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Abstract

:

Mariculture is an important part of aquaculture, and it is important to address global food security and nutrition issues. However, seawater environmental conditions are complex and variable, which causes large uncertainties in the remote sensing spectral features. At the same time, mariculture types are distinct because of the different types of aquaculture (cage aquaculture and raft aquaculture). These factors bring great challenges for mariculture extraction and mapping using remote sensing. In order to solve these problems, an optical remote sensing aquaculture index named the marine aquaculture index (MAI) is proposed. Based on this spectral index, using time series Sentinel-1 and Sentinel-2 satellite data, a random forest classification scheme is proposed for mapping mariculture by combining spectral, textural, geometric, and synthetic aperture radar (SAR) backscattering. The results revealed that (1) MAI can emphasize the difference between mariculture and seawater; (2) the overall accuracy of mariculture in the Bohai Rim is 94.10%, and the kappa coefficient is 0.91; and (3) the area of cage aquaculture and raft aquaculture in the Bohai Rim is 16.89 km2 and 1206.71 km2, respectively. This study details an effective method for carrying out mariculture monitoring and ensuring the sustainable development of aquaculture.
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1. Introduction


Aquaculture is an important traditional industry in coastal areas and the fastest growing food production sector in the world [1]. According to the Food and Agriculture Organization of the United Nations (FAO), total fish production reached 214 million tons in 2020, of which 58% came from aquaculture [2]. Aquaculture is an important supply source that can help to ensure human food security and it plays an important role in reducing dependence on wild-caught fish [3]. China has abundant tidal flat resources and is one of the largest aquaculture-producing countries in the world [4]. Aquaculture includes mariculture and land-based aquaculture. Mariculture has reached 19,956 km2, accounting for 28.36% of the aquaculture area. Although the area of mariculture is less than land-based aquaculture, it is growing at a faster rate. From 2011 to 2020, the growth rate of mariculture production was 37.7%, which is higher than the 25.5% growth rate of land-based aquaculture [5,6]. While mariculture provides a rich source of food and nutrition, its rapid expansion has inevitably brought about some environmental problems. Once the scale of aquaculture exceeds the environmental carrying capacity, it will lead to a series of problems such as mangrove shrinkage, and the eutrophication of water [7], which in turn cause a decrease in biodiversity and the intensification of coastal water nitrogen and phosphorus pollution [8]. Therefore, we need to monitor the scale of mariculture and reasonably arrange the spatial distribution and expansion rate of mariculture. It is important to protect the marine ecological environment and guarantee the sustainable development of aquaculture.



The monitoring of mariculture is usually carried out by using traditional methods such as field surveys or statistical surveys. These traditional survey methods are time intensive, require a high level of manpower, and incur high economic costs [9]. In addition, the accuracy of survey results is also affected by the professional level of the investigators. By contrast, remote sensing is timely, provides a fast update speed, and facilitates repeated observation and large-scale spatial coverage; thus, it is an important tool for aquaculture monitoring today [10]. We can perform high-resolution mapping of mariculture through remote sensing imagery, which is beneficial for obtaining high accuracies in each region [11].



The application of remote sensing in mariculture is developing rapidly and has received increasing attention in recent years [12,13,14]. In general, mariculture mainly includes cage aquaculture, raft aquaculture, and bottom seeding aquaculture. The depth of bottom seeding aquaculture can reach 20 m, so it can be difficult to perform monitoring using remote sensing technology [15]. Therefore, remote sensing monitoring for mariculture is mainly carried out for cage aquaculture and raft aquaculture. Among all remote sensing data sources, optical data are the most widely used as its spatial-temporal resolution constantly improves. Data sources ranged from a medium resolution of Landsat [12,16] to a high resolution of GF-1 [17,18], GF-2 [19,20], RapidEye [21], or Worldview-2 [22]. Due to the wide variety of mariculture types, the mariculture growth and harvest time are also different, so single optical images may not extract all mariculture and will lead to omissions [23,24,25]. Therefore, the full use of time series optical data provides the possibility to obtain mariculture information [26]. However, the frequent cloudy or rainy conditions in coastal areas reduce the availability of optical data [27,28]. In addition, optical data may not be used to extract all kinds of raft aquaculture. According to the culture breed, raft aquaculture is divided into algae raft aquaculture and shellfish raft aquaculture. For the latter type, which grows in deep water, the aquaculture body is located below the water surface, except for in aquaculture facilities (floats) above sea surface. It results in a weak detection signal in the optical data, making it indistinguishable from the seawater background, and causing identification difficulties. In contrast, synthetic aperture radar (SAR) remote sensing can penetrate the atmosphere, is not affected by clouds/rain, and can provide stable time series radar images [29,30,31]. It offers the possibility of extracting shellfish raft aquaculture data when optical data are difficult to obtain or to identify.



The development of mariculture extraction methods has progressed from visual interpretation [32] to pixel-based classification [33,34] and to object-based classification [26,35,36], and from unsupervised classification [37,38,39] to machine learning. Many object-oriented machine learning methods are widely used for mariculture extraction, such as maximum likelihood [40], support vector machine (SVM) [36], and random forest [41]. Among them, random forest [42] is a non-parametric classification regression method that uses a decision tree as the basic classifier. It can process high-dimensional massive data with high accuracy, good robustness, and a fast training speed [43]. Therefore, object-oriented random forest classification works well in mariculture extraction.



