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Abstract

:

Much effort has been applied in estimating the concentrations of chlorophyll-a (Chl a) in lakes. The optical complexity and lack of in situ data complicate estimating Chl a in such water bodies. We compared four established satellite reflectance algorithms—the two-band and three-band algorithms (2BDA, 3BDA), fluorescence line height (FLH), and normalized difference chlorophyll index (NDCI)—to estimate Chl a concentration in Lake Chad. We evaluated the performance and applicability of Landsat-8 (L8) and Sentinel-2 (S2) images with the four Chl a estimation algorithms. For accuracy, we compared the concentration levels from the four algorithms to those from Worldview-3 (WV3) images. We identified two promising algorithms that could be used alongside L8 and S2 satellite images to monitor Chl a concentrations in Lake Chad. With an averaged R2 of 0.8, the 3BDA and NDCI Chl a algorithms performed accurately with S2 and L8 images. For the S2 and L8 images, 3BDA had the highest performance when compared to the WV3 estimates. We demonstrate the usefulness of sensor images in improving water quality information for areas that are difficult to access or when conventional data are limited.
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1. Introduction


Most inland water bodies in some parts of Africa support the daily and economic activities of the nearby communities [1]. Consequently, understanding the quality issues associated with these water bodies is a priority to the nearshore communities who rely on them. Furthermore, an increase in climate change, contamination and anthropogenic effects has intensified the significance of water quality risk assessments, preventive measures and monitoring in these areas [2].



Lake Chad (LC), which was once the third-largest source of fresh water in Africa, has tremendously decreased in size, endangering the livelihoods of approximately 30 million people who rely on the lake. Agriculture, nomadic and semi-nomadic animal husbandry and fisheries are the predominant sources of income around LC [3,4]. Given such importance within the community, the routine monitoring of water quality is essential. Unfortunately, monitoring records are lacking due to limited financial and infrastructural investments [4,5]. The possible challenges in measuring and monitoring water quality in situ for such a large area include spatial constraints, high costs, and the significant time required. Within this context, satellite sensor tools and processing methods could become the most practical method of managing water quality across international boundaries [6].



Chlorophyll-a (Chl a) has been frequently used to infer the quality of lakes. The main pigment in Chl a is phytoplankton, a key element signal of the trophic state of water. In the water column, photosynthesis occurs as CO2 and H2O are converted to O2 by phytoplankton [7]. Phytoplankton serves as an indicator for Chl a, which is sometimes used to determine the clarity of a water body [8,9]. Phytoplankton are usually found in the water ecosystems and are known to emerge through natural processes. They are indicative of a typically functioning ecosystem [10]. On the contrary, excessive blooms of cyanobacteria resulting from anthropogenic activities negatively affect enclosed water bodies, rendering them useless to the nearshore communities [11].



Satellite sensor products, processing methods and capabilities are being applied to monitor different waterbodies’ parameters. Some satellite datasets have proven to be effective tools for synoptic water level and extent monitoring, water quality monitoring, water demand modeling, groundwater management and flood mapping [12,13,14,15]. Researchers have used satellite remote sensing products heavily, alongside algorithms and image band combinations, to describe the hydrological changes at varying scales and recommend the best monitoring practices [16,17,18,19,20].



Empirical models are widely used to model inland water quality. These models usually involve establishing a linear regression between satellite image band ratio values and gauged water quality parameters from a point source—limiting the scale of its applicability, particularly to water bodies with very limited gauge datasets like LC. Contrary to the empirical models, a semi-empirical model uses multiband index values which are peculiar to the physical properties of the target constituent. Some frequently used semi-empirical indexes include the floating algal index [21], the normalized difference chlorophyll index (NDCI) [22], the normalized difference suspended sediment index [23] and the maximum chlorophyll index [24]. These semi-empirical indexes have been successfully used to detect harmful algal blooms and cyanobacteria concentrations [24,25]



Semi-empirical algorithms have been developed that utilize specific regions of the image spectral bands to better estimate the Chl a concentrations in inland water bodies (typically Case 2, i.e., optically complex waters) [22,26]. These include the two and the three-band algorithms (2BDA, 3BDA) [27,28], NDCI [22], fluorescence line height (FLH) [29] and surface algal bloom index (SABI) [30]. The performance of these algorithms has been evaluated with regard to their estimating of Chl a concentrations based on very-high resolution satellite dataset [31]. Similar performance evaluations have been carried out on multispectral imagery from Sentinel-2 (S2), Landsat-8 (L8) and other satellites [28,32,33]. The 2BDA, 3BDA and NDCI are considered portable algorithms [27,28,29,34].



