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Abstract: Inland waters play a critical role in our drinking water supply. Additionally, they are
important providers of food and recreation possibilities. Inland waters are known to be optically
complex and more diverse than marine or ocean waters. The optical properties of natural waters are
influenced by three different and independent sources: phytoplankton, suspended matter, and colored
dissolved organic matter. Thus, the remote sensing of these waters is more challenging. Different
types of waters need different approaches to obtain correct water quality products; therefore, the first
step in remote sensing of lakes should be the classification of the water types. The classification of
optical water types (OWTs) is based on the differences in the reflectance spectra of the lake water.
This classification groups lake and coastal waters into five optical classes: Clear, Moderate, Turbid,
Very Turbid, and Brown. We studied the OWTs in three different Latvian lakes: Burtnieks, Lubans,
and Razna, and in a large Estonian lake, Lake Võrtsjärv. The primary goal of this study was a
comparison of two different Copernicus optical instrument data for optical classification in lakes:
Ocean and Land Color Instrument (OLCI) on Sentinel-3 and Multispectral Instrument (MSI) on
Sentinel-2. We found that both satellite OWT classifications in lakes were comparable (R2 = 0.74).
We were also able to study the spatial and temporal changes in the OWTs of the study lakes during
2017. The comparison between two satellites was carried out to understand if the classification of
the OWTs with both satellites is compatible. Our results could give us not only a better overview of
the changes in the lake water by studying the temporal and spatial variability of the OWTs, but also
possibly better retrieval of Level 2 satellite products when using OWT guided approach.
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1. Introduction

The remote sensing of inland waters is getting more attention, because traditional in-situ methods
cannot monitor lakes with the temporal and spatial frequency demands in the European Union Water
Framework Directive (WFD) [1]. Inland waters are known to be optically complex and more diverse
than marine or ocean waters. Therefore, the remote sensing of these waters is more challenging.
To obtain correct water quality products, the first step in remote sensing of lakes could be the
classification of the water types because lake optical properties can vary in time and space, depending
on the changes in weather, biological composition, and physical attributes. Thus, one method for all
lakes or even in the same lake might not work well [2–4]. This approach has been practiced in sea
water [5–9], and it is also a recent trend in inland waters [10–16].
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Lakes can be categorized based on their richness in nutrients, which together with available
light typically affect vegetation and phytoplankton growth [17]. In the case of a shallow lake, light
reaches to the bottom and photosynthesis can occur in the entire water column. The nutrients (e.g.,
phosphate, nitrate, and sulphate) are used for growth. If the nutrients are in the dark, they cannot be
used. Thus, in addition to the nutrient based classification, it is important to know the depth of the
lake. Nutrient-poor lakes are considered as oligotrophic, and they generally have clear water, having
a low concentration of phytoplankton. Mesotrophic lakes have good clarity and an average level of
nutrients. Eutrophic lakes are rich with nutrients, resulting in high concentrations of phytoplankton
and possible algal blooms. Lastly, a lake is considered hypertrophic if the water is excessively enriched
with nutrients. Lakes typically reach this condition due to human activities, such as heavy use of
fertilizers in the lake catchment area. Such lakes are of little use to humans and have a poor ecosystem
due to decreased dissolved oxygen. Most oligotrophic lakes are deep and eutrophic lakes are typically
shallow [17].

Lake optical properties can vary in time and space, depending on the changes in weather, biological
composition, and physical attributes [18]. For lakes in the northern hemisphere, it is typical to have
spring blooms after ice-melt and a rise in water temperature [17]. Warm summers cause even more
intensive blooms that can last for weeks. Most often, not only the biomass of phytoplankton is changing,
but also the composition of its dominant species. Sometimes toxic cyanobacteria can occur, which can
be harmful to humans or other animals using the lake water. Cyanobacteria become dominant due
to an ability to use nitrogen from the air when all nitrogen from the water has been used up. Hence,
the detection of cyanobacteria blooms is gaining more importance [19].

Remote sensing of inland waters has specific requirements of satellite instrument spatial and
spectral resolution [3]. For example, the spatial resolution must be high enough to exclude the coastal
area of the lake, but due to often very irregular shapes of lakes, this can be challenging. Another
very important aspect in optical water research is the existence of suitable bands. In the European
Space Agency Earth Observation program Copernicus [20], among others, two different missions
have launched that are suitable for the study of inland waters: Sentinel-2 [21–24] and Sentinel-3
missions [25].