However, the extraction difficulty for raft culture and cage aquaculture is different. Cage aquaculture appears as regular bright patches in optical images [12], for which the spectral or backscattering intensity are obviously different from that of seawater [37], which is easier to identify. The method for cage aquaculture detection is relatively mature [12,37,39]. Compared with cage aquaculture, the extraction of raft aquaculture is more difficult, and it is mainly influenced by two categories: (1) Confusion between seawater and raft aquaculture in culture areas. Raft aquaculture grows within culture area seawater. Its spectral reflectivity is the mixing of raft aquaculture and culture area seawater. At the same time, the changes of plankton, salinity, and pigment content caused by raft aquaculture also affect the characteristics of the culture area seawater. These lead to the similar spectral characteristics of culture area seawater and raft aquaculture. (2) Confusion between the heterogeneous seawater in non-culture area and raft aquaculture. The area of non-culture seawater is much larger than that of culture area seawater, and far away from raft aquaculture. There is a significant difference in the spectrum between the most non-culture area seawater and raft aquaculture. However, the spectral reflectivity of seawater is affected by various factors. The heterogeneous seawater formed by currents and waves has a large difference with seawater standard seawater curve. This also poses a challenge for the extraction of raft aquaculture. The current research mainly focuses on raft aquaculture extraction with remote sensing spectral indices, such as normalized difference vegetation index (NDVI) [19,44], normalized difference water index (NDWI) [45], normalized difference build-up index (NDBI) [45], etc. However, these indices may not be able to identify all raft aquaculture from the complex seawater. Therefore, for different raft aquaculture types, some new remote sensing indices or features are needed to distinguish the raft aquaculture from seawater.



Thus, this study proposes a synergistic approach to integrate the time series optical data and SAR data obtained in 2020 using the object-oriented machine learning algorithm to improve the mapping accuracies of mariculture. The objectives of this study are: (1) to propose a new optical spectral index for mariculture; (2) to develop a method by combining the spectral, texture, and SAR backscattering to extract mariculture; (3) to apply our method to investigate the spatial patterns of mariculture in the Bohai Rim. This method may provide a scientific basis for monitoring mariculture.




2. Materials and Methods


2.1. Study Area


The Bohai Rim is a vast area surrounding the Bohai Sea and part of the Yellow Sea. It is located in the northern part of the eastern coast of China and is adjacent to Korea in the east (Figure 1). It is between 34°22′–43°26′N and 113°27′–125°46′E, which is about 5.05 × 105 km2, and includes the three provinces of Hebei, Liaoning, Shandong, and Tianjin City. The Bohai Rim has a temperate monsoon climate, with an annual average temperature of 14 °C and precipitation of 800 mm. Dominated by plains, it has a 5772 km long coastline, numerous bays, and open tidal flats with a high nutrient content, which are suitable for the growth of offshore aquaculture species such as fish, shrimp, and scallops. It has become one of the major coastal aquaculture areas in China.



In this study, two test regions were selected (Figure 1). Test region I is located in the sea area near Jinzhou District, Dalian City, and Liaoning Province (centered at 38°3′0″E, 122°6′0″), which are dominated by algae raft aquaculture. Region II is located in the sea area near Zhuanghe District, Dalian City, and Liaoning Province (centered at 39°50′10″E, 122°52′30″), where there is a mix of algae and shellfish raft aquaculture.



Along the Bohai Rim, mariculture is mainly distributed in bays, shallow tidal flats, and river banks. Cage aquaculture (Figure 2a) requires floats, sinkers, anchor stones, anchor ropes, net boxes, and net coats. They are mainly in the shape of a regular rectangle, which are predominantly used for fish and shrimp culture, such as abalone. Cage aquaculture fry is divided into spring (casting time is from April to May) and autumn (casting time is from August to September). Conversely, raft aquaculture (Figure 2b) consists of the main valve body, seedling rope, and float. The main valve body has a small area. It is arranged at equal intervals in hundreds and thousands and it is distributed in dense strips. Raft aquaculture is mostly completed in April and its harvesting time varies greatly depending on the cultured species.




2.2. Data and Preprocessing


2.2.1. Remote Sensing Data


	
Sentinel-2 satellite data






Sentinel-2 is a multi-spectral imaging satellite and part of the European Space Agency Copernicus program [46]. It carries the multispectral imagery (MSI) and contains 13 spectral bands. It consists of two satellites of 2A and 2B, with a phase difference of 180° [47]. Each satellite has a revisit period of 10 days, with a complementary double satellite for a temporal resolution of 5 days. It has 3 spatial resolutions of 60 m, 20 m, and 10 m, and an amplitude of 290 km.



We selected all available L2A-level Sentinel-2 images of the Bohai Rim in 2020 with cloud cover of less than 70% from the Google Earth Engine (GEE) platform [48,49]. The L2A-level images had already undergone atmospheric correction. The quality assessment (QA60) band of Sentinel-2 images provides cloud mask information. We used the C function of mask (CFMask) algorithm [50,51] on the QA60 band, removing the clouds and cirrus clouds to obtain high quality images.



Considering the variable timing of aquaculture harvest and the possible cloud occlusion and other noise effects of single images, a median composite of the Sentinel-2 data available throughout the year was obtained. It was chosen to represent the entire time series rather than the mean because the influence of the mean’s possible extreme outliers is significant [52].



In order to explore the function of the median image, test region I was employed. Since the harvest period in this region is from mid-May to early July, the high quality single image taken in late April (Figure 3a) and the median synthetic image (Figure 3b) were selected. It indicates that the single phase image may miss a considerable amount of mariculture. Because of the uneven surface of the seawater, which is affected by wind and waves, reflection and target loss occur. In addition, the reflectance of different raft aquaculture areas varies greatly and is influenced by harvesting time and culture density, which may not be accurately acquired from a single image. In the median image of Sentinel-2, the spectrum of raft aquaculture becomes homogeneous, which is beneficial during the extraction of all mariculture areas.



