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Abstract

:

The application of the Multispectral Instrument (MSI) aboard Sentinel-2A/B constellation for assessing water quality in Chilean lakes represents an emerging area of research, particularly for the environmental monitoring of optically complex water bodies. Similarly, atmospheric correction processors applied to aquatic environments, such as the Case 2 Networks (C2RCC-Nets), are notably underrepresented. This study evaluates the capability of C2RCC-Nets using different neural networks—Case-2 Regional/Coast Color (C2RCC), C2X-Extreme (C2X), and C2X-Complex (C2XC)—to estimate Secchi depth in Lake Lanalhue (eutrophic), Lake Villarrica (oligo-mesotrophic), and Lake Panguipulli (oligotrophic). The evaluation used different statistical methods such as Spearman’s correlation and normalized error metrics (nRMSE, nMAE, and nbias) to assess the agreement between satellite-derived data and in situ measurements. C2XC demonstrated the best fit for Lake Lanalhue, with an nRMSE = 33.13%, nMAE = 23.51%, and nbias = 8.57%, in relation to the median ground truth values. In Lake Villarrica, the C2XC neural network displayed a moderate correlation (rs = 0.618) and error metrics, with an nRMSE of 24.67% and nMAE of 20.67%, with an nbias of 4.21%. In the oligotrophic Lake Panguipulli, no relationship was observed between estimated and measured values, which could be related to the fact that the selected neural networks were developed for very case 2 waters. These findings highlight the need for methodological advancements in processing satellite-derived water quality products for Chile’s optical water types, particularly for very clear waters. Nonetheless, this study underscores the need for model-specific calibration of C2RCC-Nets, as lakes with different optical water types and trophic states may require tailored training ranges for inherent optical properties.
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1. Introduction


The spatial, spectral, and temporal resolution of freely available satellite imagery has the potential to become a valuable tool for environmental monitoring and assessment of inland waters [1]. Within the wide range of applications that can be derived from satellite imagery, estimating water quality is of major interest, as it can complement traditional monitoring by offering a comprehensive spatial coverage and temporal frequency to study temporal trends [2]. Optical satellite data can be used to monitor water color through optically active water constituents (OACs) such as phytoplankton pigments, total suspended solids (TSS), and colored dissolved organic matter (CDOM) [3]. The water color derived from the interactions of the OACs can be used to estimate other water quality parameters such as Secchi depth and turbidity (commonly used indicators of water transparency)—a globally used proxy for water quality and ecosystem health [4,5].



Water transparency is used to assess the downwelling light attenuation (Kd), which is influenced by the absorption and scattering processes within the water column [6]. The importance of Kd—or the available light in the water column—is that it serves as a controlling factor for biological, chemical, and physical processes [7]. Thus, it is an important indicator for analyzing water quality status [8], especially due to the simplistic approach to quantify it. The traditional method used to estimate Secchi depth (SD) involves the Secchi disk: a circular black and white disk with a diameter of 20 cm that is submerged in water until no longer visible [9]. It is one of the simplest and most cost-effective methods for measuring a water quality parameter, and it is an international standard method for measuring SD and consequently water transparency. Due to its simplicity, Secchi disk measurements are typically included in most water quality monitoring programs, where extensive historical records—dating back more than 150 years—provide valuable information for assessing trends in water quality [10]. Chilean water quality programs such as the “Red Minima de Lagos” managed by the “Dirección General de Aguas” (DGA) include SD as a standard measurement, with records dating back to the 1980s for selected inland waters [11].



These extensive historical records of water clarity in Chilean inland waters open a unique opportunity to expand our understanding of water quality changes in combination with satellite imagery. The use of remote sensing technology has been growing in Chile due to its capacity to allow broader and more frequent monitoring of inland waters, complementing traditional limnological methods [4]. Most studies using satellite remote sensing for inland water quality in Chile were published in recent years, and have been used mostly to detect chlorophyll-a (chl-a) [12,13,14,15,16,17,18], while few studies were used for SD retrieval. Within these studies, only [12] and [18] used Sentinel 2—MSI for chl-a concentration retrieval, while all other studies chose the Landsat Thematic Mapper (TM), the Enhanced Thematic Mapper (ETM+), and/or the Operational Land Imager (OLI). In our literature search, only one study related SD and turbidity for several North Patagonian Lakes using Landsat 5 TM, 7 ETM+, and 8 OLI imagery [19]. Furthermore, [17] estimated chl-a and turbidity in a small urban lake using Landsat 8 OLI, and this is the only study that has evaluated and validated the water-leaving reflectance using in situ radiometric measurements of the water column. In this context, various aquatic atmospheric correction algorithms such as the Atmospheric Correction for OLI ‘lite’ (ACOLITE) [20], Image Correction for Atmospheric Effects (iCOR) [21], the Land Surface Reflectance Code (LaSRC) [22], and C2RCC [23] were used in the previous research, in which ACOLITE outperformed other aquatic atmospheric correction processors. This pre-processing of satellite images to correct for the effects of the atmosphere over aquatic systems has been recognized as an essential step for the accurate retrieval of water quality parameters from optical satellite imagery [24,25].



Despite the crucial role of aquatic atmospheric correction in enhancing the accuracy of satellite-derived products, the access to radiometric equipment, essential for validating the aquatic atmospheric correction procedure, is limited, especially in the Global South [4]. This limitation produces a need for alternative methods to promote the development of the field of remote sensing of water quality. In Chile, the use of Sentinel MSI 2A and 2B in combination with the C2RCC-Nets (C2RCC, C2X, and C2XC) is still heavily underexplored. A recent study [25] showed that C2RCC and C2X outperformed ACOLITE and iCOR in terms of atmospheric correction, especially in the near-infrared (NIR) region of the electromagnetic spectrum. Similar results were observed by [26], which compared different atmospheric correction processors, and for the NIR region, ACOLITE was also outperformed by C2X. Thus, it is important to consider the use of these processors in Chilean waters.



