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The Huanghe Estuary, which is characterized by dynamic hydrological and ecological processes, is highly susceptible to marine oil spills due to dense maritime traffic and extensive industrial activities. This study evaluated the vulnerability of estuarine wetlands in the Huanghe Estuary to oil spill stress using the Pressure-Situation-Sensitivity-Recovery (PSSR) framework. By employing the Geographic Information System (GIS) and the Analytic Hierarchy Process (AHP), this study categorized the vulnerability index (0–1) into five classes: Very Low (0–0.098), Low (0.098–0.125), Medium (0.125-0.192), High (0.192–0.224), and Very High (0.224–1). The results indicate that the ships indicator has the highest weight, followed by oil rigs. In contrast, the number of chemical splash-proof suits and tugboats have the lowest weights. Wetland vulnerability under oil spill stress exhibited significant spatial variation, with higher vulnerability observed in areas closer to the coastline, such as the eastern part of Kenli County, the northern part of Wudi County, and the northern part of Hekou District. This study underscores the need for targeted measures and enhanced monitoring to mitigate the risks of large oil spills and protect the ecological integrity of the Huanghe Estuary. The findings presented herein provide critical information that will help policymakers and environmental managers implement effective conservation strategies and risk mitigation efforts in this ecologically sensitive and economically important region.
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1 Introduction

Coastal wetlands are prominent elements of coastal landscapes that rank among the planet’s most crucial ecosystems in terms of biodiversity. These systems are essential to preserving global biodiversity in coastal regions because of their abundant productivity, which supports food chains, as well as their role in providing habitats for various plant and animal species (Ayyam et al., 2019). Among coastal wetland systems, estuarine wetlands possess a particularly unique ecological value. Estuarine wetlands are unique ecosystems located in transitional zones between the ocean and land that are characterized by rich biodiversity and landscape diversity. These wetlands support a diverse range of plants, benthic organisms, plankton, and birds while providing important habitats for many rare and endangered species. Moreover, wetlands can effectively reduce the damage caused by storm surges (Costanza et al., 2021; Narayan et al., 2017).

However, estuarine wetlands ecosystems are under increasing threat from anthropogenic activities, particularly oils spills (Pezeshki and DeLaune, 2015). Indeed, oil spills can be devastating, causing immediate and long-term harm to coastal ecosystems (Barron et al., 2020). The effects of oil spills on estuarine wetlands include smothering benthic habitats, toxic effects on coastal organisms, and disruption of ecological functions of coastal ecosystems (Mendelssohn et al., 2012). The risk of oil spills to estuarine wetlands usually originates from the ocean, where underwater oil pipelines, drilling platforms, transport vessels, and coastal oil storage tanks in ports are all potential sources of spills (Wang et al., 2023).

Therefore, assessing the vulnerability of estuarine wetlands to oil spills is crucial to developing effective conservation strategies and mitigating potential damage (Nelson et al., 2015). Although significant progress has been made in the field of assessing the vulnerability of coastal wetlands, including the impacts of various disastrous events such as climate change, sea-level rise, cyclones, and oil spills (Hidalgo-Corrotea et al., 2023; Cui et al., 2015; Thorne et al., 2018; Zhang et al., 2019; Balogun et al., 2020), as well as in the use of geospatial technologies and ecological modeling to evaluate factors such as plant and animal sensitivity, tidal patterns, and sediment composition (Nelson et al., 2015; Rodrigues et al., 2023), many studies have overlooked the spatial differentiation of vulnerability. This neglect has led to a limited understanding of how wetlands respond to oil spill stress across different geographic locations and environmental conditions. For example, while many studies have explored the roles of wetland vegetation density and hydrodynamic conditions in mitigating oil contamination (Michel and Rutherford, 2014), few have addressed how these factors vary spatially and affect the distribution of vulnerability. Scientifically identifying the spatial distribution of vulnerability helps determine which areas are most susceptible to oil spills, which assists decision-makers in prioritizing the protection of these high-risk areas (Marignani et al., 2017). Identification of vulnerable areas also facilitates optimization of the allocation of emergency resources, such as protective equipment and cleanup personnel (Alem et al., 2021). Moreover, it supports the formulation of appropriate regulations on shipping and oil extraction at the policy level. Accordingly, it is particularly important to assess the vulnerability of estuarine wetlands under the stress of oil spills.

