, and the vast and 
often inaccessible coastal areas it occupies [8,9]. Remote sensing technology allows for efficient and 
accurate tracking of S. alterniflora over large areas, providing critical insights for effective 
management and control strategies [10,11]. Early remote sensing applications on S. alterniflora 
detection primarily relied on optical imagery with medium spatial resolution, such as Landsat 
MSS/TM/ETM+/OLI [12–14] and SPOT-1/2/3 [15–17], While these methods offered valuable insights, 
they were sometimes limited due to constraints in spatial resolution and weather conditions. With 
the deployment of high-resolution satellite sensors, researchers have achieved more detailed 
monitoring of S. alterniflora in coastal areas of China, including the YRD [18,19], Pearl River Delta 
[20,21] and Zhangjiang Estuary [22]. This has resulted in more precise mapping and enhanced 
management of its invasion. However, high-resolution data in S. alterniflora mapping may face 
limitations including high cost, large data volumes, and challenges in differentiating between species 
in densely vegetated areas [23]. Recent innovations, including multispectral and hyperspectral 
imaging, have further enhanced the capacity to distinguish S. alterniflora from native vegetation and 
accurately monitor its distribution [24,25]. Advancements in satellite technology and miniaturization 
have made hyperspectral imaging more accessible, with compact sensors now being used on drones 
and small satellites [26]. The Zhuhai-1 hyperspectral satellite represents a significant milestone in this 
progression. By providing high-resolution, detailed spectral data, Zhuhai-1 enhances our ability to 
monitor and analyze the change characteristics of S. alterniflora with greater accuracy. Its data is 
crucial for applications such as coastal environment monitoring, offering valuable insights that 
support effective decision-making and resource management. 

In addition to the resolution of sensor, the effectiveness of image processing techniques and 
algorithms, further impact the precision of the interpretation. Research on remote sensing methods 
for identifying S. alterniflora has progressed from traditional pixel-based approaches [14] to advanced 
techniques, including Object-Based Image Analysis [27], and machine learning algorithms like 
Support Vector Machines (SVM) [28,29] and Random Forests (RF) [30,31]. These methods improve 
detection accuracy and monitoring of this invasive species but struggle with the increasing 
complexity and volume of remote sensing data, particularly in high-resolution and multispectral 
imagery. The advent of deep learning, particularly with Convolutional Neural Networks (CNNs), 
marked a significant turning point [32]. CNNs introduced the ability to automatically extract 
hierarchical features from raw image data, significantly enhancing classification accuracy and 
efficiency [33]. However, CNNs in remote sensing image classification are limited by their inability 
to produce dense, pixel-level predictions [34]. This limitation is addressed by Fully Convolutional 
Networks (FCNs), which use fully convolutional architectures to enable precise pixel-wise 
segmentation [35]. Nevertheless, FCNs struggle with coastal wetlands due to their gradual transitions 
and unclear boundaries, leading to reduced accuracy in pixel-wise classification as spatial 
connections and spectral features are inadequately captured. Impressively the U-Net model, 
originally for biomedical image segmentation, excels in wetland remote sensing due to its symmetric 
encoder-decoder structure. It provides precise localization and contextual understanding by 
capturing high-level features and reconstructing spatial resolution [36–38]. Li, et al. [39] used U-Net 
with Sentinel-2A&B images for salt marsh wetlands mapping in South Carolina's estuary. Qin, et al. 
[40] applied U-Net to Zhuhai-1 hyperspectral images for more accurate small waterbody extraction, 
compared to SVM and the normalized waterbody index. Huang, et al. [41] utilized GF-2 images and 
U-Net model to study habitat changes and species competition in the China's Yellow and Bohai Sea 
Bird Nature Reserve. The U-Net model significantly enhances remote sensing classification in coastal 
wetlands by providing precise segmentation and detailed identification of land cover types and 
vegetation species, thereby further improving the accuracy of detecting invasive species. 

S. alterniflora was first introduced into the YRD in late 20th century with the initial purpose of 
enhancing soil stabilization and increasing the ecological value of the wetlands [42]. However, due 
to its high growth rate and competitive nature, S. alterniflora rapidly colonized large areas of the delta, 
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outcompeting native vegetation and altering the local ecosystem. In 2020, the Department of Natural 
Resources of Shandong Province, along with four other departments, jointly issued the 
Implementation Plan for the Prevention and Control of S. alterniflora in Shandong Province (2020-
2022), aiming to establish a replicable and promotable control model for S. alterniflora in China's 
northern intertidal zones. Building on this foundation, in 2023, Shandong Province launched the 
"Action Plan for the Prevention and Control of S. alterniflora in Shandong Province (2023-2025)", 
aiming to curb its growth and prevent resurgence, with the goal of eradication within three years.  

Accordingly, timely and accurate monitoring of S. alterniflora clearance and resurgence, along 
with evaluating the effectiveness of control projects, is crucial for managing S. alterniflora and 
protecting coastal wetland ecological security in Shandong Province. Therefore the objectives of this 
study are to quantify the dynamics of S. alterniflora invasion during the implementation of multiple 
control policies in the YRD; analyze the variations in habitat patterns, interspecific competition, and 
the characteristics of shifts in habitat types; evaluate both the effectiveness and challenges of 
managing S. alterniflora invasion in the YRD. 