This study aimed to evaluate the accuracy of the C2RCC-Nets’ atmospheric correction processor and its different neural networks—C2RCC, C2X, and C2XC—for the estimation of SD in Chilean lakes with different trophic states. By using the MSI sensor onboard Sentinel 2A/B constellation, this study addresses the need for reliable and accessible monitoring tools that can complement traditional methods to support sustainable water resource management. To do this, we compared satellite-derived SD estimates using different atmospheric correction processors with in situ measurements of SD from different lakes during austral spring and summer from 2018 to 2024. The presented method offers a globally scalable alternative for regions with limited access to radiometric equipment, providing actionable methods for integrating satellite data into sustainable water management practices in remote and data-scarce environments. Ultimately, the results underscore the potential of remote sensing technology to advance our understanding of aquatic ecosystems under the pressures of climate change and anthropogenic activities.




2. Materials and Methods


2.1. Study Area


This study used the data collected in three different lakes: Lake Lanalhue, Lake Villarrica, and Lake Panguipulli, located in the Bío-Bío, Araucanía, and Los Ríos regions in South-Central Chile (Figure 1, Table 1).



Lake Lanalhue is a coastal lake located at 37°55′S and 73°18′W in the Bío-Bío Region, at an altitude of 12 m a.s.l. It has an area of 31.9 km2, a mean depth of 13 m, and a maximum depth reaching 26 m. Lanalhue is a tectonically influenced lake that forms part of the larger Nahuelbutan Lake System. Occupying a narrow valley along the Nahuelbuta Mountain Range, the lake is located within a temperate, Mediterranean-influenced climate zone along the coast. During the summer, the lake undergoes thermal stratification, which can lead to hypoxic conditions in the bottom layers due to an increased production of organic material [27]. The surroundings of Lake Lanalhue have experienced an increase in the export of sediments and nutrients due to modifications of the hydrological regime [28]. These changes occurred due to the conversion of native forest to cultures of Pinus radiata and Eucalyptus globulus. In addition, the lake has been affected by touristic activities as well as a lack of appropriate wastewater treatments, leading to an increase in untreated discharges into the lake [27]. At present, more than 39.60% (172.49 km2) of the catchment area is comprised by monoculture forest plantations, followed by native forest and shrub (23.16%; 100.92 km2) and agricultural land use (15.47%; 67.40 km2) [27].



Lake Villarrica is located at 39°25′S, 72°09′W in the Araucanía Region, situated at an elevation of over 215 m a.s.l. The lake spans a total area of 173.9 km2, with a mean depth of 120 m and a maximum depth of 165 m. Lake Villarrica originated from natural damming by a terminal moraine left from the last glaciation. The climate in the area is temperate and rainy, which supports a temperate, monomictic lake system that undergoes stratification during summer and vertical mixing during winter [29]. The catchment area is 2884.15 km2 with main land cover/land use consisting of urban, agricultural, and forested areas towards the valley, while native forest is still prominent towards the Andes Mountains. Previous studies showed that land use changes have occurred persistently across this region over the last 50 years, resulting in the deterioration of the water quality [30,31]. A different study [31] observed that the combination of land cover change and climate change led to an increase in nutrient input, causing an accelerated eutrophication process in the lake. This is becoming increasingly evident with the occurrence of extreme bloom events by Dolichospermum sp., where microcystin concentrations above 10 µgL−1 have been recorded [32,33]. The same could be observed in the most recent environmental reports, which indicated that the lake’s trophic state is mainly oligotrophic with strong fluctuations towards mesotrophic (DGA, 2018a; 2018b).



Lake Panguipulli is located south of Lake Villarrica, at 39°43′S, 72°13′W in the Los Ríos Region, at an elevation of 130 m a.s.l. It is one of the largest lakes in the north Patagonian freshwater district in Chile, covering an area of 117 km2, with a mean and maximum depth of 126 m and 268 m, respectively. Lake Panguipulli is of glacial origin, situated in a temperate and rainy climate. It is classified as temperate-monomictic lake, exhibiting very stable stratification during the summer [34].



A few years ago (late 90s, mid 2000s, and 2012), the lake was classified as mesotrophic due to its concentrations of phosphorous and chl-a. Nonetheless, in 2015, the lake presented oligotrophic conditions [12,35]. The catchment area expands to over 3811 km2, predominately covered by native forest (84%) and pasture (15%), followed by small areas of agriculture, urbanization, monoculture forest plantations, and open areas [12,31].





 





Table 1. Geographical and limnological characteristics of Lake Lanalhue, Lake Villarrica and Lake Panguipulli.
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	Geography and Limnology
	Lanalhue 1
	Villarrica 2
	Panguipulli 3





	Latitude South
	37°55′
	39°25′
	39°43′



	Longitude West
	73°18′
	72°09′
	72°13′



	Altitude (m a.s.l)
	12
	215
	130



	Catchment area (km2)
	438
	2884
	3811



	Area (km2)
	31.9
	173.9
	117



	Mean depth (m)
	13
	120
	126



	Maximum depth (m)
	26
	165
	268



	Trophic state
	Eutrophic
	Oligo to mesotrophic
	Oligotrophic







Modified from [27] 1, [35,36] 2, and [12] 3.












2.2. Transparency and Water Quality Data


The dataset for this study focuses on SD measurements to assess water transparency and was obtained through field campaigns and the acquisition of data from secondary sources [18].



Field campaigns were timed to match up with satellite overpasses, ensuring a temporal discrepancy of no more than ±1 day and ±2 h. Monitoring activities were conducted during the summer from 2022 to 2024, on cloud-free days with wind speeds below 5 kmh−1 to minimize environmental interference. Lake Lanalhue was monitored in 2023 over two consecutive days (n = 22), while Lake Villarrica was monitored across all years, resulting in six campaigns. However, due to variable weather conditions, only three dates were included in this study (n = 44). Lake Panguipulli was monitored in 2023 and 2024, but only data from 2023 (n = 13) were used, due to weather constraints.



