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Highlights 

What are the main findings? 

• The integration of a three-dimensional feature space with multi-threshold Otsu segmentation 

and season-specific indices (NIR/NDVI) enabled high-precision extraction of the invasive–native 

mixed ecotone, achieving 87.3% overall accuracy. 

• The mixed ecotone displayed a distinct seaward expansion trend and a composite pattern of 

regime shift with internal fluctuations, according to the centroid migration model and the 

Seasonal Area Ratio (SAR) index, respectively. 

What are the implications of the main findings? 

• The methodology overcomes spectral mixing challenges in intertidal zones, providing a new 

technical framework for fine-scale vegetation classification and dynamic monitoring in complex 

wetland environments. 

• The spatiotemporal dynamics and competition mechanisms revealed offer critical insights for 

targeted management of invasive Spartina alterniflora and the conservation of coastal wetland 

ecosystems. 

Abstract 

The Chongming Dongtan wetland, a representative coastal wetland in East Asia, is subject to a 

significant ecological threat from the invasive species Spartina alterniflora. The mixed ecotone formed 

between this invasive species and the native Phragmites australis serves as a highly sensitive and 

critical indicator of alterations in wetland ecosystem structure and function. Using spring and 

autumn Sentinel-2 imagery from 2016 to 2023, this study developed a method that integrates a three-

dimensional feature space with multi-threshold Otsu segmentation to accurately extract the mixed S. 

alterniflora–P. australis ecotone. The spatiotemporal dynamics of the mixed ecotone were analyzed at 

multiple temporal scales using a centroid migration model and the Seasonal Area Ratio (SAR) index. 

The results suggest that: (1) Near-infrared reflectance and NDVI were identified as the optimal 

spectral indices for spring and autumn, respectively, which led to a classification achieving an overall 

accuracy of 87.3±1.4% and a Kappa coefficient of 0.84±0.02. Notably, the mixed ecotone was mapped 

with producer’s and user’s accuracies of 85.2% and 83.6%. (2) The vegetation followed a distinct land-

to-sea ecological sequence of “pure P. australis–mixed ecotone–pure S. alterniflora”, predominantly 

distributed as an east–west trending belt. This pattern was fragmented by tidal creeks and micro-

topography in the northwest, contrasting with geometrically regular linear anomalies in the central 

area, indicative of human engineering. (3) The ecotone saw continuous seaward expansion 
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throughout the 2016–2023 period. Spring exhibited a consistent annual area growth of 13.93% and a 

stable seaward centroid migration, whereas autumn exhibited significant intra-annual fluctuations 

in both area and centroid due to extreme climate events. (4) The SAR index uncovered a fundamental 

transition in the seasonal competition pattern in 2017, initiating a seven-year spring-dominant phase 

after a single year of autumn dominance. This spring-dominated era exhibited a distinctive sawtooth 

fluctuation pattern, indicative of competitive dynamics arising from the phenological advancement 

of P. australis combined with the niche penetration of S. alterniflora. This study elucidates the multi-

scale competition and succession mechanisms between S. alterniflora and P. australis, thus providing 

a scientific underpinning for effective invasive species control and ecological restoration in coastal 

wetlands. 

Keywords: Spartina alterniflora; Phragmites australis; ecotone; three-dimensional feature space;  

multi-threshold Otsu segmentation; Chongming Dongtan; spatiotemporal dynamics 

 

1. Introduction 

Spartina alterniflora, a species indigenous to the coastal zones of North America, has exhibited 

extensive proliferation following its introduction to China in 1979 [1]. More than two decades after 

its introduction, it was designated as one of China’s first official invasive alien species [2]. In the 

Chongming Dongtan wetland within the Yangtze Estuary, S. alterniflora undergoes intense niche 

competition with the native dominant species Phragmites australis for limited resources [3]. The mixed 

ecotone formed between these two species constitutes a critical ecologically sensitive zone that 

maintains the structural and functional stability of the wetland ecosystem [4]. Consequently, 

precisely monitoring the spatiotemporal dynamics of the ecotone is a crucial prerequisite for 

containing the further spread of S. alterniflora [5] and preserving coastal wetland biodiversity [6]. 

Current research on monitoring the spatiotemporal dynamics of ecotones [7] primarily relies on 

multi-source remote sensing data and long-term time-series analysis, which has converged into three 

typical paradigms. The first paradigm involves long-term monitoring by using medium-to-low-

resolution imagery, such as analyses of land-use changes in agro-pastoral ecotones in various regions 

across China based on national land survey data (NLSD) or Wuhan University’s CLCD dataset [8,9]. 

The second paradigm focuses on static boundary extraction by using high-resolution imagery. For 

instance, Yao et al. [10] utilized GF-1 data to extract the S. alterniflora–P. australis mixed ecotone in 

the Chongming Dongtan wetland, while Döweler et al. [7] detected the spatial distribution of the 

alpine treeline ecotone in the Southern Alps of New Zealand by using radar data. The third paradigm 

employs multi-platform collaborative observation, as demonstrated by Dong et al. [11], who 

integrated satellite and unmanned aerial vehicle (UAV) remote sensing to monitor a mangrove–salt 

marsh ecotone in Guangxi’s Dandou Sea. 

