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Introduction

The ecological environment of tidal flats often changes due to tidal erosion and sedimentation. The distribution of tidal flat surface sediment is a natural reflection of the changes in the external dynamic environment, the spatial and temporal distribution pattern is of great significance.



Methods

In this study, the output structure of traditional convolutional neural network is combined with BP neural network. Meanwhile, four phases of Sentinel-2 multispectral images were collected and combined with field data from the Doulonggang tidal flat in Jiangsu Province, China, to construct the sediment composition inversion model.



Results

The inversion accuracy was higher than 80% compared with the measured results. According to the inversion result, from 2017 to 2022, the surface sediment particle size of the tidal flat in Jiangsu varied seasonally and was coarse in summer and fine in winter. Additionally, the sediment composition tended to coarsen, showing an interannual change trend of increasing sand content and decreasing clay and silt contents.



Discussion

The above change of the sedimentary environment of the tidal flat may be caused by the decrease of fine grained sediment deposition, the introduction of exotic vegetation, the global sea level rise and the influence of human activities.
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1 Introduction

A tidal flat is an important low-lying coastal landform located at the junction of sea and land. Such flats are widely distributed on the eastern coast of China, the western and southeastern coasts of Britain, the western coast of the Netherlands, the northwestern coast of the United States and the western coast of France (Dalrymple et al., 1992; Li et al., 2022). The tidal flat in China starts in Liaoning Province in the north and ends at the coast of Guangxi in the south. The tidal flat is 4000 km long, and the Jiangsu tidal flat within this coastal zone is the longest in China (Baoguo et al., 1997). The Jiangsu tidal flat is 888.9 km long, and it starts from the Xiuzhen estuary to the north of the Yangtze estuary. The Jiangsu tidal flat has a strong carbon sink capacity and plays an extremely essential role in improving coastal protection, protecting biodiversity and improving the social and economic value of Jiangsu (Liu et al., 2020).

However, tidal flats are among the regions most sensitive to global environmental change. In recent years, issues related to the vulnerability of the ecological environment of tidal flats have been reported many times (Kirwan and Megonigal, 2013; Temmerman and Kirwan, 2015; Murray et al., 2019; Schuerch et al., 2019). Global climate change and high-intensity tidal flat resource development have led to a sharp decline in the size of tidal flat wetlands in China. Between 1950 and 2000, the area of the tidal flat in the Yellow Sea decreased by approximately 50-80% (Murray et al., 2014). From 1985 to 2015, the tidal flat area of the Yangtze River estuary decreased by approximately 36% (Chen et al., 2016). Currently, the Jiangsu tidal flat also faces serious erosion issues (Yu and Zou, 2013). The distribution characteristics of tidal flat sediment components are very sensitive to the erosion of the external dynamic environment. Studying the evolution of tidal flat erosion and deposition can better alert people of the erosion risk of tidal flats in the future.

Understanding the characteristics of the sediment composition distribution is often of high value for decision-making, planning, and the construction of geo-morphodynamic models (Cabezas-Rabadán et al., 2021). However, the tidal flat environment is very complex, and it is very difficult to sample due to the abundance of inaccessible muddy surfaces. Although the accuracy of in situ observations of sediment components is relatively high (Wang and Ke, 1997; Jia et al., 2006; Gong et al., 2017), observations are difficult to obtain over large areas. Insufficient field data may lead to the oversimplification of the particle size distribution and hinder the prediction and modelling of tidal flat erosion and deposition trends (Buscombe et al., 2014). In view of the above problems, airborne and spaceborne remote sensing are used to map the clay content and intertidal grain size distribution (Rainey et al., 2003), the inverse contents of sand, silt and clay (Castillo et al., 2011) and different sediment types (Adam et al., 2008) to facilitate data acquisition. Additionally, various types of hyperspectral, multispectral and microwave satellite data are used to classify sediment types in intertidal zones (Yates et al., 1993), and inverse particle size parameters can be determined. The use of these data has been demonstrated in Germany (Jung et al., 2015), Italy (Pitarch et al., 2019), South Korea (Park, 2019), China’s Yangtze River estuary and East China Sea (Nasiha et al., 2019), the Jiangsu coast (Zhang et al., 2015) and other areas. Some scholars have also generated classification maps of tidal flat surface sediment (Fairley et al., 2018; Kim et al., 2019) through UAV remote sensing, which can improve the application of optical instruments in tidal flat research.