The Huanghe (Yellow River) Estuary in China is the largest, most well-preserved, and youngest wetland ecosystem in a warm temperate zone in the world (Chang et al., 2022). The wetlands of the Huanghe Estuary comprise one of the most dynamic zones of land-sea interaction in China and represent an extremely fragile and sensitive ecosystem that plays a crucial role in protecting wetland biodiversity and purifying water (Xia et al., 2020; Yan et al., 2023). However, the estuary faces the Bohai Sea, which is frequently affected areas by oil spills (Guo et al., 2019); therefore, wetlands in the estuary are at serious risk of oil spill pollution. As a result, it is essential to assess the vulnerability of the Huanghe Estuary to oil spills to facilitate future wetland protection.

Vulnerability assessment has been extensively studied, and various models and assessment systems have been developed around the world, including the Pressure-State-Response (PSR) framework (Men and Liu, 2018), the Vulnerability Scoping Diagram (VSD) framework (Polsky et al., 2007), and the Drivers-Pressures-State-Impact-Responses (DPSIR) framework (Gari et al., 2015). Although numerous studies have utilized these frameworks to construct indicator systems for assessing vulnerability under oil spill stress (Wang et al., 2023; Yang et al., 2021; Zhang and Xue, 2013), we believe that the existing models have limitations within the specific context of the present study.

For example, the VSD model traditionally addresses vulnerability through the dimensions of exposure, sensitivity, and adaptability. However, we argue that this approach may not fully capture the dynamic interactions between the ecosystem state and external pressures. The present study aimed to address this gap by employing the Pressure-Situation-Sensitivity-Recovery (PSSR) model, a novel evaluation system that retains the organizational structure of the VSD while introducing a more nuanced decomposition of vulnerability into the following four dimensions: pressure, situation, sensitivity, and recovery. This approach enables a more comprehensive assessment by considering not only inherent vulnerabilities, but also the current state of the ecosystem and its response to stressors. By combining pressure, situation, sensitivity and recovery, the PSSR model enables the systematic assessment of wetland vulnerability under various environmental pressures, providing effective management decision-making support (Zhang et al., 2017).

The AHP is a decision-making analysis method that is particularly suitable for handling complex multi-criteria decision problems. The AHP breaks down complex problems into multiple levels, allowing for comparisons and evaluations at each level to ultimately determine the priority of the alternatives (Saaty, 1980). This method is widely employed in environmental assessments, as it systematically integrates subjective judgments with objective data, ensuring the reliability of the results through consistency checks. In this study, AHP was utilized to assign weights to the indicators within the PSSR framework, ensuring that the influence of each indicator on the vulnerability assessment was reasonably reflected.

Thus, this study employed the PSSR framework, the AHP, and the Geographic Information System (GIS) to construct a vulnerability assessment indicator system for the wetlands in the Huanghe Estuary under oil spill stress. The objectives of this study were to (1) systematically evaluate wetland vulnerability under the pressure of marine oil spills; (2) analyze spatial disparities in wetland vulnerability; (3) determine the relative influences of different indicators within the PSSR framework; and (4) provide insights and recommendations for policymakers and environmental managers to strengthen monitoring and mitigation strategies, thereby enhancing the ecological resilience of the Huanghe Estuary against oil spill risks.




2 Data and methods



2.1 Study area

The study area is located at 118°33′–119°20′E longitude and 37°35′–38°12′N latitude. The estuary coverage area is generally considered to include Wudi County, Zhanhua County, the Dongying district, Guangrao County, the Hekou district, Kenli County, Lijin County, and Shouguang (Figure 1). The estuarine wetland data used in this study were derived from remote sensing (Zhang et al., 2020, 2019). As shown in Figure 1, most of the estuarine wetlands in the Huanghe Delta are located in the eastern and southern parts of Kenli County, the eastern part of the Dongying district, the northern part of the Hekou district, and the northern part of Wudi County.




Figure 1 | The estuarine wetlands along the coastal zone of the Huanghe Delta located in Shandong Province of China.



