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Saltmarsh carbon storage contributes significantly to combating global climate change and achieving regional carbon neutrality. Yet saltmarsh carbon stocks have shown a trend of decline in recent years. Therefore, long-term monitoring and analyzing of saltmarshes for their carbon storage is imperative to better protect and manage this pool of carbon. This study investigated the spatiotemporal dynamics in saltmarsh carbon storage during 1987–2020, by using the Google Earth Engine (GEE) platform and applying the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) model, and analyzed the driving factors of carbon storage in saltmarshes. The key results are as follows. Firstly, carbon density values in saltmarshes ranged more than 14-fold, from 7.24 to 104.99 Mg·hm-2, and the total carbon storage showed a decreasing trend. Secondly, reduced carbon storage was concentrated in inshore saltmarshes adjacent to reclamation sites, especially in Shandong, whereas augmented carbon storage characterized the offshore saltmarshes dominated by Spartina alterniflora, especially in Shanghai and Jiangsu. Overall, the carbon stocks of saltmarshes have fallen by 10.44 Tg; the decrease in carbon storage caused by Suaeda salsa, Phragmites australis, and mudflats exceeded the increase in carbon storage caused by Spartina alterniflora and Scirpus mariqueter. Further, we found that reclamation was the most dominant driver of carbon storage reductions, except for sea level rise and hurricane disturbances that can also negatively impact carbon storage, while greater carbon storage was closely related to the invasion of Spartina alterniflora. This study’s findings facilitate the development of a carbon storage management strategy for saltmarsh ecosystems to address global climate change and contribute to attaining carbon neutrality.
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1 Introduction

As globally significant carbon sinks, coastal ecosystems play a pivotal role in tackling global climate change (Tang et al., 2018; Cai et al., 2021). Carbon sequestered in saltmarshes, seagrass beds, and mangrove forests of coastal ecosystem is known as “blue carbon” (Davidson et al., 2018). The carbon sequestration capacity of “blue carbon” ecosystems is about 10 times greater than that of terrestrial ecosystems (Mcleod et al., 2011). Although these ecosystems constitute only 0.2% of the marine area, the carbon stored in their sediment accounts for ca. 50% of the total carbon storage in ocean sediments (Duarte et al., 2013). As an important coastal wetland type, saltmarshes are of great intrinsic conservation value because of their high productivity and large carbon storage. There is now mounting recognition of the value and potential of saltmarsh carbon storage in addressing global climate change (Cai et al., 2021). Therefore, exploring, protecting, and promoting carbon storage and sequestration in saltmarsh ecosystems will be helpful to mitigate global warming and realizing regional carbon neutrality.

The saltmarsh ecosystems provide numerous ecosystem services, including biodiversity conservation and carbon sequestration (Zhao et al., 2018; Chen et al., 2020; Cai et al., 2021), where the vast area of mudflats and flora serve as massive blue carbon sink and promote the ecosystem-based coastal defense (Yim et al., 2018; Ma et al., 2019). The saltmarsh vegetations are reported to be one of the major contributors to blue carbon in the coastal wetlands because of their high productivity and carbon sequestration capacity per unit area (Bai et al., 2016; Zhang et al., 2017; Tang et al., 2018). Shen et al. (2021) recently determined that the aboveground carbon storage in a coastal marsh region to be ca. 1.1 Tg, based on field surveys and wetland distribution data in China. In the coastal United States, the total carbon storage of salt marsh and mangrove soils is estimated to be 0.87 Pg C (Nahlik and Fennessy, 2016). Similarly, mudflats without vegetation could function as critical carbon sink because of their high burial rate and vast area (Chen et al., 2020). In China, the lower limit of the carbon burial rate of coastal tidal flats is roughly 0.42 Tg C·a−1, which is significantly greater than that of mangroves and second only to salt marshes (Wang et al., 2021). Moreover, Chen et al. (2020) found that carbon storage values of 20.53 and 78.07 Tg for vegetated wetland and non-vegetated tidal flats along coastal China, respectively. To date, studies have focused on carbon storage of a single type (vegetation or mudflat) in a specific year, ignoring the long-term change of the overall carbon storage in the salt marsh ecosystem (Chen et al., 2020; Shen et al., 2021; Wang et al., 2021). In addition, the dynamics of carbon storage in different salt marsh types have not been well-characterized.