SD (in m) was obtained using a 20 cm diameter black-and-white disk, deployed from the shaded side of the boat to reduce glare and reflection errors. In addition to Secchi depth, water temperature (°C) was measured using a pH/EC/TDS/Temperature probe, model HI98129 (HANNA Instruments, Santiago, Chile).



Following the collection of primary data, secondary data were sourced from the Dirección General de Aguas (DGA, http://www.dga.cl/, accessed on 14 March 2024), which has maintained and operated the Red Mínima de Lagos with data since the 1980s. Additionally, the study incorporates data from the Sistema Nacional de Información Ambiental (SINIA, https://sinia.mma.gob.cl/, accessed on 20 March 2024) managed by the Ministerio de Ambiente (MMA), which has conducted extensive limnological studies across Chilean lakes. Technical reports resulting from this search compiled by [28,29,37,38,39] were thoroughly reviewed to ensure their applicability and relevance to the study. Criteria for the selection of secondary sourced data to be used in this study included that data should be collected on cloud-free days, with wind speeds < 5 kmh−1, and SD and water temperature should be collected ±1 days from satellite overpass schedule. Through this process, two sampling campaigns were added for Lake Lanalhue (n = 10), five additional sampling campaigns were added for Lake Villarrica (n = 17), and six sampling campaigns were added for Lake Panguipulli (n = 13).



Given that the combined dataset was collected by multiple observers, potential variability may exist due to minor differences in observer technique. Nevertheless, both primary and secondary data measurements were collected by trained personnel, using standardized protocols. This combined dataset was used for validation (Table 2).




2.3. Trophic State Index


To assure that the SD dataset effectively represents three different trophic conditions as described by former studies, [40] trophic state index (TSI) was calculated using SD transparency (Equation (1)) as follows:


  TSI = 60 − 14.41   ln SD  



(1)







The values of TSI range from 0 to 100, where its simplest classification includes oligotrophic, mesotrophic, eutrophic, and hypereutrophic conditions (Table 3).




2.4. Satellite Imagery


Sentinel 2 MSI Level-1C scenes from the European Space Agency (ESA) were acquired from the Copernicus Open Access Hub (https://scihub.copernicus.eu, accessed on 18 May 2024). In total, fifteen images were downloaded: three for Lake Lanalhue, eight for Lake Villarrica, and 12 for Lake Panguipulli. Tiles T18HXD and T18HYB were used to extract the scenes for Lanalhue and for Villarrica and Panguipulli, respectively. Due to Panguipulli’s location, T18HYB tiles were supplemented with T18GYA to comprehensively cover the southern area of the lake (Table 4).




2.5. Image Processing


The Sentinel Application Platform version 9.0.0 (SNAP: http://step.esa.int/main/toolboxes/snap/, accessed 10 November 2023), a freely available software developed by Brockmann Consult GmbH, Hamburg, Germany, was used for image processing, was used in this study. SNAP facilitates the processing of Earth Observation (EO) data, offering a suite of tools for the pre-processing, analysis, and visualization of satellite imagery and products, including those specifically tailored for Sentinel 2 MSI [41]. Among its specialized capabilities, SNAP stands out as the sole platform capable to process images using C2RCC-Nets [23]. In this study, the pre-processing involved subsetting the scenes to the area of interest to reduce the demand on computer resources and processing time. Additionally, all images were resampled to a 10 m spatial resolution, a necessary step before applying C2RCC, C2X and C2XC.



The C2RCC-Nets were developed for the inversion of the water-leaving reflectance spectrum, essential for the accurate retrieval of optically significant water constituents. It employs radiative transfer simulations with neural networks (NNs) trained to encompass a wide range of scattering and absorption scenarios [23]. Within the C2RCC-Nets, three NNs are employed. The C2RCC uses the NASA bio-Optical Marine Algorithm Dataset (NOMAD) [42], and C2X is complemented with the CoastColor Round Robin (CCRR) dataset for extreme cases, covering more turbid waters [43]. Both datasets provide in situ measurements of the inherent optical properties (IOPs), Top-of-Atmosphere, and water-leaving radiances from various water types. NOMAD and CCRR are used to parameterize and validate simulations that mimic how light interacts within the water bodies. These simulations, comprising 5 million scenarios that mirror real-world examples, are used to train the NNs in the ability to predict IOPs in water from satellite images. The main difference between the NNs lies in the varying ranges of the five IOPs for which they are trained: pigment absorption (apig, m−1), detritus (adet, m−1), gelbstoff (agelb, m−1), scattering of white particles (bwit, m−1), and typical sediment scatter (bpart, m−1) [23]. Additionally, unlike C2RCC and C2X, C2XC does not use bwit or bpart, but rather the total backscattering (btot, m−1) is applied for this processor [44] (Table 5).



Because of the different ranges used for training the NNs, C2RCC is preferably used for eutrophic to mesotrophic waters and the C2X is recommended for high concentrations of suspended material and chl-a concentrations, whereas C2XC is for complex water types. The main output of the algorithms is the directional water-leaving reflectance, which allows for the appropriate estimation of in-water constituents [23].



The C2RCC-Nets are equipped with default parameters designed for quick image processing. The default values relevant to this study include salinity (35 PSU), water temperature (15 °C), air pressure at sea level (1000 hPa), ozone (330 DU), and elevation (0.0 m a.s.l). In this study, the default value for salinity was neglected (0.0001 PSU), while elevation was set according to the location of each lake (Table 1). Finally, water temperature data were available for each day and were used accordingly. The water temperatures applied in the image processing are detailed in the Supplementary Materials (Table S1). All other values were kept in default mode.