	
Sentinel-1 satellite data






Sentinel-1 is an SAR imaging satellite, and it is part of the European Space Agency Copernicus program [53]. It carries a C-band SAR that obtains data without weather influence. It consists of two polar-orbiting satellites of 1A and 1B, which have a 6-day temporal resolution, a spatial resolution of 5 m × 20 m, and a magnitude of 250 km. The data acquisition mode is interferometric wide swath (IW) and the product type is Level-1 ground range detected (GRD) using the polarization of vertical transmit and vertical receive (VV) and vertical transmit and horizontal receive (VH). VV polarization is a type of polarization that has a better penetration ability than VH polarization [54]. The difference in the VV backscatter coefficient between seawater and raft aquaculture is greater than VH. So, all the single-polarization instances of VV images for 2020 in the study area were acquired from GEE. Sentinel-1 images in GEE were preprocessed to generate calibrated orthorectified products by using the Sentinel-1 toolbox.



Seawater can vary greatly, and waves formed by strong winds or currents can create mirror reflections that produce streak noise on the SAR images. In addition, Sentinel-1 is affected by the imaging principle, which also leads to the images containing a large amount of speckle noise. Using median SAR images can reduce these noises to some extent. After that, a low-pass filtering [37] method is applied to reduce the speckle noise, and enhance the backscattering feature of mariculture.




2.2.2. Sample Data


To understand the difference between seawater and mariculture and select an appropriate threshold, the mariculture sampling site and its surrounding seawater sampling sites were used as pairs of sampling point sets. Based on the high-definition images of Google Earth, we selected 50 pairs of raft aquaculture and neighbor seawater training sample point sets around the Bohai Rim.



Similarly, based on the high-definition images of Google Earth in 2020, we selected 933 samples, including 225 cage aquaculture samples, 325 raft aquaculture samples, 200 culture area seawater samples, and 183 non-culture area seawater samples. When selecting samples, the samples should be evenly distributed in the mariculture area. For sample points, 60% (560) of samples were used for training the machine learning classification model, and the remaining 40% (373) were used for accuracy verification of the mariculture classification results.




2.2.3. Reference Data


In order to avoid the influence of inland water for mariculture extraction, we selected a shoreline dataset provided by the Institute of Geographic Sciences and Natural Resources Research (IGSNRR) [55,56], which covers the entire coastal region of China. We used it to generate a terrestrial mask to exclude inland water from the study area.



The statistical areas of different mariculture sites in several provinces around the Bohai Sea were mainly derived from the 2021 China Fisheries Statistical Yearbook [5]. In addition, the data for China’s offshore raft and cage aquaculture areas in 2018, obtained from Liu [44], were based on Landsat 8 satellite imagery and were also applied as the comparison data.





2.3. Method


The method developed in this study for extracting mariculture on a large-scale basis by using Sentinel-1 and Sentinel-2 images includes 4 steps (Figure 4): (1) according to the spectral characteristics of raft aquaculture and seawater, a new remote sensing spectral index, namely the marine aquaculture index (MAI), was constructed; (2) some features were extracted, including the spectral and backscattering features, spectral and backscattering neighbor difference features, texture feature, and geometric feature; (3) random forest classification was performed; (4) an accuracy assessment based on a confusion matrix was carried out.



2.3.1. Construction of the Marine Aquaculture Index (MAI)


The complexity of the seawater spectrum is an important factor affecting the accuracy of mariculture extraction. The value of seawater in a single band can easily become very different due to factors such as ocean currents, which is not conducive to differentiation from mariculture. Several seawater and mariculture samples in the remote sensing images were selected, and the standard curves of seawater and algae aquaculture in each band are shown in Figure 5.



In B1–B3, the difference in the surface reflectance of heterogeneous sea and mariculture is small. In B4–B5, the mariculture area and neighboring sea area have a similar surface reflectance. In B6–B12, all three areas have a similar surface reflectance. Consequently, a single band cannot solve the mixing of seawater and raft aquaculture. Heterogeneous seawater and neighbor seawater have a common feature, i.e., the surface reflectance of B4 is much smaller than B2 and B3. The differences between the reflectance of B2/B3 and B4/B5 in culture area seawater and non-aquaculture area seawater are significantly higher than that in raft aquaculture.



Different wavelengths of visible light propagate differently in water. For example, light with shorter wavelengths penetrates better in water than light with longer wavelengths. We finally chose three bands, including blue, green, and red, to build the new index. According to Figure 5, the average of the blue band and green band minus the red band surface reflectance of the culture area seawater and non-culture area seawater is about 2.5%, but that of raft aquaculture is only 1.7%, which accounts for the largest difference. Based on the relative sizes of spectral bands for raft aquaculture and seawater, we constructed the new index. Because the index can identify marine aquaculture, it is named the marine aquaculture index (MAI).



The merit of this MAI is that it achieves a homogeneous background in terms of the sea, and reduces the differences between algal aquaculture. It reflects the amount of algae in seawater and facilitates the distinction between seawater and raft aquaculture. Finally, the formula of MAI is as follows:


  M A I =    ρ  B l u e   +  ρ  G r e e n    2  −  ρ  R e d    



(1)




where ρBlue, ρGreen, and ρRed are the surface reflectance in the bands of blue (470–505 nm), green (505–588 nm), and red (640–780 nm), respectively.



Based on the formula of MAI, the time series images of MAI were firstly calculated with the Sentinel-2 time series images. Then, the MAI series images were sorted from smallest to largest. Lastly, the median of the MAI image was acquired by calculating the median value of each pixel in the MAI time series images.



Raft aquaculture is mainly distributed in the offshore region and around islands. We compare the results of MAI and traditional indices including NDVI and NDWI in distinguishing mariculture from neighbor seawater, seawater at a distance, and seawater surrounding an island to demonstrate the effectiveness and superiority of MAI in distinguishing mariculture from seawater.