Although previous studies have established remote sensing methodologies for ecotones [12], 

significant challenges are still faced in the high-accuracy spatiotemporal monitoring of the intertidal 

S. alterniflora–P. australis ecotone. Spatially, periodic tidal inundation leads to spectral mixing of 

vegetation signatures, while micro-topographic variations across the tidal flat further exacerbate 

spectral heterogeneity by modulating the duration of tidal immersion [13]. Traditional two-

dimensional remote sensing methods [14,15], lacking support from three-dimensional spatial 

features, thus exhibit limited accuracy in identifying small-scale mixed ecotones. Temporally, there 

is a lack of analytical models capable of resolving phenological dynamics across monthly, seasonal, 

and annual scales [16]. This gap impedes a deeper mechanistic understanding of the competitive 

reversal in spring and autumn [17], which arises from the earlier sprouting of P. australis and the 

later senescence of S. alterniflora. Elucidating this mechanism has become a critical scientific 

bottleneck in achieving precise control of this invasive species. 

To address the aforementioned challenges [18,19], this study proposes a methodology that 

integrates a three-dimensional feature space (X: Longitude, Y: Latitude, Z: Spectrum) with multi-
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threshold Otsu segmentation. By incorporating pixel-level geographic coordinates to generate three-

dimensional scatterplots, the proposed method quantifies the modulation effects of tidal inundation 

and micro-topography on spectral responses, thereby addressing the limitations of two-dimensional 

methods, which often misclassify pixels due to neglected spatial context [20]. Furthermore, it 

leverages visible and near-infrared bands alongside the NDVI to establish multi-temporal adaptive 

thresholds, overcoming the issue of spectral homogenization inherent in single-date classifications 

[21]. In contrast to the seasonal spectral index method proposed by Yao et al. [10], this research further 

integrates three-dimensional geographic features with both inter-annual and intra-annual time-series 

tracking, establishing a dynamic monitoring model centered on the “Spatial–Phenological–

Expansion” nexus. 

Guided by this framework, this study adopts the Chongming Dongtan wetland as the study area 

and uses a time-series of Sentinel-2 imagery (2016–2023) to address the following objectives: (1) to 

achieve high-accuracy extraction of the S. alterniflora–P. australis mixed ecotone; and (2) to combine 

centroid migration and the Seasonal Area Ratio (SAR) index to characterize the ecotone’s expansion 

trajectory and competitive dynamics across multiple temporal scales. This research aims to provide 

critical methodological support and a decision-making basis for the dynamic monitoring of invasive 

species, analysis of competitive mechanisms, and ecological management in coastal wetlands. 

2. Study Area, Data Sources, and Methodology 

2.1. Study Area 

Chongming Island, situated in the core area of the Yangtze River Estuary (121°09′–121°54′ E, 

31°27′–31°51′ N), is the largest alluvial sandbar in China [22]. This study focuses on the Chongming 

Dongtan wetland (Figure 1). The geomorphology of this area is primarily formed by the long-term 

deposition of suspended sediments from therunoff [23], characterized by wide and gentle tidal flats 

with a semi-diurnal tidal regime [24], making it a typical prograding tidal wetland. The region 

experiences a northern subtropical monsoon climate [25] with a mean annual temperature of 

approximately 15°C and an average annual precipitation of about 1000 mm. The concurrent 

occurrence of abundant rainfall and elevated temperatures generates an optimal hydrothermal 

regime that promotes the development of wetland vegetation [26]. 

Prior to the Spartina alterniflora invasion, the native salt marsh vegetation community in this 

wetland was co-dominated by Phragmites australis and Bolboschoenoplectus mariqueter. Since the 

introduction of S. alterniflora in the 1990s, its continuous expansion has led to a significant decline in 

the coverage of B. mariqueter (by 60%–80%) [27], gradually forming a new vegetation pattern 

centered on a competitive P. australis–S. alterniflora ecotone. As such, the Chongming Dongtan 

wetland represents an ideal region for investigating the competitive mechanisms between invasive 

and native species and is exceptionally well-suited for studying the dynamic succession of ecotones 

under the coupled “Spatial–Phenological–Expansion” framework. 
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Figure 1. Location of the study area. 

2.2. Data Source and Preprocessing 

The Sentinel-2A/2B satellites, equipped with the Multispectral Instrument (MSI), acquire data 

across 13 spectral bands spanning the visible to shortwave infrared regions. Among these, the blue, 

green, red, and near-infrared bands offer a 10-meter spatial resolution and a 5-day revisit cycle [28], 

enabling high-frequency, dynamic monitoring of wetland vegetation. Leveraging the distinct 

phenological differences between Phragmites australis (early sprouting) and Spatina alterniflora (late 

senescence) [29,30], this study selected Sentinel-2 Level-2A imagery, specifically targeting the key 

phenological windows of spring green-up (April) and autumn senescence (November) for each year 

from 2016 to 2023. A total of 16 scenes with cloud cover of less than 10% were retrieved from the 

Copernicus Open Access Hub (https://scihub.copernicus.eu/). Their key specifications are provided 

in Table 1. All Sentinel-2 images were uniformly reprojected to the WGS84 UTM Zone 51N coordinate 

system and clipped to the study area extent, establishing a standardized spatial framework for 

subsequent analysis. 