2.6. Quality and Uncertainty of C2RCC, C2X and C2XC


A mask composed of quality flags was used to filter out inaccurate data across the scenes, ensuring the retention of only valid pixels (Valid_PE) and the elimination of cloud interference (cloud_risk). Additionally, the uncertainty flag, defined as out-of-scope (OOS), can be raised due to anomalies in the spectral data or the water-leaving reflectances and IOPs. In particular, the OOS flag is raised when the data does not fall within the training range of the algorithm. In this study, uncertainties related to both the atmospheric (Rtosa_OOS) and the in-water (Rhow_OOS) components were applied. This step was employed to avoid potentially unreliable results, as the presence of these flags indicates that the transparency outputs might not accurately reflect the water’s optical properties.



Once these steps were completed, the kd_z90max products, which refers to the Kd where 90% of the light has dissipated in the water column, were extracted (Equation (1)). At this depth, physical theory concerning the optical properties of waters states that SD aligns with the point where approximately 10% of the incident light remains available [7,45,46] (Equation (2)). This can be expressed as follows:


  kd _ z 90 max =   1  k d _ m i n     



(2)




where   k d _ m i n   is the signal depth at the wavelength with maximum transparency.




2.7. Spatial Filtering of Datasets


Prior to conducting statistical analysis, SD data points were integrated into the spatial analysis. To address spatial resolution and enhance the reliability of the satellite readings, the data were processed to work with 3 × 3 pixel windows centered at the in situ sampling locations. This approach ensured that each measurement represented the average of the surrounding nine pixels, thereby reducing noise and increasing the accuracy of the satellite-derived information [47]. To mitigate the potential for errors in satellite readings, a buffer zone of −200 m around the lake perimeters was established to exclude any data points that might be adversely affected by adjacency effects or the lake bottom reflectance [8]. Consequently, data points falling within this −200 m buffer were systematically discarded from the analysis, ensuring that only the most accurate and representative satellite data were used.




2.8. Statistical Analysis and Transparency Product Match-Ups


A correlation analysis was employed to evaluate the fit between the in situ SD data and the processed satellite-derived SD products. Because the data were not normally distributed, Spearman’s rank correlation, denoted as rs, was utilized to understand the strength and direction of the data (Equation (3)). The statistical significance of the relationships was evaluated using p-values, which were interpreted within the bounds of a 95% confidence interval. Spearman’s rank correlation can be expressed as follows:


   r s  = 1 −    6   ∑   i = 1  n       O  r i   −  E  r i      2    n    n 2  − 1       



(3)




where    E  r i     is the rank of the estimated value,    O  r i     is the rank of the observed value, and  n  is the number of observations.



The Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and bias were also used for statistical analysis. The RMSE (4) measures the error of a model in predicting quantitative data, the MAE (5) is the measure of errors between paired observations expressing the same phenomenon, and bias (6) measures the systematic error that results when the average of the predictions made by the model differs from the actual average of the observed outcomes. RMSE, MAE, and bias were normalized by the mean (nRMSE, nMAE and nbias) to better understand these metrics. Therefore, the results are shown in SD units (m) and percentages (%). These three variables can be expressed as follows:


  R M S E =     1 n     ∑   i = 1  n       E i  −  O i     2     



(4)






  M A E =   1 n     ∑   i = 1  n     E i  −  O i     



(5)






  b i a s =   1 n     ∑   i = 1  n     E i  −  O i     



(6)




where    E i      is the estimated value,    O i    is the observed value, and   O ¯   is the mean value of    O i   .



Finally, the Wilcoxon signed-rank test, a non-parametric alternative to the t-test, was used to determine significant differences between the results of the NNs for each lake [48].





3. Results


3.1. Inspection of the Dataset via Trophic State Index


The TSI was calculated using the compiled SD data to ensure that the lakes effectively represented different trophic states (Figure 2). Lake Lanalhue predominantly presents mesotrophic conditions, with TSI values mostly between 35 and 55, although several data points extend into the eutrophic range, reaching values close to TSI = 65. The TSI values for Lanalhue generally exceed those of Lake Villarrica, except for one data point where the TSI is 38, indicating mesotrophic conditions with occasional shifts towards eutrophic levels. In contrast, Lake Villarrica’s TSI values mostly fall within the mesotrophic range, with nearly half of the data points bordering oligotrophic conditions. Overall, Villarrica features lower TSI values compared to Lanalhue. For Lake Panguipulli, the TSI values are predominantly within the oligotrophic range, with most values below 30, and only one data point bordering the mesotrophic range.




3.2. SD Match-Up in Eutrophic Lake Lanalhue


The images acquired for Lake Lanalhue did not raise any quality flags, which indicates that the input spectrum to the atmospheric correction (Rtosa) and the IOP retrieval networks (IoPneural) were within the training range. Similarly, Cloud_risk and Valid_PE did not indicate the presence of clouds nor invalid pixels. Following the methods applied in this study, the introduction of the 200 m buffer around the perimeter of the lake reduced the amount of available data to n = 27. Nonetheless, no images were eliminated for the correlation analysis. As a result, the data for Lake Lanalhue was comprised of data from 2018–2023.



Results show that satellite-derived SD using C2XC produced the strongest positive correlation, reaching rs = 0.889 supported by a p-value < 0.05 (Figure 3). Similarly to C2XC, significant correlations (p-value < 0.05) with rs values of 0.852 and 0.849 were achieved for C2RCC and C2X, respectively. The results show close agreement between lower transparencies approximately until 2.5 m, with a noticeable break towards overestimations beyond this point for C2RCC and C2XC. In contrast, C2X underestimated SD predictions in the lower SD ranges.