In the context of global climate change, studying carbon storage and sequestration in saltmarshes has become a crucial topic in global carbon cycle research (Mcleod et al., 2011; Tang et al., 2018; Zhang et al., 2018). As a tool for ecosystem assessment, the InVEST model is well suited for quantitatively analyzing carbon stocks, habitat quality, soil conservation, food production, and other similar ecosystem service functions, whose corresponding results can be depicted in thematic maps (He et al., 2016; Li et al., 2018a). Previous studies have proven that the InVEST model can estimate the carbon storage in a simple and reliable way (He et al., 2016; Zhao et al., 2019; Islam et al., 2022). However, research on carbon storage in China along its coast based on InVEST model has mostly focused on several hotspot areas (Ma et al., 2019; Cai et al., 2021), leaving the large-scale spatial and temporal changes of saltmarshes’ carbon storage across the China’s entire eastern coastal zone still unclear. Furthermore, it is imperative for InVEST model to obtain accurate temporal and spatial patterns of saltmarshes to quantitatively analyze dynamics of carbon storage (Adelisardou et al., 2021; Xu et al., 2021b). Supervised, unsupervised and object-based classification have been widely used to produce the land use and land cover (LULC) products (Wang et al., 2020b). These methods typically produce accurate LULC raster maps for small areas at a specific time, but are usually expensive, time-consuming, and difficult to scale up to larger areas (Wang et al., 2020b; Yan et al., 2021). In the last few years, the GEE, a free web-based cloud computation platform with powerful computational power and big data-processing algorithms, has begun to provide time-series remote sensing imagery and other relevant data on a global scale (Zhang et al., 2019). Many scholars have already used GEE to carry out large-scale wetland mapping in coastal China with good results so far (Zhang et al., 2019; Gu et al., 2021; Hu et al., 2021). Thus, Random Forest (RF) algorithm via GEE was used in this study to provide an accurate land cover raster for input into the InVEST model.

In order to address the abovementioned issues and concerns, here we integrate GEE and InVEST model to quantify the spatiotemporal dynamics of carbon storage in different saltmarshes types for 1987–2020 across China’s entire eastern coastal zone. The specific objectives of our study are (1) to investigate the long-term variability of different saltmarshes types on a large spatiotemporal scale through GEE coding; (2) to simulate and analyze the spatial and temporal dynamics of carbon storage in saltmarshes, using the InVEST model; and (3) to explore the factors driving carbon stock changes. Moreover, the findings of this study will provide a timely reference for enhancing conservation and management strategies of coastal ecosystems’ carbon storage and contribute to achieving carbon neutrality targets.



2 Materials and Methods


2.1 Study Area

China’s coastline runs at least 32,000 km, including 14,000 km of island coastline, starting from the mouth of the Yalu River (39.83°N, 121.16°E) and extending to that of the Beilun River (21.53°N, 108.05°E) (Gu et al., 2021; Hu et al., 2021). These coastal wetlands are geographically divided by Hangzhou Bay into two types: rocky shores in the south and muddy flats in the north. The study area covers the entire saltmarshes north of Hangzhou Bay from 29.42°N to 39.83°N, this lying within subtropical and temperate monsoon climate zones. Saltmarshes are usually divided into low, middle, and high marshes (Gu et al., 2021). Extensive mudflats are distributed around the low marshes. The inner side of middle and high saltmarshes is adjacent to reclamation areas (such as aquaculture pond, farmland, etc.). In high marshes, Phragmites australis (P. australis) is the dominant species; however, Suaeda salsa (S. salsa) dominates the middle marshes and Scirpus mariqueter (S. mariqueter) is dominant in low marshes; Spartina alterniflora (S. alterniflora) is invading high marshes from mudflat (Figure 1).




Figure 1 | Geographic position and types of saltmarshes in 2020. (a–d) represent the Liao River Estuary, Yellow River Delta, Yancheng National Nature Reserve, and Yangtze River Estuary, respectively.