2. Materials and Methods 

2.1. Study Area 

The YRD, situated in Eastern China, is one of the largest deltas in China, formed by the mouth 
of the Yellow River. The nature reserve spans approximately 1.53 × 105 hm2 and is located between 
37°35′ and 38°12′ N and 118°33′ and 119°20′ E (Figure 1). This region features flat terrain with fertile 
soil, serving as a significant agricultural zone. The sediment deposition from the Yellow River has 
led to the development of a unique wetland ecosystem, that supports a wide variety of flora and 
fauna. A typical subtropical monsoon climate prevails over the region, with the mean annual 
temperature and precipitation ranging from 11.7 to 12.6°C and 530 to 630 mm. 

The common intertidal plants in this study area include S. alterniflora, Reed, Suaeda, and Tamarisk 
[43]. In 1992, the Chinese government established the Yellow River Delta National Nature Reserve 
(YRDNNR), the country's largest wetland nature reserve, to provide a crucial stopover and breeding 
habitat for globally endangered bird species. The reserve was designated as a Ramsar site on October 
8, 2013, highlighting its global importance as a critical habitat. The YRD is characterized by its 
dynamic nature and vital ecological functions, making the preservation of its wetland resources a 
major focus for scientists and local authorities. 

 
Figure 1. Locations of Study area. 

2.2. Data and Processing 

Hyperspectral imagery of the study area, acquired without cloud interference by Orbita Hyper 
Spectral (OHS) from 2019 to 2023, was downloaded from the Orbita Aerospace 
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(https://www.obtdata.com/). The Zhuhai-1 satellite constellation, operated by Zhuhai Orbit 
Aerospace Technology Company Ltd, is a commercial micro-nano satellite constellation with 34 
satellites, with the first group launched on June 15, 2017. Currently, 12 satellites are in orbit, including 
four hyperspectral ones. These hyperspectral satellites—the only commercial ones in China to 
complete launching and networking—cover 32 bands from 400 to 1000 nm, with a spatial resolution 
of 10 m and a spectral resolution of 2.5 nm. The bands are uniformly distributed across the visible 
light and near-infrared spectrum, facilitating the extraction of diverse vegetation types by leveraging 
subtle spectral discrepancies between S. alterniflora and other vegetation species. The preprocessing 
of the hyperspectral images involved three steps. Initially, radiometric calibration was performed to 
mitigate sensor-related errors in the preprocessing of hyperspectral images. Following this, 
atmospheric correction was applied to the images to reduce the influence of atmospheric and 
radiometric factors on surface reflectance. Subsequently, orthorectification of the images was 
conducted to rectify geometric distortions in the original remote sensing data. Lastly, image cropping 
was applied to obtain the study area images. The above operations were carried out using ENVI 5.6 
software. 

Table 1. Parameters of Zhuhai-1 hyperspectral imagery. 

Satellite 
Name 

Imaging 
Sensor 

Spatial 
Resolution Date/Time Cloud( %) 

HCM2 CCD1 10m 20190819 3% 
HDM1 COMS1 10m 20200930 1% 
HEM1 CMOS2 10m 20210908 8% 
HFM1 COMS2 10m 20220724 4% 
HAM2 CMOS3 10m 20230930 1% 

The reference data consists of a point dataset derived from ground-truth samples and visual 
interpretation of publicly available high-resolution historical imagery from 2019 to 2023. High-
resolution images, with a spatial resolution of less than 1 m, were acquired from the Google Earth 
platform to support the creation of these reference datasets. During the visual interpretation of the 
reference points, existing literature on S. alterniflora mapping in the YRD [18,44] was also consulted 
to accurately assign land cover types to each reference point. To gather ground-truth samples, two 
rounds of ground surveys were conducted, one in July 2023 and another in June 2024.  

2.3. Methodology 

2.3.1. Feature Analysis 

Spectral indices have been proved to significantly impact the accuracy of classification outcomes. 
To fully exploit the vegetation community characteristics embedded in hyperspectral remote sensing 
imagery, we extracted the spectal reflectance, the vegetation indices and texture features derived 
from the spectal reflectance. The first principal component of the original images contains more 
feature information than any single band image; therefore, the gray-level co-occurrence matrix 
(GLCM) texture features were extracted based on the first principal component of the original 
imagery. Specifically, the study utilized the GLCM method to extract eight texture features from 
Zhuhai-1 hyperspectral images, including mean, variance, homogeneity, dissimilarity, contrast, 
entropy, angular second moment, and correlation. In total, 20 spectral indices and 8 texture features 
were ultimately extracted. 

Table 2. Formulas for vegetation and texture feature indices. 

