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Abstract

:

Remote sensing techniques have become pivotal in monitoring algal blooms and population dynamics in freshwater bodies, particularly to assess the ecological risks associated with eutrophication. This study focuses on remote sensing methods for the analysis of 4 Italian lakes with diverse geological origins, leveraging water quality samples and data from the Sentinel-2 and Landsat 5.7–8 platforms. Chl-a, a well-correlated indicator of phytoplankton biomass abundance and eutrophication, was estimated using ordinary least squares linear regression to calibrate surface reflectance with chl-a concentrations. Temporal gaps between sample and image acquisition were considered, and atmospheric correction dedicated to water surfaces was implemented using ACOLITE and those specific to each satellite platform. The developed models achieved determination coefficients higher than 0.69 with mean square errors close to 3 mg/m3 for water bodies with low turbidity. Furthermore, the time series described by the models portray the seasonal variations in the lakes water bodies.
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1. Introduction


Remote sensing technologies have transformed perspectives in natural resource management, with the widespread utilization of remotely sensed data across diverse ecological disciplines in recent years [1,2]. Remote sensing (RS) plays an increasingly important role in identification of ecosystem progressive degradation and even in the success of recovery management [3]. In waterbodies the key factors and thresholds are a basal requirement to establish a remote sensing alert system in order to predict occurrence of superficial blooms [4].



The satellite Sentinel-2 is part of the European Copernicus Programme and provides optical remote sensing data with a space–time resolution of 13 spectral channels, able to detect chlorophyll a (chl-a) concentration and turbidity measure, two precious water quality indicators. Sentinel-2 has a very wide potential for remote sensing of inland waters, because it combines the high spatial resolution of conventional space-based sensors (i.e., Landsat and SPOT) with the higher time and spectral resolutions required for water surfaces. Since 2015, Sentinel-2 data has provided novel perspectives on water quality monitoring for smaller inland water bodies [5].



Several studies have shown their satellite ability in water quality monitoring [6,7,8], particularly using the bands near 750 nm, which solves the reflectance secondary peak related to pigment concentrations [9].



Moreover, Sentinel-2 has been utilized for identifying oil spills in both marine and freshwater settings [10,11], and several similar studies with other optical sensors are available, too [12,13,14].



Magnitude and frequency of phytoplankton blooms have increased globally in recent decades, as shown in data from ocean-color sensors on board satellites. Worldwide freshwater data show the same growing trend, and in this frame, phytoplankton biomass and chl-a concentration measurements are common methods in the study of water bodies’ ecological status [15,16], because chl-a correlates well with phytoplankton biomass abundance [15,17], and it is used as a eutrophy indicator.



Remote sensing offers a means to predict chl-a levels through empirical models correlating visible and near infrared light reflection with lab-measured chl-a quantities [18]. Such predictions not only aid in assessing eutrophication severity but also significantly enhance detection, monitoring, and management of harmful algal blooms (HABs). Innovations in data analysis, such as algorithms that predict bloom occurrences, can also play a vital role in early warning systems and help policymakers and water managers to update guidelines, policies, and management strategies.



The trophic state of Lake Ladoga, the largest European lake with a 7765 km2 surface, located in Finland, was successfully studied during years 1997–2019 using Copernicus Marine Environmental Monitoring Service (CMEMS) and GlobColour-merged chlorophyll-a OC5 (GlobColour CHL-OC5) satellite observations with algorithm OC5 [19]. Chl-a data derived from the satellite sensors SeaWiFS, MERIS, MODIS Aqua, VIIR, and OLCI (1997–2019) were used to define the chl-a general trend in Lake Ladoga.



In China, too, ecological remediation has gone on to become a national strategic project and a meaningful way to realize the construction of ecological civilization. A very recent work by Zhai et al. (2022) [20], based on RS technology with its short detection time, wide monitoring range, and high spatial resolution advantages, proposes RS evaluation as a watershed in the objective of ecological restoration, in order to monitor the improving effect of ecological remediation engineering and technically verify the reaching of targets set out before restoration. In a study on remediation effects in the Yongding River Basin in the Beijing region, images from satellites ZY-3 1 and 2 and Landsat were used from 2015 to 2020.