In the past, spectral methods were rarely used to obtain the properties of sediment in tidal flats due to the relatively low accuracy of results when building sediment composition inversion models. Moreover, most models can only be effectively applied in a specific single region at a given time, and generality is difficult to confirm at different spatial and temporal scales. In recent years, with advances in deep learning theory and computing power (Smirnov et al., 2014), convolutional neural network technology has achieved good results in a large number of remote sensing image recognition and classification tasks, such as slope detection (Ghorbanzadeh et al., 2019), wetland extraction (Mahdianpari et al., 2018), ship detection (Geng et al., 2021) and chlorophyll content inversion (Jin et al., 2021). In addition, some scholars applied convolutional neural networks to quantify the grain size on pebble beaches, and the verification result R2 reached 0.75 (Soloy et al., 2020). The above results show that convolutional neural networks have strong abstraction and generalization abilities and can identify the important features in remote sensing data. Moreover, such networks can be further applied to assess the distribution of sediment components in different historical periods and enhance the understanding on dynamic geomorphic processes. Thus, this approach has important value for developing dynamic geomorphic models of tidal flats.

The purpose of this study is to establish an inversion model of the tidal flat surface sediment composition by improving the convolutional neural network method and to use Sentinel-2 remote sensing imagery to obtain the spatial and temporal distributions of the sediment composition. The specific objectives are as follows: (1) establish and evaluate the applicability of convolutional neural network technology in the inversion of tidal flat sediment components, (2) obtain the spatial distribution characteristics of the sediment components of the Jiangsu Doulonggang tidal flat from 2017 to 2022 and (3) analyse and discuss the seasonal variations and interannual evolution of the sediment components of the Jiangsu Doulonggang tidal flat.



2 Materials and methods


2.1 Study area

In this study, the Doulonggang tidal flat was selected as the study area (Figure 1) to monitor the change in muddy tidal flats. Due to frequent changes in nearshore erosion and deposition, this area is the most typical muddy tidal flat in Jiangsu Province, China, which reflects the complex characteristics of mixed sand, silty sand, sandy silt, clayey silt, silt and other tidal flat sediment types (Wang and Ke, 1997). The Doulonggang tidal flat is located in Dafeng District, Yancheng city, which is in central-eastern Jiangsu Province, with an average width of 3-4 km, a slope of 0.01-0.03%, an irregular semidiurnal tide and a tidal range of 2-4 m near the shore (Dai et al., 2019).




Figure 1 | Monitoring and Study Area of Sediment Grain Size Change.





2.2 Sediment collection and analysis


2.2.1 Tidal flat sediment sampling

To ensure that the intertidal zone was always exposed during tidal flat sediment sampling and did not affect the normal progress of the sampling work, four periods of low tide on December 4, 2017 (42 sediment samples were collected), October 19, 2018 (140 sediment samples were collected), June 11, 2019 (108 sediment samples were collected), and November 3, 2019 (45 sediment samples were collected) were selected. Field sampling was performed at the Doulonggang tidal flat. The surface sediment (<3 cm) on the tidal flat was sampled, placed into a prenumbered sampling bag and sealed. As shown in Figure 2, 335 samples were obtained from this tidal flat sediment sampling.




Figure 2 | Location of Field Sampling Points in the Study Area.





2.2.2 Analysis of tidal flat sediment composition

A Mastersizer 3000 Laser Diffraction Particle Size Analyser was used to analyse the component content of sediment samples. The measuring range is 0.01-3500 µm. The relative error of repeated measurements of the same sample is less than 3%, which can be considered highly accurate (Choi et al., 2016).

After removing the carbonate in the sediment with hydrochloric acid and removing the organic matter in the sediment with hydrogen peroxide, the collected sample was divided into three suspensions. Each prepared soil particle suspension was analysed with the Mastersizer 3000 Laser Diffraction Particle Size Analyser to ensure that the shading was within the appropriate range. Three groups of particle size distribution tests were conducted, and the values of the three groups of tests were averaged to obtain the particle size distribution of the sample. According to the definitions of gravel, sand, silty sand and clay, the particle size distribution of the samples was divided, and the boundaries were 2 mm, 1/16 mm (0.0625 mm) and 1/256 mm (0.0039 mm), respectively. Finally, through statistical analysis, the proportions of gravel, sand, silt and clay in the sample were determined, the sediment component content was obtained, and the sediment was classified according to the Folk Triangle Sediment Classification Method (Folk et al., 1970).