2.2 Data Acquisition and Preprocessing

Over the past few decades, NASA (National Aeronautics and Space Administration) has provided a continuous series of Landsat images. These images are contained in the public data archive of GEE (https://code.earthengine.google.com/) and can be used to detect long-term land cover change in saltmarshes (Zhang et al., 2019; Wang et al., 2020a). Here, we selected Landsat 5, 7, and 8 image collections from the Landsat surface reflectance Tier 1 products, spanning 1987 to 2020. Despite selecting only those images with low cloud cover (< 20%) to obtain high quality data, even the best available data in certain areas still had a small amount of cloud present, which affected the surface reflectance of different saltmarshes types (Gu et al., 2021). Therefore, to avoid errors, pixel quality attributes (pixel_qa) generated from the CFMASK algorithm were used to exclude pixels identified as clouds or cloud shadows from the image stack. Finally, we calculated the Normalized Difference Vegetation Index (NDVI), Modified Normalized Differences Water Index (mNDWI), and Land Surface Water Index (LSWI) for each image and added both to each image collection. These three indices are defined in Eqs. (1), (2), and (3):

 

 

 

where ρnir, ρred, ρgreen, and ρswir are respectively the near-infrared, red, green, and shortwave infrared bands of Landsat imagery.

Accurate and adequate sample data are important for conducting a supervised large-scale LULC classification (Yang and Huang, 2021). Zhang et al. (2019) found that the mudflat area is easily distinguished from vegetation in high-resolution imagery from Google Earth. Accordingly, we selected mudflat and vegetation samples from Google Earth’s repository of high-resolution images. Published research indicates that a visual interpretation method can yield accurate and high-quality samples (Hu et al., 2021; Yang and Huang, 2021). Hence, we used a visual interpretation method to classify vegetation sample sites into four types (S. salsa, P. australis, S. alterniflora, S. mariqueter) based on published in situ studies of saltmarshes. Overall, ca. 11,000 sampled points representing five saltmarsh categories were selected (Supplementary Figure 1); of these samples, 70% were used for model training and the remaining 30% for assessing accuracy.

For each saltmarsh type, its carbon pools data (Table 1) was expressed as carbon storage per unit area and obtained from previous studies (based data availability). All carbon storage per unit area data used in our paper are field measurements of saltmarshes in China’s eastern coastal zone from those previous studies. References for this data can be found in provided Supplementary Table 1.


Table 1 | Carbon pools of the saltmarshes used in the InVEST model (Mg·hm-2).





2.3 Saltmarsh Classification


2.3.1 Compositing the Images of Maximal Saltmarsh Extent

Tidal inundation has a significant impact on a coastal wetlands’ classification. To not miss any fully exposed saltmarshes, we used the maximum spectral index (MSIC) to composite the image. According to the pixel with the maximum value of the selected spectral index in the time-series collection of Landsat images, MSIC sets each pixel of the composite image. Thus, each pixel represents an extreme tidal condition at its own location (Jia et al., 2021). In this way, MSIC composite images are not only representative of the saltmarshes in general for a given year but they also bypass the effects of tidal inundation on saltmarshes. Next, to obtain each the maximal extent of the saltmarshes, i.e., the lowest tide condition, NDVI-based MSIC images were produced. Compared with other composite images (e.g., median composite image), the NDVI-MSIC can effectively separate saltmarshes from marine water bodies to uncover fully-exposed saltmarshes (Jia et al., 2021). To visualize the advantages of using NDVI-MSIC images over a median composite image, we examined Jiaozhou Bay as a case study area (Figure 2).




Figure 2 | Landsat composite images acquired in 2020: (A) Median composite image; (B) NDVI-MSIC image. (a, b) zoomed-in areas showing the local details of the median composite image; (c, d) zoomed-in areas showing the local details of the NDVI-MSIC image.





