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Abstract


The development of regional satellite bio-optical models for natural waters with high temporal and spatial variability, such as inland seas, reservoirs, and coastal ocean waters, requires the implementation of an intermediate measuring link in the chain, “water sampling—bio-optical models”, and this link must have certain intermediate characteristics. The most crucial of them are the high-precision measurements of the main water quality parameters, such as the concentration of chlorophyll a (Chl a), colored dissolved organic matter (CDOM), and total suspended sediments (TSS) in the upper water layer, together with a high operational rate and the ability to cover a large water area in a short time, which corresponds to a satellite overpass. A possible solution is to utilize laser-induced fluorescence (LIF) of water constituents measured by a marine LiDAR in situ with a high sampling rate from a high-speed vessel. This allows obtaining a large ground-truth dataset of the main water quality parameters simultaneously with the satellite overpass within the time interval determined by NASA protocols. This method was successfully applied to the oligotrophic Issyk-Kul Lake in Kyrgyzstan, where we obtained more than 4000 and 1000 matchups for the Chl a and TSS, respectively. New preliminary regional bio-optical models were developed on the basis of a one-day survey and tested for archive Sentinel-2A data for 2022. This approach can be applied for regular monitoring and further correction in accordance with seasonal variability. The obtained results, together with previously published similar studies for eutrophic coastal and productive inland waters, emphasize the applicability of the presented method for the development or adjustment of regional bio-optical models for water bodies of a wide trophic range.






Keywords:


Sentinel; LIF; LiDAR; chlorophyll; TSS; bio-optical models; ocean color; Issyk-Kul Lake












1. Introduction


Ocean color sensors are an indispensable tool for regular and global monitoring of any water, especially due to their high spatial resolution, global coverage, free availability, reliability, and good measurement repeatability. From year to year, different countries produce the latest sensors, which confirms the rapid growth and progress in this field of applied science. Sentinel-2/MSI and Sentinel-3/OLCI images are currently widely used for remote sensing of inland freshwater reservoirs [1,2,3,4]. Their spatial resolution and set of spectral bands are suitable for monitoring optically complex waters, including hypereutrophic ones. However, without exaggeration, dozens of other satellite instruments already operating and preparing to launch compete with them. All these missions face the same problem, namely, the refinement of the atmospheric correction algorithms as well as the improvement of existing or the development of new bio-optical models to obtain the main water quality parameters. The latter include, but are not limited to, the concentrations of chlorophyll a (Chl a), colored dissolved organic matter (CDOM), and total suspended sediments (TSS).



There are many bio-optical models for obtaining these parameters in the upper quasi-homogeneous water layer of lakes and inland seas. However, as previous studies, including ours, have shown, the models require validation due to systematic errors in productive waters [1,2,5,6].



This paper is devoted to the study of this issue for oligotrophic waters using the example of the high-altitude Issyk-Kul Lake in Kyrgyzstan, which today requires close attention. This lake (42.25°N, 77.15°E) is located between the Northern Tian Shan Mountains at an altitude of 1608 m. The lake is 182 km long and 60 km wide (Figure 1). The maximum depth is 686 m, ranking sixth in the list of the deepest lakes in the world. The lake is brackish, and the average water salinity is 5.9‰. The name of the lake, in translation from the Kyrgyz language, means “warm lake”, since the lake does not freeze in winter, even at negative temperatures of the continental climate. An attempt to explain this phenomenon was made in [7,8]. 118 rivers and streams flow into the lake, and not a single river flows out of it. The largest rivers are the Jyrgalang, Tup, and Karakol. All rivers significantly change the water transparency both in the mouth and coastal area, as well as in the open lake during the season of snowmelt or heavy rains. As a result, these areas have a high spatiotemporal variability of the water’s optical properties, and we will show this below.



Issyk-Kul Lake welcomes about a million tourists from all over the world every year. At the same time, the recreational potential of the lake is far from being exhausted, and there are plans to increase the tourist flow in the coming decades, which will inevitably lead to the growth of coastal development and pollution of the coastal areas. This poses a threat to the ecological state of the lake, which is aggravated by the presence of mining and chemical industries in the lake drainage basin. Cases of man-made disasters are already known [8]. At the same time, it should be noted that retrospective information on the ecological state of the lake is fragmentary [8]. Comprehensive studies of hydrophysics, hydrochemistry, hydro-optics, bathymetry, and methane release throughout the whole lake, including the large tributaries, were conducted jointly by scientists from Russia, Germany, and Kyrgyzstan in the period from 2014 to 2019 [7,9,10,11].



However, with a sufficient number of clear days throughout the year, the use of satellite data as a regular instrument for monitoring the water quality in the lake seems to be rational and effective. Moreover, the significant spatial scale of Issyk-Kul Lake makes it possible to use all satellite information with any spatial resolution. However, it is necessary to employ high-resolution satellite data, such as Sentinel-2/MSI, to study the effect of inflows. Although two satellites (A and B) were launched relatively recently (in 2015 and 2017), a whole series of studies aimed at examining their applicability for monitoring the water quality of inland waters, for example [1,3,4,12,13,14,15], have already been published.