The remote sensing of water quality is limited to estimating parameters that are spectrally active. This is because satellite products are generated based on the reflected and absorbed information from specific surfaces. Eutrophication in lakes can be assessed using sensor products because Chl a is spectrally active. If the water quality in LC is to be maintained and monitored in the future, advanced management strategies must be created for the long-term. Since 1960, the lake has lost most of its surface water (approximately 90%) due to climatic change aided by anthropogenic activities. This has led to much suffering from avoidable malnutrition, and diseases caused by poor sanitation. Following this crisis, abundant research work has been carried out on the hydrology of this area [35,36,37]. Due to absence of ground observational datasets, the majority of these research works relied on satellite remote sensing datasets to provide associated recommendations [37,38,39,40,41,42]. For instance, Landsat and Meteosat data were used to study the maximum inundation period in LC [41,42]. Evapotranspiration around the Lake area was investigated using sensor images and gravity-derived total water storage [38].



Over the last two decades, an in-depth study of Lake Chad’s level and extent variation has been conducted. The majority of the researchers used satellite and modeled datasets to explain the hydrological changes within the lake at a temporal scale [5,38,39,40,41,42,43]. While many quantitative studies have been conducted in the LC area, few qualitative studies have been conducted. Nitrate pollution was investigated in two points within the Cameroonian (CMR) and Chadian (TCD) sections of LC [44]. The authors focused on groundwater, and found substantial differences in nitrate concentrations in both areas, with most contaminations occurring at a local scale. Vassolo and Daïra [45] collected 442 groundwater samples to investigate the chemical composition in the TCD side of LC. They concluded that the groundwater in the area is suitable for human consumption and recommended protective measures that would be required to safeguard this resource.



Most recently, a field hydrogeological study was carried out in the CMR section of the lake [46]. The authors revealed that nitrates, chlorides and sulfates were the major contaminants of groundwater in this area. The authors encouraged the governments to develop a transboundary monitoring scheme for water quality in the area. Though insightful, these water quality studies were limited to specific locations and did not represent the majority of the lake’s surface water (heavily used for irrigation and fishing). Furthermore, those studies depended on the collection of in situ data, which is extremely scarce in this area due to the lack of up-to-date gauging stations. Satellite products are advantageous because they can extensively cover an area, and frequently revisit that particular area. Besides being consistent, some satellite products of varying resolution are made freely available by their sponsoring organizations, increasing user accessibility.



Space-based remote sensing missions provide medium- to very-high-resolution optical images of LC, with revisit times of several days. The traditional methods of water sampling, which are extremely scarce in the LC area, can be complemented with satellite images. To the best of our knowledge, remote sensing technologies, supporting water quality parameter estimation or monitoring initiatives in LC, have not yet been incorporated into S2 and Landsat missions. Accordingly, this research has three goals:




	(1)

	
Quantitative evaluation of four semi-empirical algorithms for estimating Chl a from L8 and S2 imagery;




	(2)

	
Evaluation of the performance of L8 and S2 sensors for Chl a mapping in LC using the algorithms;




	(3)

	
Validation of derived Chl a estimates in comparison with higher resolution image sources in the LC area.









For this study, we used S2 and L8 images to estimate Chl a concentrations at 10-, 20- and 30-m resolutions. Using estimates from WV3, we statistically evaluated the Chl a mapped from S2 and L8 images. The most appropriate spectral bands which could be used to map out Chl a for this area were also identified through performance evaluations. Although the term “validation” is used here for the derived Chl a, no ground observations of Chl a were available. Instead, the validation process involved comparisons to equivalent measurements from significantly higher resolution WorldView products.




2. Materials and Methods


2.1. Overview of the Study Area


As illustrated in Figure 1, LC is situated on the boundary between CMR, Niger (NER), Nigeria (NGA) and TCD. Approximately 90% of LC’s freshwater is supplied by the Chari-Logone River, which flows into LC from the southern section of the lake. The Yobe River supplies approximately 3% of the water that makes up the lake. The water mostly comes in from the north towards NGA and is highly dependent on the rainy season [47]. Between 1973 and 1975, Lake Chad lost approximately 90% (from 24,000 to 1700 km2) of its surface water. Studies have found that this decrease in water level was due to anthropogenic activities and severe droughts within that period [43,48,49]. The population around this water resource is expected to double by 2050; consequently, the demand on the lake surface water with respect to the daily and economic activities of its community is anticipated to increase [50]. Following its surface water decline, few studies have focused on the associated water quality changes at a large temporal and spatial scale. The southern pool of Lake Chad, which carries more than 70% of the surface water, is our region of interest (Figure 1).