 Index Formula Index Formula Index Formula 

Spectral  

Feature 
NDVI 

𝐵27 − 𝐵13𝐵27 + 𝐵13 CCI 
𝐵6 − 𝐵12𝐵6 + 𝐵12 NDre1 

𝐵19 − 𝐵16𝐵19 + 𝐵16 

EVI 
2.5 ∗ (𝐵27 − 𝐵12)𝐵27 + 6 ∗ 𝐵12 − 7.5 ∗ 𝐵3 + 1 PRI 

𝐵6 − 𝐵9𝐵6 + 𝐵9 NDre2 
𝐵22 − 𝐵16𝐵22 + 𝐵16 
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NDWI 
𝐵7 − 𝐵27𝐵7 + 𝐵27 RVI 

𝐵27𝐵13 CIre 
𝑏22𝑏16 − 1 

GVI 
𝐵27𝐵7  DVI B27-B13 PSRI 

𝐵25 − 𝐵4𝐵19  

RSVI 
𝐵27 − 𝐵13(𝐵27 + 𝐵13) ∗ 𝐵27 − 𝐵3𝐵27 + 𝐵3 NDVIre1 

𝐵27 − 𝐵16𝐵27 + 𝐵16 SRredge 
𝐵22𝐵18 

GNDVI 
𝐵22 − 𝐵7𝐵22 + 𝐵7 NDVIre2 

𝐵27 − 𝐵19𝐵27 + 𝐵19 SR1 
𝐵27𝐵13 

MTCI 
𝐵27 − 𝐵16𝐵16 + 𝐵13 NDVIre3 

𝐵27 − 𝐵21𝐵27 + 𝐵21   

Texture 
Features 

Variance ෍ ෍(𝑖 − 𝑢)ଶே೒ିଵ
௡ୀ଴

ே೒ିଵ
௡ୀ଴ 𝑝(𝑖, 𝑗) Mean ෍ ෍ 𝑃(𝑖, 𝑗) ∗ 𝑖ே೒ିଵ

௝ୀ଴
ே೒ିଵ
௜ୀ଴  

Dissimilarity ෍ 𝑛ே೒ିଵ
௡ୀ଴ ［ ෍ ෍𝑝(𝑖, 𝑗)ଶே೒

௝ୀଵ
ே೒
௜ୀଵ|୧ି୨|ୀ୬

］ Contrast ෍ 𝑛ଶே೒ିଵ
௡ୀ଴ ［ ෍ 𝑐𝑐ே೒

௜ୀଵ|୧ି୨|ୀ୬
］ 

Homogeneity ෍ ෍ 11 + (𝑖 − 𝑗)ଶே೒ିଵ
௝ୀ଴

ே೒ିଵ
௜ୀ଴ 𝑝(𝑖, 𝑗) Correlatio

n 
቎ ෍ ෍ (𝑖𝑗)𝑝(𝑖, 𝑗) −ே௚ିଵ

௡ୀ଴
ே௚ିଵ
௡ୀ଴ 𝜇௫𝜇௬቏ /𝜎௫𝜎௬ 

Angular Second 
Moment ෍ ෍ሾ𝑝(𝑖, 𝑗)ሿଶே೒ିଵ

௡ୀ଴
ே೒ିଵ
௡ୀ଴  Entroy ෍ ෍ 𝑝(𝑖, 𝑗)ே೒ିଵ

௡ୀ଴
ே೒ିଵ
௡ୀ଴ 𝑙𝑜𝑔ሾ𝑝(𝑖, 𝑗)ሿ 

2.3.2. Feature Selection 

High-dimensional data enhance classification but increase computational costs and risk reduced 
accuracy due to the curse of dimensionality [45]. Thus, feature selection improves both efficiency and 
accuracy in multi-dimensional datasets. Relief-F is a widely used feature selection algorithm that 
assesses the importance of features based on their ability to differentiate between nearby instances. 
It operates by iteratively sampling instances from the dataset and updating the relevance scores of 
the features. The core idea is to find feature values that differentiate between instances of different 
classes especially focusing on near-hit and near-miss instances. Additionally, the algorithm is robust 
to interactions between features and can handle both discrete and continuous data. 

Let W[A] denote the weight of feature A. The update rule for the weight of feature A is given 
by: 

W [A] = W[A] - 1
m

 ∑ (
diff൫A,Ri,  nearhit(Ri)൯

k
-∑ P(C)

1-P(class(Ri))
diff(A,Ri,near_miss(Ri,C))

kC≠class(Ri) )m
i=1 (1) 

Where diff (A, Ri, N) measures the difference between the values of feature A for instances Ri and N, 
near_hit (Ri) is the set of k nearest neighbors of Ri from the same class, near_miss (Ri, C) is the set of 
k nearest neighbors of R from class C, P(C) is the prior probability of class C.  

 
Figure 2. Relief-F feature ranking chart. 