Most existing bio-optical models were built using in situ data from several dozen stations under the assumption that the temporal variability of the optical properties of water is negligible. However, according to some papers, e.g., [16,17,18], it is difficult to consider this condition to be true, especially since its confirmation (or, conversely, refutation) is not given at all. In this context and in relation to regions with strong surface currents, remote sensing of the upper water layer by laser-induced fluorescence (LIF) LiDAR from a fast-moving vessel is an effective tool for collecting ground-truth data on water constituents simultaneously with the satellite overpass [6]. This layer makes the main contribution to the water-leaving signal registered by ship or satellite radiometers. Marine LIF LiDAR (Light Detection and Ranging) measures the main water quality parameters (Chl a, TSS, and CDOM) with a high sampling rate, excluding the effect of sampling on the accuracy of the final result and providing information on the average concentration of water constituents in a column of 0.5–5 m, depending on turbidity. The absolute error of TSS and Chl a in the case of using, for example, our UFL-9 LiDAR (see information below) does not exceed 10% and 16%, respectively [6,19]. As our experience shows, the mineral component of the suspended hydrosol, which makes the main contribution to the laser backscatter signal, is registered by LiDAR and also usually prevails in a mass of the total suspension. Therefore, hereafter, we use the term TSS to refer to the total suspended solids.



Fluorescence LiDARs have successfully been used over the past few decades by research teams from different countries. In recent years, these technologies have made a qualitative breakthrough due to the significant development of the instrument base and the accumulation of extensive experience in the use of marine LiDARs. For environmental monitoring and scientific research, fluorescent LiDARs are usually employed from ships or aircraft to measure the concentrations of Chl a and CDOM in different waters of the World Ocean: the Atlantic Ocean [10,20], the Black Sea [21,22], the Arctic Ocean [23,24], the Baltic Sea [25], the Southern Ocean [26], and the South China Sea [27]. There are also examples of LIF LiDAR used to measure suspension concentration in water [21,28,29]. For productive and turbid inland waters, such LiDARs are used much less frequently, but with the advent of smart and portable LiDARs, such studies are being carried out more often [30,31,32].



Due to the high compatibility of the spatial and temporal scales with satellite imaging, LIF LiDAR sensing is regularly employed to develop and validate satellite radiometric bio-optical models. For example, in [33], the LIF LiDAR measurements of Chl a were implemented simultaneously with SeaWiFS and MODIS satellites in the Antarctic, Pacific, and Indian Oceans. In [34], CDOM product data for SeaWiFS was calibrated by LiDAR data for the Antarctic Ocean. In [20], MODIS Terra data on Chl a concentration were verified using aviation fluorescence LiDAR in the Atlantic Ocean. In [35], Chl a LiDAR data in the Yellow Sea were compared with MODIS products. In [2], the LiDAR and MODIS Terra data of Chl a, CDOM, and TSS were compared for Lake Balaton in Hungary. In [31], measurements of Chl a and CDOM were conducted on Qiandao Lake (China) for MODIS. The results of the successful verification of Sentinel-2/MSI data to retrieve the concentration of Chl a and TSS in the highly productive Gorky Reservoir were published in [2]. Thus, all the above-mentioned studies show the advantages of using fluorescence marine LiDARs for the verification of satellite data for a wide range of water types. This paper continues our team’s research aimed at the development of bio-optical models for various inland waters, namely the high-altitude oligotrophic Issyk-Kul Lake of Kyrgyzstan. The water optical properties of the open part of the lake are similar to those of open ocean waters, with concentrations of Chl a significantly less than 1 µg/L and mineral-suspended matter less than 1 mg/L. However, in the estuarine areas, these values are significantly higher. The models presented in this paper, being the first approximation, serve as a starting point for regular monitoring of the water quality of Issyk-Kul Lake using high-resolution satellite data from Sentinel-2/MSI. To date, the relevant regional models have not been presented in the literature.




2. Materials and Methods


2.1. Study Region


In situ measurements were conducted on 16 July 2022, in the eastern part of the lake, which is subject to significant runoff from the large tributaries, such as the Tyup, Jergalan, and Karakol Rivers (Figure 2). The regions outside their mouths are characterized by complex bathymetry with depths of 1–30 m, sand bottoms, and clear water (Secchi depth is about 15–18 m); therefore, the bottom near the coastline is clearly visible on satellite images. For this reason, certain regions were excluded from consideration. However, one of the features of the lake is the presence of underwater canyons, i.e., palaeochannels of the Tyup and Jergalan Rivers, extending for a considerable distance from the mouths. These palaeochannels are 2–3 km wide and 60–90 m deep [10], which is many times greater than the Secchi depth (less than 5 m for this region). Therefore, the bottom is invisible here, and we trust the data from the ship and satellite sensor due to the considerable depth and lack of the bottom effect. Inside the mouths and upstream, the water was much more turbid, i.e., the Secchi depth reached 1 m or even less. Figure 3a–c provides images of typical examples of the regions under study.