Based on these data, changes in eight hydric resources, water ecology, and ecological function indicators of the study area were calculated, in order to assess the effects of the ecological restoration engineering plan.



Additionally, RS provides time series of observations: there are available data from the Landsat (since 1972) and MODIS (since 2000) satellites, and the use of geostatistic analyses of remote sensing data allows for the production of historical pictures of lake conditions. In recent years, RS technologies have been applied in lake monitoring, in water quality assessment, and in lake evolution [21,22,23,24].



In this framing, the use of RS may help territorial managers and professionals to identify restoration priority areas and existing and emerging threats for restoration, to define restoration targets, and, finally, to track progress. [25].



In this study, we have employed ordinary least squares (OLS) linear regression, a widely adopted machine learning methodology in the field of remote sensing [26]. The study aims to develop regression models for the four lakes, using OLS linear regression to facilitate continuous monitoring and better understand the ecological changes occurring in these water bodies. By employing OLS regression, we have established a linear model that correlates the observed field data with remote sensing inputs, enabling the prediction of chlorophyll-a levels based on the remote sensing data.



The models generated using OLS regression were applied to the study of four volcanic and tectonic lakes in Central Italy, the trophic state of which worsened within thirty years from oligotrophy to eutrophy.



By compiling time series field data from 2005 to 2019, examining the chl-a concentration in the lakes, we aimed to correlate these measurements with ecological changes observed in the lakes using continuous remote sensing image collection. This integration of machine learning algorithms with long-term ecological monitoring provides valuable insights into the dynamics of lake ecosystems and the impacts of eutrophication.




2. Materials and Methods


2.1. Study Sites


Lake Vico is an extended volcanic basin inside a crater depression of the Cimino Volcano Complex, 60 km north of Rome, Central Italy as shown in Figure 1. The surface is 12.09 km2, the volume is 260.7 m3 × 106, and the depth reaches 48.5 m (mean depth 21.6 m); the total turnover time is 17 years [27]. The total catchment area is 41 km2. The lake is part of a regional wildlife park and listed as a wetland of international importance by the Ramsar Convention. The vicinities of Lake Vico host extended hazel woods; some paper mills were located near the lake beginning in the year 1300, going out of business between 1963 and 1964. The lake is a drinking water reservoir for 10,000 people in two towns, Ronciglione and Caprarola, and a recreational area throughout the year.



Progressive eutrophication of the lake was established over the past several decades [27,28,29,30,31]. Anthropogenic activities like monocultural agriculture, industrial enterprises (pulp and paper mills), and wastewater discharges from civilian settlements caused a progressive increase in Lake Vico’s trophic status [29,31,32], leading to the development of winter cyanobacterial toxic blooms of the red species Planktothrix rubescens.



Lake Albano is a volcanic basin inside a crater depression with an ellipsoid shape [33]. The lake’s perimeter is 12 km, and its depth reaches 175 m. The mean renewal time is more than 67 years. Lacking outlet tributaries, the lake is characterized by an ancient Roman channel carved in the lava rocks through the crater, which was used to regulate the lake level. The lake is eutrophic due to human activities, which in the past caused development of algal blooms; the first evidence of this was highlighted by Cannicci (1954) [34]. Since 1960, due to uncontrolled water removal for human uses, the lake level lowered almost four meters under the artificial outflow, leading to a change from an oligotrophic condition to an eutrophic one.