2.3 Acquisition and preprocessing of multispectral remote sensing data

The multispectral remote sensing data used in this study were Sentinel-2 imagery from the European Space Agency. Sentinel-2 consists of two satellites, Sentinel-2A and Sentinel-2B, which were launched on June 23, 2015, and March 7, 2017, respectively (Duan et al., 2022). The unique dual-satellite remote sensing mode used by these satellites can obtain data through the same sensor, greatly improving the temporal resolution of the imagery. Data from wave bands B2 (wavelength 458-523 nm), B3 (wavelength 543-578 nm), B4 (wavelength 650-680 nm) and B8 (wavelength 785-900 nm), all with a spatial resolution of 10 m, were downloaded. The data can be downloaded for free on the Copernicus Open Access Hub (https://scihub.copernicus.eu/ ).

As shown in Table 1, eight Sentinel-2 images with no or little cloud cover were selected for this study. Sen2Cor is the processor for Sentinel-2 product generation and formatting. It corrects Sentinel-2 Level-1C products for atmospheric scattering and absorbance, delivering a Level-2A product (Pancorbo et al., 2021). In this study, after atmospheric correction (Bernardo et al., 2017) of the images by Sen2Cor_v2.8.0, the vegetation and water bodies in the tidal flat area were removed through supervised classification and threshold segmentation (Abbaszadeh et al., 2019), and the bare flat image was obtained for subsequent analysis. The imaging time and sampling time of Phases 1-4 were quasi-synchronous, and the images were mainly used to build training samples and establish a surface sediment inversion model. The images from Phases 5-8 were used for the inversion model application to obtain the spatial and temporal distributions of surface sediment components.


Table 1 | Sediment sampling and remote sensing imaging times.





2.4 Normalization of multitemporal remote sensing data

Normalization is an important part of any multitemporal remote sensing inversion approach. Although radiance is generally used a reference after radiation correction, pre-processed images are often still incomparable due to different observation geometries and meteorological conditions during data collection. Normalization can make the features have the same metric scale,significantly affecting the applicability of inversion models (Paolini et al., 2007).

In this study, a statistics-based correction method was adopted for relative radiance correction (Li et al., 2014). Z score normalization was first conducted for each band according to the mean radiation value and standard variance of Sentinel-2 images of the study area in each period. Next, the radiation values of images in each period were converted to comparable relative values. Then, according to the mean and standard deviation of radiance for the reference image, the radiance of each band of the corrected image was projected to the domain consistent with the reference image. In this study, the image data from the first period (December 20, 2017) were selected to establish the reference image. The specific radiance correction equation is



In equation (1), gd is the pixel radiation value after correction of the source image; uf and σf are the mean and standard deviation of radiance for the reference image, respectively; and gr, ur, and σr are the pixel radiation, mean radiance and standard deviation of radiance for the source image, respectively.



2.5 Construction of the sediment composition inversion model

The sediment particles on the surface of a tidal flat are small, and the texture characteristics are not always obvious. The relationship between the content of a component and remote sensing spectral reflectance is very complicated. The convolutional neural network (CNN) can effectively reduce the complexity of parameters, and it has significant advantages for deep structures. Thus, CNNs are commonly used in deep learning, and their application scope is gradually expanding (Smirnov et al., 2014). However, most CNN structures are used for image classification, and they cannot be directly used to build inversion models. Therefore, the BP-CNN algorithm was improved in this study, and the adjustment content is shown in Figure 3.




Figure 3 | Structure of the Sediment Inversion Model.



In the BP-CNN structure, the convolution layer is moved around the input image through the convolution kernel and accumulates the product of the convolution kernel and image values to identify the characteristics of the input object. Pooling layers can compress the features of convolution, reduce the complexity of the convolution operation and ensure that the image features do not change due to rotation, translation, expansion, etc. In this study, the convolution layer and pooling layer in the convolutional network structure were used as feature extractors without modification.

In the network output, the fully connected layer does not classify the images but analyses the correlation between the feature values and the sediment component contents. Here, a back-propagation neural network was introduced to determine the optimal weight (lowest RMSE) for each feature by testing the correlation variation between the feature value and sediment component content. According to the prediction results, the network backpropagated the error to each layer of the network and updated the parameters according to the difference between the actual value and the predicted value to achieve promising training results.

Sediment samples and matched remote sensing images were used to generate training sets. The sample data from the first three imaging periods were randomly divided into a training set and a verification set at a ratio of 3:1. The training set was input into the sediment composition inversion model for training, and the accuracy of the model was evaluated using the verification set. After completing the training, the fourth phase of sample data was used to evaluate the accuracy and transferability of the model in retrieving tidal flat sediment components,and compared this article methods with stepwise linear regression, SVM regression, BP neural network and convolutional neural network.