	
Comparison with neighbor seawater






We calculated the NDWI, NDVI, and MAI by selecting 50 pairs of raft aquaculture and adjacent seawater culture sample point sets in the Bohai Rim. The different spectral index statistics of raft aquaculture and adjacent seawater were obtained by ascending sorting (Figure 6). As shown in Figure 6a,b, at least six raft aquaculture and neighbor seawater sample sets have a very similar NDVI or NDWI. The minimum value of the index difference between seawater and raft aquaculture is 0.01. It is impossible to classify raft aquaculture using NDWI or NDVI. The MAI of raft aquaculture and neighbor seawater sample sets always has a significant difference. The minimum value of index difference between seawater and raft aquaculture is 0.12. Then, the data are compared longitudinally, meaning that the same index values in different regions are compared. The range of raft aquaculture NDWI, NDVI, and MAI are 0.24–0.55, −0.30–0.08, and 0.70–2.28, respectively. The range of neighbor seawater NDWI, NDVI, and MAI are 0.30–0.69, −0.46–−0.15, and 2.00–3.14, respectively. In terms of the range overlap between mariculture and neighbor seawater, MAI had the best performance. The range overlap of MAI was only 17.72% which NDWI and NDVI were 80.65% and 39.47%, respectively. In summary, MAI makes the value range of the two classes different greatly and can enlarge the difference of each raft aquaculture and its neighbor seawater.



	
Comparison with seawater at a distance






For non-culture area seawater, which is far from aquaculture, the index feature map was used for further analysis. The maps of NDVI, NDWI, and MAI are shown in Figure 7. Two local graphs were used to compare the raft aquaculture and neighbor culture area seawater in detail. Overall, the NDVI and NDWI of seawater varied greatly (Figure 7a,b). The NDVI of seawater in test region I is much higher than that of the seawater in test region II, while the NDWI is much smaller. The NDVI and NDWI of non-culture area seawater vary greatly in wide sea, and it is difficult to distinguish all the raft aquaculture and non-culture area seawater according to the NDWI or NDVI. The MAI of seawater is relatively uniform, and about 85% of seawater MAI is less than 0.20. The difference in MAI between non-culture area seawater and raft aquaculture is obvious (Figure 7c). The MAI difference of raft aquaculture and culture area seawater is greater than the difference of NDWI or NDVI. MAI is better than NDWI, while NDWI is better than NDVI in identifying raft aquaculture and seawater. It indicates that MAI better identifies seawater in mariculture and aquaculture areas.



	
Comparison with seawater surrounding island






Raft aquaculture is not only grown in coastal areas, but also abundantly distributed around islands farther along the coast. In order to ensure the applicability of MAI across the region, the areas close to islands were then explored. As is shown in Figure 8, it is found that the raft aquaculture far from the island is easily confused with seawater for NDWI and NDVI. However, the MAI of the raft aquaculture far from the island is always smaller than neighboring seawater. Therefore, it can be noted that the MAI provides a unique advantage in raft aquaculture extraction.



However, there is still overlap in the range of MAI values between the raft aquaculture and neighbor seawater. It suggests that raft aquaculture MAI in one area may be the same as the seawater in another area. We cannot use MAI alone to classify raft aquaculture. Therefore, we tried to use other features such as texture and spatial features to solve this problem (Section 2.3.3).




2.3.2. Multi-Scale Segmentation


Segmentation is the first step of object-oriented classification and has an important impact on classification accuracy [57]. Multi-scale segmentation is a common object-oriented segmentation algorithm, following the principle of maximizing heterogeneity among objects after segmentation. Homogeneous objects are obtained based on the following three parameters: segmentation scale, shape factor, and compactness factor.



The multi-scale segmentation is performed based on eCognition software [58]. In order to separate all raft aquaculture and seawater by segmentation, we tried the following two segmentation methods: (1) only use Sentinel-2 median image bands including the bands of red, green, blue, NIR, and Red Edge1; (2) use Sentinel-1 and Sentinel-2 median images including single-polarization VV, and the bands of red, green, blue, NIR, and Red Edge1. Combined with the size of a single raft aquaculture, we set the segmentation scale to 30. The shape factor was set to 0.1 and compactness factor to 0.5.




2.3.3. Feature Extraction


	
Spectral and backscattering neighbor difference feature






Neighborhood analysis combines spectral information with spatial information, and can be used to obtain contextual information about ground objects. The traditional neighborhood analysis method is window analysis, which fails to make full use of the neighborhood relationship between the ground objects. Most ground objects have complex neighborhood relationships. For example, forests may be adjacent to roads farmland, or water. It is difficult to judge the class based on the neighbor relationship of ground object. By comparison, mariculture has a very simple neighborhood relationship. Mariculture floats on the sea and is only adjacent to seawater. From the previous section, we know that the MAI of a mariculture site is always higher than its neighboring seawater area. Due to the limitation of the segmentation scale, the large area of non-culture area seawater will be divided into several small patches of seawater.



The neighborhood neighbor difference feature converts two absolute values into relative values, which could reduce the sea spectral influence due to geographical location. The difference between the MAI of these seawater patches and the MAI of the neighboring seawater is small. Wang [14] also proposed an OBVS-NDVI index to extend the spectral difference between seawater and raft aquaculture. Based on the MAI relative size of these two classes, we propose spectral neighbor difference MAI (SNDMAI).


  S N D M A I =  1 L  [   ∑  i = 1  n   L ( P ,  P i  )   × ( P ( M A I ) −  P i  ( M A I ) ) ]  



(2)




where P is the currently computed patch, Pi is the patch adjacent to computed patch, P(MAI) is the MAI value of P, Pi(MAI) is the MAI value of Pi, L is the length of P, L(P, Pi) is the common edge length of P and adjacent Pi.



For Sentinel-1 images, we calculate the spectral neighbor difference VV (SNDVV) as follows:


  S N D V V =  1 L  [   ∑  i = 1  n   L ( P ,  P i  )   × ( P ( V V ) −  P i  ( V V ) ) ]  



(3)







P(VV) is backscatter coefficient for the VV polarization of P, Pi(VV) is the backscatter coefficient for the VV polarization of Pi.



	
Texture feature






Texture features were used to describe the changes in image gray level. Gray level co-occurrence matrices (GLCMs) are a texture analysis method with a wide range of properties [42,43]. It reflects the information of image direction, interval, and change intensity.