Lake Trasimeno is a tectonic lake in the province of Perugia, Umbria. With an area of 128 km2, it is the largest lake in central Italy; this extension is flanked, however, by a shallow depth (average 4.3 m, maximum 6 m), which makes it classified as a laminar lake. Lake Trasimeno has no natural emissaries. The area of the basin catchment that drains into the lake is just 2.2 times larger than the lacustrine area. For these reasons, Trasimeno is characterized by a marked variability of water levels and volume stored, tightly bound to the variability of precipitation. The renewal time is 8–9 years. The lake ecosystem is of exceptional value for its wealth of flora and fauna. Tourism, agriculture, and livestock are the most important activities of the Trasimeno area. Until 1990, phytoplantonic communities were mainly dominated by populations of chlorophyceae or diatoms while among the few cyanophyceae present were mainly Phormidium spp. and Oscillatoria tenuis. Subsequently, the community tended to be increasingly enriched with filamentous blue algae in the late summer, up to the manifestation of real explosions of Cylindrospermopsis raciborskii and Planktothrix agardii, throughout the depth of the lake. In the summer months of 2004 and 2005, there were intense blooms of Cylindrospermopsis raciborskii, even at great depths, following the presence of optimal conditions for the growth of blue algae, such as high water temperature, prolonged lighting and exaltation of eutrophic phenomena.



Lake Bolsena has an almost round shape typical for its origin, two islands, and an emissary river, a total area of 113.5 km2 (fifth in Italy); it is located at 305 m., with a maximum depth of 151 m and an average depth of 81 m.



The theoretical water exchange time has been estimated at 120 years; actually the residence time of the waters in the lake is prolonged due to the difficulty with which the deep waters reach the emissary in summer as a result of the thermal stratification of the waters. Lately it has emerged that, due to the significant withdrawals, both from the lake and from the aquifer, the flow rate of the emissary has halved, and therefore the replacement time has doubled.




2.2. Water Sampling


Water samplings were carried out in Lake Vico every month from March 2018 to December 2019 and in Lake Albano from March 2018 to May 2019 in five surface stations; in Lake Bolsena from April 2019 to October 2019 in two central surface stations, and in Lake Trasimeno from July 2019 to December 2019 in one central surface station (Figure 1).



Water samples (1 L in volume) were collected using a 2.5 L Ruttner bottle by filling 1 L Pyrex glass bottles. The samples were stored in ice chests and transported to the laboratory. For microscopic observations, subsamples were analyzed by an inverted microscope (Leitz Labovert FS), according to Utermöhl (1931) [35] and Lund et al. (1958) [36], using 25 mL sedimentation chambers for phytoplankton identification and cell density estimation.



This study also integrates the GLORIA database, a globally representative hyperspectral in situ dataset for optical sensing of water quality, due to the limited presence of chlorophyll samples in Lake Trasimeno [37].




2.3. Chemical and Physical Parameters


Temperature, conductivity, dissolved oxygen, and pH were measured in the field, using a multiparametric probe (Mettler Toledo InLab1781, Milano, Italy) as in [32]. Chlorophyll a content was measured in 90% acetone/H2O-extracted samples according to SCOR/UNESCO method (1966) [38], using a Lambda Bio spectrophotometer (Perkin Elmer, Shelton, CT, USA).




2.4. Remote Sensing Detection


For the calibration of empirical models of chl-a by remote sensing, two satellite missions widely used for the estimation of water quality parameters were selected, which have high spatial resolution for sampling inland water bodies and a historical catalog sufficiently extensive to estimate time series [39,40]. The first one is Landsat with its platforms 5, 7, and 8, with a spatial resolution of 30 m and a revisit time of 16 days; the second one is Sentinel-2 with its platforms 2A and 2B with a spatial resolution of 10, 20, and 60 m depending on the band number, with a revisit time of 5 days. For this study, the VIS and NIR bands of both missions were selected.



To access the atmospherically corrected surface reflectance satellite products, the Planetary Computer catalog API was used to provide level 2A atmospherically corrected Sen2Cor images for Sentinel-2 and Landsat collection 2 with level 2 and LaSRC atmospheric correction (platforms 8–9)/LEDAPS (platforms 5–7). Image access and query was managed with the SpatioTemporal Asset Catalogs (STAC) standard.



