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Abstract

:

This study proposes the use of spatial high-resolution Formosat-5 (FS5) images for estimating total suspended matter (TSM) concentrations in a coastal region. Although many atmospheric correction methods are available, none of them are proposed to apply to FS5. Therefore, to remove the atmospheric effect, we performed a linear regression between the digital number (DN) of an FS5 image and the Landsat-8 Operational Land Imager (OLI) level-2 remote-sensing reflectance (Rrs) by using 160 samples of five ground targets. The ground targets, namely roof material, asphalt, water, vegetation, and other materials (sand and soil), were assumed to have negligible differences within 24 h. The results show that the linear model used for computing FS5 reflectance exhibited good coefficients of determination (R2) ranging from 0.87 to 0.96 for blue, green, red, and near-infrared bands. Next, in situ TSM measurements were not collected during the FS5 overpassing in Ha Long Bay, Vietnam, so we used two existing algorithms with a red band to estimate the TSM concentration. These algorithms developed for different coastal waters exhibited satisfactory agreement between derived field data and observed TSM concentrations with R2 ranging from 0.86 to 0.95. We also cross-checked the accuracy of the FS5-derived TSM concentration through comparison with an OLI-derived TSM image. The OLI-derived TSM image was validated and discussed for Vietnamese coastal waters, including Ha Long Bay. Lastly, based on comparisons between FS5- and OLI-derived TSM images in terms of spatial distribution, histograms, and root mean square error, we indicated the FS5 images after the removal of atmospheric effects could be totally used for estimating TSM in coastal water regions.
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1. Introduction


Total Suspended Matter (TSM), which may also be referred to as Suspended Particular Matter (SPM) or Total Suspended Solids (TSS), is a key part of studying coastal water regions areas such as bays, lagoons, and estuaries [1] because of its influence on the marine environment and ecosystems. For example, TSM concentration can affect the health of the ecosystem for oyster growth in a bay [2]. Therefore, studying TSM characteristics can help researchers to better understand the marine ecosystem and the coastal environment. There are many methods to investigate TSM in coastal water regions, such as site measurement, numerical models, remote sensing, etc. In situ measurements with cruise and numerical models are costly and time-consuming [3], while remote sensing provides a viable solution that saves time and cost [4]. Remote sensing currently offers new satellite images that contain richer spatial information and are able to overcome hardware and operational cost issues due to state-of-the-art technologies [5,6]. Therefore, we propose the advantages of remote sensing solution by using the new satellite images of the Formosat-5 sensor to study TSM in a coastal region.



Formosat-5 (FS5) is a Taiwanese satellite that was launched on 25 August 2017. FS5 is operated by the National Space Organization (NSPO), Taiwan, and continues the mission of its predecessor, Formosat-2 (FS2). The FS2 images are usually used as sources for cartography and cadastral mapping, coastal water areas, differentiating between soil and vegetation, forest type mapping, detecting cultural features, and satellite images for post-earthquake disaster assessment, etc. [7,8,9]. FS2 was decommissioned in August 2016, and now, FS5 is the next generation of satellites of FS2, so the satellite imaging applications of FS5 are similar to those of FS2 in order to continue the mission of the previous generation. For example, high-resolution FS2 remote-sensing images improved the monitoring of the coastal water environment [10], the Gaoping River mouth [11], and reservoir water quality in Taiwan [12]. Because FS2 images have not been available since August 2016, we propose the use of FS5 satellite images to estimate the total suspended matter (TSM) concentration in coastal regions.



We proposed FS5 instead of other sensors because FS5 offers 4 m spatial resolution and one-day revisiting time, which is suitable for investigating TSM in shallow water. Furthermore, even though FS5 is a new generation of FS2, there is no full research to use FS5’s image to study TSM in coastal water regions. Even though FS5 provides the advantages of spatial and temporal resolution, there are two main research issues we faced when choosing FS5 to estimate TSM in coastal waters including removing atmospheric influence on FS5 images and choosing a suitable algorithm to estimate TSM concentration.



Removal of the atmospheric effect from a satellite image is a crucial step prior to using it to evaluate the optical characteristics of water in coastal areas. Different atmospheric correction methods are available for different types of sensors used to study sediments in coastal water regions. For example, five atmospheric correction algorithms can be applied to optically complex ocean waters for the Sentinel-3A sensor [13]. A new atmospheric correction approach was proposed for turbid coastal waters that entails using Moderate Resolution Imaging Spectroradiometer (MODIS) imagery [14]. Many Landsat-8 operational land imager (OLI) atmospheric correction algorithms for inland and coastal waters have been reported [15,16]. Currently, the research problem is that none of them are applicable to the proposed FS5 because FS5 provides the band from the visible to near-infrared band. Therefore, our proposed research objective is the use of linear regression to convert a DN into remote-sensing reflectance (Rrs) for FS5 images because this method has been widely used for different sensors in various geographical areas. Linear regression can be performed by assuming that a linear relationship exists among ground targets. Linear regression has been used for many different sensors. For example, the empirical line method was applied to images of the Caribbean Islands captured from both the Sentinel-2A Multispectral Instrument [17] and IKONOS [18] and used for the calibration of the airborne Daedalus-Coastal Zone Color Scanner [19]. Another study employed a refined empirical line approach to retrieve the reflectance factor from the Landsat-5 Thematic Mapper and Landsat-7 Enhanced Thematic Mapper [20].