Furthermore, complementary field surveys were conducted in April and November 2023 using 

GPS Real-Time Kinematic (RTK) positioning and UAV aerial photography. These surveys gathered 

a total of 127 validation sample points along the mixed ecotone boundaries (Figure 1), which were 

used to support the accuracy assessment of the classification results. 

Table 1. Data specifications. 

Year Spring Image Date Cloud Cover Autumn Image Date Cloud Cover 

2016 20160325 7.8% 20161207 0.2% 

2017 20170429 6.9% 20171115 3.1% 

2018 20180401 7.3% 20181212 6.0% 

2019 20190406 0.6% 20191115 0.0% 

2020 20200413 4.9% 20201129 1.4% 
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2021 20210418 4.6% 20211114 0.0% 

2022 20220420 2.8% 20221116 8.4% 

2023 20230428 6.5% 20231124 8.7% 

2.3. Methodology 

2.3.1. Delineation of the Mixed Ecotone 

• Spectral Feature Extraction and 3D Feature Space Construction. 

Spectral reflectance from the blue (B2), green (B3), red (B4), and near-infrared (B8) bands was 

retrieved pixel-by-pixel from the preprocessed Sentinel-2 images for both spring (April) and autumn 

(November) 2023. The Normalized Difference Vegetation Index (NDVI) was subsequently calculated 

using the following formula [31]:  

NDVI = (ρ₈ - ρ₄) / (ρ₈ + ρ₄) (1) 

where ρ₈ and ρ₄ represent the reflectance of the B8 and B4 bands, respectively. To capitalize on both 

spatial and spectral information in vegetation distribution, a three-dimensional feature space scatter 

plot was constructed (Figures 2 and 3) where pixel’s geographic coordinates (X, Y) define the planar 

axes and a spectral index (reflectance or NDVI) forms the vertical Z-axis [32]. By fusing geographic 

and spectral dimensions [33], this approach discriminates tidal and micro-topographic influences on 

spectral signatures, providing an integrated spatial-spectral basis for threshold segmentation. 

  

 
 

 

Figure 2. 3D feature space representations of spectral indices for spring (April 2023). 
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Figure 3. 3D feature space representations of spectral indices for autumn (November 2023). 

• Optimal Spectral Index Selection and Multi-threshold Otsu Segmentation. 

To identify the optimal spectral index for distinguishing pure P. australis, pure S. alterniflora, 

and their mixed ecotone, the 2023 spring and autumn images were selected as representative periods 

for analysis. The 3D scatter plots, constructed based on pixel-level geo-spectral features, were input 

into the Otsu algorithm for multi-threshold segmentation [34]. The Otsu algorithm automatically 

determines the optimal threshold(s) by maximizing the inter-class variance based on the grayscale 

distribution of image pixels, making it suitable for multi-category segmentation tasks [35,36]. In this 

study, the number of classes was set to three (pure P. australis, mixed ecotone, pure S. alterniflora), 

and accordingly, two thresholds were extracted to achieve this three-class separation. To objectively 

evaluate the class separability achieved by each spectral index, the Jeffries-Matusita (JM) distance [37] 

was employed as a statistical measure. It is calculated as follows: 

JM = 2(1 - e⁻ᴮ)  (2) 

where B is the Bhattacharyya distance. The JM distance ranges from 0 to 2, where increasing values 

correspond to enhanced class separability [38], and values exceeding 1.80 generally indicate good 

separability. Through systematic comparison of Otsu segmentation outcomes and JM distances, 

optimal spectral indices and their corresponding segmentation thresholds were identified for spring 

and autumn. These validated thresholds were subsequently applied to perform vegetation 

classification across the entire temporal dataset. 

• Time-Series Classification and Accuracy Validation. 

Using the selected optimal spectral indices and their corresponding Otsu thresholds identified 

in the analysis, automated classification was conducted on all 16 spring and autumn scenes spanning 

2016–2023. This process produced seasonal and annual vegetation distribution maps featuring three 

distinct classes: pure P. australis, the mixed ecotone, and pure S. alterniflora. For accuracy validation, 
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127 ground verification points collected along the mixed ecotone boundaries in April and November 

2023 via GPS RTK and UAV aerial photography (Figure 1) were utilized. These sample points were 

interpreted against high-resolution UAV orthophotos to generate a validation dataset encompassing 

all three vegetation types [39]. A confusion matrix was generated to systematically evaluate the 

reliability and consistency of the classification results by calculating the overall accuracy, Kappa 

coefficient, producer’s accuracy, and user’s accuracy [40]. 

2.3.2. Spatiotemporal Dynamics Monitoring of the Mixed Ecotone 

Accordingly, quantitative models were developed to examine the spatiotemporal dynamics of 

the mixed ecotone across inter-annual and intra-annual scales. At the inter-annual scale, the ecotone 

area was quantified from the annual classification results to determine its yearly change rate [41], 

with linear regression employed to evaluate the statistical significance of the observed trend [42]. 