2.3.2 RF Machine Learning Algorithm via GEE

The RF algorithm outperforms other algorithms when using long time-series of remotely sensed data for LULC mapping (Xu et al., 2021a; Yan et al., 2021). To reduce the possibility of overfitting, sub-samples are randomly selected by the RF algorithm from input variables and, in addition, the optimal features are randomly selected through a voting process to create splits in the nodes of the generated tree (Zhang and Zhang, 2020). Using the RF algorithm leads to greater accuracy and efficiency, even under adverse conditions of noise interference. For these reasons, we applied the RF algorithm to NDVI-MSIC images to distinguish between different salt marsh types. Approximately 70% of samples were randomly selected on the GEE platform for use as a dataset to train the RF algorithm (Section 2.2). The input data for the RF algorithm consisted of the original spectral bands and three calculated normalized indices.



2.3.3 Post-Classification Processing and Accuracy Assessment

Morphological processing and filtering are effective methods of post-classification processing that contribute to a highly accurate classification (Hu et al., 2021). In our study, the majority filter and elimination tools in ArcGIS 10.3 were used to post-process the RF classification results. Any obvious misclassified results were corrected by their manual modification.

Accuracy assessment is crucial for ensuring the robust classification of remote sensing images. To that end, we used a validation dataset, consisting of the 30% remaining sample points recorded in Section 2.2, to construct confusion matrices. We then derive including overall accuracy and kappa coefficient parameters to evaluate the accuracy of the mapped saltmarshes. These results revealed an overall accuracy > 90% and a mean kappa coefficient of 0.89 (Table 2). The confusion matrices indicated that the map of saltmarshes was highly consistent with validation data.


Table 2 | Accuracy assessment of the saltmarsh classification results.






2.4 Carbon Storage and Sequestration

The Carbon Storage and Sequestration module of the InVEST model uses LULC-type maps, along with four basic carbon pools (aboveground, belowground, soil, dead litter), to estimate the carbon storage in a landscape unit (i.e., amount of carbon currently stored), as well as the carbon sequestration (i.e., amount of carbon it has sequestered over time) (Zhao et al., 2019; Adelisardou et al., 2021; Cai et al., 2021). Because of unavailable data, the total carbon storage calculated in this study omitted carbon storage by dead organic matter. We used these equations to estimate the carbon storage and sequestration:

 

 

 

where Ck is the carbon storage of a saltmarsh of type k (Mg), Ck_above is aboveground carbon density of a saltmarsh of type k (Mg·hm-2), Ck_below is belowground carbon density of a saltmarsh of type k (Mg·hm-2), Ck_soil is soil carbon density of a saltmarsh of type k (Mg·hm-2), and Ak is the area of a saltmarsh of type k (ha); C is the total carbon storage of the saltmarsh ecosystem (Mg); S is the carbon sequestration (Mg), Ct2 and Ct1 represent the carbon storage in years t2 and t1, respectively (t2 > t1).




3 Results


3.1 Changes to Saltmarshes Between 1987 and 2020

In total, 6605.04–12104.77 km2 of saltmarshes occurred along China’s eastern coastal zone in 1987 to 2020, which included the S. salsa, P. australis, S. alterniflora, S. mariqueter types and mudflats (Supplementary Figure 2 and Table 3). For S. salsa and P. australis saltmarshes, their coverage decreased continuously from 1987 through 2020, losing 189.31 and 1186.39 km2, respectively. Conversely, the S. alterniflora saltmarsh has continued to expand, increasing from 17.62 km2 to 523.95 km2. Deviating from those trends, S. mariqueter saltmarsh initially decreased in area but then increased over time. The area of mudflats generally featured a downward trend, with a reduction in area of 4265.01 km2. The proportion corresponding to mudflats ranged from 78.85% to 82.84%, comprising the largest saltmarsh type in the study area. The second largest saltmarsh type was P. australis, covering 11.82%–16.62% of the total area. This was followed by S. alterniflora, S. salsa and S. mariqueter, representing 0.15%–7.50%, 1.06%–2.18%, and 0.33%–0.77% of the total area, respectively.


Table 3 | Statistics of the saltmarshes from 1987 to 2020.