As shown in Figure 2, among the top 20 most important features, there are17 spectral features, 
2 vegetation indices and 1 texture feature. The most significant vegetation index is NDVIre1. Red-
edge indices play a pivotal role in classification, consistently ranking high in importance. Meanwhile, 
the most important texture feature is the Mean. Conversely, among the 20 lowest-ranking features, 
there are 9 spectral bands, 7 texture features, and 4 vegetation indices. Overall, the importance of 
other texture features ranks relatively low, suggesting those features derived from 10m resolution 
remote sensing imagery contribute minimally to differentiating S. alterniflora communities from 
native plant communities. 
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To further evaluate feature significance, the ranked features were grouped into six categories. A 
U-Net model was then used to classify each group. By progressively adding these feature groups, the 
model’s classification accuracy was analyzed. This approach helped identify the optimal number of 
features required for accurate classification. 

2.3.3. Generate the Training Data 

According to field surveys and the wetland descriptions of previous literature in the YRD. The 
main types of wetland vegetation in the area include S. alterniflora, Reed, Tamarix, and Suaeda. In 
addition to these vegetation types, the region also covers with other land cover types such as water 
body, cropland, and tidal flat. Detailed information of the image features and classification criteria 
for these land cover types is provided in Table 3. 

Table 3. The classification system for mapping wetlands in YRD. 

Types Image 
Example 

Image feature Photograph 
of the scene 

S. alterniflora 

 

These species thrive in intertidal zones, 
forming dense communities that appear 

vibrant red in images, while low coverage 
areas with high water content appear deep 

red. 

 

Tamarix 

 

Tamarix shrubs, sparsely distributed and 
mixed with Reeds and alkali-resistant plants, 

thrive in high-tide areas of the intertidal 
zone, appearing as a dark red network in 

imagery. 

 

Suaeda 

 

It exhibits a light red hue, characterized by a 
more uniform distribution, predominantly 
occupying regions with elevated salinity 

levels 
 

Reed 

 

Reed dominate the freshwater habitat, with 
sparse Tamarisk and a decline of S. alterniflora, 
appearing as dark red shades in late autumn 

imagery. 
 

Tidal flat 

 

Located along the high-water mark of 
exposed beaches, these areas appear white 
or light gray in imagery due to low water 
content, soil salinization, and strong light 
reflection. 

 

Cropland 

 

Its form is consistent and texture fine, 
resulting in a bright red appearance in the 

imagery.  

Water body 

 

These features include aquaculture ponds, 
reservoirs, rivers, and open ocean, all 

appearing blue in the imagery.  

Deep learning training data was generated annually using object-oriented segmentation 
combined with random forest classification. Following this, visual precision correction was 
performed on the RF classification results. First, misclassifications were identified by comparing them 
with high-resolution data, and manual corrections were then applied. All operations were conducted 
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in ArcGIS 10.9. Lastly, the corrected classified results were exported in TIFF format, which served as 
labels for deep learning training. 
2.3.4. U-Net Training and Prediction 

The U-Net model is a deep learning architecture designed for image classification, utilizing an 
encoder-decoder framework (Figure 3). The encoder path extracts features by reducing spatial 
resolution, while the decoder path restores resolution through upsampling, using skip connections 
to retain detailed information. This approach allows the model to effectively capture both global 
context and local details, making it highly suitable for pixel-level classification tasks. 

 

Figure 3. U-Net model structure diagram. 

The composite images which covered the whole study area of the S. alterniflora and the training 
data were split into the size of 32 x 32 pixels. Three parameters should be set before training: initial 
learning rate, training batch size, and training epoch, Based on the previous studies and our 
experiments in this research, we have set the initial learning rate to 0.01, the training batch size to 8 
and the training epoch to 300. Besides, two evaluation metrics, accuracy and loss, are utilized to assess 
the training model. The optimal model is the one with the highest accuracy value and lowest loss 
value. 
2.3.5 Accuracy Assessment 

A confusion matrix was created for annual land cover map of the YRD. We applied four 
evaluation metrics, i.e., producer’s accuracy (PA), user’s accuracy (UA), overall classification 
accuracy (OA), and kappa coefficient, to assess the accuracy of identified S. alterniflora from 2019 to 
2023. The above indices were also used to evaluate the accuracy of the U-Net model in comparison 
with traditional machine learning models, such as SVM and RF. The specific formulas are as follows: 

PA=
Xij

Xi*
                                    (2) 

UA=
Xij

Xi*
                                   (3) 

OA= Sd
n

                                   (4) 

Kappa=
OA - 

∑ (Xi*×X*j)

n2

1 - 
∑ (Xi*×X*j)

n2

                           (5) 

where X୧୨ represents the count of samples classified as land cover type i, which actually belong to 
land cover type j; 𝑋௜∗  signifies the total count of samples classified as land cover type i; 𝑋∗௝ 
represents the accurate count of samples correctly classified as the true land cover type j. 
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3. Results 

3.1. Feature Selection and Accuracy Assessment 

To evaluate the performance of the U-Net method, the 2020 hyperspectral image was used as an 
example. The original data without feature selection was classified using SVM, RF, and U-Net to 
compare their performance. Subsequently, the U-Net model was applied to classify multidimensional 
features selected through the Relief-F method to validate its effectiveness. The features ranked by 
importance in Section 2.3.2 were divided into six groups, and classification was conducted for each 
group using the U-Net model (Table 4). The results indicate that classification accuracy increases with 
the number of features, peaking at Group 4 with 40 features, and then gradually declining, suggesting 
that Group 4 is the optimal feature dataset. 