The precision assessment for Lake Lanalhue demonstrates the lowest nRMSE (33.13%) and nMAE (23.51%) for the C2XC, indicating superior fit to the in situ data compared to the other NNs. Although both C2RCC and C2X exhibit high correlation coefficients, their nRMSE and nMAE values are higher, reaching 56.88% and 43.35%, respectively, indicating a high divergence between predicted and true measurements. Additionally, the nbias indicates an overestimation of only 8.57% for the C2XC products, in contrast to 36.89% for C2RCC and an underestimation of −29.84% for C2X (Table 6). These biases suggest that while C2XC might be the preferred method for general SD estimation in this lake, adjustments or combined approaches might be necessary for accurate measurements across the full range of water clarity.



SD maps produced for Lake Lanalhue using C2RCC, C2X, and C2XC were accompanied by a Sentinel 2 MSI true color composite (RGB) using the red (665 nm), green (560 nm), and blue (490 nm) bands to inspect the results (Figure 4). The RGB images show distinct color changes across the years, particularly in the southeastern bay of the lake, which consistently exhibits lower transparency. This area is marked by sharper yellow tones in the SD maps, indicating shallow SD reaching approximately 0.5 m, suggesting higher concentrations of particulate matter or algae. In contrast, other regions of the lake, especially the central and northern parts, maintain clearer waters, with transparency levels typically ranging from around 7 to 4 m. Furthermore, these patterns are observed throughout the years, although recent imagery reveals an increase in yellow hues, suggesting a trend towards reduced water clarity over time. Nevertheless, differences between the NNs are apparent. The C2RCC NN shows darker blue tones, indicating depths > 10 m, especially concentrated along the lake’s margins and bay areas. Additionally, it displays darker color values for depths ranging from approximately 7 to 4 m in other parts of the lake. In contrast to C2RCC, the C2X and C2XC images display consistent mid-range transparency around 4.0 m throughout the central parts of the lake for the dates 13 February 2018 and 18 January 2022, while showing lower values (≤4 m) for C2X by 22 February 2023.




3.3. SD Match-Up in Oligo-Mesotrophic Lake Villarrica


In the case of Lake Villarrica, the analysis produced uncertainty flags on four of the eight dates (25 February 2019, 9 February 2021, 1 March 2021, and 13 January 2023). Along with these masked out areas and the application of the 200 m buffer, a total of n = 51 were available for correlation analysis.



The results were less accurate in comparison with Lanalhue, where SD obtained by the C2RCC displayed the most robust correlation (rs = 0.739). This indicates a robust positive relationship between predicted and in situ values, confirmed by a statistical significance of p-value < 0.05. Furthermore, predictions covered the entire range of observed values. However, the model shows tendencies of overestimation, reaching values approximately between 5 and 15 m—a much wider range (10 m) in comparison with the in situ dataset, which falls between 3.5 and 11 m (Table 2). The tendency of overestimation is particularly pronounced at higher SD values, reaching 4 m above the observed values.



C2X showed a significant (p-value < 0.05) but weaker correlation (rs = 0.492) and a greater dispersion of datapoints in comparison to C2RCC. Overall, C2X predictions were generally lower (approximately between 2 and 10 m) with a notable underestimation, particularly at higher values. In this case, the predictions were concentrated towards the lower ends of the SD range, surpassing observed values.



C2XC achieved a moderate correlation with rs = 0.618, which was also statistically significant (p-value < 0.05). The performance of C2XC was superior to C2X, and demonstrated a closer alignment with in situ values, which ranged approximately between 4 and 10 m. Although this NN demonstrates a slight overestimation, it maintains a better consistency across the SD range compared to C2RCC and C2X (Figure 5).



Although the C2RCC NN exhibits the highest correlation for Lake Villarrica, it presents nRMSE (32.98%) and nMAE (25.36%) values indicating less precise estimations (Table 7). This shows that while C2RCC predictions achieve an overall trend, SD values tend to diverge from the actual measurements, causing uncertainty in the predictions. This divergence is particularly evident in the model’s tendency to overestimate SD, with a positive nbias of 19.27%. The systematic overestimation of SD predictions using the C2RCC NN would suggest higher transparencies, potentially leading to classification errors that could impact the assessment of the lake.



Conversely, the C2X NN records the highest nRMSE (35.87%) and nMAE (27.56%), reflecting the least precise estimations among the NNs. The negative nbias of −16.08% significantly highlights the C2X’s tendency to underestimate SD, which might result in conservative evaluations of transparency, potentially leading to overestimations of ecological or pollution problems occurring in Lake Villarrica.



The C2XC NN, offering the lowest nRMSE (24.67%) and nMAE (20.67%), provides the most accurate and precise depth estimations among the processors for this lake. The minor nbias of 4.21% with C2XC indicates a slight overestimation but is closer to true measurements.



Following the mapping of Lake Villarrica, the C2RCC SD products present a broader range of SDs, as seen from the darker blue hues (Figure 6). Notably, on 25 February 2019 and 1 March 2021, darker blues indicate higher transparencies >15 m, showing indications of failure in the NNs, where maximum in situ SD values reach 11 m. This anomaly is also evident in the bay areas of the lake, where greater inputs from land occur, making these waters more complex. In comparison, the C2X NN produces images where higher transparency values are less pronounced, but are still present in the form of noise across all images. Nonetheless, the results of the C2X NN align better with the in situ dataset. Furthermore, this NN vividly captures changes in transparency due to bloom formations reaching values as low as 0.5 m, as seen in the brighter yellow regions in the northwestern part of the lake on 2 February 2023 and 23 January 2024. The C2XC results, while showing similar patterns to C2X in terms of transparency during bloom events, tend to feature even more distinct bright colors in the presence of blooms, reinforcing its sensitivity to high particulate content in the water.