The offshore areas of the Huanghe Delta generally experience irregular semidiurnal tides (Liu et al., 2022) that are mainly influenced by the tidal wave system of the Bohai Sea. The Huanghe River is considered a weak tidal estuary, with an average high tide interval of 10–11 hours. In the neap-spring tidal cycle, there is a significant difference between the average tidal range of spring and neap tides. The average spring tide range is between 1.06 and 1.78 meters, while the average neap tide range is between 0.46 and 0.78 meters. The average duration of the flood tide is 6 hours and 30 minutes, and the average duration of the ebb tide is 9 hours and 24 minutes. During high tides, the wetlands experience extensive inundation, which facilitates the spread of oil spills into more sensitive ecological areas, while low tides may trap oil in exposed mudflats, increasing the persistence of oil in the ecosystem. The wetland area used in this study refers to the region that is submerged during high tide.

The study region experiences distinct seasonal changes, with summer characterized by higher temperatures and stronger winds (Mikhailov et al., 2018), which may accelerate the spread and evaporation of oil, while lower temperatures and reduced wind activity during winter can slow the movement of oil, potentially prolonging its presence in the environment. Additionally, the delta’s coastal variables, such as the rate of sediment deposition and the distribution of coastal vegetation such as Phragmites and Suaeda salsa, may influence the behavior of oil in the ecosystem. The high sedimentation rate in the wetlands may lead to the burial of oil in sediments, further complicating clean-up efforts and hindering ecological recovery.




2.2 Assessment framework and indices

The PSSR model allows for a more detailed and accurate assessment of vulnerability, facilitating better-informed decision-making for environmental management and conservation. In the model, a larger positive indicator indicates greater vulnerability, whereas a larger negative indicator reflects lower vulnerability.

	“Pressure” refers to the degree of adverse impacts on the Huanghe Estuary due to oil spill stress, with the distribution range of oil spill sources being the main pressure faced by the wetlands. The Bohai Sea contains a high concentration of various risk sources, significantly elevating the likelihood of oil spill exposure in the coastal wetlands of the Huanghe Estuary. The five indices representing these oil spill risk sources consist of oil reservoirs on land, oil transmission lines, oil rigs, ships, and shipping lanes. Therefore, these are positive indicators.

	“Situation” is determined by the static geographical environment of the Huanghe Estuary itself, such as the distance from the shoreline and the water depth at high tide. To be specific, with greater distance from the coast, the likelihood of marine oil spills reaching wetlands decreases, making the wetlands less vulnerable; as the water depth increases, the capacity for exchange becomes greater, resulting in reduced vulnerability to oil spills. Therefore, the situation indicators are all negative indicators.

	“Sensitivity” refers to the degree to which the wetlands in the Huanghe Estuary respond to oil spill disturbances, which is determined by the dynamic environmental characteristics of the area surrounding the delta wetlands. The dispersion of spilled oil is influenced by the interactions between wind, waves, and currents (Abascal et al., 2010). Greater wind speeds facilitate the spread of oil spills, leading to reduced sensitivity. As the wave height and water flow velocity increase, the oil spill is more likely to be dispersed, resulting in decreased sensitivity. Therefore, the indicators of sensitivity are all negative indicators.

	“Recovery” refers to the effective measures taken by humans to mitigate the impact of oil spill disasters and the ability to recover from them. Maritime management authorities are equipped with corresponding emergency facilities for oil spill incidents. In this study, the number of these facilities was used to represent adaptability, where the greater the number of facilities, the higher the adaptability and the lower the vulnerability. Therefore, the recovery indicators are negative indicators.



Overall, based on comprehensive consideration of the timeliness and accessibility of available data, a total of 19 evaluation indicators were selected to establish the evaluation indicator framework for wetlands in the Huanghe Estuary under oil spill stress (Table 1).


Table 1 | Indicators used in the pressure-situation-sensitivity-recovery framework.