An empirical method is usually used to estimate the TSM concentration from satellite images. This method involves the use of in situ measurement data to develop algorithms on the basis of the relationship between the TSM concentration and either a single band or multiple bands of satellite images. For example, a single algorithm was developed to retrieve turbidity from remotely sensed data in all coastal and estuarine waters [21]. A simple empirical band ratio algorithm was used to examine suspended particulate matter from remote-sensing data obtained for the coastal and inland waters of Vietnam [22]. In addition, in remote sensing, MODIS Terra 250-m images with a practical algorithm were used to determine the TSS concentration in coastal [23] and shallow waters [4]. Even though the empirical method is easy to use if the available in situ measurement data match satellite images, this method is expensive, time consuming, and limited by spatial distribution. Therefore, multi-sensors are commonly used to estimate suspended sediments in coastal waters. For example, a study integrated MODIS and Formosa-2 imagery to develop a reliable and high temporal–spatial resolution TSM concentration retrieval model [10]. A multi-sensor approach was adopted to examine the distribution of TSM in the Albemarle–Pamlico estuarine system in the United States [24]. Furthermore, recent studies have used semi-empirical algorithms and artificial intelligence to estimate TSM. For example, a robust algorithm was developed to estimate total suspended solids (TSSs) in inland and coastal waters [25]. A semi-empirical algorithm based on the Sentinel-3 Ocean and Land Color Instrument was developed for turbid case-2 waters [26]. A study forecasted TSS concentration reservoirs in real time through the optimal integration of multiple machine learning techniques [27].



Due to the lack of match up situ measurement data with satellite images, many studies have applied algorithms developed for previous sensors to new sensors, which are similar in terms of spatial and spectral characteristics, to estimate the TSM concentration in different areas. The advantage of this approach is the use of an already developed and validated algorithm for a different sensor and a different region. The results have revealed the satisfactory performance of these algorithms when applied to coastal waters. For example, a simple algorithm was developed to retrieve TSM from the VNREDSat-1/NAOMI sensor over the coastal and inland waters of Vietnam; it was based on the four existing algorithms of SPOT 5 (Satellite Probatoire de l’Observation de la Terre) and Landsat-8 OLI [22]. An empirical algorithm developed specifically for the South Korean coastal with the Geostationary Ocean Color Imager sensor was used to estimate the TSS concentration for MODIS images in coastal Taiwan [28]. Another study employed a refined empirical line approach for the Landsat-7 Enhanced Thematic Mapper by retrieving the reflectance factor from the Landsat-5 Thematic Mapper [20]. Yang et al. (2018) estimated turbidity in a macro-tidal harbor of Australia by using an algorithm for different MODIS products (Aqua/Terra) [29]. A simple optical model from other sensors was used to estimate SPM by using Landsat 8 data in the Yellow River estuary [30,31].



The research issue is that an empirical algorithm that has not been developed to estimate the TSM concentration from the FS5 image. No in situ TSM measurements were collected during the FS5 overpassing the study area. Therefore, for the different reasons mentioned above, in this study, the research objective was to select two algorithms, which were developed for OLI and FS2, to estimate the TSM concentration in Ha Long Bay, Vietnam. These two algorithms were developed in different water regions, so they need to be validated by reference data such as in situ measurement data or comparison with other sensors algorithms, which have been validated in the study area. For that purpose, we performed a comparison with an OLI-derived TSM image to examine the accuracy of the TSM concentration because in situ measurement data were unavailable. There are two reasons that motivate us to choose the OLI-derived TSM image as the reference data. Particularly, studies use the OLI-derived TSM image, which was processed by using the ACOLITE application (the detail of ACOLITE is written in later in Section 3.1) and is being widely used for different shallow water regions such as Belgian turbid coastal waters [32], Shengjin Lake and Chaohu Lake in China [33], Gorky Reservoir in Russia [34], the Estuary Zone of the Mzymta River, Black Sea [35], a tropical Ramsar wetland of southern India [36], and Vietnamese coastal waters [37]. In addition, the algorithm (Nechad et al., 2010 [38]) was used by ACOLITE is an international algorithm that has been validated and discussed for the coastal area of Vietnam (including Ha Long Bay in this study) [22]. ACOLITE is widely accepted for different coastal areas in many parts of the world including coastal Vietnam. Therefore, we also chose OLI-derived TSM with ACOLITE as a possible alternative due to the lack of in situ measurement.