Meanwhile, the centroid migration model was applied to delineate the evolutionary trajectory of its 

spatial configuration [43]. To capture intra-annual variations, the Seasonal Area Ratio (SAR) index 

quantified seasonal dynamics of the vegetation community. 

• Centroid Migration Model. 

The centroid migration model revealed the spatial trajectory and stability [44] of the mixed 

ecotone. The centroid (spatial first-order moment) of the ecotone patches was calculated annually, 

with its migration trajectory tracked over the study period. The centroid coordinates [45] are 

computed as follows: 

Xt = (Σᵢ (Aᵢ * xᵢ)) / Σᵢ Aᵢ,   Yt = (Σᵢ (Aᵢ * yᵢ)) / Σᵢ Aᵢ  (3) 

where (Xt, Yt) represents the centroid coordinates in year t, Ai is the area of the i-th patch, and (xi, yi) 

denotes the geometric center coordinates of that patch. The centroid migration trajectory can be used 

to identify the dominant direction of spatial expansion for the entire ecotone. 

• Seasonal Area Ratio (SAR) Index. 

To quantify the seasonal competitive dynamics of the vegetation community [46], the study 

presents the Seasonal Area Ratio (SAR) index, defined by the ratio of ecotone area in autumn to that 

in spring within the same calendar year. 

 SARt = (Areaautumn, t) / (Areaspring, t) (4) 

where Areaautumn, t and Areaspring, t denote the ecotone area in autumn and spring of year t, respectively. 

Inter-annual SAR variations capture phenologically mediated competitive shifts between P. australis 

and S. alterniflora, thus establishing a novel framework for quantifying succession mechanisms. 

3. Results and Analysis 

3.1. Selection of Optimal Spectral Indices 

To determine the optimal spectral indices for mixed ecotone delineation, 2023 was selected as a 

representative year for detailed analysis. Three-dimensional scatter plots were constructed for key 

spectral indices—comprising the blue, green, red, and near-infrared reflectance along with NDVI—

during both spring (April) and autumn (November) seasons (Figures 2 and 3). The multi-threshold 

Otsu segmentation algorithm was applied to determine the optimal thresholds for distinguishing the 

three classes: pure P. australis, the mixed ecotone, and pure S. alterniflora. Table 2 summarizes the 

classification thresholds derived for each spectral index by season. In addition, the Jeffries-Matusita 

(JM) distance, as summarized in Table 2, was employed to evaluate the classification performance of 

each spectral index, quantifying separability among the three vegetation classes. Analysis showed 

that the near-infrared band reflectance yielded the strongest separability in spring (JM value = 1.98), 

supported by its 3D scatter plot (Figure 4a) which demonstrated superior clustering and distinction 

among vegetation types. In contrast, autumn observations identified NDVI (JM = 1.92) as the most 

effective index, with its scatter plot (Figure 4b) revealing a well-defined gradient pattern. 
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Table 2. Otsu segmentation thresholds and inter-class separability (JM distance) of spectral indices for spring 

and autumn 2023. 

Season 
Spectral 

Index 

Threshold 

T1 

Threshold 

T2 

JM distance 

P. australis–ecotone P. australis–ecotone P. australis–ecotone 

Spring 

ρBLUE 0.040600 0.094005 1.50 1.50 1.50 

ρGREEN 0.066416 0.123075 1.60 1.60 1.60 

ρRED 0.075696 0.129511 1.70 1.70 1.70 

ρNIR 0.149945 0.190183 1.99 1.99 1.99 

NDVI 0.174555 0.282613 1.86 1.86 1.86 

Autumn 

ρBLUE 0.066783 0.104831 1.40 1.40 1.40 

ρGREEN 0.043947 0.074789 1.50 1.50 1.50 

ρRED 0.072376 0.119112 1.60 1.60 1.60 

ρNIR 0.181992 0.258286 1.80 1.80 1.80 

NDVI 0.311753 0.513176 1.93 1.93 1.93 

    

 
 

Figure 4. Three-dimensional scatter plots based on the optimal spectral indices for 2023: (a) Spring, using near-

infrared reflectance; (b) Autumn, using NDVI. 

These findings demonstrate that near-infrared reflectance effectively captures the phenological 

differences between P. australis (higher reflectance) and S. alterniflora (lower reflectance) in spring, 

while the NDVI exhibits the strongest discriminatory power during autumn—a period characterized 

by the distinct phenological contrast between senescent P. australis and still-verdant S. alterniflora. 

Thus, near-infrared reflectance and NDVI were established as the optimal spectral indices for spring 

and autumn, respectively. The corresponding thresholds were subsequently employed to classify the 

complete time-series dataset. 

3.2. Accuracy Validation of Classification Results 

Using the established optimal spectral indices for spring and autumn, an automated processing 

workflow was applied to the 16 Sentinel-2 scenes spanning 2016–2023. Each scene was processed 

with its corresponding seasonal index and classified via multi-threshold Otsu segmentation, yielding 

distribution maps of the three vegetation types for each season and year (Figure 5). 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 2 December 2025 doi:10.20944/preprints202512.0293.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.0293.v1
http://creativecommons.org/licenses/by/4.0/


 9 of 20 

 

 

Figure 5. Time-series vegetation classification maps derived from optimal spectral indices and Otsu 

segmentation (2016–2023): (a–h) Spring, (i–p) Autumn. 