2.2. Materials


2.2.1. Sentinel-2


The launch of S2 satellites, which supply multispectral images, created viable datasets for monitoring the quality of a water body. The onboard Multispectral Instrument (MSI) with a high 12-bit radiometric resolution generates spectral images with 13 bands of varying wavelengths (Table 1). Images from the MSI sensor have a wide spatial and temporal resolution, and a wide field of view (FoV). These images also have a high signal-to-noise ratio (SNR). These advantages explain why researchers have monitored lakes and rivers using these images [51,52,53]. We downloaded the S2 image which correspond to the top of atmosphere (ToA) product from the European state agency website (https://scihub.copernicus.eu/). The image had less than 10% cloud coverage.




2.2.2. Landsat


The L8 satellite supplies multispectral images comprising of 11 bands, the majority of which have a 30-m spatial resolution. The red, near-infrared (NIR) and shortwave infrared (SWIR) bands in the L8 satellite images have a narrower bandwidth than those from previous Landsat missions. The L8 radiation resolution was increased to 16 bits, and the SNR was increased significantly. These advances improved L8′s pigment discrimination ability. Though built for terrestrial applications, these bands have proven useful for estimating concentrations of Chl a in water bodies [54,55]. In this study, we selected available OLI/L8 images with no cloud cover. The image can be found in path 185, row 51.




2.2.3. WorldView-3


WorldView-3 (WV3) sensors produce super-spectral and very-high-resolution imagery, comprising of panchromatic, multispectral and SWIR bands. The sensors have eight multispectral (1.24-m resolution) bands, from Coastal to NIR-2 (Table 1). WV3 was selected to develop both training and validation datasets, and served as a comparison dataset for S2 and L8 (Table 2). The WV3 image that was used in this study covered an area of approximately 50 square kilometers, and was acquired with a total cloud cover of 1%. For this area, the average price of an image representing a square kilometer of land is approximately USD 30. Images from WV3 can be purchased from www.digitalglobe.com.



The data acquisition dates in Table 2 show an interval of several days between the sensors used in this study. This could be a potential source of error when carrying out a comparison across sensors. Although inter-sensor comparison was not the main objective of this study, certain measures were taken into consideration before these datasets were acquired. These include the following: (i) Visual inspection of all WV-3 images available for the month of December 2015 on the DigitalGlobe website was carried out, and revealed no abrupt surface water changes which could ultimately alter the water quality in this area. (ii) The LCB official website reported no significant flooding event during this study period. (iii) Near-cloud-free Sentinel-2A and Landsat-8 images were acquired within four days for processing. This reduced the impact of any surface water changes between the sensors.





2.3. Methods


2.3.1. Satellite Data Preprocessing


When radiation travels from a reflected surface through the atmosphere to a satellite sensor, absorption and scattering from different molecules modifies the direction and intensity of the emitted radiation. The SNR ratio of the ToA radiance of a waterbody varies depending on the atmospheric aerosol concentrations. This makes controlling these atmospheric effects a major challenge when dealing with remote sensing of inland water bodies. An accurate estimation of any water quality parameter requires atmospheric correction (AC) for any given atmospheric effects [56]. As such, before image processing in this study, rigorous AC was conducted across all the images. To achieve uniformity in the processing steps, all the images used in this study were Level 1 products.



Because we will be estimating Chl a concentrations from satellite imagery without reference to in situ estimates, it is essential to remove any intervening atmospheric effects from the acquired Sentinel and Landsat images. This reduces error sources from the resulting estimated Chl a concentrations in the lake. For this purpose, two conventional AC algorithms were applied: Fast Line-of-Sight Atmospheric Analysis of Hypercubes (FLAASH) [57] and Quick Atmospheric Correction (QUAC) [58]. The FLAASH method is used to estimate the scattering effects caused by the atmosphere. FLAASH needs additional input from each image in order to operate. These specific inputs are found in header files which are usually downloaded alongside their respective multispectral images. The QUAC is a simpler method which establishes a relationship between the surface reflectance and the observed radiance signal. QUAC can be applied to VIS and NIR-SWIR bands, and does not require additional inputs from image header files. FLAASH and QUAC can be conducted using the built-in functions in ENVI®.



The downloaded S2 satellite images (L1C) included previously-orthorectified ToA images. Using the two AC methods (FLAASH and QUAC), we processed the acquired L1C images and obtained bottom-of-atmosphere (BoA) 2A-level products. Similar ACs were performed for L8 images, whereby their digital numbers (DNs) were converted to sensor radiance values. The radiance values were then converted to bottom surface reflectance, which represents surface reflectance from the water body. WV3 spectral imagery was used as a reference to evaluate which AC methods performed most accurately for both Sentinel and Landsat sensors. For this purpose, 40 sampling points were randomly selected directly over the water surface feature from the WV-3 image. From visual inspection, no significant changes were registered within or around the selected 40 sampling points. The same sampling points were used to retrieve reflectance values from the S2 and L8 images for comparison. Since the S2 and L8 spatial resolutions vary with bands, the WV-3 product was resampled using the nearest neighbor method to match their respective band resolutions before comparison. For a more accurate atmospheric correction comparison across sensor images, it is advisable to acquire the images on the same date, or as close to the same date as possible. The average root mean square percentage (RMS (%)), defined in equation 1, was used to assess this preprocessing step.