Atmospheric correction is crucial in remote sensing applications to interpret satellite imagery, particularly in aquatic environments where atmospheric effects can distort the signal. In this research, we have chosen to utilize the ACOLITE atmospheric correction method, which is based on the dark spectrum fitting (DSF) algorithm [41].



To ensure optimal performance of the ACOLITE atmospheric correction, we followed recommended guidelines by setting up a region of interest (ROI) using a polygon. To perform atmospheric correction using ACOLITE, images from Sentinel-2 L1C and Landsat Level 1 Collection 2 were downloaded from the Copernicus browser and Earth Explorer platform. These images were then processed using ACOLITE to generate surface reflectances. ACOLITE is suitable for processing turbid waters and small inland water bodies but can also give satisfactory results for clearer waters and terrestrial environments [42].



Once the images were downloaded and processed, the spectral responses of each of the chlorophyll samples were extracted. Since water bodies are dynamic systems, with the capacity to modify their spectral characteristics as a consequence of aquatic currents, the calibration of water quality models should take into account images preferably acquired on the same day of in situ sampling; however, due to the limitations of the temporal resolution of each satellite mission, it is necessary to define temporal windows that adjust to the revisit time of each mission. In the case of Sentinel-2, a temporal window of two days before or after field sampling was selected, prioritizing images without contamination by clouds, shadows, or solar reflections. Of the 41 images, 30 matched the sampling date, 4 differed by 1 day, and 7 differed by two days. Due to its temporal resolution of 16 days, Landsat uses a temporal window of 4 days around the sampling date. Of the 24 images, 5 matched the sampling date, 8 differed by 1 day, 5 differed by 2 days, and 6 differed by 3 days. Figure 2 summarizes the process described for the extraction of spectral information.



OLS regression estimates the relationship between independent variables (Sentinel-2 and Landsat bands) and a dependent variable (in situ chl-a), as described in the equation below:


  y = b 0 + b 1   ∗   x 1 + e  








where:   y   = dependent variable (in situ chl-a)



  b 0   = intercept



  b 1   = coefficients



  x 1   = independent variable (Sentinel-2/Landsat bands)



  e   = error term



The basic premise of OLS linear regression is to minimize the sum of squared differences between the observed and predicted chlorophyll concentrations. This optimization process involves estimating the coefficients of the regression equation that minimize residual errors, thereby yielding the best-fitting line through the data points. In this study, ordinary least squares (OLS) simple linear regression was utilized for modeling, employing a set of more than 15 algorithms as predictor variables [43,44,45,46,47,48]. These algorithms include spectral index band ratios and models such as ocean color 2 and 3 (OC-2,3) [49]. Table 1 shows the most relevant ones according to their coefficient of determination (R2). Chlorophyll-a estimation algorithms were selected based on the optimal settings for the coefficient of determination and root mean square error (RMSE). In addition, due to the lack of a large number of samples, the consistency that each model manages to estimate spatially and temporally was considered by validating the historical series with in situ data. With the exception of Lake Albano, which was processed with Sentinel-2, the algorithms obtained for each of the 4 lakes were able to generalize the seasonal patterns of chlorophyll-a, so that it was possible to describe their historical behavior.





3. Results


3.1. Chlorophyll-a Field Values


To obtain an appropriate comparison of RS and field chl-a values, only surface stations data were considered. Chl-a Vico surface values detected ranged from a minimum of 2.89 μg/L (April 2019) to a maximum of 81.37 μg/L (Ultima Spiaggia, December 2019); the average value was 15.07 μg/L. In addition to the field values from the 2019 sampling activities, chl-a data from a 2005–2007 Vico study was used [31].



Chl-a Albano values went from a maximum of 21.59 μg/L, February 2019, to a minimum of 1.04 μg/L, May 2019, in addition to the field values of a 2001–2005 Albano study [50]. In both lakes, Albano and Vico, the highest values of chlorophyll-a were detected in the coldest months, corresponding to the period of maximum bloom of the toxic cyanobacteria Planktothrix rubescens.