This paper is organized as follows: Section 2 describes the study area, satellite match-up data set and in situ measurement data, and materials. Section 3 explains the methodology, including data processing and the use of linear regression to convert a DN into Rrs, TSM algorithms, and accuracy assessment. Section 4 and Section 5 present the results and discussion related to FS5-derived TSM from Ha Long Bay, respectively. Finally, Section 6 provides the conclusion and suggestions that indicate the key findings of this study and issues that require attention.




2. Materials and Methods


2.1. Study Area


Ha Long Bay, located in northern Vietnam, is one of the most popular travel destinations in Vietnam and a UNESCO World Heritage Site (Figure 1). The sediment characteristics of the Ha Long Bay area are those of an major marine environment topic because TSM is a critical parameter that affects water quality and environmental protection in Ha Long Bay [39,40].



We used data from previous studies that described the sediment characteristics of Ha Long Bay. According to the Ha Long Bay water quality management project [40], from 2004 to 2014, the average TSM concentration ranged from 16.1 to 35.08 mg/L with water depth in a range of 1–15 m. Moreover, field measurements conducted from 2011 to 2015 in Ha Long Bay and nearby regions indicated that the average TSM concentration ranged from 1.05 to 147.69 mg/L [37]. It is to note that previous studies related to Ha Long Bay and nearby regions show that TSM in Ha Long Bay is normally higher in the wet season than in the dry season [41,42,43] because the change in TSM is related to the season and river discharge after rainfall. For example, the average TSM concentrations in the dry and wet seasons were 40 and 150 mg/L, respectively [44]. In this study, the FS5 satellite image belongs to the wet season. Due to the lack of field data measured at the time the satellite image passes, we assume that the average TSM concentration in Ha Long Bay is also in the range of 1 to 150 mg/L.




2.2. Satellite Match-Up Data Set and In Situ Measurement Data


The FS5 provides 2 m resolution panchromatic and 4 m resolution multi-spectral images in a daily revisit orbit [45]. The NSPO provides FS5 with a digital number (DN) for four bands including blue, green, red, and near-infrared (NIR). FS5’s spectral bands, spatial resolution, gain, and offset values are shown in Table 1. A comparison of FS5 and OLI overlaying the visible and near-infrared parts of the spectrum is shown in Figure 2. The spectral response function of FS5 is provided by NSPO, and the respective spectral response functions documented for OLI are available at the Landsat Science website (https://landsat.gsfc.nasa.gov/wp-content/uploads/2013/06/Ball_BA_RSR.v1.1-1.xlsx) (accessed on 24 April 2021)



Due to the lack of matchup in situ measurement data points with FS5, the OLI image was selected as the reference data for cross-comparison and validation. There are many kinds of sensors that can be used as reference data. However, OLI data were selected instead of another satellite image because of the following reasons: Firstly, the OLI images with level-1 and level-2 are free for downloading from the United States Geological Survey (USGS) website (https://earthexplorer.usgs.gov/) (accessed on 12 April 2018). The OLI level-2 images already provide remote sensing reflectance, while OLI level-1 images can be used for computing remote sensing reflectance via many existing atmospheric corrections approaches. For example, the Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) [46] model in the ENVI application, ACOLITE for aquatic application [47], and iCOR algorithm [16]. Secondly, the OLI-derived TSM image has been validated and discussed for Vietnamese coastal waters by using in situ measurement [22,37]. Lastly, the OLI images offer the scene with the time window between the FS5 and Landsat-8 OLI being <24 h.



To compare the satellite match-up dataset, we also evaluated the weather conditions and tidal characteristics at Ha Long Bay between FS5 and Landsat-8 OLI. The FS5 and Landsat-8 OLI satellites captured the scene at 10:30 local time on a sunny day with a partial cloud coverage of <10% and slight wind. Therefore, the weather assumed non-impact sediment characteristics under normal conditions. Weather conditions were evaluated based on historical global weather data (http://worldweatheronline.com) (accessed on 2 August 2021). Additionally, whether the tidal affected TSM characteristics were checked. Tidal characteristics in the study area are described in the tidal book published by the National Center for Hydro-Meteorological Forecasting, Vietnam Meteorological and Hydrological Administration (https://nchmf.gov.vn/) (accessed on 20 August 2021). The highest and lowest tidal levels were 3.4 m (05:27 local time) and 1.1 m (17:08 local time), respectively, on 10 November 2019, and 3.6 m (06:13 local time) and 0.9 m (18:41 local time), respectively, on 11 November 2019. Therefore, we assumed that weather conditions and sea surface characteristics were similar on 10–11 November 2019.