2.3 Research methods



2.3.1 Weight determination

Once the index system was established, the next crucial step in the vulnerability assessment was determining the index weights. Existing studies generally categorize weighting methods into two main types: objective and subjective (Ustinovichius, 2007). Objective methods assign weights to indicators based on statistical data, thereby minimizing personal bias. In contrast, subjective methods, such as the AHP, rely on expert judgment and experience. Although objective methods are often regarded as more credible due to their data-driven nature, the AHP is widely utilized to incorporate structured and transparent expert knowledge into the weighting process. In this study, AHP was employed not to eliminate subjectivity but to systematically integrate expert judgment in a manner that ensured consistency and reduced arbitrary bias. AHP mainly includes the following steps:

(1) Problem decomposition. This step decomposes the complex problem into a multi-level hierarchical structure that typically includes a goal layer, criteria layer, and indicator layer. The goal layer represents the ultimate objective of the decision, the criteria layer represents the standards or criteria for achieving the objective, and the indicator layer represents the options being considered.

(2) Constructing the judgment matrix. In this step, pairwise comparisons of elements are conducted and used to construct a judgment matrix. The elements in the judgment matrix indicate the relative importance of each pair of elements concerning a specific criterion. A scale of 1-9 is commonly used to rate relative importance.

(3) Calculating eigenvectors and weights. In this step, the eigenvector of the judgment matrix is calculated to obtain the relative weights of the elements, which is represented by  .

(4) Consistency Check. In this step, a consistency check of the judgment matrix is performed to ensure the reasonableness and consistency of the judgments. If the consistency ratio (CR) is less than 0.1, the judgment matrix is considered to have satisfactory consistency. The CR is defined by the following equation:

 

The consistency Index (CI) is defined as:

 

where   is the largest Eigen value derived from the comparison matrix and n is the number of criteria.

The Random Index (RI) refers to a randomly generated reciprocal matrix from the 9 point scale. This value can be determined by referring to the RI table (Table 2) (Saaty, 1987).


Table 2 | The number of criteria (n) and random index (RI) values.



(5) Comprehensive evaluation: In this step, the comprehensive evaluation value of each alternative relative to the overall goal is determined based on the weights of each level and the alternatives are ranked.




2.3.2 GIS-based vulnerability assessment model

In this study, all the indicator data are discrete and vary widely. Therefore, the inverse distance weighting interpolation method is used to interpolate the discrete data into spatially continuous data, facilitating subsequent vulnerability assessment using geographic information system weighting methods. In addition, all the interpolated data is converted into spatial raster data using GIS methods to facilitate subsequent spatial weighting. Subsequently, positive indicators are normalized via Equation 3, while negative indicators are normalized via Equation 4.

 

 

where   represents the normalized score of the i-th positive indicator,   represents the normalized score of the i-th negative indicator, x represents the true values of the spatial distribution, Min is the minimum value of each indicator, and Max is the maximum value of each indicator.

The vulnerability index is calculated based on the indicator weights determined by AHP, and the vulnerability index is calculated using the following formula:

 

In the formula, VI represents vulnerability index, with a value range of [0, 1], and   is the weight of the i-th indicator.

The quantile method is a statistical technique used to divide a dataset into intervals based on the data distribution, often yielding equal-sized groups. This method is commonly employed in data analysis to categorize data points and make comparisons (Lodder and Hieftje, 1988). This study used the quantile method in the GIS to classify the VI into five grades: Very Low, Low, High, and Very High (Table 3). The vulnerability of different spatial regions was then identified based on the classification results.


Table 3 | Categorization of the vulnerability index (VI) into five levels using the quantile method in the GIS program.








3 Results and discussion



3.1 Weight distribution based on AHP

The pressure indicator was found to be the greatest influencer of vulnerability, with ships being the highest-weighted factor within this category, followed by oil rigs. In contrast, the situation indicator had the lowest impact, with the number of chemical splash proof suits and tugboats having the smallest weights among all indicators. Weight allocation details are summarized in Table 4.


Table 4 | Weight allocation of each indicator.



The results of the weight calculation based on AHP provided significant insights into the factors affecting vulnerability in maritime environments. According to the results, the higher weights assigned to pressure indicators such as ships and oil rigs reflect a preventive focus. Addressing the vulnerabilities associated with these indicators can prevent large-scale incidents from occurring, thereby reducing overall vulnerability. However, situation indicators are more reactive, coming into play once an incident has occurred. While important for immediate response and containment, their role in overall vulnerability reduction is less pronounced than preventive measures associated with pressure indicators. The advantage of AHP lies in quantifying qualitative judgments to integrate qualitative factors into quantitative analysis and thereby enhance the evaluation. However, AHP also has several limitations (Munier et al., 2021). For example, it assumes that the indicators are independent of each other, but in this study the indicators often had mutual influences and interactive effects (such as the coordination between different rescue capabilities). Therefore, in future studies this method must be employed appropriately, according to specific situations, while supplementing its shortcomings with additional means and methods to enhance the reliability of decisions made based on the method.