   Average   RMS   ( % )  = 100 ×      ∑ i n    (  R i   (  WV 3  )  −  R i   (  image  )  )  2       ∑ i n    (  R i   (  image  )  )  2         



(1)




where R (WV3) is the referenced WV3 surface reflectance, and R (image) is the surface reflectance of the S2 and L8 images for a unique band at sampling point i. We recorded n = 40 sampling points (n = 40). These inputs were used to compute the average root mean square percentage for specific bands.




2.3.2. Estimating Chl a Concentration


Research studies have shown that atmospheric and aerosol effects on satellite products can be reduced using spectral ratios. These spectral ratios have also been frequently used to estimate Chl a [56,59]. Chl a is known to have prominent scattering–absorption patterns between certain wavelengths. For instance, around the blue region of the electromagnetic (em) spectrum (between 450 and 475 nm), Chl a exhibits high absorption tendencies. This is also experienced around the red region at 670 nm. At the green and NIR regions of the em spectrum, Chl a exhibits high reflectance values that could reach 500 and 700 nm, respectively. This information has extensively been used by researchers to develop Chl a quantification algorithms [31,51].



Numerous water quality satellite reflectance algorithms have been used for retrieving Chl a concentration [59,60]. In this study, we selected four algorithms: 2BDA [27,61], 3BDA [28,62], NDCI [22] and FLH [29]. These algorithms were selected based on reviews and the Chl a estimation accuracy for lakes [63,64]. These accuracies relied on the degree of agreement between derived Chl a estimates from satellite images, and Chl a estimates obtained on site and tested using laboratory methodologies. Band position, spacing and width were also considered while selecting the four algorithms for this study. Another selection criterion was the ease with which these algorithms could be implemented by resource managers in the future



Using the Band Math function in ENVI®, we first established the performance baseline for this study by applying 2BDA, 3BDA, NDCI and FLH algorithms to an atmospherically corrected WV3 reflectance image. The same algorithms were then applied to Sentinel-2 and L8 reflectance products (Table 3). Band Resampling was performed before processing the S2 image using 2BDA, 3BDA and NDCI index, as shown in Table 3. S2 Band 4 (10-m resolution) was resampled to match the resolutions of bands 5 and 8b (20-m) using the nearest neighbor method, which is an easy-to-compute resampling method that preserves the input data values during processing. The resulting S2 2BDA, 3BDA and NDCI index products had a 20-m resolution, while that for FLH was maintained at its original 10-m resolution.




2.3.3. Accuracy


The accuracies of modeled Chl a data from S2 and L8 images, and comparisons between them, were evaluated using data developed from WV3. For this study, we are interested in quantifying Chl a concentrations from S2 and L8 images (Figure 2). Accordingly, water pixels from the WV3 images were extracted for all the bands. This was followed by manually removing uncertain classes, which appeared predominantly around the boundary edges. The obtained water pixels were upscaled to 10-, 20- and 30-m resolutions using an area-weighted spatial model. The model simply averages neighboring smaller pixels into large ones. Consequently, the WV3 pixels could represent the percentage of Chl a concentrations at scales that matched the Landsat and Sentinel images. The algorithms in Table 3 were subsequently applied to the surface reflectance from the WV3 image.



From the newly derived Chl a data, we randomly selected training and validation datasets for the 10-, 20- and 30-m spatial resolution images. These datasets were sampled equally across the test site to ensure the representation of the entire range of Chl a. The training and validation sampling points were used to map Chl a across the S2 and L8 images. The S2 and L8 images were also resampled from the training and validation datasets so that their sampling points and grids would overlap at exactly 10 and 20 m for S2, and 30 m for L8 pixels.



After applying the Chl a extraction algorithm to the surface reflectance of the S2 and L8 images, their respective resulting indexed products were used as variables for Chl a mapping comparison. The evaluation of the derived Chl a estimates was carried out using similar estimates derived from the WV3 images. The root mean square error (RMSE) and relative area error (RAE) were used as the statistical metric for this evaluation purpose. They can be calculated using the following formula:


  RMSE =      ∑  i − 1  n    (  X  o b s , i   −  X  m o d , i   )  2     n     



(2)






  RAE =    ∑  i = 1  n   A  o b s , i   −  ∑  i = 1  n   A  m o d , i      ∑  i = 1  n   A  o b s , i      



(3)




where Xobs,i is the referenced chlorophyll concentration at point i, Xmod,i is the modeled estimate of Chl a concentration at point i, n represents the total number of validation points, and Aobs,i and Amod,i represent areas of the referenced and modeled Chl a estimates for point i.