Based on the advantage of OLI data mentioned above, the FS5 satellite image was captured on 11 November 2019, and the Landsat-8 OLI image captured on 10 November 2019 was selected in a dataset for this study.



There were seven field surveys in different periods of time between 2011 and 2015 performed in Vietnam coastal waters. In situ data (n = 205 sample, with 67 samples related to Ha Long Bay) collected remote sensing reflectance (Rrs) and TSM as already described in [22,37]. It is noted that the in situ data were used to validate a TSM algorithm that can be applied to Landsat-8 OLI at Ha Long Bay with high correlation coefficients (R2 = 0.86).




2.3. Materials


We selected five types of land-cover objects as ground targets, and the number of samples is listed in Table 2. These objects were large, easily distinguishable, and observable across many geographical areas. The ground targets were divided into two categories: bright and dark. The bright targets included roofs, asphalt/concrete, and other materials (sand and soil) and accounted for most of the ground targets. The dark targets included water surfaces and vegetation [48] because these objects were already described according to the rapid atmospheric correction algorithm [15].



In this study, the dark targets included lake water, reservoirs, and vegetation. All the ground targets had a minimum size of 3 pixels × 3 pixels on the Landsat-8 OLI image, corresponding to 19 pixels × 19 pixels on the FS5 image. At least 26 objects were required for each ground target to ensure that the number of objects was sufficiently large and that the elevation was similar among these images. Finally, we obtained 160 samples (Figure 1) of the five land-cover objects and used them to perform linear regression analysis.





3. Methodology


3.1. Data Processing


Data processing included three steps: converting a digital number (DN) to remote-sensing reflectance (Rrs) through linear regression, estimating the TSM concentration from the FS5 satellite image, and examining the accuracy. The flowchart of data processing is shown in Figure 3.



It is important to note that, since there are many atmospheric correction methods for aquatic applications related to Landsat-8 OLI images such as ACOLITE [47], C2RRC [49], iCOR [16], etc., we chose FLAASH in this study because we used ground targets as input data for linear regression. The FLAASH provides high stability and accuracy with ground targets. In addition, it is easy to set up using parameters such as sensor options, atmospheric model options, water retrieval options, etc., for local areas [46]. It is also easy to use in the ENVI application, and our research lab has good experience using this method. Finally, surface reflectance converted from FLAASH was used compared with USGS in order to avoid a biased selection for any one method. Therefore, we believe that FLAASH is the most suitable option for the purpose of this study.



The two top rows describe how the FS5’s DN value can be converted to Rrs through linear regression. Landsat-8 OLI level-2 reflectance was considered as reference data derived from level-1 by using the Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) model in ENVI (RrsFLAASH) and downloaded from the United States Geological Survey (USGS) website (RrsUSGS). Linear regression was performed using the Landsat-8 OLI’s Rrs values of 160 ground targets (Figure 1) to convert the FS5’s DN value to the FS5’s Rrs value. This step resulted in two Rrs versions of FS5, namely FS5 Rrs version 1 and FS5 Rrs version 2. We compared the spectral profiles of the dark targets to determine the one favorable for coastal water applications.



The middle rows show the steps of TSM retrieved from FS5’s Rrs values. Two TSM algorithms (Algorithms 1 and 2 are described later in Section 3.3) with a red band from Landsat-8 OLI and the previous generation Formosat satellite images were used to compute TSM concentration images. The results provided four versions, named from 1 to 4, of the FS5 TSM images. Finally, as shown in the two last rows, we compared these FS5 TSM images with Landsat-8 OLI-derived TSM (reference data). Landsat-8 OLI-derived TSM was based on ACOLITE. ACOLITE is a generic processor developed by the Royal Belgian Institute of Natural Sciences (RBINS) for atmospheric correction and processing for coastal and inland water applications. It currently supports many sensors such as Landsat (5/7/8), Sentinel-2 (A/B), Sentinel-3 (A/B), PlanetScope, Pléiades, and WorldView. ACOLITE is provided for free, and the detail of ACOLITE can be found at link https://odnature.naturalsciences.be/remsem/software-and-data/acolite (accessed on 3 January 2022). We used ACOLITE because it provides an algorithm to retrieve TSM from remotely sensed data in all coastal and estuarine waters [21,38,47].



It is indicated that we use two different resources of OLI level-2 reflectance and two different TSM empirical algorithms. This is to avoid favoritism in the use of reference data related to surface reflections and the choice of TSM algorithms. Furthermore, the purpose of this data processing is to perform a comparison between two source data references and TSM algorithms.