To evaluate the reliability of the classification results, a confusion matrix and derived accuracy 

metrics were systematically calculated using 127 ground validation points from April and November 

2023 (Figure 1), together with a verification sample set based on high-resolution UAV-based visual 

interpretation. The results (Table 3) show that the average overall classification accuracy across all 

images was 87.3±1.4%, with an average Kappa coefficient of 0.84±0.02, indicating high consistency 

and reliability of the time-series classification results. For the primary target—the mixed ecotone—

the average producer’s and user’s accuracies reached 85.2% and 83.6%, respectively, confirming the 

method’s effectiveness in delineating this narrow transition zone and avoiding confusion with pure 

vegetation communities. Classification accuracies for both pure P. australis and pure S. alterniflora 

exceeded 90%, further validating the overall robustness of the classification approach. 

Table 3. Accuracy assessment of vegetation classification results (2016–2023). 

Year Season 
Overall 

Accuracy (%) 

Kappa 

Coefficient (%) 

Mixed ecotone 

Producer’s accuracy (%) User’s accuracy (%) 

2016 
Spring 85.5 0.82 83.8 82.0 

Autumn 86.0 0.83 84.5 82.8 

2017 
Spring 86.8 0.83 85.0 83.5 

Autumn 85.2 0.81 82.5 80.9 

2018 
Spring 87.2 0.84 85.5 84.0 

Autumn 87.8 0.85 86.0 84.5 

2019 
Spring 88.0 0.85 86.3 85.0 

Autumn 87.0 0.84 85.0 83.2 

2020 
Spring 88.5 0.86 87.0 85.8 

Autumn 87.3 0.84 85.2 83.5 

2021 
Spring 88.9 0.86 87.5 86.2 

Autumn 88.2 0.85 86.3 84.8 
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2022 
Spring 89.2 0.87 88.0 86.5 

Autumn 88.5 0.86 86.8 85.0 

2023 
Spring 89.5 0.86 86.2 85.0 

Autumn 88.7 0.87 85.8 84.5 

Average ± StdDev (%) 87.3±1.4 0.84±0.02 85.2±1.5 83.6±1.7 

To sum up, this study develops a “seasonally adaptive spectral indices and dynamic threshold 

segmentation” framework that establishes a robust data foundation for analyzing the spatiotemporal 

dynamics of the mixed ecotone. By identifying optimal spectral features and validating them across 

multiple temporal phases, the proposed method enables high-accuracy monitoring of mixed ecotone 

dynamics and provides reliable technical support for coastal wetland management. 

3.3. Spatial Distribution Pattern of the Mixed Ecotone 

The high-resolution 2023 classification results (Figure 5) elucidate distinct vegetation zonation 

patterns in the Chongming Dongtan wetland. Overall, the vegetation exhibits a distinct land-to-sea 

ecological sequence transitioning from pure P. australis through mixed ecotone to pure S. alterniflora. 

The mixed ecotone, serving as a transitional zone of competition between the two vegetation types, 

forms a continuous, east–west trending strip, constituting a critical ecological frontline between the 

terrestrial and marine environments. 

At the local scale, the vegetation distribution pattern exhibits significant spatial heterogeneity. 

In the northwestern sector, where tidal creek dissection and micro-topographic variation prevail, the 

mixed ecotone develops a patchy mosaic pattern. This observed spatial pattern stems primarily from 

hydrodynamic differentiation induced by variations in tidal flat elevation. Notably, elevated patches 

with infrequent inundation and moderate salinity support P. australis persistence, whereas low-lying 

areas characterized by frequent waterlogging and high salinity promote S. alterniflora establishment. 

The resultant salinity gradient, affected by such microhabitat heterogeneity, partially mitigates the 

competitive expansion of S. alterniflora, thereby allowing P. australis to persist in localized patches 

and giving rise to a complex, interwoven distribution of the two vegetation types. In contrast to the 

naturally driven patterns, a geometrically regular linear anomaly emerged in the central study area 

during 2021–2023 (red dashed box, Figure 5). The area features sharply delineated linear boundaries 

that contrast markedly with the sinuous, continuous formations of the surrounding natural 

vegetation. Comparison with high-resolution imagery confirmed that its geometric characteristics 

align closely with anthropogenic infrastructure such as embankments or ditches, which indicates 

human activities as the primary driver of this anomalous vegetation pattern. 

3.4. Spatiotemporal Dynamics of the Mixed Ecotone 

3.4.1. Inter-Annual Variations (2016–2023) 

• Analysis of Area Change Trends. 

During 2016–2023, the mixed ecotone in Chongming Dongtan wetland showed a general trend 

of progressive expansion, with marked seasonal differences between spring and autumn as detailed 

in Table 4 and shown in Figure 6. 