We calculated the GLCM mean of MAI and backscatter coefficient for VV. The window size was set to 3 × 3 and the step size was set to 1. Then, the GLCM average at four angles, namely 0°, 45°, 90°, and 135°, was calculated. The MAI texture reflects the arrangement pattern of auxin, while the backscatter coefficient for the VV texture reflects the arrangement pattern of mariculture. Therefore, we use this neighbor difference feature to distinguish between mariculture and seawater.



	
Geometric feature






Geometric features are widely used in aquaculture extraction [27,52,59]. The shape of raft aquaculture is determined by the floating raft on the water surface. There are industry standards in place for the production of floating rafts; therefore, raft aquaculture has regular geometric features. However, due to the complexity of the ocean, the geometry of seawater patches that are misclassified as potential raft aquaculture has a high degree of uncertainty. We used the compactness feature to describe the compactness of the image object. The tighter the object is, the smaller its borders will be. It is used to distinguish irregular patches of sea. The compactness is calculated by using the following formula:


  C o m p a c t n e s s =   l e n g t h × w i d t h    N  p i x e l      



(4)




where Npixel is the number of pixels of the patch.




2.3.4. Random Forest Classification


Random forest is a machine learning algorithm and is composed of a multitude of decision trees. It is currently one of the most widely used machine learning methods. Due to the proximity of culture area seawater to mariculture, its spectral characteristics are different from that of non-culture seawater. Therefore, the final classification system was developed, which included the following four main categories: raft aquaculture, cage aquaculture, culture area seawater, and seawater in non-culture areas.




2.3.5. Accuracy Assessment


There are 373 verification points in total, accounting for 40% of the total sample points. These samples include 90 cage aquaculture, 130 raft aquaculture, 80 culture area seawater, and 73 non-culture area seawater points. We use the confusion matrix for accuracy assessment. The verification parameters include the producer’s accuracy (PA), user’s accuracy (UA), overall accuracy (OA), and Kappa coefficient, which were calculated to evaluate the effectiveness of our extracted results.




2.3.6. Experiment Design


In this paper, mariculture was extracted using two experiments. (1) Experiment 1 used only Sentinel-2 optical data to test the ability of different optical features in identifying mariculture. (2) Experiment 2 combined Sentinel-2 optical and Sentinel 1 SAR data to test the synergistic effect of both on mariculture extraction. For experiment 1, the feature combination contains MAI, SDNMAI, MAI texture mean, and compactness, while the features combination was added to the VV single-polarized backscatter coefficient, SDNVV, and VV texture mean.



The number of trees for random forest is set to 100, and the classification is based on multi-scale segmentation. Based on the experimental results, the optimal classification scheme was used for extracting the mariculture along the whole Bohai Rim.






3. Results


3.1. Experiment Results


3.1.1. Experiment 1: Sentinel-2 Based Classification Results


	
Test region I






Sentinel-2 features includes MAI, the neighbor difference feature SNDMAI and the MAI texture. We combined the geometric feature compactness with the Sentinel-2 features to form a three classification combination: (1) MAI and SNDMAI; (2) MAI, SNDMAI, and MAI texture; and (3) MAI, SNDMAI, and MAI texture and compactness. The classification results of different feature combinations are shown in Figure 9.



As shown in Figure 9a, the extraction of raft aquaculture leads to a very good result. There are no large seawater or raft aquaculture areas that are misclassified. However, there are still some offshore non-culture area seawater areas misclassified as raft aquaculture. Some raft aquaculture areas were not identified either. In contrast, the missed offshore areas decrease while the number of wrong areas increases after adding texture features (Figure 9b). After adding the geometric feature of compactness, the missed and wrong areas rapidly reduce. Only a small amount of the offshore seawater areas are misclassified as raft aquaculture areas (Figure 9c).



MAI and SNDMAI are able to recognize raft aquaculture well. Texture features improve the recognition accuracy of raft aquaculture and neighboring seawater, and the geometric feature improves the accuracy of non-culture area seawater.



	
Test region II






Similarly, we conducted mariculture extraction based on Sentinel-2 data in the test region II Zhuanghe City. In contrast to test region I, which has algal rafting, test region II has algal rafting and shellfish rafting.



From Figure 10, we find that even after the median synthesis, the difference in reflectance between seawater in the optical image is still large, while the difference between small area seawater and raft aquaculture is not obvious. Only a part of raft aquaculture is observed in the Sentinel-2 median image.



To test the extraction effect of Sentinel-2 in test region II, three different feature combinations were used for mariculture extraction (Figure 11). With the addition of texture features and geometric features, the classification accuracy is improved. The wrong area is gradually reduced while the missed area remains unchanged. However, no matter how many features are added, the wrong and missed area is large. The classification results only correctly identified the raft aquaculture around the western islands.



The results indicate that Sentinel-2 data alone cannot identify all the raft aquaculture area in test region II.




3.1.2. Experiment 2: Synergistic Use of Sentinel-1 and Sentinel-2 Classification Results


We used both optical and radar data to extract the information on mariculture for both experimental regions. Test region II is taken as an example to show the SNDVV and texture features of Sentinel-1 (Figure 12). Both SNDVV and VV textures highlight mariculture. In comparison, due to the effect of scatter noise in the VV images, there are a considerable amount of small areas of seawater and raft aquaculture with similar values in VV textures. Sentinel-1’s neighborhood difference feature of SNDVV works better than texture feature in mariculture recognition.



By using a combination of the optical features of MAI, SDNMAI, MAI texture, and compactness, and SAR features of VV, SDNVV, and VV texture, the random forest algorithm was applied to obtain the mariculture results in the two test areas (Figure 13).



In Figure 13a, the inclusion of Sentinel-1 images reduces the amount of incorrect offshore areas to some extent. However, in general, the classification results do not change much with the addition of Sentinel-1.