The in situ measurements start at 08:12 local time (UTC+6) and end at 18:10 (UTC+6). The time of the satellite overpass was 11:36 (UTC+6). Measurements were performed with a light westerly wind of 3–4 m/s with its amplification up to 8 m/s at the moment of the satellite overpass. Measurements were performed from a thirteen-meter-long boat of the “Admiralteets” type, moving at a cruising speed of 4 m/s.




2.2. Field Measurements


Field measurements consisted of simultaneous LIF LiDAR and radiometric measurements from a moving motorboat in accordance with the approach [36,37] and water sampling for the LIF LiDAR calibration. The purpose of the LiDAR study was to obtain data on concentrations of Chl a and TSM in thousands of points throughout the studied region under the Sentinel-2/MSI overpass. LiDAR UFL-9 [30] was mounted onto the bow railing and oriented at an angle of 30° and 45° to the nadir and motion direction for sensing the undisturbed water column in front of the motorboat (Figure 4). By emitting an ultraviolet (355 nm) impulse twice per second, LiDAR UFL-9 registered the backward signals from the water column simultaneously at 8 wavelengths. In this paper, we considered time series only at two wavelengths of 355 nm and 685 nm, normalized by Raman scattering at 404 nm. The obtained signals describe TSS and Chl a distribution in Raman units along the motorboat path with a spatial resolution of 2 m. Their conversion into concentration units was performed after the expedition. For this purpose, we compared the fluorescence signals at the moment and at the water sampling site with the concentrations retrieved by the water samples in the laboratory. The samples were taken with a bucket from a stationary motorboat near the area sensing by LiDAR, then poured into plastic bottles with a volume of 5 land filtered through Whatman GF/F 0.7 μm pore filters. The collected filters were well-dried and transported to the laboratory. In the laboratory, the concentrations of Chl a and TSS were determined using the spectrophotometric method [38,39].



To cover the widest possible range of variability in the water optical properties, the samples were taken along the entire motorboat path at 35 points with different visual turbidity and/or by strong variations of online LiDAR signals. As a result, the following calibration matches were obtained (Figure 5):


   Chl   a = 0.2083     x   685     − 0.0012 ,     R   2    = 0.95 ,  



(1)






   TSS = 0.056    x 355      + 0.396 ,     R   2    = 0.98 ,  



(2)




where     x   685     and     x   355     are the LiDAR signals at 685 nm and 355 nm in Raman units, respectively, and     R   2     is the determination coefficient.



Radiometric measurements included above-water measurements of the directional upwelling radiance     L   u    , the sky radiance     L   r    , and the downwelling irradiance     E   d     using three Ocean Optics STS spectrometers with a spectral range of 400–750 nm, a spectral resolution of 1 nm, and a frequency of 1 Hz from a moving vessel. They were oriented to the water surface and relative to the Sun in accordance with the NASA protocol [40] for each straight-line course. After the course change, the spectrometers were rotated mechanically to get the correct angle with respect to the Sun. Paths with frequent tacking and turns were excluded from consideration.



The obtained time series of     L   u    ,     L   r    , and     E   d     were smoothed by the median filter. After that, the remote sensing reflectance     R   r s     was calculated for each measurement (for every second) similarly to Mobley [41]:


    R   r s   =     L   u   − ρ ·   L   r       E   d     ,  



(3)




where   ρ = 0.0256 + 0.00039 · w + 0.000034 ·   w   2    ,   w   is the wind speed. All     R   r s     falling into one pixel were averaged and the same for all pixels.




2.3. Sentinel-2/MSI Imagery and Image Processing


2.3.1. Match-Ups for Satellite Validation and Spatial-Temporal Variability within a Pixel


The Sentinel-2/MSI image, dated 16 July 2022, was downloaded from the website of the European Space Agency (https://scihub.copernicus.eu, accessed on 20 November 2022). Level-2 data with a spatial resolution of 10 m was used to calculate the water bio-optical parameters. The satellite overpass time was 11:36 a.m. local time (UTC+6). Some results of assessment of the Sentinel-2/MSI products accuracy are given in the Appendix A.



In just one working day, more than 47,000 LiDAR and 28,000 radiometric measurements were received (from 8:12 to 18:00 local time). In order to compare full-scale measurements with satellite data, the in situ data were filtered both by time (with allowance for the permissible time interval of ±3 h, according to NASA protocols, https://seabass.gsfc.nasa.gov/wiki/validation_description, accessed on 20 November 2022) and by the studied regions (see below).



Data filtering for Chl a and TSS was performed in several stages. First of all, radiometric and LiDAR data were synchronized since the LiDAR and spectrometers have different temporal resolutions, namely, 2 Hz and 1 Hz, respectively. Furthermore, both datasets were averaged within each satellite pixel. Depending on the direction and speed of the vessel, from 2 to 7 measurements fell into one pixel. As a result, a final dataset of in situ measurements (Chl-a, TSS, and Rrs) corresponding to about 7000 satellite pixels was obtained.