3.2. Convert the DN into Rrs


The actual surface reflectance in remotely sensed images taken by FS5 can be determined by removing specific weather-related atmospheric noise from a particular scene. The proposed method can easily remove atmospheric effects from satellite images through comparison between a pair of input and reference images of a scene [50,51,52]. However, the following conditions should be met:




	
The atmospheric effect should be constant across the entire image.



	
At least two consistent targets (bright and dark targets) should be easily identified in the scene.



	
The spectral profiles of ground targets should be similar between FS5 and Landsat-8 OLI when images are captured less than 24 h apart.



	
Linear regression should be performed to evaluate the relationship between the sensor’s radiance and surface reflectance.








Figure 4 shows how a linear regression model was used to convert the DN to Rrs. Linear regression is a common and effective method for removing the atmospheric effect from satellite images before evaluating coastal water areas. Linear regression is based on the assumption that a linear relationship exists between images’ DNs and ground measured reflectance for surfaces [17,19].



We used reflectance values derived from the Landsat-8 OLI for 160 samples of the five ground targets to perform linear regression analysis. These samples were divided into bright and dark targets. We assumed that when the time window between FS5 and Landsat-8 OLI images is <24 h, the reflectance of targets should remain invariant through time.



In this study, we used two Landsat-8 OLI level-2 sources obtained from the FLAASH model and downloaded them from the USGS website as reference data. Linear regression was performed on all four bands, namely blue, green, red, and NIR, between FS5 satellite images and reference data. To ensure the satisfactory conversion of a DN to Rrs, we set the smallest correlation coefficient for each band to be 0.85 (R2 ≥ 0.85). Furthermore, after the conversion process, the before and after spectral profiles of each sample were compared with Landsat-8 OLI results to assess the appropriateness of each approach.




3.3. TSM Concentration Algorithms


Two algorithms were adopted to calculate TSM concentrations by using the red band developed by Nechad et al. [38] and Richard et al. [24]. These two algorithms have reported correlation coefficients of 0.86 and 0.95, respectively



Nechad et al. developed a TSM algorithm that can be applied to diverse sensors such as Landsat-8 OLI and Sentinel-2 MSI [38]. This TSM algorithm (hereafter referred to as Algorithm 1) is based on the reflectance of the red band, and it is expressed as follows:


  TSM =   384.11  ρ ω   (  655  )    1 −    ρ ω   (  655  )    0.1747     + 1.44  



(1)




where    ρ ω   (  655  )  = π  R  rs    (  655  )   .



Algorithm 1 had been checked and discussed for Vietnamese coastal waters; detail already described in [22,37]. By using in situ data (n = 205 samples, including 67 samples related to Ha Long Bay), Dat et al. had validated and indicated that the OLI-derived TSM image was processed to provide high accuracy with correlation coefficients of 0.86. The OLI image-derived TSM provides the accuracy with a low to moderate TSM concentration in a range of 3.33–15.25 mg/L.



The second TSM algorithm developed by Richard et al. (hereafter referred to as Algorithm 2) is related to the previous generation of FS5, FS2, as expressed in Equation (2) [24]:


  TSM = 692.77 ×      R    rs    (  red  )  + 3.7  



(2)







It is necessary to say that Algorithm 2 was an algorithm designed for FS2. To apply Algorithm 2 to FS5 image, it must be cross-validated and discussed. Unfortunately, we did not have in situ measurement data for the validation of this algorithm. However, after reviewing and considering, we still chose Algorithm 2 for Ha Long Bay for the two following purposes: Firstly, this algorithm also uses the red band, which helps us to assess whether the red band can be used for TSM in Ha Long Bay. Secondly, we wanted to avoid unfairness in using only one algorithm to compute TSM concentration. It can help to make a comparison with the Algorithm 1.



We applied these two algorithms to red-band FS5’s Rrs images to estimate the TSM concentration. A total of four versions of TSM images were calculated and generated. Each of these TSM images was used to assess the accuracy and compare the spatial distribution of TSM concentrations with Landsat-8 OLI reference data (See Figure 3). The reference Landsat-8 OLI-derived TSM image was processed by using the ACOLITE application [47] with Nechad-OLI algorithm [38].




3.4. Accuracy Assessment


We used the TSM derived from the Landsat-8 OLI image as a reference to evaluate the accuracy of the TSM derived from the FS5 image. To account for differences in the resolution of the two images, we resampled FS5 from 4 m to 30 m resolution and subsequently used the root mean square error (RMSE) to determine the accuracy of the derived TSM. The purpose of resampling FS5 is to make an equal resolution with OLI (30 m) due to the different spatial resolutions of the two considered sensors. Furthermore, the resampled FS5 resolution process ensures it is possible to compare with OLI based on the histogram and the scatter plot with the same number of pixels.