3.2 Total Carbon Storage and Sequestration Between 1987 and 2020

The total carbon density maps were created by quantifying carbon storage per unit area of saltmarshes, as shown in Figure 3. Evidently, the total carbon density in China’s eastern coastal zone changed significantly during the period of 1987–2020. The value of carbon density in saltmarshes ranged from 7.24 to 104.99 Mg·hm-2. High carbon density areas were mainly located in the vegetation-covered areas, and low density areas mainly occurred in mudflats. After 1995, however, the area of high carbon density continuously expanded. Large areas characterized by high carbon density were found in offshore saltmarshes that had been mudflats before 1995. This was especially the case for the saltmarsh wetlands of Jiangsu. By 2020, these areas covered nearly the entire eastern coastal zone area.




Figure 3 | Maps of saltmarshes total carbon density in (A) 1987, (B) 1995, (C) 2005, (D) 2015, and (E) 2020; (a-d) represent the Liao River Estuary, Yellow River Delta, Yancheng National Nature Reserve, and Yangtze River Estuary, respectively.



The total amount of carbon storage in the whole study area decreased from 29.30 Tg to 18.85 Tg during 1987–2020 (Figure 4), though the total carbon storage showed an increasing trend from 2015 to 2020. The carbon storage changes in various coastal provinces are not consistent, as depicted in Figure 4. In the provinces to the north of Jiangsu, carbon storage showed a downward trend. Only in Shanghai and Zhejiang, the carbon storage maintained an increasing trend in the past 30 years.




Figure 4 | Total carbon storage of saltmarshes in each province and the whole study area from 1987 to 2020.



In addition to carbon storage, we calculated carbon sequestration in the saltmarshes (Figures 5, 6). Raster maps (Figure 5) showed differential carbon density patterns between 1987 and 2020. In these maps the negative values indicate lost carbon and positive values denote carbon gain (in Mg per hectare). The results showed that carbon density was constantly altered within saltmarshes where carbon density underwent decreases in most areas. The inshore saltmarshes adjacent to reclamation sites were the main area of carbon density loss, reaching a maximum of −85.65 Mg·hm-2. It is well known that the S. alterniflora invasion not only expands the extent of saltmarsh wetlands but also enhances their carbon sequestration capacity (Davidson et al., 2018). Hence, the maximum carbon density of S. alterniflora saltmarsh rose from 64.21 to 104.99 Mg·hm-2; these carbon density gain areas were located chiefly in the offshore saltmarshes where dominance by S. alterniflora is less affected by human activities (Supplementary Figure 3 and Figure 5).




Figure 5 | Map of total carbon density dynamics during 1987 to 2020 in the saltmarshes; (a–d) represent the Liao River Estuary, Yellow River Delta, Yancheng National Nature Reserve, and Yangtze River Estuary, respectively.






Figure 6 | Total carbon sequestration of each province and the whole study area from 1987 to 2020.



The Figure 6 showed amount of carbon it has sequestered between 1987 and 2020. The red indicates carbon loss and green denotes carbon gain. Over the period 1987–2020 period, total carbon storage in the whole study area decreased by 10.44 Tg, with a mean reduction of 0.32 Tg per year. The most significant loss of carbon storage was Shandong, this was followed by Liaoning, Hebei, Jiangsu, and Tianjin, the loss of carbon storage was 6.22, 2.15, 1.62, 1.06, and 0.43 Tg respectively. And the gain of carbon storage in Shanghai and Zhejiang was 0.84 and 0.21 Tg respectively.



3.3 Carbon Storage and Sequestration in Various Saltmarshes Between 1987 and 2020

The spatial distribution maps of carbon density for each saltmarsh type (Supplementary Figure 3) revealed the carbon density of mudflats and P. australis were higher in the southern and northern parts than the central zone. Carbon density of S. salsa and S. mariqueter were higher in the northern than the southern areas. Besides that, S. alterniflora’s carbon density exhibited pronounced spatial variation.