3.4. SD Match-Up for Ultra-Oligotrophic Lake Panguipulli


Flags for Lake Panguipulli were raised on three of the six images, corresponding to 31 January 2019, 24 February 2021, and 18 January 2023. After keeping the most accurate and representative satellite data for correlation analysis (n = 21), the results for this lake demonstrated the overall weakest results. C2RCC retained the highest positive correlation of 0.533, with statistical significance (p-value = 0.05). In contrast, both C2X and C2XC showed negative, non-significant correlations of −0.313 and −0.408, respectively (Figure 7).



SD estimations for Lake Panguipulli showed unfavorable results compared to Lakes Lanalhue and Villarrica, highlighting the need for careful consideration when applying these models to lakes with lower trophic states. The C2RCC, while having a positive correlation coefficient, presents very high nRMSE (40.67%) and nMAE (33.64%) values, suggesting significant discrepancies between the estimated and actual SD. The large positive nbias of 30.51% indicates substantial overestimation (Table 8). The C2X and C2XC NNs exhibit negative correlation coefficients, with values of rs = −0.313 and rs = −0.408, respectively. This inverse relationship between the measured and satellite-derived SD reveals errors, exposing inadequate performances and a fundamentally incorrect relationship, which is inconsistent with the expected outcomes.




3.5. Evaluation of the Significance Differences Between NNs


The Wilcoxon signed-rank test revealed that all NNs were significantly different (p < 0.05 in terms of estimating SD (Table 9).



The most pronounced difference was found in the comparison between C2RCC and C2X in Lake Lanalhue. Here, all instances fell within the positive rank (n = 27), showing a clear divergence in SD estimations. Similar results were found for C2RCC when compared to C2XC, where very high values (n = 25) were an indication of the differences between the NNs, while C2X vs. C2XC had only one instance of falling into the positive rank.



Similar results were found for Lake Villarrica, where overall results again confirm that the NNs differ significantly in their performance (p-value < 0.05). The pattern is also similar in how the Wilcoxon signed-rank test delivers the results of this lake in comparison to the results in Lake Lanalhue. Here, C2RCC consistently produces higher estimations, while C2X produces lower values in comparison to C2XC. The results, however, show that a lower percent in positive ranks is achieved for C2RCC (82.4%) in comparison to C2X and C2XC in Lake Lanalhue, which reach 100% and 92.6%, respectively. The same occurs with C2X, which only reaches 3.70% in Lake Lanalhue and increments to 21.60% in Lake Villarrica. This shows that the NNs consistently produce values that fall in the order C2RCC > C2XC > C2X, which is coherent with the bias of all NNs in Lanalhue and Villarrica.





4. Discussion


4.1. Selection of the Correct NNs


In our study, C2XC provided superior results for both Lake Lanalhue and Lake Villarrica in estimating SD, highlighting the importance of the NNs’ original design and their IOPs ranges. First, both C2RCC and C2X were originally developed for coastal waters [23], suggesting that the optical signatures found in our lakes may be challenging for these NNs. In contrast, C2XC was specifically designed for darker inland waters [44], potentially making it more suitable for the lakes in our study. Furthermore, apig for C2X (0–51 m−1) is wider than that of C2XC (0–30.81 m−1), which initially seems counterintuitive to C2XC’s superior performance (Table 5). However, this suggests that the NNs are not solely determined by having the widest possible ranges; instead, the advantage likely stems from intermediate ranges across its IOPs, including adet and agelb. This is also supported by the nbias introduced in C2RCC and C2X in our results for Lake Lanalhue and Villarrica, where the narrower ranges of C2RCC cause overfitting, while the wider ranges of C2X consistently cause underfitting (Table 6 and Table 7). Thus, the width of IOP ranges may deviate from the actual solution of the inversion to IOPs, resulting in potentially less precise retrievals [49,50].



The btot also offers an understanding of the consistency of C2XC’s superiority in waters with higher trophic states. In comparison to C2RCC and C2X, which use bwit and bpart individually in their NNs, C2XC uses total scattering, an integrated approach. Since btot measures how particles affect light scattering in the water column, factors like sediments and/or blooms in eutrophic lakes might contribute to the complexity of the studied lakes. The wider range of btot (0–1000 m−1) introduced in the C2XC NN seems to be particularly favorable for SD values below 2.5 m (Figure 4). Our findings align with other studies that have found C2XC to be superior in estimating SD. For example, [51] reported better performance (r = 0.97) with C2XC when comparing kd_z90max products in the Ecuadorian high Andean Lake Colta. These results are particularly relevant as in situ data for this lake ranged from values between 1.50 and 2.70 m, which further supports the observed 2.50 m threshold in our results. Similarly, a study from Spain by [50] achieved better correlations with C2XC (r = 0.94) compared to C2RCC (r = 0.77) and C2X (r = 0.82), using an SD range (0.45–7.7 m), like our dataset for Lake Lanalhue. On the contrary, [52], who used LaSRC, developed a global SD model for Canadian lakes, report that the model only worked for SD values > 1 m, often resulting in overpredictions in eutrophic lakes. Given these results, this suggests that different lakes require different atmospheric corrections—or, in our case, NNs—based on their OWT or thresholds that can be related to trophic state. These results also highlight the importance of having in situ IOPs data for a better understanding of the optical properties within the water column and for future local tuning of remote sensing algorithms. This is particularly important in cases where both inter- and intra-lake variations occur, as observed in Lanalhue and Villarrica (Figure 4 and Figure 6). This necessity is further supported by the Wilcoxon signed-rank test conducted in our study, which confirms that each NN produces significantly different results (Table 9).




4.2. C2RCC-NNs and Lakes with Low Trophic Index


Our findings reveal that SD estimations show stronger correlations in eutrophic inland waters, with declining performance in lakes of lower trophic states. This pattern is evident across the studied lakes, in the order Lanalhue (eutrophic), Villarrica (oligo-mesotrophic), and Panguipulli (oligotrophic).