The RMSE between the two TSM images was computed as follows:


  RMSE =    [     ∑     (    TSM   FS 5   −      TSM    OLI    )   2   N   ]    0.5    



(3)




where     TSM   FS 5     and     TSM   OLI     are TSM derived from FS5 and Landsat-8 OLI, respectively, and N represents the number of samples.



Furthermore, a histogram was used to compare the distribution of TSM concentrations between FS5-derived TSM and Landsat-8 OLI-derived TSM.





4. Results


4.1. FS5 Rrs Retrieval


Figure 5 presents the results of a linear regression performed on the four bands of images derived from both FS5 and Landsat-8 OLI for a total of 160 ground objects. Figure 5a shows the linear regression generated using FS5’s DN and Landsat-8 OLI’s Rrs derived from the FLAASH model, and Figure 5b shows linear regression generated using FS5’s DN and Landsat-8 OLI’s Rrs downloaded from the USGS website.



As shown in Figure 5a, the largest correlation coefficient was obtained for the NIR band (R2 = 0.96), which was followed by the green band (R2 = 0.95), whereas the smallest correlation coefficient was obtained for the blue band (R2 = 0.87). Meanwhile, as presented in Figure 5b, the largest correlation coefficient was also observed for the NIR band (R2 = 0.96), which was also followed by the green band (R2 = 0.95), whereas the smallest correlation coefficient was noted for the red band (R2 = 0.88). Both approaches provided an R2 value of >0.85, indicating their satisfactory performance in converting the DN to Rrs. The results revealed that Landsat-8 OLI level-2 from FLAASH and USGS sources can be employed to compute the same values of Rrs for FS5 images based on linear regression.




4.2. FS5 Image-Derived TSM for Ha Long Bay, Vietnam


Figure 6 shows the FS5 image-derived TSM for Ha Long Bay, Vietnam, by using the two algorithms. A significant difference was observed between the FS5-derived 4 m TSM image and the Lansat-8 OLI-derived 30 m TSM image related to the spatial distribution and concentration of TSM.



Figure 6e shows the 30 m TSM image derived from Landsat-8 OLI by using the ACOLITE application. TSM with a high concentration was distributed outside of the blue rectangle. High TSM values ranging from 75 to 100 mg/L were distributed in coastline areas (denoted by arrows), whereas low TSM values ranging from 25 to 50 mg/L were observed far from the coastline. The histogram of the Landsat-8 OLI-derived TSM indicated that TSM ranged from 5 to 25 mg/L, with a peak at 15 mg/L accounting for 65% of the total TSM (Figure 6f).



Figure 6a–d show the 4 m TSM image derived from FS5. Compare these images to that in Figure 6e, where the FS5-derived TSM with high values was distributed inside the blue rectangle. As shown in Figure 6a–e, the position of TSM with the highest concentration differed between FS5 and OLI images. Therefore, additional analysis and discussion regarding this topic are required in the future.



This can be compared with Figure 6a,c,e to show a significant difference in the spatial distribution of TSM with both the highest and lowest values. The histogram shown in Figure 6a indicates that the FS5-derived TSM version 1 image was dominated by the TSM ranging from 5 to 60 mg/L, with a peak at 25 mg/L (accounting for approximately 20%). The histogram shown in Figure 6c indicates that the FS5-derived TSM version 3 image was dominated by TSM ranging from 5 to 50 mg/L, with a peak at 20 mg/L (accounting for approximately 30%). These results revealed a significant difference between FS5-derived TSM using TSM Algorithm 1 and Landsat-8 OLI-derived TSM.



A slight difference was noted between both the highest and lowest values of TSM (Figure 6b,d). The histogram shown in Figure 6b indicates that the FS5-derived TSM version 2 image was dominated by TSM ranging from 10 to 80 mg/L, with a peak at 50 mg/L (accounting for approximately 18%). Moreover, the histogram shown in Figure 6d indicates that the FS5-derived TSM version 4 image was dominated by TSM ranging from 15 to 70 mg/L, with a peak at 50 mg/L (accounting for approximately 25%). These results revealed a significant difference between FS5-derived TSM determined using TSM Algorithm 2 and Landsat-8 OLI-derived TSM. It also indicated that, compared with Landsat-8 OLI-derived TSM, the histogram of TSM derived from Algorithm 1 was more reliable than that from Algorithm 2.



On the basis of the spatial distribution of TSM observed in Ha Long Bay and the TSM concentration range from histograms, we suggest using the TSM version 1 algorithm to estimate TSM applications in Ha Long Bay. However, although a difference was noted between the FS5-derived 4 m TSM image and Landsat-8 OLI-derived 30 m TSM image, all FS5-derived images should be considered until in situ measurement data are collected to validate all results. Furthermore, potential factors contributing to this difference should be investigated in the future.