After that, we excluded from consideration those sections of the vessel’s path that correspond to shallow water (Figure 6). For this purpose, we use the B3 band (560 nm), where the bottom is clearly visible. As a result, 4111 synchronous pairs of satellite data and in situ measurements were accepted. In addition, in order to improve the results of estimating TSS concentration via satellite data, the authors decided to additionally reject outlier data. This rejection was carried out through the analysis of the linear correlation between TSS concentration measured by the LiDAR and the in situ remote sensing reflectance     R   r s     at a wavelength of 560 nm within a 95% confidence interval. Values not included in this interval were excluded from consideration. Such filtering made it possible to take into account the insufficient sensitivity of the MSI satellite sensor for the low-concentration regions, as well as errors in the Sentinel-2B/MSI Level 2 product atmospheric correction algorithm, which inevitably occur when using single-channel algorithms. The resulting dataset was then superimposed on the satellite image for additional data rejection using the linear correlation between the TSS concentration measured by the LiDAR and the spectral radiance coefficient at the bottom of the atmosphere     ρ   B O A     at the same wavelength of 560 nm (B3 band). As a result, 1071 pairs of in situ and satellite data were obtained to evaluate the TSS models and 4111 pairs for Chl a. All further data processing was performed using Python.



Figure 6a shows the division of the vessel path into zones: zone 1 (blue) corresponds to the region with outflows from the Jergalan River, which are highlighted in the satellite image; zone 2 (red) corresponds to the region with partial bottom influence, at the end of which the satellite overpass took place (marked with the satellite logo); zone 3 (green) corresponds to the region with pronounced optical influence of the bottom; zone 4 (purple) corresponds to the region with deep water zone and very low concentrations of Chl a and TSS; zone 5 (orange) and zone 6 (dark blue) were excluded from consideration due to non-compliance with NASA’s protocols on the permissible time interval for validation of satellite data. The authors added zone 7 (light green), which corresponds to the inflows of the Tyup River. Figure 6b,c demonstrate the results of filtering the data on the path and show the parts of the tracks that were used to develop regional models for Chl a (Figure 6b) and TSS (Figure 6c).




2.3.2. Accuracy Metrics


The model’s accuracy was estimated by the mean absolute percent error (MAPE), the mean absolute error (MAE), and the root-mean-square error (RMSE):


  M A P E =   1   N     ∑  i = 1   N      |   y   i   e s t   −   y   i   o b s   |     y   i   o b s     · 100 %   ,  



(4)






  M A E =   1   N     ∑  i = 1   N        y   i   e s t   −   y   i   o b s       ,  



(5)






  R M S E =    1   N     ∑  i = 1   N          y   i   e s t   −   y   i   o b s       2      ,  



(6)




where     y   i   e s t     and     y   i   o b s     are the estimated and in situ measured values, respectively, and   N   is the number of match-ups.






3. Results and Discussion


3.1. Statistics of Chl a and TSS Variations


The descriptive statistics of the considered datasets for Chl a and TSS are given in Table 1, where N is the number of pixels with averaged measurements inside, and Min, Max, and Mean are the minimum, maximum, and mean values of the arrays, respectively; Median is the median value, and STD is the standard deviation.



The resulting datasets for Chl a and TSS were randomly mixed (separately for each zone 1–7) and divided into two datasets: for calibration (~50%) and validation (~50%).




3.2. Reflectance Spectra


In order to control the quality of in-situ measured     R   r s    , in addition to visual analysis of in-situ radiometric radiances, where data with dramatic leaps were excluded from the analysis due to the sun glints or ship rotations, the Quality Water Index Polynomial (QWIP) score [42] was used in this work in order to remove low-quality Rrs. The QWIP’s approach allows for control of the quality of hyperspectral water-leaving reflectance in terms of its spectral shape. The approach is based on a polynomial relation describing a well-proportioned trend for the Apparent Visible Wavelength (AVW), which is calculated as the weighted harmonic mean of the reflectance spectrum across a range of wavelengths, to anticipate a Normalized Difference Index (NDI) for the wavelengths of 492 and 665 nm. Finally, the difference between the calculated and predicted NDI should be calculated in order to obtain the QWIP score. The data with QWIP scores that exceeded the prescribed deviation from the polynomial relation, namely +/− 0.2, were excluded from further analysis.



In Figure 7a, there are examples of hyperspectral in-situ measured     R   r s    , which were used for calibration and validation (passed QWIP quality control, QWIP score < |0.2|). Such spectra are typical for clear blue waters with high reflectance at shorter wavelengths and low reflectance for the NIR and red regions of the spectra. Chl a and TSS concentrations for such waters usually take values below 3 µg/L and 3 mg/L, respectively [43]. It can be seen that the obtained hyperspectral     R   r s     values correspond to the optical water properties of the high-altitude oligotrophic Issyk-Kul Lake. Additionally, the spectra excluded from the analyses (failed QWIP quality control, QWIP score > |0.2|) are shown in Figure 7b.