Table 4. Grouping and classification accuracy. 

Group Number of Features Classification Accuracy 
1 10 0.877 
2 20 0.891 
3 30 0.905 
4 40 0.930 
5 50 0.905 
6 60 0.898 

Figure 4 presents the classification results of the original hyperspectral imagery using SVM, RF, 
SVM, and U-Net, as well as those obtained using the optimal feature dataset with the U-Net model. 
The land cover distribution patterns are generally consistent across the four classification schemes. 
However, the classification results from SVM and RF exhibit a more pronounced "salt-and-pepper" 
effect (Figure 4a, b). In contrast, U-Net effectively reduces this noise by capturing spatial-contextual 
information, thereby enhancing the quality of hyperspectral image classification. Examination of the 
confusion matrices for the four classification models (Table 5) reveals that U-Net achieves superior 
classification performance compared to SVM and RF when using the original hyperspectral imagery. 
Moreover, the U-Net model based on the Relief-F optimal feature dataset outperforms the U-Net 
method using the original hyperspectral data. This optimized U-Net model was then applied to 
classify imagery from 2019, 2021, 2022, and 2023, achieving an overall accuracy above 90% for each 
year, thus meeting the required standards. 
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Figure 4. Comparison of image classification results from different methods in 2020. (a) SVM; (b) RF; (c) U-Net; 
(d) U-Net + Relief-F. 

Table 5. Accuracy validation results of four different methods using confusion matrices. 

 
SVM RF 

U-Net U-Net + 
Relief-F 

PA UA PA UA PA UA PA UA 
Water body 0.860 0.895 0.870 0.936 0.903 0.880 0.931 0.984 
S. alterniflora 0.904 0.876 0.909 0.923 0.910 0.852 0.921 0.957 

Tidal flat 0.734 0.772 0.801 0.799 0.832 0.821 0.886 0.839 
Reed 0.836 0.868 0.874 0.870 0.883 0.842 0.896 0.960 

Cropland 0.946 0.835 0.946 0.815 0.940 0.930 0.934 0.919 
Suaeda 0.959 0.859 0.961 0.874 0.930 0.879 0.935 0.891 

Tamarisk 0.492 0.944 0.492 0.896 0.789 0.732 0.917 0.925 
OA 0.859 0.878 0.913 0.930 

Kappa 0.863 0.849 0.902 0.912 

The performance of the U-Net model during training, based on the optimal feature dataset, is 
shown in Figure 5. As illustrated, the model demonstrated robust classification performance, with 
the training process converging after approximately 250 epochs and stabilizing at a loss value close 
to 0.01. These results indicate that the model was well-trained and achieved high classification 
accuracy. 
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Figure 5. Curves of U-Net model accuracy and loss value. (a): Accuracy value curves; (b): Loss value curves. 

3.2. Temporal and Spatial Changes of S. alterniflora in YRD 

The maps of plant communities in the YRD provide a clear and comprehensive depiction of the 
distribution of main vegetation types in the study area, such as S. alterniflora, Reed, Suaeda, and 
Tamarix (Figure 6). In 2019, S. alterniflora occupied an area of 4,055.06hm2, primarily concentrated in 
the southeastern region of the Gudong Oilfield, extending along both banks of the Yellow River 
Estuary (YRE), with smaller patches located in the southern mudflat zones. Reed dominated the 
landscape in the western part of the study area, forming large, continuous patches within a 1 to 1.5 
km range on both sides of the new Yellow River channel, as well as within a 500-meter range on both 
sides of the old river channel in the south, covering a total area of approximately 11,009.79 hm2. Suaeda 
was mainly found in extensive patches throughout the intertidal zone, encompassing an area of 
around 2,847.96 hm2. Tamarix, with the smallest distribution, was sparsely interspersed between the 
patches of Reed and Suaeda, forming narrow, belt-like strips, and covering only 617.00 hm2. 

Between 2019 and 2020, the area of S. alterniflora expansion trend was particularly noticeable in 
the southeastern part of the Gudong Oilfield, the southern mudflats, and along both banks of the 
YRE. Additionally, the connectivity between S. alterniflora patches strengthened, with new patches 
emerging in the southern mudflats, bringing the total area to 5,242.04 hm2. From 2020 to 2021, the 
expansion of S. alterniflora continued, with the total area reaching 6,105.50 hm2. However, from 2021 
to 2022, there was a slight decline in the S. alterniflora area, reducing to 5,063.62 hm2. This decrease 
was primarily concentrated in the southeastern part of the Gudong Oilfield and the southern 
mudflats, where the area reduced by 462.52 hm2 and 147.23 hm2, respectively, although inland 
expansion along both banks of the YRE persisted. By 2023, S. alterniflora had been nearly eradicated, 
with only small patches remaining on the eastern bank of the YRE, covering a mere 0.55 hm2.  