Trasimeno Lake values went from a maximum value of 37.3 μg/L, October 2019, to a minimum of 8.11 μg/L, July 2019. Lake Bolsena went from a maximum value of 5.68 μg/L, September 2019, to a minimum of 1.24 μg/L, July 2019. The rather low values of chlorophyll a in this lake reflect its trophic status, which is much better than the other lakes studied.



Field data were compared to RS detections, in order to achieve a broader view of the chl-a trend in the Lake Vico during a fourteen-year period. The 2005 chl-a mean field value was 2.54 μg/L, (max. value 5.5 μg/L; December, Fogliano); the 2006 mean value was 3.76 μg/L, (max. value 10.04 μg/L; February, lake center); the 2007 mean value was 3.87 μg/L, (max. value 4.86 μg/L; February, Bella Venere).



The general trend of chl-a mean surface concentration in Lake Vico over a fourteen-year period was positive, following an exponential curve (R2 = 0.91). The single sampling stations showed similar positive trends, considering the seasonal bloom period (R2 from 0.68, Bella Venere station, to 0.91, Ultima Spiaggia station; Figure 3.



The microcystin and BMAA seasonal presence, detected using an ELISA immunoassay [51], in Vico and Albano (Figure 4, 2018–2019 years) showed a high correlation coefficient (R2 = 0.97), confirming a production due to cyanobacterial blooms, mainly composed of Planktothrix rubescens.




3.2. Remote Sensing Detection


Table 2 and Table 3 show the best empirical models obtained for the Sen2Cor, LaSRC/LEDAPS, and ACOLITE atmospheric corrections. Among the models obtained, band ratios widely used for remote sensing of water bodies with low chlorophyll concentrations, around 5 mg/m3, and turbidity conditions that do not significantly compromise the detection of chl-a are identified, as is the case of “B/G” or the “R/G” that take advantage of the peak reflectance in the green region and the absorptions in the blue and red regions. In the case of the Jaelani, empirical, and band ratio 1 algorithms, these incorporate near-infrared bands, which can help in the detection of chlorophyll in environments with higher levels of turbidity, as is the case of Trasimeno.



Overall, the empirical algorithms obtained exhibit coefficients of determination close to 0.71, with RMSE values ranging from 0.7 to 6.8 mg/m3. Both ACOLITE and Sen2Cor have demonstrated similar performance when evaluating correlation coefficients and root mean square errors between homologous models. For the case of Lake Vico and Sentinel-2, the band ratio 1 model obtained the best coefficient for both atmospheric corrections with very close R2 and RMSE values.



Due to the small number of samples available for Bolsena and Trasimeno, it was not possible to develop models for Landsat; however, the models obtained with Sentinel-2 achieved determination coefficients of 0.72 and 0.76, respectively. In Vico, the Jaelani model obtained with Landsat data achieved the best results, with a difference of 0.23 between the determination coefficients, with ACOLITE being the best performing.



Although for Lake Albano, the empirical Sentinel-2 models achieve coefficients of determination of 0.58 and 0.69 for Sen2Cor and ACOLITE, respectively, a lack of temporal consistency in chlorophyll-a levels has been observed. When reviewing the spectral signatures of each sample with its concentration, an inverse relationship was found. In other words, the peak green reflectance of higher concentrations of chl-a should be higher than that of lower concentrations; however, in the case of Lake Albano, the opposite behavior is present, which could be explained by the predominance of red pigments associated with the species Planktothrix rubescens which blooms during the winter period. [52]; however, when analyzing indices with bands in the red, it was not possible to obtain coefficients of determination higher than 0.37. Since such behavior was not found to be so strongly marked in Landsat, it was possible to develop an empirical model for this platform.