3.3. Chl a Model


The development of the regional bio-optical model for Chl a was performed using calibration (2057 measurements) and validation (2054 measurements) datasets. The descriptive statistics of these datasets are shown in Table 2.



Comparing the band ratios (B2/B3) and (B4/B5) for the matched Sentinel-2 data and in situ     R   r s    , the qualitative match was revealed for the blue-green bands; therefore, the OC2 algorithm (https://oceancolor.gsfc.nasa.gov/atbd/chlor_a/, accessed on 10 December 2022) calibrated by our data was employed for Chl a retrieval (Figure 8).



The validation result is a linear model with a high determination coefficient R2 = 0.94 and an error value MAPE = 32.46%. The analysis showed that the high MAPE corresponded to data from the 4th clear water zone, where low Chl a concentrations prevailed (<0.2 µg/L). These low concentrations are well measured by LiDAR due to their high sensitivity, but the same cannot be said about Sentinel-2, where the variability is not observed (except for random noise). Thus, this zone with minimal concentrations could be excluded from consideration, but it illustrates the physics of measurements and clearly demonstrates the limitations of active and passive means of remote sensing.




3.4. TSS Model


Similar to Chl a, calibration (536 measurements) and validation (535 measurements) datasets were also used for creating regional TSS models. The descriptive statistics of these datasets are shown in Table 3.



A linear model based on the B3 band (560 nm) was chosen for TSS, which showed the best results with R2 = 0.96, RMSE = 0.07 mg/L, and low MAPE = 6.07% (Figure 9).




3.5. Comparison of Conventional and Newly Developed Bio-Optical Models of Chl a and TSS


Having obtained qualitative results in the development of regional models for Chl a and TSS, we decided to compare how they differ from conventional models for each bio-optical parameter. We evaluated the accuracy of empirical models for Chl a based on the OC2 algorithm with coefficients for the OLI sensor, which are also applicable to MSI [44]:


    l o g   10   C h l   a =   a   0   +   ∑  i = 1   4      a   i   ·     l o g   10             R   r s     b l u e         R   r s     g r e e n         i    



(7)




where   a = [ 0.1977 ; − 1.8117 ; 1.9742 ; − 2.5635 ; − 0.7218 ]  .



For TSS, we evaluated the accuracy of the algorithm developed by Nechad [45], which is widely employed around the world due to its ability to adapt to different sensors and spectral bands [46]. It is based on the use of a single spectral band in the range from red to NIR (in our case, 665 nm) and is described by the equation


  T S S =     A   p     λ   ·   ρ   w   ( λ )   1 −       ρ   w   ( λ )     C   p   ( λ )     ,  



(8)




where     ρ   w   ( λ )   is the water-leaving reflectance in the red or NIR band,     A   p     λ     and     C   p   ( λ )   are the sensor-specific coefficients calibrated for OLI and MSI (https://odnature.naturalsciences.be/remsem/acolite-forum, accessed on 20 December 2022) and equal to 342.10 and 0.19563, respectively. The obtained results are presented in Figure 10. It can be seen that the OC2 algorithm with NASA standard coefficients overestimates in situ Chl a concentrations by more than 3 times, while the Nechad algorithm for TSS also overestimates concentrations by a factor of 2–6.




3.6. Chl a and TSS Mapping Using LIF LiDAR Data


In addition to satellite models, we also considered LiDAR maps of the spatial distribution of Chl a and TSS (Figure 11). In the central part of the lake, the concentrations of Chl a and TSS did not exceed 1 µg/L and 1.2 mg/L, respectively, which confirms the oligotrophic status of the lake. At the same time, inside the river mouths, the values of Chl a and TSS reached 2 µg/L and 10 mg/L, respectively, demonstrating an excess of lake values by almost an order of magnitude for TSS and several times for Chl a.



Obviously, in order to obtain more relevant studies in the shore zone under the satellite overpass, it is advisable to use a faster vessel, reduce the time interval between the satellite overpass and in situ measurements, and increase the ship exploration area as much as possible to collect data with a wide range of variability. The above-mentioned errors can partly be explained by the rapid variability of the water quality parameters, primarily due to wind forcing. Figure 12 and Figure 13 show significant changes in the concentrations of Chl a and TSS in the estuarine region of the Jergalan River for several hours under the influence of increasing wind, both for the day of measurement and for the next one.




3.7. Chl a and TSS Mapping Using Sentinel-2 Data


The obtained regional models for Chl a and TSS were used for a preliminary assessment of the temporal variability of these parameters in the lake and tributaries during the year. No such studies had been carried out for Issyk-Kul Lake before. However, it is important to establish the characteristic ranges of variability as well as to determine the regions and dates of their manifestation. Such information is necessary not only to describe the lake dynamics but also to plan the next expeditions to develop new bio-optical models and refine the proposed ones.