In order to further analyze the spatiotemporal dynamics of carbon storage, we compared and analyzed the storage and sequestration of five saltmarsh in each province and the whole study area (Figures 7, 8). The results show that the carbon storage of S. salsa, P. australis and mudflat declined continuously in the whole study area, with carbon storage loss of 0.48, 5.54 and 7.82 Tg respectively. Meanwhile, the carbon storage by S. alterniflora and S. mariqueter continually increased in the whole study area, with carbon storage gain of 3.37 and 0.02 Tg respectively. The increase in saltmarshes carbon storage is substantially less than the loss. Specifically, the carbon stocks of P. australis and mudflat decreased in almost all provinces, with Shandong Province showing the most significant loss of 2.98 and 3.52Tg respectively. In addition, the carbon stocks of S. alterniflora increased in practically all provinces, with the largest increases in Jiangsu and Shanghai provinces, at 1.11 and 1.22 Tg respectively. In general, the carbon storage loss of S. salsa and P. australis saltmarshes and the mudflats was together greater than the rise in carbon storage facilitated by S. alterniflora.




Figure 7 | Carbon storage of various saltmarshes in (A) Liaoning, (B) Hebei, (C) Tianjin, (D) Shandong, (E) Jiangsu, (F) Shanghai, (G) Zhejiang, and (H) the whole study area from 1987 to 2020.






Figure 8 | Carbon sequestration of various saltmarshes in (A) Liaoning, (B) Hebei, (C) Tianjin, (D) Shandong, (E) Jiangsu, (F) Shanghai, (G) Zhejiang, and (H) the whole study area from 1987 to 2020. The inset in (H) is enlarged data for carbon sequestration of S. mariqueter in the whole study area.






4 Discussion


4.1 Changes in Saltmarsh Coverage and Carbon Storage

We found that the area of saltmarshes area shrank from 1987 to 2020 (Table 3 and Supplementary Figure 2). In particular, major trends included the reduction in the P. australis saltmarsh and mudflats, and the expansion of the S. alterniflora saltmarsh. Our results for changed areas of saltmarsh types are similar to those reported in other research (Gu et al., 2018; Mao et al., 2019; Gu et al., 2021). Reclamation projects carried out in China coastal wetlands are considered to be the most dominant cause for coastal ecosystem degradation and loss. Newly constructed buildings, farmland, and aquaculture ponds now occupy large areas that were once wetlands along the country’s coastal zone (Li et al., 2018b; Li et al., 2020). In our study, while the carbon stocks of S. alterniflora increased, those of the salt-marsh wetlands showed an overall decline, because the greater S. alterniflora carbon storage is much less than reduced carbon storage in other saltmarsh types (Figures 6, 8). Recently, several studies that estimated saltmarshes’ carbon storage came to conclusions similar to ours. For example, reclamation in China has caused a great loss of coastal carbon storage over the past three decades (Li et al., 2018b). In addition, Ma et al. (2019) analyzed the dynamics of coastal blue carbon storage in the Yellow River Delta, China, from 1970 to 2010, finding that it collectively decreased more than increased over time. Therefore, it is necessary to strengthen the protection and management of China’s saltmarshes.