3. Results


3.1. Atmospheric Correction Evaluation


The European Space Agency (ESA) and the United States Geological Survey (USGS) primarily distribute uncorrected ToA reflectance or radiance products. As recommended, users typically perform AC to convert the DNs from the satellite imagery into BoA reflectance, before conducting analyses on any of the satellite products.



A statistical analysis illustrates that the AC algorithms used for this case offer similar performances across a subset of the spectral bands (Figure 3a). The RMS was plotted to select the highest-performing algorithm. FLAASH and QUAC produced RMS values of approximately 11% and 14%, respectively, for the S2 bands. FLAASH produced the most accurate AC results. The Chl a estimation algorithms shown in in Table 3 were applied to the S2A images, which were atmospherically corrected by the FLAASH method.



Averaged over the seven Landsat bands, FLAASH and QUAC produced average RMS values of 13% and 15%, respectively. Both yielded reasonable results, with abnormalities occurring in the sixth and seventh bands of the FLAASH and QUAC atmospheric results (Figure 3b). Of the two algorithms, FLAASH produced the most accurate AC results for our Landsat image. The Chl a estimation algorithms in Table 3 were performed using Landsat imagery atmospherically corrected using FLAASH.




3.2. Analysis of Chl a Concentration


3.2.1. Chl a Estimation Algorithm Evaluation


For evaluating the performances of the 2BDA, 3BDA, NDCI and FLH algorithms in extracting estimates of Chl a concentrations in Lake Chad, we first applied each algorithm to 1.8-m resolution WV3 imagery. This enabled us to build a baseline product for evaluating Chl a estimates derived from Sentinel (10- and 20-m resolutions) and L8 (30-m resolution) images using the same algorithms. The 3BDA, NDCI and FLH algorithms performed accurately for both sensor images. Scatterplots between the referenced WV3 Chl a estimates and the modeled Chl a estimates from S2 and L8, for each Chl a estimation algorithm, are shown in the following sections. The 3BDA algorithm most accurately estimated Chl a from the S2 and L8 images. The FLH algorithm developed for Landsat-8 was also highly accurate.




3.2.2. Sentinel-2


All four algorithms demonstrated acceptable performance with the sentinel images used in this study. They had an average R2 value of 0.74, exhibiting adequate portability when compared to the outputs from the WV3 imagery (Figure 4). The 3BDA performed most accurately in this experiment, and was thus used to represent the results in this section (Figure 5). The FLH algorithm, which was developed for the L8 images, showed satisfactory performance (R2 = 0.6) in estimating Chl a from the S2 image. It was slightly below that of the 2BDA and NDCI. The statistical standard used to analyze the performance of retrieved Chl a data derived from the 2BDA, 3BDA, NDCI and FLH algorithms is depicted in Table 4.




3.2.3. Landsat


The algorithms (2BDA, 3BDA, NDCI and FLH) used to estimate Chl a concentrations with the L8 image were compared with the baseline estimates for the WV3 image. With respect to the L8 image, the results from the algorithms had a significant correlation with the estimated Chl a concentrations from WV3 (Figure 6). These algorithms had an average R2 of approximately 0.78. When compared to the algorithms used in this study, 3BDA, depicted in Figure 7, performed more accurately in extracting Chl a from the L8 image. The statistical standard used to analyze the 2BDA, 3BDA, NDCI and FLH algorithms’ performances in retrieving Chl a estimates from the L8 image is depicted in Table 4. Based on the disparity between Figure 5 and Figure 7, we note that the mapping of Chl a concentrations from the S2 and L8 images of Lake Chad is highly dependent on the type of Chl a extraction algorithm used.






4. Discussion


Chl a concentrations move vertically along the water column, and are variable in time and space. Such vertical movements usually result in a patchy spatial distribution of Chl a, which might develop in only a few hours [13]. Detecting Chl a changes and movements using in situ measurements is challenging, especially for an area with a limited in situ monitoring infrastructure. Therefore, Chl a estimates from satellite multispectral and hyperspectral imagery can complement routine sampling in the Lake Chad area [35]. Given the lack of in situ Chl a measurement, WV3 imagery was used as a baseline to study the performances of estimations of Chl a from S2 and L8 images, using the 2BDA, 3BDA, NDCI and FLH algorithms.