3 Results and discussion


3.1 Particle size distribution analysis

The surface sediment of the tidal flat in the study area is mainly fine sediment, with almost no gravel. Therefore, the sediment was classified based on the Folk Triangle Gravel-Free Sediment Classification Method. As shown in Figure 4, the surface sediment types of the Doulonggang tidal flat are mainly silty sand (zS), sandy silt (sZ) and silt (Z), of which sandy silt (sZ) is the most widely distributed.




Figure 4 | According to Folk Classification Theory, 335 Samples Obtained from Field Research were used for Particle Size Analysis.



As shown in Table 2, from 2017 to 2019, the clay content in the Doulonggang tidal flat was always low, with an average content of approximately 2%. The silt content was relatively high, accounting for approximately 45-85% of the sediment composition across the main part of the study area. The sand content was at a medium level, accounting for 10-50% of the sediment composition. The median sediment particle size D50 in the study area ranged from 8 μm to 80 μm, and the average median particle size was approximately 60 μm.


Table 2 | Particle size distribution of the surface sediments at different time stages in the Doulonggang tidal flat.





3.2 Establishment of a remote sensing inversion model for sediment composition

The training set was input into the adjusted BP-CNN for training, and the training accuracy of the set observation model was verified(Phase 1-3). As shown in Figures 5A–C, the prediction accuracy R2 of the model for clay, silt and sand was 0.75. The root mean square error (RMSE) for clay was lower than 2.4, and the RMSEs for silt and sand were lower than 6.0.




Figure 5 | Accuracy of the Sediment Composition Inversion Model used in the BP-CNN Model. (A–C) show the training accuracy of the model for clay, silt and sand(Phase 1-3). (D–F), show the validation accuracy for clay, silt and sand (Phase 4). The accuracy of the model prediction results was higher than 80%.



After debugging the model, the sample data for Phase 4 were used to further evaluate the model. As shown in Figures 5D–F, the R2 of the validation group reached 0.74, and the RMSE was not significantly different from that for the training validation set. Additionally, the mean absolute error (MAE) of the two inspections was no greater than 1.05 for clay and 6.5 for silt and sand. The mean absolute percentage error (MAPE) of silt and sand was less than 30%, and the MAPE of clay was approximately 50%. The proposed method is compared with the traditional method based on the same verification set in Table 3. The results show that the BP-CNN method can accurately identify the relative relationship among each sediment component, and the inversion model displays good accuracy and transferability.


Table 3 | The accuracy of different methods in tidal flat sediment composition inversion.





3.3 Inversion results for the surface sediment composition

To clearly assess the changes in the distribution of the surface sediment components of the Doulonggang tidal flat in recent years, the sediment inversion model was applied to eight phases of Sentinel-2 (Table 1) data during the period of 2017-2022.


3.3.1 Inversion diagram of the surface sediment component contents in the Doulonggang tidal flat

Figure 6 shows the change in sediment composition in the Doulonggang tidal flat from 2017 to 2022 based on the developed BP-CNN. According to the inversion results, the sediment in the study area was mainly silty sand, followed by sand and then clay, which was consistent with the measured results above.

	As shown in Figures 6A–H, the clay in the study area was mainly distributed along the front edge of the salt marsh. The clay content only slightly increased in summer and remained relatively low in other periods.

	As shown in Figures 6I–P, the silt content in the study area was relatively high, and silt was mainly distributed from the front edge of the salt marsh to the intertidal zone. The content ranged from 45% to 85% and was low in summer and relatively high in winter.

	As shown in Figures 6Q–X, the sand in the study area was mainly distributed in the subtidal zone, near the water border, and the content near the shore was relatively low. The seasonal variation in the sand content was opposite that for silt, with a low content in winter and a high content in summer.






Figure 6 | Inversion Diagram of the Sediment Component Contents in the Tidal Flat from 2017 to 2022 based on the BP-CNN Model Results. (A–H), (I–P), and (Q–X), respectively show the spatial distribution of clay,silt and sand from 2017 to 2022. The sediment in the study area was mainly silty sand, followed by sand and then clay.



In general, the grain sizes of mud and sand in the study area trend from fine to coarse from land to sea and have coarsened in recent years.



3.3.2 Distribution characteristics of surface sediment components in different seasons and years

We calculated the average of the inversion content of sediment components in the study area in different periods and observed the corresponding evolution trend. The results are shown in Figure 7. The grain size distribution of the surface sediment in the Doulonggang tidal flat area was variable at different time intervals. Because the clay content was very small, only the seasonal and interannual spatial and temporal changes for sand and silt are discussed.