When relating the 1:1 slope to the regression line obtained for each model using the Sen2Cor and LaSRC/LEDAPS atmospheric corrections (Figure 5), two distinctive patterns are observed. First, an overestimation of chlorophyll-a is evident when concentrations are lower. In the cases of Vico, Albano, Bolsena, and Trasimeno, the overestimation ranges around 2.5, 2, 1, and 2.5 mg/m3, respectively. Secondly, an underestimation of chlorophyll-a concentrations is detected when the sampled values are higher. For Lake Vico, the underestimation is around 3.5 mg/m3, while for Albano, Bolsena, and Trasimeno, the values are around 2.8, 1, and 8 mg/m3, respectively.



Figure 6 shows the historical series of chl-a concentration for the 4 lakes; the series was constructed with Sentienl-2 and Landsat images processed with the Sen2Cor and LaSRC atmospheric correction algorithms. With the exception of the Albano model processed with Sentinel-2, which presents inconsistency in the chl-a estimation, the models describe a seasonal behavior. Some plots present outliers of chl-a as a consequence of cloudiness or shadows. Of the studied lakes, Trasimeno presents the highest chl-a concentrations, with a strongly marked seasonality with maxima that can reach 40 mg/m3, followed by Vico with concentrations close to 25 mg/m3, Albano with 20 mg/m3, and Bolsena with 10 mg/m3.



For Trasimeno, the average chlorophyll concentrations for autumn reach 19 mg/m3 with a standard deviation of 7.9; from this point the concentrations decrease until reaching their minimums in the months of May, with average concentrations of 3.8 mg/m3. Bolsena, on the other hand, maintains much more homogeneous concentrations during the year, with an increase in its concentrations for the month of August and a progressive decrease until the month of January; in general, Bolsena maintains constant cycles without a clear trend in the increase of its concentrations, according to the absence of important cyanobacterial blooms in the lake and its oligo-mestrophic state.



The high dispersion in chl-a concentrations in Albano is mainly due to noise introduced in the images as a result of the presence of clouds or shadows that could not be masked by the SCL. Having a historical series with inconsistencies limits the work of distinguishing clear seasonal patterns in chl-a; however, it is possible to observe a possible cycle, with an increase in chl-a from the beginning of February to the end of April, followed by a decrease until the end of August.



Although a direct comparison between sensors is not the most appropriate without harmonization, Figure 7 presents the historical series of chl-a between the algorithms developed in Lake Vico for the Sentinel-2 and Landsat missions, the lack of Landsat data It makes it difficult to compare seasonality between series. Although in some periods a correspondence is perceived, it is not possible to conclude that both series have similar cycles. On the other hand, both missions share the same range of chl-a concentrations.





4. Discussion


The anthropogenic activities of the settlements around Lake Vico, particularly the extended and abundantly fertilized hazelnut monoculture, could be the sources for nutrients driving algal blooms through watershed run-off and, more extensively, polluted groundwaters [31]. In general, phosphorus compounds arrive at superficial waters through leaching of fertilizers, human and animal excrements, and/or detergents and cleansing products. Depending on the concentration of phosphates in the water, eutrophication can occur in waterbodies, phosphorus (the “limiting nutrient”) controlling the pace at which algae and aquatic plants are produced. Despite the end of the paper mill activity, the nutrient level in the lake has progressively growing, mainly due to the fertilizations of the extending hazelnut crops on the lake watershed. This increase favoured eutrophy and the onset of seasonal blooms by several cyanobacterial species in the lake, mainly the toxic P. rubescens during the autumn and winter months.



The pulsating attitude showed by the temporal chl-a trend of Sentinel data, and much longer, of Landsat data has been observed in other lakes, concerning investigations through several decades [19]. Recent studies propose a possible reason of this in the consequences of uneven or incomplete annual mixings and the following differences in stratification dynamics and irradiance on phytoplanktonic populations [53]. The need to determine a reliable correspondence between RS and field chl-a values shows its importance, in the case of Lake Vico and Albano, for the strong correlation in lake waters between toxin levels and the cold season (Figure 4). Regarding Lake Albano, the general trend of the population dynamics for P. rubescens in the lake shows superficial stratification with blooms in winter and metalimnic stratification with a peak (25–30 m) in summer, but nevertheless with an overall population decrease (80–86%) in the late April to early November period. These situates Albano in state of mesotrophy tending to eutrophy caused by the increasing levels of N and P from manure treatment and sewage inputs in the groundwater feeding the lake and in the lakewater itself. Contaminant concentration resulting from the progressive decrease of the water lake level, which occurred over decades of uncontrolled drainage in groundwaters, presumably helped this process.