Overall, the wetlands in the YRD experienced a relatively stable period of natural succession 
without human interference between 2019 and 2021. In 2022, eradication experiments commenced in 
parts of the study area, causing a slight decrease in S. alterniflora area. By 2023, the species had been 
almost entirely eradicated. 

a b 
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Figure 6. Spatial distribution of plant communities in the YRD and areal changes of S. alterniflora from 2019 to 

2023. 

3.3. Conversions Between S. alterniflora and Other Land Cover Types 

To elucidate the characteristics of habitat type shifts, we analyzed the variations in habitat types 
across the study area and presented these findings visually. (Figure 7 and Figure 8). Between 2019 
and 2020, 674.22 hm² of S. alterniflora were converted, mainly into water body followed by Reed areas, 
with transformations of 482.94 hm² and 109.88 hm², respectively. Meanwhile, the species expanded 
by 1862.67 hm² during this period, with the largest portion of 1144.71 hm² (61.45%) occurring on tidal 
flat, and 385.05 hm² and 360.42 hm² expanding into water body and Suaeda habitats, respectively. 
From 2020 to 2021, the area of S. alterniflora conversion experienced a slight decrease, with 637.93 hm² 
transformed, predominantly into water body (267.74 hm²) and tidal flat (232.56 hm²). At the same 
time, the species expanded by 1499.77 hm², primarily into water body (993.05 hm²) and tidal flat 
(335.03 hm²). In the following period, from 2021 to 2022, the species expanded by only 337.24 hm² but 
saw a significant reduction of 1378.99 hm², with most of the expansion occurring in water body 
(205.52 hm²), accounting for over 60% of the total. The reduction was concentrated on tidal flat (999.62 
hm², over 70%), followed by water body (368.84 hm²). Between 2022 and 2023, S. alterniflora 
underwent a dramatic decline, with nearly all areas converted, primarily into tidal flat (4734.43 hm², 
94%), and smaller portions transitioning into water body and Reed areas. Overall, from 2019 to 2023, 
S. alterniflora expanded by a total of 3699.68 hm² and contracted by 7743.05 hm². The largest expansion 
occurred between 2019 and 2020 (1862.67 hm²), while the most significant reduction occurred 
between 2022 and 2023 (5051.91 hm²). 
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Figure 7. Transfer matrix of land use types within the study area from 2019 to 2023. 

 

Figure 8. Spatial distribution of transitions between S. alterniflora and other land cover types for the four 
temporal intervals: 2019-2020, 2020-2021, 2021-2022 and 2022-2023. 

4. Discussion 

4.1. Uncertainties 

When utilizing the U-Net model to extract S. alterniflora from Zhuhai-1 hyperspectral imagery, 
several uncertainties and factors can contribute to inaccuracies in the results. The first is data-related 
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uncertainty. S. alterniflora may exhibit spectral variations due to differences in plant health, growth 
stages, or environmental stressors [46], which can complicate consistent identification by the U-Net 
model. Tian et al. [14] pointed out that two stands of S. alterniflora in his study area were at rather 
different phenological stages on the same date, associated with clearly different spectral features. 
And the YRD exhibits diverse land cover types, there are no distinct boundaries between vegetation 
classes. It is impossible to label all land cover types during the sample preparation process, which 
may result in insufficient sample accuracy and potentially reduce classification accuracy. 
Misclassification may occur when other vegetation, particularly Reed in the YRD, display similar 
reflectance patterns. Although the spatial resolution of the Zhuhai-1 imagery is superior to most 
hyperspectral satellite data, its 10-meter resolution may still result in mixed pixels representing 
different plant species, especially near the edges of S. alterniflora patches. Additionally, variations in 
atmospheric conditions during image acquisition can alter the spectral data, introducing further 
uncertainties. For instance, the results of this study demonstrate that the classification accuracy of S. 
alterniflora in the 2020 imagery, which had better atmospheric conditions, is significantly higher than 
in other years. 

The second type of uncertainty is model-related. A limited number of labeled examples of S. 
alterniflora can restrict the U-Net model's ability to generalize, potentially leading to overfitting or 
poor performance on unseen data. Inaccurate or inconsistent annotations in the training dataset can 
further confuse the model, resulting in incorrect extractions. While U-Net is a powerful tool for image 
segmentation, it may struggle with the high dimensionality of hyperspectral data if not properly 
adapted, potentially leading to suboptimal feature extraction [47]. In this study, we addressed this 
issue by using the Relief-F algorithm for feature selection and then inputting the prioritized features 
into the U-Net model, ultimately achieving satisfactory classification accuracy.  

Moreover, environmental, temporal and external factors, such as lighting condition, 
phenological change and geographical variability may also increase the uncertainty of the 
classification. To address uncertainties and enhance accuracy in S. alterniflora extraction, several 
strategies can be applied: 1) improving data quality by using higher-resolution hyperspectral sensors 
and thorough preprocessing to minimize noise and atmospheric distortions; 2) expanding and 
diversifying the training dataset with more labeled samples and data augmentation techniques; 3) 
adapting the U-Net model to handle high-dimensional data through dimensionality reduction or 
attention mechanisms; 4) employing robust validation methods such as cross-validation and using 
diverse datasets to ensure generalization; and 5) incorporating multi-temporal images to account for 
phenological variations and strengthen the model’s robustness. 