For this purpose, we downloaded and analyzed 46 Sentintel-2 images of the study region from 1 January to 31 December 2022. Twelve of them, as illustrative images, are shown in Table 4. In the period from January to March, the main part of the studied region, including river mouths, was characterized by clear water (Table 4, images a–c). On some windy days, areas with an increased concentration of Chl a (4.6 µg/L) and TSS (2.8 mg/L) were observed along the northern coast in a narrow strip (about 1.1–1.2 km) and in shallow water near the mouth of the Jergalan River (Table 4, image b). The runoff of the Tyup and Jergalan Rivers appeared with the snow melting in the first week of April (Table 4, image d). The maximum runoff occurred in mid-April (Table 4, image e). The concentrations of TSS at the mouth of the Tyup River reached 4.0 mg/L, and in Jergalan, 3.1 mg/L, which was about 3–4 times higher than the winter background values. These inflows had manifestations as waters with increased turbidity along the entire northern shore in a much wider strip of 4 km than in the case of wind waves. The weakening of both rivers occurred during the month until the end of May (Table 4, image f). From that point, no notable variations in TSS concentrations in the Tyup River were observed until the end of the year. The behavior of the mouth of the Jergalan River and the southwest shore differed. On the one hand, the quasi-stable flow of the Jergalan River took place until the beginning of October, with a slight increase in rainfall days. On the other hand, a periodic runoff of small rivers with origins in the higher mountains, for example, the Irdyk and Karakol Rivers, as well as the Jeta-Oguz River south of the mouth of the Jergalan River (Table 4, images g, h) takes place. A relatively regular manifestation of these runoffs was observed in the first half of summer due to the snow melting in the mountains. Later, these runoffs and the behavior of the Jergalan River correlated with rainy days. By November, the contribution of all rivers was leveled, and areas with increased turbidity were absent, as at the beginning of winter, which was discussed above. At the same time, in the period from November to December, there were days of very strong and continuous northern winds (about 20–30 m/s). Table 4, images j and k show examples of shore erosion by intense waves and the transfer of water masses with a high concentration of TSS (up to 2.4 mg/L) to the central part of the considered water area, where they were not previously observed throughout the year.



In addition to the RGB-composite images of the lake, the right column in Table 4 contains the distribution of Chl a and TSS in weight units, reconstructed according to the proposed bio-optical models. The shallow water zone is camouflaged. For this, the following assumption was used. The satellite ocean color sensors can only sense a water column up to one optical depth [47]. One optical depth is the depth where the total irradiance is about 37% of the total surface irradiance, and for clear waters, it does not exceed 50 m, while it can be equal to a few centimeters for muddy waters. If the depth of the lake in shallow water becomes less than the optical depth, the satellite sensor can detect the bottom.



Therefore, it was decided to exclude shallow areas from mapping. For this purpose, we selected the image with visually clear waters across all areas in the studied region (it was the image dated 13 November 2022, in Table 4) and considered the green band B3 (560 nm) in SNAP software. Furthermore, in terms of radiance, we analyzed where the bottom relief in the shore area of the lake was visible and applied a mask to it. Due to the different turbidity conditions of the water on different days, the bottom mask for each image was selected separately; thus, the radiance limits were different depending on the satellite overpass date.



Based on the obtained results (Table 4), it is possible to observe maxima of Chl a and TSS concentrations everywhere in the studied region. Depending on the time of year, the concentrations varied, i.e., maximum values for the spring and summer months were more than 6 µg/L for Chl a and more than 3 mg/L for TSS, where maximum values in late autumn and winter were 2.2 µg/L for Chl a and 2.0 mg/L for TSS. It is worth noting that in the summer, bright blooms were observed in satellite images, especially in the area of the Jergalan River, which excludes the effect of shallow water on the signals recorded by optical scanners. The detailed information regarding the concentrations of Chl a and TSS for all the mentioned dates is shown in Table 5.





4. Conclusions


Based on one day of in situ measurements, we conclude that the methodology proposed by our team for the development of regional bio-optical models and algorithms for interpreting satellite data on the watercolor has good applicability not only for eutrophic waters (as shown before) but also for oligotrophic waters.



Measurements using LiDAR from a moving vessel make it possible to obtain about 15,000 measurements near the time of the satellite overpass (within ±1 h). This is the main advantage of this approach compared to station measurements. This allows, on the one hand, studying the spatiotemporal variability of the optically active components of natural water and, on the other hand, measuring bio-optical properties in wide (close to natural distribution) ranges over large areas. A large number of measurements allow filtering out some of them without significant damage to the accuracy of the calibration of bio-optical models, for example, in cases of cloudiness in the measurement area or incorrect data. If measurements were traditionally made at stations, such data would simply be lost. To develop a bio-optical model based on measurements at the stations, dozens of expeditions are required to collect a comparable number of ground truth data points. In the case of measurements from a moving vessel, the number of comparison pairs (    R   r s     via the concentration of the water constituents) is large enough to calibrate and validate bio-optical algorithms with high accuracy, even for one satellite image (one expedition day). Of course, there is also a negative point, i.e., the temporal variability of characteristics is not taken into account. Besides, our goal was to demonstrate the novel measurement technique and the capability of its application for monitoring a distinct oligotrophic water body for its further development and improvement. Creating all-season models, which also take into account various climatic and regional features of the lake and are verified for its different regions, requires a series of one-day but repetitive subsatellite experiments in the important parts of the lake (if it is large enough) at different times of the year under different weather conditions (first of all, at a different intensity of water inflows). This will make it possible to draw a reasonable conclusion about the suitability and universality of the new regional models for relevant and operational environmental satellite monitoring. At the same time, there is the possibility of retrospective analysis of archival satellite measurement data, as well as a theoretical transition from modern color scanners to the earliest, such as MODIS and SeaWiFS. For this purpose, it is necessary to use periods of simultaneous overpasses by different satellite ocean color sensors, which will enable one to analyze the full-time array of satellite data for the studied water region.