Figure 7 | Evolution Trend of the Average Contents of Sediment Components in the Doulonggang Tidal Flat from 2017 to 2022.



The grain size of the surface sediment in the study area exhibited a seasonal variation pattern of coarse in summer and fine in winter. This phenomenon is consistent with in situ observations (Gong et al., 2017) and the results simulated by hydrodynamic models (Jia et al., 2006; Gong et al., 2017; Zhu et al., 2022). The seasonal variation of tidal flat particle size is highly correlated with the tidal range: (1) The tidal flat range in Jiangsu in summer is large,and the silt content in summer declined. For example, the silt content on November 24, 2021, was significantly higher than that on May 8, 2021, and August 21, 2022. (2) In winter, the tidal range of Jiangsu tidal flat is small, the silt content rebounded, but the reduction in summer was greater than the increase in winter. Overall, the silt content in the study area is declining. However, the sand content displays the opposite pattern. The sand content in the intertidal middle zone and lower zone is low in winter and high in summer.

The particle size of the surface sediment increased slowly year to year, as follows: (1) From 2017 to 2022, the surface mud and silt of the Doulonggang tidal flat were eroded to varying degrees. The loss of silt in the intertidal zone was the most severe, and the distribution range of near-shore silt declined over time. Although the silt content increased in the winters of 2019 and 2021, the silt content decreased considerably overall. (2) Moreover, the sand content in the intertidal zone increased rapidly, and the distribution range expanded. The sediment on the tidal flat surface coarsened over time. The sand content in the study area decreased in winter and increased slowly in other seasons. Overall, the sand content increased each year.

In general, from 2017 to 2022, the sand content of the Jiangsu tidal flat increased, the clay and silt contents decreased, the sediment type gradually changed to sandy silt (sZ), and the sediment particle size gradually coarsened. Tidal flat development and evolution are often very complex. From the perspective of sediment sources, the sediment in the study area comes from the southward transport of waste erosion materials from the Yellow River Delta. The construction of coastal seawalls in Jiangsu may affect the hydrodynamic balance of the original tidal flat, causing reflection interference within the seawall and weakening the energy of tidal flat entering the tidal current. As a result, the sediment transported from the seawall with relatively fine particle size is more likely to be silted in the seawall, while deposition outside the seawall is relatively slow. Therefore, fine sediment particles are gradually lost.

Meanwhile, according to the inversion results, we observed that the sediment particle size is finer in the Spartina zone, while the sediment particle size increases obviously in subtidal zone. This may be because Spartina trap too much sediment, resulting in weakened siltation in other places, making the tidal flat coarser. At the same time, in recent years, the global sea level has risen due to the greenhouse effect, and ocean dynamic conditions have been strengthened, which has intensified the ability of currents to erode sediment (Ji and Jiang, 1994). Therefore, the grain size of tidal flat sediments has coarsened. In addition, the sedimentary environment of tidal flats may change under the influence of human activities (Zhang and Feng, 2011), such as vegetation introduction, reclamation and dike construction (Dethier et al., 2022; Pan et al., 2022), as well as port engineering, which ultimately lead to changes in the tidal flat in Jiangsu.





4 Conclusion

In this study, the Doulonggang tidal flat in Jiangsu Province was selected as the study area, and a remote sensing inversion method for determining tidal flat sediment components was investigated. Based on Sentinel-2 imagery, the distribution of surface sediment components was inversely estimated. The research conclusions are as follows:

	Considering the complex relationship between the contents of surface sediment components and the remote sensing spectral reflectance for tidal flat areas, the traditional CNN was improved. An inversion model for determining the contents of surface sediment components (sand, silt, and clay) was built, achieving an average R2 of 0.75. Based on measured values, the accuracy of the model prediction results was higher than 80%, indicating that Sentinel-2 remote sensing data can be used for the fine-scale inversion of sediment components.

	The spatial distribution characteristics of surface sediments such as clay, silt and sand in the Doulonggang tidal flat were described. The surface sediment characteristics varied seasonally from coarse in summer to fine in winter. The phenomenon of the gradual coarsening of the sediment grain size in the Jiangsu tidal flat from 2017 to 2022 was analysed. The interannual variation in surface sediment fluctuated, and the magnitude of variations gradually increased year to year.

	The error in BP-CNN model-based inversion was mainly due to the limited number of samples and the mismatch between imagery dates and survey data collection dates, thus limiting the model inversion accuracy. It is suggested to further analyse and predict the mechanism of sediment coarsening by applying dynamic numerical simulation technology.
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