4.2. Policies and Measures to Control S. alterniflora Invasion in YRD 

Studies on the control of S. alterniflora have been reported across Asia [48], North America [49], 
Europe [50], and Africa [51], with a primary focus on China [52,53] and the United States [39]. In 
China, most research is concentrated in Shanghai [54] and Fujian provinces [55], where at least seven 
control methods have been tested. As one of the earliest introduced invasive alien species, S. 
alterniflora poses a serious threat to China's ecosystems. In response, the Chinese government has 
formulated policies and implemented various measures aimed at controlling its spread and restoring 
damaged ecosystems. Shandong Province, one of the regions most severely affected by the invasion, 
has responded actively by formulating and implementing targeted control measures (Figure 9). These 
efforts, under national policy guidance, combine physical, chemical, and biological methods to 
effectively curb the spread of S. alterniflora and restore the local wetland ecosystem.  
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Figure 9. Overview of S. alterniflora management policies issued by China and Shandong province. 

First, physical methods such as mowing and flooding are the primary techniques used. In the 
mowing method, Qiao [56] conducted two rounds of close-to-ground mowing on July 12 and July 27 
at the YRD, leaving stubble heights of 2-3 cm. By October of the same year, S. alterniflora density had 
decreased by 99.8%. In the flooding method [57], seedlings (5-7 cm tall) that had germinated in May 
were subjected to continuous flooding at depths of 10-20 cm. After 43 days, both flooding depths 
achieved 100% control of the seedlings. These physical techniques are highly effective in eliminating 
seedlings, but less effective against mature S. alterniflora. Repeated manual removal or mowing can 
yield better results. Second, chemical control, guided by the "Implementation Plan for S. alterniflora 
Removal and Ecological Restoration in Shandong Province," involves the use of eco-friendly 
herbicides such as glyphosate. In trials conducted at the YRD in June and July 2019, Xie et al. [57] 
tested three chemical application rates: 4, 8, and 12 kg/hm². Observations in May of the following 
year showed eradication rates of 16.1%, 23.4%, and 22.4%, respectively. While chemical methods are 
simple and effective, they may pose environmental risks. Some studies [58,59] have found no 
detectable herbicide residues in seawater, sediments, or organisms like clams, but these were 
conducted in small areas where tidal movements may have washed residues away shortly after 
application. In biological control, pilot projects have tested the introduction of natural enemies or 
pathogens to control S. alterniflora. However, research in this area is limited. For example, researchers 
[60–62] attempted to use the Littoraria irrorata to control S. alterniflora, but the results were not 
promising. Finally, Shandong Province has also adopted integrated control measures [57,63]. One 
example is the "mowing-flooding" method, where S. alterniflora is mowed to a height of less than 2 
cm in early June or August, followed by continuous flooding at depths of 20, 30, or 40 cm. Surveys 
conducted from November of the same year to the following year showed control efficiencies of 99%-
100%. Another method, "mowing-plowing," involves plowing the area to a depth of 20 cm in October. 
A survey conducted in June of the following year showed a control efficiency of 99%. Integrated 
techniques, which generally outperform single methods, can be applied in both salt marsh and 
mangrove wetland ecosystems.  

Since 2020, the YRD has invested approximately 500 million yuan in controlling S. alterniflora. 
By 2023, the area of S. alterniflora in the study region had been reduced to just 0.50 hm², demonstrating 
the effectiveness of these measures in curbing its spread. Following the implementation of these 
policies, S. alterniflora in the YRD was largely eradicated, with a removal rate of 99.99% by 2023. 
However, during a field survey in the study area (37.796634°N, 119.154673°E), our team still detected 
signs of regrowth. This finding indicates that although previous control measures successfully 
inhibited the spread and growth of S. alterniflora, its robust root system and strong survival 
capabilities pose a risk of regrowth. Therefore, long-term monitoring and maintenance are crucial to 
ensure that regrowth is promptly identified and managed, preventing further large-scale spread and 
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ensuring the complete restoration and stability of wetland ecosystems. The results of this study 
demonstrate that the management of S. alterniflora in the YRD has led to notable success, with 
significant reductions in the invasive species' spread. 

4.3. Future Managements of S. alterniflora 

The future management of S. alterniflora in the YRD will focus on sustaining the successes 
achieved thus far through continuous monitoring, early detection, and prevention of re-invasion. Our 
research indicates that as of 2023, approximately 0.5hm² of S. alterniflora remain in the YRD. Given 
the species' high adaptability to climatic and environmental conditions, strong reproductive capacity, 
salt tolerance, and flood resilience, it poses a significant challenge to complete eradication. The 
species propagates rapidly through seeds, rhizomes, and asexual fragments, making any residual 
seeds or rhizomes potential sources for re-establishment [52]. 