The proposed methodology and instrumentation provide an opportunity to develop and validate new regional satellite bio-optical models for future satellite missions, more and more of which are being put into operation every year. However, first of all, it is necessary to organize a full-fledged scientific study on the inter-seasonal study of Lake Issyk-Kul using the proposed method to establish regular environmental monitoring of this unique natural object.
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Appendix A


This section provides some results of the accuracy assessment of Sentinel-2/MSI Level-2 radiance products (https://scihub.copernicus.eu, accessed on 20 November 2022). Figure A1 shows the time series of     R   r s     on 490 nm and 560 nm bands, which were used to develop bio-optical models. Scatterplots for     R   r s     are given in Figure A2. Some accuracy metrics for satellite     R   r s     (slope, intercept, Pearson coefficient (R), bias, RMSE, MAPE) are given in Table A1.



Several conclusions can be drawn. First, the accuracy of atmospheric correction (Sen2Cor) varies for different spectral bands. Second, there is a high correlation between the satellite and measured reflectances in the blue, green, and red range (Pearson coefficient 0.81–0.98). At the red range and the NIR (705 and 740 nm) bands, the correlation significantly worsens. Third, the presence of linearity between satellite and measured reflectances on 490 and 560 nm bands allows us to use them for the development of bio-optical algorithms.
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Figure A1. Remote-sensing reflectance on bands 490 nm (a) and 560 nm (b). Blue lines are measured reflectance, orange ones—satellite retrieved reflectance. 
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Figure A2. Satellite retrieved remote-sensing reflectance (y-axes) against measured remote-sensing reflectance (x-axes) for different spectral bands. 
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The low accuracy of the satellite     R   r s     retrieved using Sen2Cor in the red and NIR bands (3–5 times higher than the measured     R   r s    ) is probably due to the lack of correction for sun glint and adjacency effects (which are strongly manifested in the red region of the spectrum). To obtain more accurate values, it is necessary to use an AC algorithm that takes into account these effects more accurately.





 





Table A1. Accuracy metrics.
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	Metrics/Wavelength
	440
	490
	560
	665
	705
	740