4.1. Performance of Chl a Estimation from Sentinel-2


S2 data, obtained from recently launched operational Sentinel satellites, have been used alongside algorithms, and evaluated for water quality analysis. Amongst the algorithms used on the S2 images, numerous algorithms specific to Chl a estimation have been applied to S2 images in order to map out Chl a concentrations in lakes and rivers [33,34,35]. In this study, the 2BDA (R2 = 0.6), 3BDA (R2 = 0.9) and NDCI (R2 = 0.7) accurately estimated Chl a concentrations within the Lake Chad Basin (Figure 5). These outcomes are encouraging for Lake Chad, since these S2 image and Chl a extraction algorithm pairs provide resource managers with options for detecting and monitoring harmful algal blooms (HABs) for this area. The three algorithms had an average R2 of approximately 0.7, indicative of a high potential with regard to detecting and estimating Chl a in Lake Chad. Despite high correlation, visual inspection revealed that the 2BDA algorithm overestimated Chl a concentration. The 3BDA exhibited the best performance in terms of Chl a estimation accuracy. It had an R2 of 0.95, with an RMSE of 2.8% (Table 4). The good performance of 3BDA has been previously demonstrated in similar studies that evaluated the performance of the 3BDA model and yielded high-quality results [16,33]. Figure 8 shows the Chl a concentration patterns derived from S2 using 3BDA for our study site. At the center of the lake, the Chl a concentration is stable. However, moving outward away from the lake’s center, the Chl a concentration increases.



The correlation results obtained from this study indicate that Chl a concentrations can be estimated in the Lake Chad area using a combination of red-edge, red and NIR bands from S2 imagery. This is also backed by the performances of Chl a estimation algorithms, which had similar band combinations (NDCI). Furthermore, given the dual collection of S2 images, along with their characteristic wide swaths, S2 satellites present a unique opportunity, and offer a set of free products in a timely manner (~5–10 days) to water quality managers in Lake Chad. Due to its high correlation performance, we suggest that the 3BDA algorithm could be used alongside S2 images as a tool for monitoring and estimating Chl a concentrations in the Lake Chad area.




4.2. Performance of Chl a Estimation from Landsat 8


The size of Lake Chad (approximately 1700 km2) supports the use of using L8 images (30-m resolution) for its monitoring. Monitoring and estimating in small reservoirs can be hindered by adjacency effects [34]. Almost all the tested algorithms performed accurately in depicting Chl a estimations and mapping in Lake Chad. The performance evaluation confirmed that the most appropriate Chl a algorithms for L8, with regard to the estimation of Chl a, were 3BDA and NDCI. Both algorithms predominantly consisted of the red and near infrared (NIR) bands (Table 4). Although the evaluation of the 2BDA algorithm was acceptable (R2 of 0.7), the results obtained showed an overestimation of Chl a concentrations. Other studies have also demonstrated the poor performance of the 2BDA algorithm in estimating Chl a concentrations, and attributed such poor performance to the narrow width and position of the Landsat-8 NIR band [17,28]. Furthermore, the NIR band has an average wavelength of 865 nm, which is greater than the Chl a absorbance peak (~700 nm).



The correlation results obtained from this study indicate that Chl a concentrations can be estimated in the Lake Chad area using a combination of the blue-green, red and NIR bands from the L8 images. Consider the higher performance of 3BDA (R2 of 0.89, RMSE of 5.1%) for the L8 image, which was developed using the blue, green and red L8 bands (Table 3). Figure 9 show the Chl a concentration pattern derived from L8 using 3BDA for the southern pool of Lake Chad. Similar to the S2 result shown in Figure 8, the Chl a concentration at the center of the lake seems to be stable. However, moving outward away from the lake’s center, the Chl a concentration increases.



NDCI, which is characterized by a red-NIR band combination and is extensively used for Chl a monitoring, had an R2 of 0.75. This was slightly greater than that of the FLH (R2 of 0.73) algorithm, which was the third-highest result with regard to Chl a estimation amongst the four algorithms. This FLH algorithm measures the green peak’s height relative to that of the red and violet minima within the bands. Given the high-quality performance of the 3BDA algorithm, we suggest that this algorithm could be used alongside L8 images as a tool for monitoring and estimating Chl a concentration in the Lake Chad area.



Overall, the results of this performance study from the MSI and OLI sensors are favorable, but there are limitations. Satellites are known to have low SNR ratios over water bodies. This is because most of these satellites were developed for application in terrestrial environments. However, following rigorous validation practices, researchers have agreed that terrestrial satellites can be applied in inland aquatic studies [16,28,33]. Furthermore, for comparison with data products from different sensors, differing data acquisition dates from the sensors could also be a source of error. For instance, besides achieving good performance during the preprocessing (atmospheric correction) and processing (Chl a estimation) phases, it is important to make sure the data acquisition dates are closer to each other. In doing so, the effect of time-dependency is reduced.