4.3. Comparing the Accuracy of FS5-Derived TSM and Landsat-8 OLI-Derived TSM


We used the RMSE to evaluate the accuracy of the FS5 image-derived TSM compared with the Landsat-8 OLI image-derived TSM (Figure 6e). For this purpose, we resampled the FS5’s images to a spatial resolution of 30 m.



Figure 7 compares the accuracy between FS5-derived TSM and Landsat-8 OLI-derived TSM. Overall, TSM results derived from FS5 images have higher concentrations than those from OLI’s. The highest TSM value up to 200 mL/L belongs to the FS5-derived TSM version 1, which was followed by the FS5-derived TSM version 2 with the highest TSM value of about 170 mL/L. Meanwhile, the highest TSM value of about 120 mL/L belongs to the FS5-derived TSM version 4. The results from scatter plots indicated that FS5-derived TSM version 3 and FS5-derived TSM version 4 are comparable with Landsat-8 OLI-derived TSM. This means that RrsUSGS should be considered instead of RrsFLAASH to retrieve TSM in Ha Long Bay.



Table 3 shows the findings of the comparison of RMSE between FS5- and OLI-derived TSM images at 30 m resolution. The application of the TSM version 2 algorithm to both the RrsFLAASH and RrsUSGS images provided RMSE values of 4.533 mg/L, respectively. Moreover, the application of the TSM version 1 algorithm to both the RrsFLAASH and RrsUSGS images provided RMSE values of 4.572 and 4.562 mg/L, respectively. The results indicated that the RrsUSGS provided a lower RMSE value than RrsFLAASH.



According to the spatial distribution of FS5-derived TSM images, the histogram, the scatter plots, and RMSE results, the TSM Algorithm 1 and RrsUSGS should be considered for estimating TSM applications in Ha Long Bay.



It is notable that the Algorithm 1 with the red band we used to estimate the TSM concentration is developed to OLI with a spatial resolution of 30 m. Therefore, an independent algorithm with a single band or multiple bands should be developed to estimate the TSM concentration for FS5 images with the spatial resolution of 4 m. Moreover, factors contributing to differences in the spatial distribution and concentration between the FS5-derived 4 m TSM image and the Landsat-8 OLI-derived 30 m TSM image have not yet been fully investigated and thus should be examined in future studies.





5. Discussion


Several problems should be resolved to improve the application of FS5 for coastal water regions, including the removal of the atmospheric effect, using the algorithm to estimate TSM concentrations, and accurately assessing the spatial distribution of sediment concentrations.



In this study, we proposed using linear regression to convert a DN to Rrs to remove the atmospheric effect. This method yielded favorable results and is easy to use when a matching dataset is available between FS5 and LS8. The advantage of this approach is that the scene belonging to both FS5 and Landsat-8 OLI is captured simultaneously within 24 h. Therefore, the form of the spectral profile at ground targets is assumed to be unchanged. Previous studies have frequently used spectrophotometric instruments in the field to collect reference data. Therefore, we believe that an empirical approach can be used as an alternative solution to unsuitable satellite images. This should be implemented by independent studies on atmospheric correction for FS5 in the future.



Studies should examine which factors contribute to the difference between FS5-derived TSM and OLI-derived TSM. Because no field in situ measurements in the study area were collected that matched FS5 images, we used two algorithms developed for OLI and FS2 based on the red band to estimate TSM concentrations [3,18]. The results revealed that the concentration of FS5-derived TSM tended to be higher than that of OLI-derived TSM. In particular, OLI-derived TSM concentrations mainly ranged from 5 to 25 mg/L, whereas FS5-derived TSM concentrations ranged from 5 to 60 mg/L (Algorithm 1) and 10–80 mg/L (Algorithm 2 and Figure 6f). This difference may be because we considered two different algorithms with only the red band. Therefore, a TSM-independent algorithm for FS5 based on in situ measurement data should be developed in the future. Furthermore, not only a single band but also multiple bands should be considered because it is a necessity for a new sensor such as FS5.



OLI images processed to estimate TSM by using ACOLITE can be applied to all estuaries and coastal areas [21], including coastal Vietnam [22]. The accuracy of TSM results ranged from 0 to 20 mg/L when the TSM concentration ranged from 0 to 1000 mg/L. A comparison of TSM concentrations between FS5-derived TSM and OLI-derived TSM based on RMSE showed that the lowest RMSE was 4.533 mg/L (Algorithm 2) and 4.562 (Algorithm 1). Although the RMSE is acceptable because OLI image-derived TSM provides accuracy with a range of 3.33–15.25 mg/L [21], it can be further improved if field measurement data are available to validate this result. Therefore, the accuracy of the estimation of the FS5-derived TSM concentration based on algorithms should be improved in future studies.