4.2 Driving Factors of Carbon Storage Variation

In our study, the corresponding maximum carbon density of S. alterniflora increasing to 104.99 from 85.65 Mg·hm-2 (Figure 3). Previous research has showed that plant invasions can alter C and N cycles in wetland ecosystems (Windham and Ehrenfeld, 2003; Zhang et al., 2021). It is known that S. alterniflora relies on the C4 photosynthetic pathway to sustain higher rates of net primary productivity than S. salsa or other native C3 plants can attain, leading to its carbon stock gain in biomass, in addition, S. alterniflora have the high potential for additional carbon accumulation from litter and roots (Zhang et al., 2010; Davidson et al., 2018; Zhang et al., 2018). During the past three decades, carbon stocks in some areas, such as Jiangsu and Shanghai, were indeed enhanced after an S. alterniflora invasion (Figures 6, 7), and the total carbon storage increased by 3.37 Tg (Figure 8). Davidson et al. (2018) found significantly greater carbon stocks in encroached saltmarsh, amounting to 40% ( ± 16%) more carbon than in non-invaded saltmarsh habitat, but effects depended on the species of invader. Large areas with high carbon density that emerged in offshore saltmarshes (mudflats) after undergoing S. alterniflora invasion (Supplementary Figure 3). Importantly, these offshore saltmarshes invaded by S. alterniflora were most responsible for the significantly increased carbon storage over time (Figures 5, 8). Other scholars reported that S. alterniflora mostly invades mudflats (Mao et al., 2019). An S. alterniflora invasion intensifies biomass per unit area, extends the margins of saltmarsh wetlands—for example, the expansion of S. alterniflora at Dafeng Milu National Nature Reserve (Figure 9)—and converts mudflats into vegetated habitats rich in carbon (Davidson et al., 2018; Mao et al., 2019). S. alterniflora colonization on mudflats also absorbs a substantial quantity of nutrients like nitrogen and phosphorus, reducing the input of terrestrial nutrients to the offshore eutrophic sea area and improving the primary productivity of offshore areas (Wang et al., 2021). Apart from the invasion of S. alterniflora, mudflat deposition increases carbon stocks in salt marshes (Figure 5). Mudflats, a form of coastal environment with a vast surface area and high carbon storage capacity, are an essential part of the ecosystem (Lin et al., 2020; Xia et al., 2021). However, because the added mudflats were far fewer than the reduction, mudflat carbon storage decreased in all but Shanghai (Figure 8).




Figure 9 | Maps of S. alterniflora expansion at the Dafeng Milu National Nature Reserve from (A) 1987 to (B) 2020.



Our research showed that the carbon reserve in saltmarshes changed from 29.30 to 18.85 Tg during 1987 and 2020, with a loss of 13.84 Tg and a gain of 3.40 Tg (Figures 4, 8). Carbon storage loss in mudflats and the P. australis saltmarsh together accounted for more than 96% of reduced carbon storage (Figure 8). This trend can be attributed to an increased reclamation area which damaged large-sized inshore saltmarshes (e.g., the expansion of reclamation area at Liao River Estuary, Yellow River Delta and Chongming Dongtan, Figure 10), resulting in a significant loss of carbon storage (Li et al., 2018b). Additionally, tidal flat reclamation exposes wetland soils in anaerobic environment to the atmosphere, hastening the decomposition of soil organic carbon and the release of CO2 into the atmosphere (Zhou et al., 2016). Shandong suffered the largest loss of carbon storage, followed by Liaoning, Hebei and Jiangsu (Figure 6), which might be related to the continuous increase of reclamation area in these provinces (Li et al., 2020; Duan et al., 2021), which leads to the reduction of carbon sink potential of coastal wetlands (Zhang et al., 2009; Zhou et al., 2016). Based on aquaculture pond extent data from Duan et al. (2021), we calculated the correlation between pond area and saltmarsh carbon storage. The results showed a significant negative correlation between carbon storage and aquaculture ponds area (P < 0.05). The rapid development of the aquaculture industry has caused the large-scale transformation of much coastal wetlands, leading to harmful impacts on natural ecosystems (Virdis, 2014; Meng et al., 2017). The results showed that the carbon storage of offshore mudflat decreased (Figures 5, 8), especially in the middle coast of Jiangsu. The sea level rise which caused losses of soil in saltmarshes may be the main reason for the carbon storage loss of offshore mudflat (DeLaune and White, 2012; Yin et al., 2012). Additionally, DeLaune and White (2012) suggested that reductions in carbon stocks of coastal zones could be related to hurricanes. Hurricanes trigger an instantaneous losses of much sequestered soil carbon through the damage cause to wide swaths of saltmarshes.




Figure 10 | Landsat image examples of the reclamation area’s expansion at the Liao River Estuary from (A) 1987 to (B) 2020, at Yellow River Delta from (C) 1987 to (D) 2020, and at Chongming Dongtan from (E) 1987 to (F) 2020.