The inferior tendencies in lower trophic levels suggest an underrepresentation of OWTs (and consequently IOPs) within the datasets used for training the NNs. Studies have already noted scarce data availability for clear, very clear, sediment-laden and CDOM-rich waters [53,54]. These datasets also contain a low representativeness of lakes in the Southern Hemisphere, which are predominantly confined to Brazil and South Africa [42,55]. Therefore, bias might be introduced into validation, favoring certain OWTs [2]. Furthermore, an intercomparison study of atmospheric correction processors across different OWTs has shown that certain processors produce better outcomes depending on the OWTs. This study also expands upon the utility of atmospheric correction processors over different spectral bands, indicating that iCOR performs better in the 443 nm band in comparison to other processors, while C2X performs better in the red band (664 nm) [24]. Similar results were observed by [25] in several German lakes; however, this study found ACOLITE to perform better in the 443 nm band. This study also found that the performance of C2RCC improved when only considering meso- to eutrophic lakes. These findings underscore the importance of validating atmospheric correction methods, which apply not only to different OWTs or trophic states but also to the specific parameter that is being estimated. Therefore, an integrated approach that combines the strengths of various processors (or NNs in this case) might be more suitable for improving overall water quality estimations.



In response to these challenges, recent efforts have been made to compile more comprehensive global SD datasets, as seen in the works of [56] and [57]. Although these datasets still have limited representation of waters with low trophic states, they mark a significant step toward better global representation. Notably, newer approaches, such as the study by [58], have demonstrated promising results in clearer inland waters. Using a Random Forest algorithm, this study achieved an r = 0.74 and RMSE = 0.72 m. Despite utilizing a relatively small dataset (n = 125 measurements) for training and validation, the study showcases the potential of applying advanced algorithms even with limited data, including in low productivity lakes.





5. Conclusions


This study demonstrated the potential of the C2RCC-NNs to derive SD measurements in lakes with different trophic states. Our results show that C2XC outperforms in higher trophic levels, while challenges persist in accurately assessing lower trophic state categories. The intermediate IOP ranges in C2XC, and the use of btot, are particularly useful for SDs thresholds <2.5 m. This underscores the need for model-specific calibration of C2RCC-NNs, as lakes with different OWTs and trophic states may require tailored IOP training ranges for optimal performance.



Our results show that satellite imagery has the potential to significantly expand the scope of environmental monitoring of Chilean inland waters, and that this could be improved with more in situ understanding of the optical properties (apparent and inherent) of the water column. The use of these freely available products offers a valuable opportunity to monitor changes in lakes over time, suggesting that incorporating these techniques into national water management strategies could enhance the detection and management of water quality trends.



Further research should focus on identifying appropriate thresholds and developing an integrated NN approach to improve the accuracy and reliability of water quality estimations. Additionally, refining remote sensing methods and expanding monitoring coverage of IOPs is essential in underrepresented areas, particularly in the Global South. This could enhance current validation processes and, consequently, global models. Lastly, newly available SD datasets, in conjunction with machine learning algorithms, also offer promising solutions to improve existing models.
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Figure 1. Locations of Lake Lanalhue, Lake Villarrica, and Lake Panguipulli (circled in red) and their respective regions in Chile. 
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Figure 2. Validation dataset for Lakes Lanalhue (n = 27), Villarrica (n = 51), and Panguipulli (n = 21) categorized into hypereutrophic, eutrophic, mesotrophic, and oligotrophic ranges based on TSI calculations using SD. 
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Figure 3. Correlation between the in situ SD and the satellite-derived SD using C2RCC, C2X and C2XC for Lake Lanalhue. 
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Figure 4. Multitemporal maps of SD retrieval using C2RCC, C2X and C2XC in Lake Lanalhue. 
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Figure 5. Correlation between the in situ SD and the satellite-derived SD using C2RCC, C2X and C2XC for Lake Villarrica. 
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Figure 6. Multitemporal maps of Secchi depth retrieval using C2RCC, C2X and C2XC in Lake Villarrica. 
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Figure 7. Correlation between the in situ SD and the satellite-derived SD using C2RCC, C2X and C2XC for Lake Panguipulli. 
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Table 2. Description of the validation dataset and retrieval method for Lake Lanalhue, Villarrica and Panguipulli.
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Lake

	
Parameter *

	
Min

	
Max

	
Mean

	
Median

	
StdDev **






	
Lanalhue

(n = 32)

	
SD (m)

	
0.60

	
5.00

	
2.20

	
2.50

	
1.15




	
Tw (°C)

	
21.4

	
22.70

	
22.0

	
21.8

	
0.57




	
Villarrica

(n = 61)

	
SD (m)

	
3.50

	
11.00

	
6.43

	
7.00

	
2.02




	
Tw (°C)

	
15.60

	
25.00

	
21.60

	
21.90

	
1.92




	
Panguipulli

(n = 26)

	
SD (m)

	
6.50

	
16.83

	
11.92

	
12.00

	
1.98




	
Tw (°C)

	
17.62

	
23.08

	
20.20

	
20.18

	
1.89








* SD: Secchi depth; Tw: surface water temperature. ** StdDev: standard deviation.













 





Table 3. Ranges and classifications adapted from Carlson’s trophic state index with the associated SD values.
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Trophic Status

	
TSI Range

	
TSI

	
SD (m)






	
Oligotrophic

	
<30

	
0

	
64




	
10

	
32




	
20

	
16




	
30

	
8




	
Mesotrophic

	
30 < TSI < 60

	
40

	
4




	
50

	
2




	
60

	
1




	
Eutrophic

	
60 < TSI < 90

	
70

	
0.50




	
80

	
0.25




	
90

	
0.12




	
Hypereutrophic

	
90 < TSI < 100

	
100

	
0.06











 





Table 4. Overpass schedule of Sentinel 2A/2B constellation, product identification (ID), and the temporal offset (days) from monitoring campaigns.