In Figure 13b, the classification results of Sentinel-1 and Sentinel-2 include almost all raft areas. Compared with Figure 11c, nearly all missed areas are correctly classified and the number of wrong areas is reduced. The accuracy of raft aquaculture classification with Sentinel-1 and Sentinel-2 was much higher than that of the Sentinel-2 classification results. In test region II, the inclusion of Sentinel-1 produced a significant improvement in the classification results, and many raft aquaculture areas that could not be seen in the Sentinel-2 images appeared.





3.2. Accuracy Assessment


The confusion matrix was calculated based on 373 samples, and the results are shown in Table 1. It is indicated that the overall accuracy of classification reached 94.10% and the Kappa coefficient reached 0.91. The producer’s accuracy of raft aquaculture is 93.33% and user’s accuracy is 95.45%. The classification accuracy of cage aquaculture was higher than raft aquaculture. The producer’s accuracy of raft aquaculture was 93.33% and the user’s accuracy was 95.45%.




3.3. Spatial Distribution of Mariculture around Bohai Sea


Based on the optimal remote sensing classification scheme of Experiment 2, we realized mariculture extraction in the Bohai Rim. From the distribution of mariculture in 2020 (Figure 14), it is obtained that mariculture is mostly distributed in offshore areas and near islands within 30 km of the coastline. It has an obvious trend of concentrated distribution. The area of mariculture in the Yellow Sea is much higher than in the Bohai Sea. The total area of mariculture is 1224.60 km2. In total, the area of cage aquaculture is 16.89 km2 and the area of raft aquaculture is 1206.71 km2.



Mariculture was found to be mainly distributed in the three provinces of eastern Liaoning, northern Hebei, and eastern Shandong in the Bohai Rim (Figure 14).



According to the main culture breed, mariculture in the Liaoning Province is divided by the old Tieshan Cape into Liaodong Bay and the northern Yellow Sea (NYS) (Figure 14a). Most mariculture was distributed in NYS, with a large number of raft aquaculture areas. It is dominated by a bedrock shoreline with extensive tidal flats and located at the junction of the Yellow and Bohai Rims. Mariculture in Liaodong Bay is concentrated near Wafangdian and Changxing island, with mainly cage aquaculture. The cage aquaculture is distributed in and around aquaculture ponds which belong to a sandy coast with wide tidal flats.



Mariculture in Hebei province is mainly concentrated in the northern part of the Luanhe River estuary area (Figure 14b), with only raft aquaculture. The sediment and nutrients carried by the Luanhe River provide sufficient food for shellfish.



Shandong Province has a well-developed mariculture industry. Mariculture is mainly raft aquaculture and litter cage aquaculture. Raft aquaculture is concentrated in Yantai City and Weihai City (Figure 14c), while cage aquaculture distribution is evident in the south of Qingdao and east of Yantai. The Yellow River transports a large amount of nutrients and plankton to provide sufficient food for shellfish. Therefore, shellfish and algae raft aquaculture are very well developed.





4. Discussion


4.1. Advantages of Optical Remote Sensing Spectral Index Features


Today, many studies can be found that are based on optical remote sensing spectral index features for the extraction of mariculture. Xu [60] found that NDVI, NDWI, and NDBI could better highlight the differences between aquaculture areas and seawater. However, seawater is unstable, the sea surface is rippled, and the average brightness varies. NDWI is easily affected by sea wind and waves. Algae raft aquaculture is a type of raft aquaculture. Many studies have used NDVI for raft aquaculture extraction due to the fact that algae contain chlorophyll. Wang [19] proposed an object-based visually salient NDVI (OBVS-NDVI) feature, which has a higher accuracy than NDVI alone. However, the actual NDVI of mariculture and seawater was similar (Figure 6b), meaning that OBVS-NDVI may not play an important role. Moreover, there is a large amount of plankton living in seawater. Planktons also contain chlorophyll, which leads to a higher NDVI in seawater without raft aquaculture.



Except for chlorophyll, algae plants contain other auxiliary pigments, which are physiologically active chemicals that are good at absorbing blue and green light. These pigments absorb blue and green light for algae, such as phycocyanobilin in kelp and phycoerythrobilin in seaweed. Therefore, the reflectance of aquatic algae in the blue band and green band is lower than that of the surrounding seawater. In contrast, the red band, Red Edge, NIR, and other bands are less affected by algae. Thus, based on the bands of blue, green, and red, the proposed new spectral index of MAI could reduce the spectral complexity of seawater and enhance the difference between raft aquaculture and seawater.



Furthermore, the spectral neighbor difference feature is proposed to further emphasizes the difference between mariculture and seawater. Given the specificity of mariculture neighborhood relations, the SNDMAI of seawater is always higher than that of raft aquaculture, and the MAI texture of seawater is always smaller than that of the raft aquaculture. The texture of SNDMAI and MAI reveals the difference between raft aquaculture and sea. Furthermore, some non-culture seawater areas with a low MAI also tend to be identified as seawater features according to SNDMAI and MAI texture (Figure 15). Thus, SNDMAI and MAI are of benefit to raft aquaculture identification, and these techniques improve the extraction accuracy.



Aside from the widely used indices, some indices were proposed specifically for mariculture. Hou [38] proposed a hyperspectral index (HSI-FRA) based on ZY1-02D satellites. However, HSI-FRA involves a constant parameter, which needs to be determined by experiments. It increases the uncertainty of exponents. Compared with HSI-FRA, MAI is a fixed, simple but effective index which solves the classification problem of raft aquaculture, and has stronger applicability.