To address these challenges, post-eradication efforts must prioritize the restoration of native 
vegetation and the rehabilitation of wetland ecosystems. Replanting indigenous species that can 
outcompete S. alterniflora is crucial for restoring ecological balance and enhancing the resilience of 
the wetland environment [53]. Implementing continuous monitoring and early detection systems is 
essential to prevent re-invasion. Advanced remote sensing technologies, including unmanned aerial 
vehicles (UAVs) and high-resolution satellite imagery, will play a critical role in tracking the species' 
spread and assessing the effectiveness of control measures [41]. Incorporating multi-temporal 
imagery can also account for phenological variations, strengthening the robustness of monitoring 
efforts. 

Engaging local communities and raising public awareness about the impact of S. alterniflora are 
vital components of sustainable management. Public participation in removal efforts and ecosystem 
restoration projects can significantly enhance the effectiveness of management strategies [20]. 
Educational programs and community outreach can foster a sense of stewardship and encourage 
proactive involvement in conservation initiatives. Ongoing research should focus on developing 
innovative and more effective control techniques, such as utilizing biological control agents or novel 
chemical formulations with minimal environmental impact [48]. Collaboration with scientific 
institutions and environmental organizations will drive innovation in managing this invasive species. 
Additionally, integrating machine learning algorithms and artificial intelligence into monitoring 
programs can improve the accuracy of species identification and prediction of invasion patterns [33]. 

Strengthening policies and regulations related to invasive species management is crucial to 
ensure that control measures are consistently applied. This includes enforcing restrictions on 
activities that might facilitate the spread of S. alterniflora, such as unregulated coastal development or 
aquaculture practices, and providing clear guidelines for land use in affected areas [55]. International 
cooperation may also be beneficial, given the global nature of invasive species spread, to share best 
practices and coordinate efforts across regions. Moreover, after the completion of control projects, 
regular monitoring should be conducted to promptly detect and eradicate any residual or secondary 
invasions of S. alterniflora. Adaptive management strategies should be employed, allowing for 
adjustments based on monitoring results and changing environmental conditions. Measures such as 
local vegetation restoration and tidal flat utilization should be implemented to consolidate the results 
of control efforts. In suitable areas, planting fast-growing mangroves or engaging in tidal flat 
aquaculture can enhance ecosystem resilience and provide additional economic benefits to local 
communities [63]. Evaluating the effectiveness of S. alterniflora control measures and assessing 
environmental impacts are necessary for informing future management strategies. This includes 
establishing metrics for success, such as reductions in S. alterniflora coverage, improvements in 
biodiversity, and restoration of ecosystem services. Environmental impact assessments can ensure 
that control methods do not adversely affect non-target species or habitat quality. 

In summary, the future management of S. alterniflora in the YRD will be characterized by a 
comprehensive, science-based approach that integrates various control methods, restores native 
ecosystems, and involves local communities in the long-term sustainability of the region. Continuous 
monitoring, adaptive management, and collaborative efforts among stakeholders will be essential to 
prevent re-invasion and ensure the complete restoration and stability of wetland ecosystems. 

5. Conclusions 
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In response to the escalating invasion of S. alterniflora in the coastal salt marshes of the YRD, 
acquiring accurate and timely data on its spatial and temporal dynamics is imperative for effective 
ecosystem management and ecological conservation. This study employed multiple classification 
methods—including RF, SVM, U-Net, and U-Net enhanced with the Relief-F algorithm to classify the 
invasive S. alterniflora within the coastal wetlands of the YRD. Comparative analysis revealed that the 
U-Net model augmented with the Relief-F feature selection algorithm achieved the highest accuracy 
and precision in mapping S. alterniflora. Utilizing this optimized method, we obtained geospatial data 
reflecting its annual distribution from 2019 to 2023 at a spatial resolution of 10 meters. 

The results indicated a consistent expansion of S. alterniflora from 2019 to 2021, particularly in 
coastal areas, primarily encroaching upon tidal flats and water bodies, which accounted for over 80% 
of the expansion area. However, due to intensive removal efforts initiated in 2022, a significant 
decline in its coverage was observed, with the area further reduced by 2023 to approximately 0.55 
hectares, achieving a 99.9% removal rate. This reduction predominantly converted back to tidal flats 
and water bodies, demonstrating the effectiveness of these management measures. These findings 
enhance our understanding of S. alterniflora's growth patterns and its impact on the coastal wetland 
ecosystem of the YRD. The successful application of advanced remote sensing techniques and 
machine learning models underscores the potential for technology-driven approaches in ecological 
monitoring and invasive species management. 

Looking forward, future research should focus on developing more sophisticated monitoring 
systems that integrate multi-source data, including higher-resolution imagery and in-situ 
observations, to detect early signs of S. alterniflora resurgence. Additionally, exploring the ecological 
implications of its removal on native species and ecosystem functions will be crucial for restoring and 
maintaining the health and resilience of this critical ecosystem. Collaboration among policymakers, 
scientists, and local communities will be essential to implement adaptive management strategies that 
not only control S. alterniflora but also enhance biodiversity and ecosystem services in the YRD. The 
methodologies and insights gained from this study can serve as a model for managing invasive 
species in other coastal wetlands globally, contributing to broader efforts in environmental 
conservation and sustainable development. 
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