This study adopted several typical indicators used in previous research and achieved reasonable results. For example, sources of oil spills that can harm estuarine wetlands primarily consist of oil reservoirs on land, oil transmission lines, oil rigs, ships, and shipping lanes, while the capability of estuarine wetlands to respond to the threat of oil spills mainly relies on the number of available rescue ships, tugboats, fireboats, chemical splash-proof suits, booms, unloading pumps, and oil skimmers (Wang et al., 2018). The present study adopted these indicators for the evaluation of pressure and recovery. Wind speed and wave height were the primary influencers of the spread of oil spills in wetland waters (Abascal et al., 2010). Specifically, a higher wind speed was associated with an easier spread of oil, while larger waves indicate that it is less likely for oil to accumulate after a spill. Therefore, in areas with high wind speeds and wave heights, the vulnerability of wetlands under the stress of oil spills is lower. The principles for selecting other indicators were similar and are not elaborated on here. In summary, we successfully constructed an assessment system for evaluation of the vulnerability of estuarine wetlands under oil spill stress through the PSSR framework. However, it is important to note that there were certain limitations. Specifically, data availability and the scale of analysis may have affected the accuracy of the findings. Future studies should focus on long-term monitoring, incorporating higher resolution data, and expanding the range of indicators to include social and economic factors.




3.2 Spatial variations of pressure, situation, sensitivity and recovery

We developed spatial differentiation maps for the wetlands illustrating the pressure, situation, sensitivity, and recovery using a spatial weighted analysis based on the relative weights of each indicator. As shown in Figure 2A, most of the wetlands were found to be under high pressure due to oil spills, particularly in the northern regions. Only the wetlands in the southeastern part of Kenli County exhibited low or relatively low pressure.




Figure 2 | Spatial variation of the integrated (A) pressure, (B) situation, (C) sensitivity, and (D) recovery of the Huanghe Estuary coastal wetlands.



With the exception of wetlands in the northern estuary area and the scattered wetlands in the central region of Wudi County (Figure 2B), the situation values for the wetlands were generally very high or high. As shown in Figure 2C, with the exception of wetlands in Wudi County, the sensitivity of wetlands was generally high. As shown in Figure 2D, most of the estuarine wetlands were in areas with very low and low recovery capacity. The recovery capacity of wetlands in the northern part of Wudi County was found to be low, while that of wetlands in the eastern part of Dongying District was found to be in the moderate range.




3.3 Spatial variation of vulnerability

As shown in Figure 3, the vulnerability of wetlands located at different locations in the Huanghe Estuary under oil spill stress differed significantly. Wetlands in the northern part of Wudi County were highly vulnerable, while the scattered wetlands in the central parts of Wudi and Zhanhua counties showed low vulnerability. Wetlands in the northern coastal area exhibited high vulnerability. In Kenli District, coastal wetlands were found to be highly vulnerable, while those in inland areas showed low vulnerability. In the Dongying district, the vulnerability of wetlands was very high and high. The small patches of wetlands in Shouguang District also exhibited very high and high vulnerability under oil spill stress.




Figure 3 | Spatial variation of the integrated vulnerability of the Huanghe Estuary coastal wetlands.



This study revealed significant spatial variations in the vulnerability of wetlands in the Huanghe Estuary under oil spill stress that were driven largely by differences in geographical location and environmental characteristics. Specifically, wetlands closer to the coastline, such as those in the northern parts of Wudi County and the coastal areas of the estuary, exhibited higher vulnerability due to their direct exposure to marine pollution sources. In contrast, scattered wetlands located further inland, particularly in the central regions of Wudi and Zhanhua counties, demonstrated lower vulnerability, likely due to natural barriers and distance from pollutant sources.