	Slope
	1.2444
	0.899
	0.7693
	0.3461
	0.2487
	0.1413



	Intercept
	−0.0058
	0.0026
	0.0041
	0.0036
	0.0038
	0.0041



	R
	0.949
	0.96
	0.981
	0.814
	0.707
	0.422



	RMSE
	0.0036
	0.0026
	0.0039
	0.003
	0.0029
	0.0029



	bias
	0.0024
	−0.0009
	−0.0018
	0.0008
	0.0012
	0.0016



	MAPE
	7.0
	6.0
	10.9
	225.1
	270.5
	368.6
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Figure 1. Issyk-Kul Lake: (a) location on the world map (NASA “Blue Marble” image (https://visibleearth.nasa.gov/collection/1484/blue-marble, accessed on 1 August 2023) and (b) the satellite RGB-composite image (Sentinel-3B, accessed on 17 July 2022). 
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Figure 2. Map of Issyk-Kul Lake (https://matplotlib.org/basemap/, accessed on 20 December 2022) with schematized bathymetry contours of 200, 300, 400, and 500 m [7]. The red dots denote the deepest areas. The green dashed lines in the eastern part of the lake indicate the palaeochanels of the Jyrgalan and Tyup Rivers. The dark blue line in the eastern part of the lake is a ship path. 
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Figure 3. Photos of the studied region from a motorboat: (a) highly turbid waters of Jyrgalan River, (b) Tyup River, and (c) clean waters of the open lake between Jyrgalan and Tyup mouths. 
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Figure 4. The ultraviolet fluorescence LiDAR UFL-9 on the motorboat. 
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Figure 5. Results of comparison of LiDAR signals at stations and water samples analyzed in the laboratory according to concentrations of (a) Chl a and (b) TSS. Black lines correspond to the best calibration matches (1) and (2), respectively. 
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Figure 6. The RGB-composite image of Issyk-Kul Lake: (a) basic map with the motorboat path divided into water zones with river outflows (blue (1), dark blue (6), and light green (7) colors), shore water zones (red (2), green (3), and orange (5) colors), and zone with deep water (purple (4) color), yellow dots represent stations, (b) map with filtered data for Chl a estimation, and (c) map with filtered data for TSS estimation. The white satellite logo represents the moment of the Sentinel-2A overpass (11:36 a.m. local time (UTC+6)). 
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Figure 7. Examples of     R   r s     spectra measured in Lake Issyk-Kul on 16 July 2022: (a) spectra included in the temporal-synchronous dataset for calibration /validation of Chl a and TSS models; and (b) spectra excluded from the analysis. 
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Figure 8. Results of (a) calibration (N = 2057) and (b) validation (N = 2054) of OC2 algorithm with coefficients a = [−0.3103; −2.3868; −3.7861; 17.8521; −13.8532] for Chl a in Issyk-Kul Lake. The colors of the dots correspond to the zones shown in Figure 6. 
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Figure 9. Results of (a) calibration (N = 536) and (b) validation (N = 535) of linear B3 algorithm (TSS = 22.02⋅B3 + 0.41) for TSS in Issyk-Kul Lake. The dashed line represents the 1:1 line. 
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Figure 10. Results of the comparison of (a) NASA OC2 standard algorithm for Chl a and (b) Nechad algorithm for TSS in Issyk-Kul Lake. 
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Figure 11. Spatial distribution of (a) Chl a and (b) TSS in Issyk-Kul Lake on 16 July 2022 obtained by LiDAR. 
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Figure 12. Spatial distribution of Chl a in Issyk-Kul Lake on the start and end tracks on (a) 16 July 2022 (from 8:50 to 09:50), and (b) 17 July 2022 (from 17:00 to 18:00). 
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Figure 13. Spatial distribution of TSS in Issyk-Kul Lake on the start and end tracks on (a) 16 July 2022 (from 08:50 to 09:50), and (b) 17 July 2022 (from 17:00 to 18:00). 
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Table 1. Statistics of Chl a and TSS concentrations measured on 16 July 2022.
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	Parameter
	N
	Min
	Max
	Mean
	Median
	STD





	Chl a (µg/L)
	4111
	0.032
	0.952
	0.328
	0.293
	0.201



	TSS (mg/L)
	1071
	0.707
	2.133
	1.155
	1.012
	0.324










 





Table 2. Statistics describing the concentrations of Chl a (µg/L) of the calibration and validation dataset.






Table 2. Statistics describing the concentrations of Chl a (µg/L) of the calibration and validation dataset.





	Dataset
	N
	Min
	Max
	Mean
	Median
	STD





	Calibration
	2057
	0.036
	0.952
	0.328
	0.293
	0.202



	Validation
	2054
	0.032
	0.864
	0.327
	0.291
	0.199



	All
	4111
	0.032
	0.952
	0.328
	0.292
	0.201










 





Table 3. Statistics describing TSS concentrations (mg/L) of the calibration and validation dataset.






Table 3. Statistics describing TSS concentrations (mg/L) of the calibration and validation dataset.





	Dataset
	N
	Min
	Max
	Mean
	Median
	STD





	Calibration
	536
	0.707
	2.131
	1.154
	1.010
	0.324



	Validation
	535
	0.712
	2.133
	1.155
	1.012
	0.323



	All
	1071
	0.707
	2.133
	1.155
	1.012
	0.324










 





Table 4. RGB-composition of the Sentinel-2/MS images (left column) and spatial distribution of Chl a (center column) and TSS (right column) in Issyk-Kul Lake, obtained using the proposed regional bio-optical models.






Table 4. RGB-composition of the Sentinel-2/MS images (left column) and spatial distribution of Chl a (center column) and TSS (right column) in Issyk-Kul Lake, obtained using the proposed regional bio-optical models.





	
Sentinel-2 Image

	
Chl a Maps

	
TSS Maps






	
[image: Remotesensing 15 04443 i001]




	
[image: Remotesensing 15 04443 i002]











 





Table 5. Sub-annual variations of Chl a and TSS concentrations in 2022 obtained using the presented regional bio-optical models.






Table 5. Sub-annual variations of Chl a and TSS concentrations in 2022 obtained using the presented regional bio-optical models.





	Image
	Date
	Max Chl a (µg/L)
	Min Chl a

(µg/L)
	Max TSS (mg/L)
	Min TSS

(mg/L)





	a
	12 January 2022
	2.2
	0.01
	2.2
	0.11



	b
	11 February 2022
	3.5
	0.01
	2.8
	0.11



	c
	28 March 2022
	5.0
	0.01
	2.1
	0.12



	d
	7 April 2022
	6.5
	0.01
	3.6
	0.10



	e
	17 April 2022
	6.6
	0.01
	4.0
	0.11



	f
	27 May 2022
	6.6
	0.01
	3.4
	0.10



	g
	16 July 2022
	6.2
	0.01
	3.6
	0.12



	h
	20 August 2022
	6.2
	0.02
	3.2
	0.11



	i
	13 November 2022
	2.2
	0.01
	2.1
	0.10



	j
	18 November 2022
	2.3
	0.02
	2.4
	0.10



	k
	28 November 2022
	2.4
	0.01
	2.0
	0.11



	l
	3 December 2022
	2.3
	0.01
	2.2
	0.11
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