L8 has a repeat cycle of 16 days, as opposed to that of S2, which is 10 days. However, combining products from the two S2 satellites (S2A since 2015, and S2B since 2017) further reduces the repeat cycle to 5 days. Consequently, when products from the L8 and S2 are combined, their revisit time is estimated to be ~2.9 days. The temporal and spatial resolution of these satellites (10 and 20 m for S2 MSI, and 30 m for L8 OLI) provides a variety of datasets needed for water quality monitoring in lakes. It also enables the capture of much smaller waterbodies. A future study combining the data products provided by S2 and L8, alongside an appropriate water quality estimation algorithm, could create a new and more reliable means of quantifying Chl a changes at a higher temporal resolution. Authors should also consider understanding the varying performances between the algorithms and image pairs. Given the unconstrained error sources in this study, it is important to note that the derived Chl a concentration values in Figure 8 and Figure 9 are included for visual inspection, and do not serve as a metric of comparison between the sensor images. Another possible future study could carry out a statistical comparison of 3BDA-derived Chl a estimates from S2 and L8 at the same resolution. Nonetheless, from visual inspection, it is clear that a strong correlative relationship exists between the 3BDA-derived Chl a patterns from the S2 and L8 images, despite their varying resolutions of 20 m and 30 m, respectively (Figure 8 and Figure 9). The incremental increase in Chl a concentration moving away from Lake Chad’s center is probably due to the shallow water depths and high human interaction around those areas.



This paper offers satellite sensors and algorithm pair options to assist environmental managers. It demonstrates the ability of S2 and L8 images to provide estimated Chl a concentration using appropriate Chl a retrieval algorithms. This was performed in this study using Chl a estimation algorithms, and using their respective RMSE to identify which had the best performance for this area. (Table 4, Figure 4 and Figure 6). Although the S2 MSI sensor is similar to the L8 OLI sensor, S2 has a slight advantage over L8. S2 has a greater revisit period, and its products contain more bands in the visible and near infrared wavelengths. S2 also has a lower SNR compared to OLI, and the positions and widths of their bands differs as well. This does not indicate a more effective retrieval of Chl a concentrations for any or both of these sensors, but rather an evaluation of the performances of the Chl a estimation indexes from S2 (10- and 20-m resolution) and L8 (30-m resolution), vis-à-vis WV3 (1.24-m resolution) under similar conditions.





5. Conclusions


In this study, we investigated the potential applicability of S2 and L8 images for estimating Chl a concentrations in Lake Chad. To accomplish this, four water quality extraction algorithms, which have been frequently used and validated by researchers, were selected and applied to S2 and L8 images. This research used atmospherically corrected WV3, S2 and L8 images to evaluate the performances and relative applicability of 2BDA, 3BDA, NDCI and FLH Chl a algorithms in Lake Chad.



The AC of satellite imagery is vital in order to eliminate atmospheric or aerosol effects from the satellite images before processing. We evaluated two AC processors: FLAASH and QUAC. Performing statistical analysis on 40 sampling points within the test site, FLAASH was selected as the AC processor for the Sentinel and Landsat images. FLAASH was chosen due to its low average RMS values (11.2% for Sentinel and 13.1% for Landsat) at bands useful for deriving Chl a. Estimating the Chl a concentrations from S2 and L8 images in Lake Chad involved four steps: (1) converting the L8 bands’ DNs to absolute ToA reflectance, and scaling the ToA reflectance of the S2 bands; (2) converting the ToA to surface reflectance, which signifies surface reflectance originating from the lake’s surface; (3) converting the lake’s surface reflectance to remote sensing reflectance (Rrs); and (4) estimating Chl a from the Rrs using 2BDA, 3BDA, NDCI and FLH algorithms.