Although each lake has specific optical properties, by comparing the spectral response of each lake with previous optical water type works [54,55] it is possible to distinguish Trasimeno as a high turbidity lake with very different optical properties from the rest of the studied lakes, with the characteristic pattern of high reflectivity near the green and near infrared region, unlike Vico, Bolsena, and Albano with low reflectivity in these regions (Figure 8).



In situ chl-a data considered for generating the regression model was collected during the periods of February, June, and October 2006, as well as April and December 2019. Upon comparing the seasonal dynamics of the time series for Lake Vico using the generated model, it was observed that the model successfully captured the general patterns of chl-a fluctuations, even in regions lacking in situ samples. This observation highlights a correspondence between the modeled data and the actual chl-a dynamics (Figure 9).



The seasonal dynamics of Trasimeno are consistent with studies that develop high-frequency monitoring through permanent stations for the generation of empirical models through reflectance; the studies conclude that the increase in chl-a concentrations are associated with heat waves and rainfall events, with a peak in the month of September, also finding an increase in the cyanobacterium Cylindrospermopsis raciborskii [40,56].




5. Conclusions


In general, the best lake models maintain coefficients of determination above 0.69, with a root mean square error (RMSE) of about 3 mg/m3 for lakes with low turbidity such as Vico, Albano, and Bolsena. However, in the case of Lake Trasimeno, this value rises to 6.6 mg/m3.



Except for Albano, whose data were affected by shadows and clouds, the historical series estimated with the OLS linear regression models managed to reflect seasonal behavior; differences were observed in the seasonal cycles of each of the lakes, possibly due to the different chlorophyll species found in each one.



In terms of reflectance, a generalized decrease was found for the images processed with ACOLITE, which can result in negative values when the surface reflectance of the water is close to 0; this can affect the calibration of models and consequently their performance. Both ACOLITE and Sen2cor and LaSRC/LEDAPS presented similar R2 and RMSE; for our study, however, because of the number of samples used, it is not possible to conclude that any of the atmospheric corrections offer advantages over the other.



The four Italian lakes analysed in this study are a significant water resource for agricultural and recreational activities, as well as important protected areas, with a crucial role in the ecological balance: they provide indispensable habitats for diverse species of plants and animals, enriching biodiversity and supporting local economies through fishing and agriculture. They are also vital sources of drinking water and places for leisure and tourism. However, they face annual challenges of eutrophication and algal bloom occurrences due to excessive nutrient accumulation and lowering water levels due to excessive withdrawals. In general, efficient management of algal blooms necessitates a comprehensive analysis of their spatiotemporal distribution characteristics and an effective monitoring means that extensive and expensive sampling programs are needed. For aquatic environments, the fulfilment of the monitoring requirements is an acknowledged problem due to the size of the largest lakes, the enormous number of lakes in total, their considerable temporal and spatial variability and, in some cases, their inaccessibility. In addition, not all lakes are monitored because of lack of resources. The ecological status of a water body can be described by various biological and physical–chemical quality measurements, and several of these important ecological parameters can be monitored from space, such as chlorophyll a concentration. Using RS detection to quantify chl-a values in lake for monitoring cyanobacterial blooms leads to a significantly improved spatial and temporal frequency of monitoring and forecasting and long-term cost savings. This study proposes suitable models to assess the presence of potentially toxic algal blooms through the RS quantification of chl-a. This could open up interesting prospects from an economic, health, and social point of view regarding the launch of further studies aimed at developing an effective system for monitoring cyanobacteria blooms in freshwater resources and marine environments.
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Figure 1. Study area with in situ samples according to Sentinel 2. 
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Figure 2. Flowchart of Sentinel-2 and Landsat image processing. 
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Figure 3. Seasonal (Nov.-Mar.) chl-a average in the five superficial Vico stations with their regression lines, trend lines and values. 
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Figure 4. BMAA vs. microcystins concentration (μg/L) in lakes Vico and Albano. 
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Figure 5. Scatter plot, estimated chl-a values vs. in situ values. 
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Figure 6. Time series of chl-a for Trasimeno, Bolsena, Albano, and Vico lakes. 
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Figure 7. Landsat and Sentinel 2 historical series. 
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Figure 8. Optical water property estimate with Sentinel-2 images. 
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Figure 9. Temporal trends of chlorophyll-a concentrations: a comparative analysis of in situ and Landsat images. 
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Table 1. Algorithms for chl-a.
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	Algorithm
	Equation
	Reference