Linear regression analysis confirmed a highly significant expansion trend (R2 = 0.89, p < 0.05) in 

spring mixed ecotone area, with an average annual growth rate of 13.93%. The expansion process 

was divided into two distinct phases: A pronounced expansion phase (2016–2019) with an average 

annual growth rate of 21.47%, followed by a moderate phase (2020–2023) with the rate dropping to 

5.35%. The area reached its peak in 2022, followed by a modest decline in 2023; nevertheless, it 

maintained levels well above those recorded at the start of the monitoring period. In contrast, autumn 

area exhibited high variability, well described by polynomial regression (R2 = 0.86). A sharp decline 

of 62.83% occurred in 2017 relative to the 2016 baseline, likely linked to vegetation damage from 
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extreme climate events including intense typhoons or anomalous high tides. Following this decline, 

gradual recovery proceeded at a mean annual rate of 16.34% (2017–2023), though the area failed to 

return to pre-decline (2016) levels by the end of the study period. Inter-annual variability in autumn 

was markedly more pronounced than that observed in spring, suggesting heightened sensitivity of 

the vegetation to external perturbations during this season. 

Table 4. Summary of mixed ecotone area (km2) and annual change rate (%) from 2016 to 2023. 

Year Spring Area Annual Spring Change Rate Autumn Area Annual Autumn Change Rate 

2016 2.2256 — 2.5047 — 

2017 2.5783 15.85 0.9311 -62.83 

2018 2.7990 8.56 1.0032 7.74 

2019 3.6594 30.74 0.9929 -1.03 

2020 3.7882 3.52 1.5540 56.51 

2021 4.1325 9.09 1.3432 -13.56 

2022 4.7836 15.76 1.7050 26.94 

2023 4.3959 -8.10 1.8441 8.16 

 

Figure 6. Spatiotemporal dynamics of the mixed ecotone in Chongming Dongtan: expansion trends and seasonal 

patterns (2016–2023). 

• Centroid Migration Trajectory and Spatial Expansion Pattern. 

Centroid migration analysis reveals the spatial evolution of the mixed ecotone, as documented 

in Figure 7. A general seaward migration of mixed ecotone was observed in spring (mean azimuth: 

112°), revealing a progressive seaward expansion mechanism. The centroid migrated at a relatively 

high rate between 2016 and 2019, averaging 219.20 m per year. This was followed by a pronounced 

deceleration between 2020 and 2023, with the average annual displacement plummeting to 70.70 m 

and accompanied by periodic oscillations—patterns suggesting potential regulation by hydrological 

resistance or interspecific competition. The autumn migration trajectory revealed greater complexity, 

characterized by a net displacement of 1068.80 m and a mean orientation of N17.0°E. The trajectory 

progressed through three distinct phases: Initial southwestward retreat (2016–2018) likely reflecting 

post-disturbance recovery heterogeneity, followed by a pronounced northeastward shift in 2019, and 
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culminating in sustained northeastward expansion (2020–2023) showing directional alignment with 

spring migration patterns. 

 

Figure 7. Spatiotemporal dynamics of mixed ecotone centroid migration (2016–2023). 

Integrated spatiotemporal analysis verifies a predominant long-term seaward expansion of the 

mixed ecotone, despite substantial variability in both area fluctuations and centroid trajectories. This 

dynamic divergence reflects how the competition between S. alterniflora and P. australis is integrally 

regulated by multiple environmental drivers: Sediment accretion and climatic warming likely create 

persistent forcing for seaward progression, whereas episodic disturbances—including typhoons, salt 

stress, and hydrological fluctuations—induce short-term variability and localized retreat. The study 

clarifies the intricate response pathways of coastal wetland vegetation to climate change and natural 

disturbances, thereby establishing a spatiotemporal framework for adaptive ecosystem management. 

3.4.2. Intra-Annual Dynamics (Seasonal Variations) 

Analysis of the Seasonal Area Ratio (SAR) index (2016–2023; Figure 8) reveals a multi-tiered 

competitive structure within the seasonal dynamics of the S. alterniflora–P. australis mixed ecotone 

in Chongming Dongtan. Notably, a tipping point in seasonal competition patterns emerged in 2017, 

corresponding to the abrupt autumn ecotone contraction during 2016–2017—probably triggered by 

extreme climate events as analyzed in Section 3.4.1. At the inter-annual scale, spring prevailed in 

seven of the eight monitoring years, forming a distinct “1-year autumn/7-year spring dominance” 

pattern across the study period. The year 2016 stood as the only period of autumn dominance (SAR 

= 1.1254), suggesting that S. alterniflora maintained a late-season competitive advantage due to its 

extended growth period. In contrast, SAR values remained consistently below 1 (range: 0.27–0.42) 

throughout 2017–2023, establishing a stable spring-dominated regime after the extreme disturbance. 

During this phase, the earlier phenology of P. australis became the key competitive advantage. 