The algorithm evaluation indicated efficiency in the applicability of the 3BDA and NDCI algorithms. Correlation analysis showed that 3BDA can be used to estimate Chl a concentration in the southern pool of Lake Chad. The spatial distributions of Chl a, derived from the S2 and L8 images, represented the Chl a concentrations in our study areas (Figure 8 and Figure 9). This analysis confirms the need for further validation analysis between the sensor images in order to improve their performances in estimating Chl a concentrations using water quality algorithms. Furthermore, the need for improved bio-optical algorithms is confirmed for this study region. Accordingly, the obtained findings demonstrate the potential applicability of the S2 and L8 imagery as valuable data sources for mapping Chl a concentrations in the Lake Chad area.
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Figure 1. Study area. Image on the right represents water boundaries in the southern pool of Lake Chad which is the focus area in this study. Red square represents area where the performance evaluation of this study was carried out. 
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Figure 2. Chl a estimation workflow using S2, L8 and WV3 images. 
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Figure 3. Atmospheric correction analysis (RMS %) for each band (a) Sentinel and (b) Landsat image. 
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Figure 4. Correlation between Sentinel Chl a concentration and Worldview at their respective spatial resolution (sr). 
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Figure 5. Chl a extraction from S2 image image. (a–c) index products were derived at 20-m spatial resolution while (d) was derived at 10-m spatial resolution. Increasing concentrations of Chl a are depicted by brighter pixels. 
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Figure 6. Correlation between Landsat 8 Chl a concentration and Worldview at 30-m spatial resolution (sr). 
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Figure 7. Chl a extraction from L8 image. All the index products were derived at 30-m spatial resolution. Increasing concentrations of Chl a are depicted by brighter pixels. 
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Figure 8. Results of 3BDA Chl a concentration spatial pattern in the southern pool of Lake Chad from Sentinel-2 at 20-m spatial resolution. Increasing concentrations of Chl a are depicted by brighter pixels. 
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Figure 9. Results of 3BDA Chl a concentration spatial pattern in the southern pool of Lake Chad from Landsat 8 at 30-m spatial resolution. Increasing concentrations of Chl a are depicted by brighter pixels. 
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Table 1. Sensor band configurations used in this study.
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Spectrum

	
S2

	
Range

(nm)

	
C

(nm)

	
SR

(m)

	
L8

	
Range

(nm)

	
C

(nm)

	
SR

(m)

	
WV3

	
Range

(nm)

	
C

(nm)

	
SR

(m)






	
Aerosol

	
B1

	
433–453

	
443

	
60

	
B1

	
435–451

	
443

	
30

	
B1

	
400–450

	
425

	
1.24




	
Blue

	
B2

	
458–523

	
491

	
10

	
B2

	
452–512

	
480

	
30

	
B2

	
450–510

	
480




	
Green

	
B3

	
543–578

	
560

	
10

	
B3

	
533–590

	
561

	
30

	
B3

	
510–580

	
545




	
Yellow

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
B4

	
585–625

	
605




	
Red

	
B4

	
650–680

	
665

	
10

	
B4

	
636–673

	
654

	
30

	
B5

	
630–690

	
660




	
RE-1

	
B5

	
698–713

	
705

	
20

	
-

	
-

	
-

	
-

	
B6

	
705–745

	
725




	
NIR-1

	
B8b

	
855–875

	
865

	
20

	
B5

	
851–879

	
865

	
30

	
B7

	
770–895

	
832








* S2 = Sentinel-2, C = Center, SR= Spatial Resolution, L8 = Landsat 8, WV3 = Worldview-3.
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Table 2. Description of S2, L8 and the reference WV3 scene.
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Satellite Data

	
Reference Data




	
Sensor

	
Date

	
Source

	
Date






	
OLI

	
30 December 2015

	
WorldView-3

	
22 December 2015




	
MSI

	
26 December 2015
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Table 3. Band Math for each algorithm used to derive Chl a concentration in Lake Chad.






Table 3. Band Math for each algorithm used to derive Chl a concentration in Lake Chad.





	
Sensor Image

	
Index

	
Band Combination






	
Sentinel-2

	
2BDA

	
(band5)/(band4)




	
3BDA

	
(1/band4) − (1/(band5)) x (band8b)




	
NDCI

	
(band5) − (band4)/(band5) + (band4)




	
FLH_violet

	
(band3) − [(band4) + (band2) − (band4)]




	
Landsat 8

	
2BDA

	
(band5)/(band4)




	
3BDA

	
(band2) − (band4)/(band3)




	
NDCI

	
(band5) − (band4)/(band5) + (band4)




	
FLH_violet

	
(band3) − [(band4) + (band1) − (band4)]




	
WorldView-3

	
2BDA

	
(band6)/(band5)




	
3BDA

	
(1/(band5)) − (1/(band6) x (band7))




	
NDCI

	
(band6) − (band5)/(band6) + (band5)




	
FLH_violet

	
(band3) − [(band5) + ((band1) − (band5))]
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Table 4. Statistical performances of Chl a estimation algorithms used in this study.
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Algorithm

	
Sentinel-2

	
Landsat 8




	

	
RMSE

	
RAE

	
RMSE

	
RAE






	
2BDA

	
8.5

	
5.06

	
8.93

	
6.1




	
3BDA

	
2.8

	
1.7

	
5.1

	
3.3




	
NDCI

	
7.5

	
5.3

	
8.7

	
5.98




	
FLH violet

	
9.04

	
6.6

	
8

	
4.3
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