Table 4. Overpass schedule of Sentinel 2A/2B constellation, product identification (ID), and the temporal offset (days) from monitoring campaigns.





	
Lake

	
Tile

	
Satellite

Overpass

	
Product ID

	
Temporal Offset (Days)






	
Lanalhue

	
T18HXD

	
13 February 2018

	
GS2A_20180213T143751_013821_N02.06

	
0




	
18 January 2022

	
GS2B_20220118T143719_025433_N03.01

	
0




	
22 February 2023

	
GS2B_20230222T143729_031153_N05.09

	
0, +1




	
Villarrica

	
T18HYB

	
25 February 2019

	
GS2A_20190225T142751_019212_N02.07

	
+1




	
28 February 2019

	
GS2A_20190225T142751_019212_N02.07

	
−1




	
9 February 2021

	
GS2B_20210209T142729_020528_N02.09

	
+1




	
1 March 2021

	
GS2B_20210301T142729_020814_N02.09

	
+1




	
4 March 2021

	
GS2B_20210304T143729_020857_N02.09

	
−1




	
13 January 2023

	
GS2B_20230113T143719_030581_N05.09

	
0




	
2 February 2023

	
GS2B_20230202T143729_030867_N05.09

	
0




	
24 January 2024

	
GS2A_20240123T143741_044852_N05.10

	
−1




	
Panguipulli

	
T18GYA/

T18HYB

	
2 December 2018

	
GS2B_20181202T142749_009088_N02.07

	
+1




	
31 January 2019

	
GS2B_20190131T142759_009946_N02.07

	
−1




	
24 February 2021

	
GS2A_20210224T142731_029651_N05.00

	
+1




	
6 November 2021

	
GS2B_20211106T142729_024389_N05.00

	
0, +1




	
11 March 2022

	
GS2A_20220311T142741_035085_N04.00

	
0, −1




	
18 January 2023

	
GS2A_20230118T143721_039561_N05.09

	
0











 





Table 5. Ranges of IOPs for training the NNs of C2RCC, C2X and C2XC, where apig is the pigment absorption, adet is the absorption of detritus, aCDOM is the colored dissolved organic matter, bwit is the scattering of white particles, and bpart is the sediment scattering [23,44].
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	Processor
	apig (m−1)
	adet (m−1)
	agelb (m−1)
	bwit (m−1)
	bpart (m−1)
	btot (m−1)





	C2RCC
	~0–5.3
	~0–5.9
	~0–1
	~0–60
	~0–60
	-



	C2X
	~0–51
	~0–60
	~0–60
	~0–590
	~0–590
	-



	C2XC
	~0–30.81
	~0–17
	~0–4.25
	-
	-
	~0–1000










 





Table 6. Accuracy assessment of SD retrieval for Lake Lanalhue using C2RCC, C2X and C2XC.
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	Net
	rs
	p-Value
	RMSE (m)
	nRMSE (%)
	MAE

(m)
	nMAE

(%)
	bias

(m)
	nbias

(%)





	C2RCC
	0.852
	<0.05
	1.383
	56.88
	0.913
	37.53
	0.897
	36.89



	C2X
	0.849
	<0.05
	1.054
	43.35
	0.894
	36.79
	−0.725
	−29.84



	C2XC
	0.889
	<0.05
	0.806
	33.13
	0.572
	23.51
	0.208
	8.57










 





Table 7. Accuracy assessment of SD retrieval for Lake Villarrica using C2RCC, C2X and C2XC.
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	Net
	rs
	p-Value
	RMSE (m)
	nRMSE (%)
	MAE

(m)
	nMAE

(%)
	bias

(m)
	nbias

(%)





	C2RCC
	0.739
	<0.05
	2.100
	32.98
	1.614
	25.36
	1.227
	19.27



	C2X
	0.49
	<0.05
	2.284
	35.87
	1.755
	27.56
	−1.024
	−16.08



	C2XC
	0.618
	<0.05
	1.571
	24.67
	1.3216
	20.67
	0.268
	4.21










 





Table 8. Accuracy assessment of SD for Lake Panguipulli using C2RCC, C2X and C2XC.
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	Net
	rs
	p-Value
	RMSE (m)
	RMSE (%)
	MAE

(m)
	MAE

(%)
	bias

(m)
	nbias

(%)





	C2RCC
	0.533
	0.013
	4.908
	40.67
	4.060
	33.64
	3.682
	30.51



	C2X
	−0.313
	0.167
	5.178
	42.90
	4.203
	34.82
	1.248
	10.34



	C2XC
	−0.408
	0.067
	4.596
	38.08
	3.995
	33.10
	−3.265
	−27.05










 





Table 9. Wilcoxon signed-rank test for C2RCC, C2X, and C2XC for Lake Lanalhue and Villarrica.
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Lake

	
Comparison

	
Positive Ranks

	
Negative Ranks

	
Z-Score

	
p-Value




	
n

	
Mean

	
Sum

	
n

	
Mean

	
Sum






	
Lanalhue

	
C2RCC vs.

C2X

	
27

	
14

	
378

	
0

	
0

	
0

	
−4.54

	
<0.05




	
C2RCC vs.

C2XC

	
25

	
15

	
373

	
2

	
2

	
5

	
−4.24

	
<0.05




	
C2X

vs. C2XC

	
1

	
8

	
8

	
26

	
15

	
370

	
15.00

	
<0.05




	
Villarrica

	
C2RCC vs.

C2X

	
42

	
29

	
1251

	
9

	
8

	
75

	
−4.71

	
<0.05




	
C2RCC vs.

C2XC

	
40

	
28

	
1140

	
11

	
17

	
186

	
−3.01

	
<0.05




	
C2X vs.

C2XC

	
11

	
10

	
110

	
40

	
30

	
1216

	
6.85

	
<0.05
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