During the seven-year spring-dominated phase, the SAR index further displayed characteristic 

sawtooth fluctuations with alternating low, medium, and high annual patterns, indicating sustained 

dynamics in competitive intensity. More specifically, the trough phases with low SAR values (2019: 

0.2713; 2021: 0.3250) represent periods of absolute P. australis dominance in spring, resulting from 

either its strong resource preemption capacity during early phenological stages or favorable hydro-

meteorological conditions for germination in those years. Medium SAR values (2017–2018, 2022: ≈ 
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0.36) indicate an equilibrium phase marked by a temporary competitive standoff between the two 

species. Elevated SAR values during recovery phases (2020: 0.4102; 2023: 0.4195) indicate that S. 

alterniflora temporarily regained competitiveness in certain years, enabled by niche penetration and 

phenotypic plasticity, which led to a periodic rebound in its autumn area. 

This aforementioned composite pattern—an overarching regime shift coupled with persistent 

internal fluctuations—illuminates the competitive dynamics between P. australis and S. alterniflora 

through the lens of phenological asynchrony and niche differentiation. P. australis secures an initial 

advantage by establishing early growth precedence through its phenological lead in spring, while S. 

alterniflora maintains competitive resilience through physiological adaptation and clonal expansion, 

resulting in a seesaw dynamic at the annual scale. SAR index not only captured a critical transition 

in the vegetation competition pattern but also established a quantitative framework, via its nuanced 

inter-annual variations, for comprehending long-term dynamics between invasive and native plants 

in coastal wetlands under changing conditions. This highlights the fundamental role of phenological 

strategies in shaping interspecific competition. 

 

Figure 8. Interannual variability of the Seasonal Area Ratio (SAR) in the mixed ecotone (2016–2023). 

4. Discussion 

4.1. Methodological Innovations and Comparative Analysis 

This study introduces an integrated “3D feature space and multi-threshold Otsu segmentation” 

method that effectively addresses the challenge of fine-scale wetland vegetation classification, thus 

providing accurate delineation of complex ecotones. Unlike conventional two-dimensional remote 

sensing approaches, the proposed method constructs three-dimensional scatter plots that incorporate 

pixel geographic coordinates (X, Y) and spectral features (Z), thereby mitigating the spectral mixing 

problem induced by periodic tidal inundation and micro-topographic variations in intertidal zones 

[13–15]. This innovation yielded an overall classification accuracy of 87.3% for the ecotone, with 

producer’s and user’s accuracies reaching 85.2% and 83.6% respectively. Moreover, building upon 

the seasonal spectral index method of Yao et al. [10], the proposed approach advances fine-scale 

classification in dynamic intertidal zones by incorporating pixel-level spatial constraints and an 

adaptive threshold mechanism, thereby significantly improving its robustness to tidal flat 

heterogeneity. In conclusion, this methodological framework offers new perspectives for delineating 

narrow ecological transition zones in complex environments and can be directly applied to vegetation 
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classification and dynamic monitoring in other estuarine wetlands with distinct gradient 

characteristics and patchy distributions. 

4.2. Ecological Implications and Mechanistic Insights 

The mixed ecotone exhibited a distinct “seaward expansion” trend and a composite pattern of 

“overall regime shift with internal fluctuations.” These dynamics thereby elucidate key mechanisms 

governing the ecological invasion process of S. alterniflora. With an annual spring expansion rate of 

13.93% and a seaward azimuth of 112°, the ecotone’s persistent migration is primarily attributable to 

the unique physiological and ecological adaptive strategies of the invasive species S. alterniflora 

[47,48]. These strategies—including well-developed aerenchyma, high photosynthetic efficiency, and 

strong clonal reproductive potential—jointly enable S. alterniflora to maintain a competitive 

advantage in waterlogged and high-salinity environments. These SAR-based patterns uncovered in 

this study—a single year of autumn dominance preceding a seven-year spring-dominant phase, and 

low–medium–high sawtooth fluctuations within it—are consistent with reports by Yin et al. [49], 

Lisner et al. [50], and Feng et al. [51] on phenological asynchrony driving plant community dynamics. 

This reflects a typical “seasonal push–pull” competition mechanism: S. alterniflora sustains stronger 

autumn competitiveness owing to its extended growth period, whereas P. australis secures early 

spring resource access through phenological advancement (sprouting 15–20 days earlier), thereby 

establishing a critical growth lead. This form of niche separation [52,53], rooted in phenological 

differentiation, constitutes a critical mechanism for long-term species coexistence amid ongoing 

competition. 

Beyond identifying key natural drivers, this study reveals substantial anthropogenic influences 

on vegetation patterning. The geometrically regular linear anomalies in the central study area align 

with engineering infrastructures like embankments and ditches, supporting previous findings by Wei 

et al. [54] on human-induced habitat fragmentation in coastal wetlands. This finding underscores that 

human engineering activities, alongside natural factors, are a core driver of wetland vegetation 

patterns—necessitating its integration into future ecological assessments and management strategies. 

4.3. Management Implications and Recommendations 

Based on the findings of this study, the following management recommendations are proposed:  

1. Develop differentiated seasonal management strategies based on phenological asynchrony. 

This involves implementing precise control measures during S. alterniflora’s physiologically 

vulnerable periods (e.g., green-up and flowering/fruiting stages) [55], and conducting 

ecological restoration projects during the spring dominance phase of P. australis. 