This study only proposes using FS5 for estimating TSM in the north of Vietnam. We believe after removing the effect of atmospheric on FS5’s images and overpassing the limitation of lack data of in situ measurement, FS5 could be useful for estimating many applications related to the aquatic application in both inland and coastal water such as monitoring sediment at river mouths and estuary systems, water quality indexes in reservoirs, and seasonal variations in shallow water. For example, the advantage in temporal of FS5 can be used for monitoring the spatial distribution of TSM before and after typhoons. The high spatial resolution can monitor characteristics of TSM in seasonal variation of sediment and perform comparisons between dry and wet seasons. For this purpose, potential applications of FS5 should be further explored in future studies to overcome the limitations mentioned in this study. At the same time, diversifying solutions using FS5 satellite images in real applications should be considered not only in Vietnamese coastal waters but also everywhere covered by FS5’s footprint.




6. Conclusions


This is the first study to propose the use of high-resolution FS5 satellite images to estimate TSM concentrations in a coastal water region. Linear regression was used to remove atmospheric effects from an FS5 image based on the surface reflectance for 160 samples of ground targets. Using Landsat-8 OLI level-2 sources as reference data, we converted the FS5’s DN value to the Rrs value for four bands with an R2 of 0.88–0.96. The results indicated that Landsat-8 OLI level-2 derived from both FLAASH and USGS sources can be used to compute Rrs for FS5 images based on linear regression.



According to a comparison of histogram and RMSE results, we indicated that RrsUSGS and the TSM version 1 algorithm developed by Nechad et al. should be selected for FS5 images estimating TSM concentrations at Ha Long Bay, Vietnam. Moreover, we also suggest that an independent algorithm for estimating TSM concentration for FS5 images with multiple bands rather than a single band should be considered. The results indicated a marked difference in the spatial distribution of TSM between the FS5 4 m image and Landsat-8 OLI 30 m image. Therefore, factors affecting the spatial distribution and concentration of FS5’s TSM image should be also investigated in the future.



FS5 images can reliably be applied for evaluating the optical characteristics of coastal waters belonging to Ha Long Bay. The high spatiotemporal resolution of FS5 images after the removal of atmospheric effects can be useful for estimating TSM in coastal water regions.
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Figure 1. The study area located in Ha Long Bay and the locations of different ground targets are shown. The RGB image derived from FS5 with 4 m resolution captured on 11 November 2019. 
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Figure 2. The spectral response function between FS5 and OLI overlaying the visible and near-infrared band. 
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Figure 3. Flowchart of data processing. 
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Figure 4. Explanation of the use of the linear regression model for converting a DN to Rrs. 
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Figure 5. Linear regression was used to convert the DN to Rrs values; (a) RrsFLAASH and (b) RrsUSGS. 
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Figure 6. Comparison of TSM images derived from FS5 and Landsat-8 OLI; (a) FS5-derived TSM version 1; (b) FS5-derived TSM version 2; (c) FS5-derived TSM version 3; (d) FS5-derived TSM version 4; (e) Landsat-8 OLI-derived TSM; and (f) histograms. The color bar in Figure 6f explain TSM concentration for Figure 6a–e. 
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Figure 7. Comparison of the accuracy of FS5-derived TSM and Landsat-8 OLI-derived TSM; (a) FS5-derived TSM version 1; (b) FS5-derived TSM version 2; (c) FS5-derived TSM version 3; (d) FS5-derived TSM version 4. 
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Table 1. FS5’s band information.
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	Band
	Wavelength (nm)
	Resolution (m)
	Gain
	Offset





	B1-Blue
	450–520
	4
	0.038072
	0.000000



	B2-Green
	520–600
	4
	0.031983
	0.000000



	B3-Red
	630–690
	4
	0.037822
	0.000000



	B4-Near Infrared
	760–900
	4
	0.029779
	0.000000
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Table 2. Ground targets.






Table 2. Ground targets.





	Name
	Number





	Roof material
	26



	Asphalts/concrete
	27



	Water (lakes and reservoirs)
	51



	Vegetation
	26



	Others (sand, soil, rock)
	29
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Table 3. Comparison of RMSE between FS5-derived TSM and Landsat-8 OLI-derived TSM.
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Landsat-8 OLI Level-2

	
Formosat5-Rrs

	
TSM Algorithms

	
FS5-Derived TSM Images

	
RMSE

(mg/L)






	
RrsFLAASH

	
Formosat-5

Rrs (version 1)

	
TSM (Algorithm 1)

	
FS5-derived TSM version 1

	
4.572




	
TSM (Algorithm 2)

	
FS5-derived TSM version 2

	
4.533




	
RrsUSGS

	
Formosat-5

Rrs (version 2)

	
TSM (Algorithm 1)

	
FS5-derived TSM version 3

	
4.562




	
TSM (Algorithm 2)

	
FS5-derived TSM version 4

	
4.533
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