4.2. The Function of Sentinel-1 and Sentinel-2


To explore the role of synergistic Sentinel-1 and Sentinel-2 data in the image segmentation and mariculture classification process, the areas with large differences between the two experiments (only Sentinel-2, and synergistic integration of Sentinel-1 and Sentinel-2) in test area II of Zhuanghe City were selected. The results (Figure 16) of multi-scale segmentations show that optical images alone cannot segment all raft aquaculture, some rafted aquaculture elements are segmented into a patch with seawater elements, and incorrectly segmented raft aquaculture will also be misclassified. The results indicated that some raft aquaculture cannot be imaged in the optical Sentinel-2 image (Figure 16a). However, after adding Sentinel-1 imagery, these raft aquacultures can be segmented and classified correctly (Figure 16b). There are three main reasons for this, which are detailed below.



(1) The impact of clouds. Sentinel-2 is an optical satellite influenced by cloud distribution. Cloudy weather is not conducive to obtaining complete information.



(2) The impact of raft aquaculture types. According to culture production, raft aquaculture is classified as algae raft aquaculture and shellfish raft aquaculture. Algae raft aquaculture can be imaged because it floats on the surface and has plant properties. Compared with algal raft aquaculture, shellfish in shellfish raft aquaculture have a deeper water level of about 3–10 m. There are no suspended substances in the water. Therefore, shellfish raft aquaculture is difficult to identify using optical images.



(3) The impact of imaging principles of optical and radar images. Sentinel-1 belongs to radar satellites with a strong penetrating power. The penetration distance of radar satellite electromagnetic waves is about 3–10 m in seawater at −2–30 °C, and the data can be obtained regardless of the weather. The backscattering characteristics are sensitive to the roughness and structure of the water. The roughness of the floating body of algal raft aquaculture and shellfish raft aquaculture above the water surface and the seawater differ greatly [14], so the backscattering coefficients of algal raft aquaculture, shellfish raft aquaculture, and seawater are somewhat different [61]. In summary, Sentinel-1 can identify shellfish raft aquaculture and algal raft aquaculture, which makes up for the deficiency of optical remote sensing and improves the accuracy of raft aquaculture classification.



The combination of optical and SAR data in mariculture identification has become an important means of mariculture classification. Andrey [39] developed a new method for automatically mapping aquaculture structures in coastal areas based on Sentinel-1 and Sentinel-2 data. Cheng [62] mapped mariculture along the Jiangsu coast of China based on Sentinel-1 and Sentinel-2 data using random forest. However, SAR data were applied for one band and in the form of single echo information, meaning only a limited amount of information about ground objects was obtained. The backscatter coefficient of individual cage aquaculture, shellfish raft aquaculture, and algal raft aquaculture is similar. For this reason, we added SDNDVV and VV texture features to further enhance the extraction accuracy of raft aquaculture.



Due to cloud interference, we were unable to determine the type of raft aquaculture that Sentinel-1 can identify but Sentinel-2 cannot. We plan to find a way to classify different types of raft aquaculture in the future.




4.3. Comparison with Other Aquaculture Data


In recent years, mariculture in the Bohai Sea Rim has developed rapidly, and the mariculture production in the Bohai Sea Rim reached 7.97 million tons in 2020, so it is important to have timely information on aquaculture. In this study, the current status of aquaculture in the Bohai Rim was mapped in collaboration with Sentinel-2 and Sentinel-1 data.



We compared our data with the data provided in the statistic yearbook, as shown in Table 2. The mariculture area we extracted reached 1223.60 km2, which is smaller than the area in the statistical yearbook of 1961.91 km2. The main reason is that the raft aquaculture statistical standards are different. The area of raft aquaculture we extracted is based on pixels and resolution. However, the measurement of the area included in the yearbook did not adhere to a strict standard. The current estimation method of mariculture has limitations. Raft aquaculture mostly uses seedling rope as the statistical standard. A 1000 m seedling rope is counted as 1 acre of culture water. According to field surveys, except for purple cabbage, the seedling rope estimation method leads to a larger culture statistical area than the actual situation. For example, the statistical area of wakame is 1.8 times the actual area [63]. Therefore, the yearbook statistics of mariculture are much larger than the actual data. Aquaculture on the same parcel might even have three times the area difference according to a different standard [31]. The statistical error led to a difference between our results and the statistical data. In addition, some shellfish aquaculture may not be extracted. Because of the seasonality of raft aquaculture growth and noise of Sentinel-1, a number of shellfish aquaculture cannot be seen in the Sentinel-1 median image. For cage aquaculture, the mariculture area we extracted is larger than the area in the statistical yearbook. We used a shoreline dataset provided by IGSNRR to determine whether it is mariculture or not. The local bureaus classify some offshore cage aquaculture located in aquaculture ponds as land culture. This makes the area of cage aquaculture larger than the yearbook data analyzed in this study.



The mariculture area we extracted is larger than the area described in the 2018 mariculture data [45] (Table 2). The difference between the two is only 1.22 km2 for raft aquaculture in Hebei province, but the difference reaches 274.29 km2 and 293.06 km2 for raft aquaculture in the Liaoning and Shandong provinces. This is because the remote sensing data sources are different. To collect mariculture data, Liu [45] only used Landsat 8 optical images, whereas our research uses both optical and radar images, which can identify more shellfish raft aquaculture areas; thus, our raft aquaculture area is larger. The addition of radar data extracts more marine organisms and significantly improves the identification accuracy of raft aquaculture in Liaoning and Shandong provinces, which are important shellfish culture bases in China. In addition, the continuous expansion of mariculture is also the reason for the large difference between our 2020 results and 2018 comparison data on mariculture area.




4.4. Limitations


In this study, a new method is proposed for large area mariculture area mapping. However, some issues should be further addressed. First, MAI still has some problems. First, the distinction between cage aquaculture and raft aquaculture was poor. Therefore, MAI still has room for improvement, and the application of the NIR band in mariculture deserves further exploration. Second, mariculture in this study is divided into two categories: cage aquaculture and raft aquaculture. Among them, the raft aquaculture we extracted is mostly algae raft aquaculture, and the extraction of shellfish raft aquaculture needs to be studied in depth. This study only obtains the mariculture map for 2020, which is not sufficient for further applications. The long-term spatial and temporal variation of mariculture and its impact on agriculture, the economy, and ecosystems are analyzed by using satellite observation data of a long time series, so as to provide informed suggestions for the sustainable development of the study area.