	Jaelani
	0.9889 (red/NIR5) − 0.3619
	[43]



	Empirical (MSI)
	NIR5 − (red + NIR6)/2
	[44]



	FLH Violet
	green − (red + blue − red)
	[45]



	Band Ratio 1
	1.1116 (NIR5/blue) + 0.7016
	[46]



	Band Ratio 2
	blue/green
	[47]



	Band Ratio 3
	red/blue
	[47]



	Band Ratio 4
	red/green
	[48]










 





Table 2. Sentinel-2 algorithms for chl-a, with atmospheric correction Sen2Cor and ACOLITE.






Table 2. Sentinel-2 algorithms for chl-a, with atmospheric correction Sen2Cor and ACOLITE.





	
Lake

	
Atm. Correction

	
Sentinel-2




	
x

	
Models

	
N

	
Range mg/m3

	
R2

	
RMSE






	
Albano

	
ACOLITE

	
B/G

	
−8.7 + (28.9 × x)

	
10

	
1–22

	
0.69

	
2.7




	
Sen2cor

	
B/G

	
−25.6 + (46.9 × x)

	
10

	
1–22

	
0.57

	
3.1




	
Vico

	
ACOLITE

	
Band Ratio 1

	
−9.3 + (15.6 × x)

	
7

	
1–23

	
0.76

	
3.1




	
Sen2cor

	
Band Ratio 1

	
−26.5 + (29.5 × x)

	
8

	
1–23

	
0.76

	
3.12




	
Bolsena

	
ACOLITE

	
Empirical

	
3.32 + (-795.5 × x)

	
7

	
1–6

	
0.72

	
0.7




	
Sen2cor

	
R/B

	
0.18 + (11.15 × x)

	
7

	
1–6

	
0.68

	
0.74




	
Trasimeno

	
ACOLITE

	
Empirical

	
1.47 + (1127.7 × x)

	
16

	
1–37

	
0.72

	
6.8




	
Sen2cor

	
Empirical

	
−0.32 + (1186.2 × x)

	
16

	
1–37

	
0.76

	
6.4











 





Table 3. Landsat algorithms for chl-a, with ACOLITE and LaSRC/LEDAPS atmospheric correction.
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Lake

	
Atm. Correction

	
Landsat




	
x

	
Models

	
N

	
Range mg/m3

	
R2

	
RMSE






	
Albano

	
ACOLITE

	
R/G

	
−26.296 +(68.67 × x)

	
10

	
1–11

	
0.86

	
1.2




	
LaSRC/LEDAPS

	
FLH Violet

	
3.45 + (465.008 × x)

	
10

	
1–11

	
0.56

	
2.23




	
Vico

	
ACOLITE

	
Jaelani

	
1.75 + (8.047 × x)

	
14

	
0.8–14.3

	
0.79

	
1.9




	
LaSRC/LEDAPS

	
Jaelani

	
0.681 + (7.45 × x)

	
14

	
0.8–14.3

	
0.56

	
2.7
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