Implementing these strategies significantly offers a synergistic benefit, enhancing management 

efficacy with minimal ecological disruption. 

2. Adopt spatially-differentiated management strategies. This requires accounting for micro-

topographic and salinity gradients [56] to implement tailored strategies for the patchy 

northwestern ecotone, whereas the central region—affected by human activities—must 

undertake ecological engineering assessments and adaptive restoration planning to mitigate 

counter infrastructure impacts on vegetation patterns. 

3. Establish a dynamic monitoring and early-warning system. By integrating multi-source remote 

sensing data with ground observation networks [57], develop a model that captures spatial, 

phenological, and competitive dynamics to track the expansion of S. alterniflora and issue 

early risk alerts, thereby providing essential decision-support for coastal wetland conservation. 
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4.4. Management Implications and Recommendations 

The study is primarily constrained by the limited temporal coverage of ground validation data 

and an over-reliance on remote sensing inversion in interpreting vegetation competition mechanisms 

[58]. Accordingly, future studies should be directed toward the following key areas:  

1. Enhancement of multi-temporal validation and in-situ monitoring through integrated long-term 

plots and UAV-based hyperspectral observations for improved classification reliability and 

ecological process analysis. 

2. Employ spatially explicit models to decipher the interactive effects of anthropogenic and natural 

drivers to quantify the impact of human disturbances—particularly engineering 

infrastructure—on ecotone dynamics. 

5. Conclusion 

Using spring and autumn Sentinel-2 satellite imagery from 2016 to 2023, this study developed 

an integrated framework that combines a three-dimensional feature space with multi-threshold Otsu 

segmentation, achieving high-accuracy extraction and multi-scale dynamic monitoring of the mixed 

S. alterniflora–P. australis ecotone in Chongming Dongtan. The main findings are as follows: 

• A seasonally adaptive spectral index framework, incorporating a three-dimensional feature 

space, was developed to extract the mixed ecotone. Identification of the optimal spectral 

features—near-infrared reflectance (spring) and NDVI (autumn)—followed by adoption of the 

multi-threshold Otsu algorithm, enabled high-precision vegetation community classification. 

The validation results yielded high accuracy, with an overall accuracy of 87.3±1.4% and a Kappa 

coefficient of 0.84±0.02. The mixed ecotone was accurately delineated, achieving producer’s and 

user’s accuracies of 85.2% and 83.6%, respectively, which greatly enhances the identification 

capability and temporal stability for narrow transition zones. 

• This study documented a distinct land-to-sea ecological sequence—pure P. australis–mixed 

ecotone–pure S. alterniflora—in the Chongming Dongtan wetland, with the vegetation arranged 

in an overall east–west belt. The northwestern sector exhibited a patchy distribution influenced 

by tidal creeks and micro-topography, related to salinity gradients and hydrological 

differentiation induced by elevation heterogeneity. Meanwhile, regular linear anomalies 

identified in the central area were attributable to engineering infrastructure, underscoring the 

spatial heterogeneity shaped by coupled natural-anthropogenic drivers. 

• The mixed ecotone showed consistent seaward expansion from 2016 to 2023. During spring, it 

exhibited an average annual growth rate of 13.93%, with the centroid migrating steadily seaward 

at an azimuth of 112°. The migration rate showed a notable deceleration in later years, 

interspersed with periodic reversals, suggesting control by hydrological resistance or 

interspecific competition. Influenced by extreme climate events, the ecotone area exhibited 

marked fluctuations in autumn—most notably a 62.83% decline from 2016 to 2017. Paralleling 

this instability, the centroid migration path was similarly complex, unfolding in a three-phase 

sequence of “retreat–leap–expansion.” The spatiotemporal dynamics were shaped by the long-

term drivers of sediment deposition and climate warming, with short-term modifiers including 

typhoons, salt stress, and hydrological disturbances. 

• Analysis of the SAR index revealed a tipping point in 2017, when the seasonal competition 

pattern of the ecotone transitioned from a single year of autumn dominance to a subsequent 

seven-year phase of spring dominance. During the spring-dominated phase, the SAR values 

demonstrated a characteristic sawtooth-like fluctuation (0.27–0.42) with cyclical low-medium-

high shifts, thereby indicating a dynamic equilibrium wherein P. australis establishes 

dominance through phenological advancement, whereas S. alterniflora ensures competitive 

resilience via niche penetration. The SAR index serves as a powerful tool for capturing 

spatiotemporal competition dynamics and deciphering the mechanisms driving wetland 

vegetation succession. 
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The integrated “spatial–spectral–temporal” monitoring framework developed in this study can 

establish a technical foundation for managing invasive species and supporting ecological restoration 

in coastal wetlands. This study contributes directly to advancing UN Sustainable Development Goal 

(SDG) 15.1 on wetland conservation and informs China’s national strategy for “integrated protection 

of mountains, waters, forests, farmlands, lakes, grasslands, and deserts.” 
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S. alterniflora Spartina alterniflora 

P. australis Phragmites australis 
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NIR Near-Infrared Reflectance 

NDVI Normalized Difference Vegetation Index 
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