5. Conclusions


By performing the synergistic integration of time series Sentinel-1 and Sentinel-2 satellite data, an approach was proposed for mapping mariculture by using the random forest algorithm. The conclusions of the study are as follows.



	
A new optical spectral index of MAI was proposed for extracting the mariculture area. Compared to the traditional NDVI and NDWI, it was concluded that MAI can increase the difference between raft aquaculture and seawater. The extraction of raft aquaculture can be improved to some extent by constructing combinations of the features of MAI, SNDMAI, MAI texture, and compactness.



	
By combining optical and SAR features, the random forest algorithm was applied to achieve the extraction of mariculture. In general, the classification of raft aquaculture can be improved by incorporating Sentinel-1 images to reduce the misclassification area of offshore mariculture to some extent.



	
Based on the optical and SAR data of Sentinel satellites, the mariculture area in the Bohai Sea Rim was extracted by combining the proposed mariculture method. The overall accuracy of mariculture extraction in the Bohai Rim is 94.10%, and the kappa coefficient is 0.91. The mariculture area of the Bohai Sea Rim is 1224.6 km2. In total, 16.89 km2 of the cage aquaculture is mainly distributed near the Wafangdian and Changxing islands in Liaodong Bay, and 1206.71 km2 of the raft aquaculture is mainly distributed in the North Yellow Sea region, specifically the eastern part of Liaoning Province, northern Hebei, and the eastern Shandong region.
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Figure 1. Schematic diagram of the study area. 
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Figure 2. Examples of cage aquaculture (a) and raft aquaculture (b). 
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Figure 3. Difference between Sentinel-2 single image (a) and median synthetic image (b) for mariculture. 
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Figure 4. Flow chart for mariculture extraction. 
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Figure 5. The spectral curves of Sentinel-2 images at different bands (bands 1 to 12 represent the bands of Aerosols, Blue, Green, Red, Red Edge1, Red Edge2, Red Edge3, NIR, Red Edge4, water vapor, SWIR 1, and SWIR 2, respectively). 
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Figure 6. Different spectral index of raft aquaculture and neighbor seawater ((a) NDWI; (b) NDVI; (c) MAI). 
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Figure 7. Different spectral feature maps of raft aquaculture and seawater in the test region I. ((a) NDWI; (b) NDVI; (c) MAI). 
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Figure 8. Different spectral feature maps of raft aquaculture and seawater surrounding island. ((a) NDWI; (b) NDVI; (c) MAI). 
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Figure 9. Classification results of different feature combinations ((a) MAI and SNDMAI; (b) MAI, SNDMAI and MAI texture; (c) MAI, SNDMAI, and MAI texture and compactness) in test region I. (The correct areas indicated in green are the correctly classified raft aquaculture patch; the wrong areas indicated in yellow are the seawater patch classified as the raft aquaculture; the missed areas indicated in orange are the raft aquaculture patch classified as seawater; and the background indicated in dark is the correctly classified seawater area). 
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Figure 10. The annual median synthetic image (a) and raft aquaculture visual interpretation result (b) of test region II in Zhuanghe City. 
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Figure 11. Classification results of different feature combinations. ((a) MAI and SNDMAI; (b) MAI, SNDMAI, and MAI texture; (c) MAI, SNDMAI, and MAI texture and compactness) in test region II. (The correct areas indicated in green are correctly classified as the raft aquaculture patch; the wrong areas indicated in yellow are the seawater patches classified as raft aquaculture; missed areas indicated in orange are the raft aquaculture patch classified as seawater; and the background indicated in dark is the correctly classified seawater). 
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Figure 12. Different feature maps ((a) SNDVV; (b) VV texture). 
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Figure 13. Classification results by synergistic integration of Sentinel-1 and Sentinel-2. ((a) Test region I; (b) Test region II). 
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Figure 14. Distribution of mariculture in different coastal provinces in Bohai Rim in 2020. 
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Figure 15. Features of MAI texture (a) and SNDMAI (b). 
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Figure 16. Different segmentation results ((a) Segmentation of Sentinel-2; (b) Segmentation of Sentinel-1 and Sentinel-2). 
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Table 1. Confusion matrix of classification results based on Sentinel-1 and Sentinel-2 data.
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Cage Aquaculture

	
Raft Aquaculture

	
Culture Area Seawater

	
Non-Culture Area Seawater

	
User’s Accuracy






	
Cage aquaculture

	
84

	
4

	
0

	
0

	
95.45%




	
Raft aquaculture

	
4

	
117

	
3

	
0

	
94.35%




	
Culture area seawater

	
1

	
7

	
70

	
5

	
93.17%




	
Non-culture area Seawater

	
1

	
2

	
7

	
68




	
Producer’s accuracy

	
93.33%

	
90.00%

	
98.04%

	




	
Overall accuracy

	
94.10%

	
Kappa coefficient

	
0.91
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Table 2. Remote sensing data and statistical data of mariculture area (km2).
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Province

	
Cage Aquaculture

	
Raft Aquaculture




	
Our Results

	
Yearbook Statistic

	
Data in 2018 from Liu [45]

	
Our Results

	
Yearbook Statistic

	
Data in 2018 from Liu [45]






	
Liaoning

	
13.74

	
0.41

	
3.25

	
473.82

	
485.52

	
199.53




	
Hebei

	
0

	
0

	
0

	
240.26

	
484.17

	
239.04




	
Tianjin

	
0

	
0

	
0

	
0

	
0

	
0




	
Shandong

	
3.15

	
2.24

	
2.61

	
492.63

	
989.57

	
254.57




	
Total

	
16.89

	
2.65

	
5.86

	
1206.71

	
1959.26

	
639.14
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