4.3 Limitations

In this study, we must acknowledge several limitations. First, Landsat satellites can only partially capture information about the full tidal range (Zhang et al., 2019). Thus, even though MSIC based on GEE was used to discern the fully-exposed salt marsh wetlands, it is basically impossible to obtain images of all the lowest and highest tides along China’s eastern coastline. Even so, it is still certain that MSIC based on GEE is more accurate in delineating the extent of salt marsh wetlands primarily affected by semi-diurnal tides than other currently available algorithms (Jia et al., 2021). Besides, in considering aboveground, belowground, and soil organic carbon storage compartments in the studied saltmarsh types, we used the InVEST model to estimate the carbon storage of China’s eastern coastal zone. We have made use of existing carbon pool data that fit with the study area and objectives as far as possible. Yet the carbon storage by dead organic matter in saltmarshes was assumed to be zero, because of the paucity of empirical data. We believe this compartment would only have an insignificant effect on the total carbon storage of the saltmarshes, given that we know the dead organic matter carbon pool accounts for a tiny percentage (less than 2%) of total carbon pool of coastal marsh ecosystems (Ma et al., 2019; Cai et al., 2021). Looking ahead, in situ surveys are needed to refine the carbon pool data, and obtain more accurate parameters, which would be helpful for estimating the carbon stocks more reliably for predictive purposes. Finally, the InVEST model assumes that none of the saltmarsh types gained or lost carbon over the past three decades. In fact, due to the influence of many factors, carbon storage has some degree of spatiotemporal variability (Li et al., 2018a). For example, the storage and distribution of soil organic carbon can be affected by land use dynamics (Wang et al., 2002). Nevertheless, this space-for-time substitution model, InVEST, is currently deemed effective and useful for carbon storage estimation because more appropriate models are lacking (Adelisardou et al., 2021; Xu et al., 2021b).




5 Conclusions

By integrating GEE and InVEST, our study was able to explore the spatiotemporal changes to saltmarsh carbon stocks in the China’s eastern coastal zone from 1987 to 2020, and to analyze the effects of natural and human-driven processes on these stocks in various types of saltmarshes. The findings demonstrated that, overall, loss in saltmarsh carbon storage exceeded its gain, such that net carbon storage decreased by 10.44 Tg. Reduced carbon storage occurred most starkly in mudflats and the P. australis wetlands close to reclamation areas in Shandong, amounting to a loss of 13.84 Tg. Gained carbon storage was concentrated in S. alterniflora wetlands at the seaward edge within saltmarshes in Jiangsu and Shanghai, increasing by 3.37 Tg. The carbon sequestration was influenced by mainly the negative effects of coastal reclamation and the positive effects of S. alterniflora invasion. The results of this article could serve as a blueprint for carbon stock estimations of various saltmarsh types, to facilitate the conservation and restoration of carbon stocks in global wetlands.
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OEBPS/Images/table1.jpg
Provinces Saltmarshes Types Cabove Chelow Csoil

Liaoning S. salsa 3.30 4.24 30.27
P. australis 10.75 21.50 53.40
Mudflat 0 0 30.99
Hebei S. salsa 10.35 1.04 16.39
P. australis 3.75 7.50 37.24
S. alternifiora 29.04 58.07 17.88
Mudflat 0 0 21.13
Tianjin S. salsa 1.77 3.53 57.00
P. australis 4.10 6.84 70.60
S. alternifiora 12.45 24.90 38.35
Mudflat 0 0 21.18
Shandong S. salsa 0.92 1.08 19.44
P. australis 7.45 13.27 27.01
S. alternifiora 13.48 26.95 26.63
Mudflat 0 0 23.55
Jiangsu S. salsa 2.03 4.03 14.74
P. australis 5.97 9.54 13.46
S. alternifiora 10.33 25.29 21.31
Mudflat 0 0 7.24
Shanghai P. australis 11.16 29.49 32.15
S. alternifiora 15.95 33.17 30.10
S. mariqueter 3.16 4.73 23.00
Mudflat 0 0 23.33
Hangzhou Bay P. australis 16.05 32.50 25.01
S. alternifiora 156.06 30.08 19.08
S. mariqueter 2.14 3.04 16.58
Mudflat 0 0 18.56

Cabove denotes aboveground carbon density; Cpeow denotes belowground carbon density; Csoi denotes soil organic carbon density. Due to the lack of data, the carbon density of the
Hebei mudfiat was substituted by the carbon density of the nearby Tianjin mudfiat.
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