The environmental characteristics of these regions play a crucial role in determining the resilience of wetlands (Rezaie et al., 2020). It is also important to note that the deployment of oil spill response facilities significantly enhances the recovery process for affected wetlands (Lindstedt-Siva, 1977), thereby reducing their vulnerability. This is because such facilities enable rapid containment and cleanup, minimizing the duration and severity of exposure to contaminants. These facilities also provide specialized equipment and trained personnel, ensuring efficient restoration efforts. By preventing the spread of oil and facilitating swift remediation, response facilities help protect sensitive ecosystems, promote faster ecological recovery, and ultimately decrease the overall vulnerability of wetlands to environmental disturbances. Therefore, enhancing the ability to recover is an important way to effectively reduce the vulnerability of wetlands to oil spill stress.




3.4 Current risks posed by oil spills to estuarine wetlands in China

Currently, China still faces a severe oil spill situation (Zhu et al., 2022). Statistical analysis revealed that the number of spills and the volume of oil spilled exhibited a clear trend from 2009 to 2022 (Figure 4). It is clear from Figure 4A that although the overall number of leaks has decreased steadily since peaking around the year 2009, the occurrence of leaks over 50 tons has remained relatively stable, with no significant changes over time. As shown in Figure 4B, the leaked volumes over 50 tons demonstrated more variability over the years, with no distinct long-term trend. Although the overall frequency and volume of oil spills showed a declining trend, there was no clear decreasing trend in either the frequency or the volume of large spills exceeding 50 tons. These major incidents are precisely the events that pose the greatest threat to estuarine wetlands and therefore require special attention. As shown in Figure 4, the harm caused to estuarine wetlands by oil spills cannot be significantly reduced in the short term.




Figure 4 | Trends in (A) the number of leaks and (B) volume of leakage in the study area from 2009 to 2022 for all leaks and leaks of over 50 tons per instance.



Targeted management strategies are essential to address these challenges. Improvements can be made in four dimensions: pressure, situation, sensitivity, and recovery. For pressure, environmental regulations, technological standards, and protective measures should be strengthened to reduce the direct impact of oil spills on the wetlands. For situation, establishing a comprehensive environmental monitoring network, conducting dynamic risk assessments, and strengthening regional cooperation can improve overall response capabilities. Sensitivity can be improved by implementing zonal management to protect highly sensitive areas, conducting ecological restoration projects to increase ecosystem resilience, and enhancing scientific research to understand the responses of different plants and animals to oil pollution. For recovery, establishing an efficient emergency response mechanism to quickly clean up oil spills and conducting long-term monitoring to assess recovery effectiveness and adjust measures accordingly are crucial. These improvements can effectively reduce the occurrence of oil spill incidents and enhance wetland ecosystem recovery capacity, thereby protecting this vital ecological resource.





4 Conclusion

Using the PSSR framework, this study provided a comprehensive evaluation of the vulnerability of estuarine wetlands in the Huanghe Estuary to oil spill stress. The results indicate that among all selected indicators, the ships indicator has the highest weight, followed by oil rigs. In contrast, the indicators of the number of chemical splash-proof suits and tugboats have the lowest weights. Vulnerability exhibited significant spatial variation, with areas closer to the coastline showing greater vulnerability to oil spills.

This study proposes a feasible PSSR model for assessing the vulnerability of estuarine wetlands under oil spill stress that can serve as a reference for similar research in other estuarine areas. One major benefit of the PSSR framework is its ability to integrate diverse indicators into a structured evaluation. However, its reliance on the availability of high-quality data is a limitation. In this study, some indicators—particularly indicators related to response capabilities, such as the availability of chemical splash-proof suits and tugboats—were found to have minimal influence. Future research should explore additional or alternative indicators, such as the ecological restoration capacity and the effectiveness of mitigation strategies, to enhance the comprehensiveness of the model.

The use of the AHP method enabled the systematic comparison of indicators. However, its inherent subjectivity remains a drawback. To address this, future work could incorporate more objective weighting techniques, such as machine-learning algorithms, to reduce subjectivity and enhance the robustness of the model. In addition, further studies should aim to fill gaps in data availability, particularly regarding the long-term ecological impacts of oil spills, to refine vulnerability assessments in estuarine wetlands.
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