The Sentinel-2 mission is a land monitoring constellation of two satellites (A and B, launched in
2015 and 2017, respectively) that are equipped with the state-of-the-art Multispectral Instrument (MSI),
which offers high-resolution optical imagery: 10 m, 20 m, and 60 m spatial resolution, depending on
the spectral band. MSI samples in 13 spectral bands. This mission provides global coverage of the
Earth’s land surface every 10 days with one satellite and 5 days with 2 satellites, making the data of
great use in on-going studies [26].

Sentinel-3 is primarily an ocean mission; however, the mission is also able to provide atmospheric
and land applications. This is, similar to Sentinel-2, a constellation of two satellites (A and B, launched
2016 and 2018, respectively). Sentinel-3 is equipped with a medium resolution (300 m) Ocean and
Land Color Instrument (OLCI) for marine research (21 spectral bands) that provides global coverage
every two days [26].

Both satellites have their advantages and disadvantages for inland water monitoring. Sentinel-3
has been built to monitor waters, but its low spatial resolution limits the research to only the largest
lakes. Although Sentinel-2 has suitable spatial resolution for inland waters, it lacks some of the bands
of critical wavelengths that Sentinel-3 has, such as the chlorophyll-a (chl-a) absorption peak at 685 nm.

Compared with traditional in-situ monitoring methods, the use of satellite data gives advantages
of good temporal coverage, spatial coverage over the entire lake, a large view over the region, and
access to past conditions. Depending on the socio–economic importance of the given lake, traditional
in-situ measurements can vary from once per month to once every five years, while remote sensing
data can have up to a daily frequency. Spatial coverage can play an important role in determining
the quality of the lake water in the entire lake, since just one or a couple of sample points might not
describe the entire lake and can miss important bloom events in the lake.
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The primary goal of this study was to investigate if Sentinel-2 and -3 give compatible results in
determining the optical water types (OWTs). In the current work, the Uudeberg et al. [16] classification
of OWTs was used because it was based on boreal region lakes, which corresponds to our study lakes.
This classification has all the OWTs of this region, including brown waters, that might be missing in
other similar classifications. Additionally, the aim was to discover the spatial and temporal differences
of lake OWTs in Latvia and Estonia during 2017.

2. Materials and Methods

2.1. Study Sites

We studied four optically different northern-boreal lakes: three of them are in Latvia and one is
in Estonia.

2.1.1. Lake Burtnieks

Lake Burtnieks, the fourth biggest lake (40.2 km2) in Latvia, is situated in the Northern part of
Latvia, 47 m above sea level. The shallow (average depth 2.4 m, max depth 4.3 m) lake has an oval
shape with a max width of 5.5 km. The banks are shallow and sandy, but along the southern coast,
waves have carved sandstone cliffs [27]. According to the Latvian lake monitoring database, Lake
Burtnieks is classified as a shallow brown water lake with high water hardness. Monitoring results
from 2002 to 2017 [28] showed chl-a values in the range of 1.2–321.3 mg m–3 with a median value of
32.3 mg m–3. The transparency was measured with the Secchi disk in range of 0.2–2.1 m with a median
value of 0.6 m.

2.1.2. Lake Lubans

Lake Lubans lies in the center of the Eastern Latvian Lowland. It is a shallow (average depth
1.6 m, max depth 3.5 m) drainage lake. After damaging spring floods in 1926, several dams and ditches
were constructed. The elevation of the lake is allowed to fluctuate between approximately 90 and 93 m
above sea level. At an elevation of 90.75 m, the lake has an area of 25 km2, increasing to about 100 km2

at 92.75 m. In that stage, it is considered to be the biggest lake in Latvia. Lake Lubans is surrounded by
wetlands (area 813 km2). It is a unique natural formation of European and global importance with
an important role in the preservation of many protected species and biotopes; 225 bird species have
been recorded in the lake surroundings, of which 51 are enlisted among the most protected species in
Latvia [27]. According to the Latvian lake monitoring database, Lake Lubans is classified as a very
shallow clear water lake with high water hardness. Monitoring results from 2006 to 2014 [28] showed
chl-a values in the range of 6.1–83.9 mg m–3 with a median value of 18.4 mg m–3. The transparency
measured with the Secchi disk was in range of 0.4–1.6 m with a median value of 0.8 m.

2.1.3. Lake Razna

Lake Razna (57.6 km2) is often called the sea of Latgale (average depth 7 m, max depth 17 m).
It is the second biggest lake in Latvia by area and largest by water volume (0.46 m3). Lake Razna
is situated on the Raznava hill. The level of the water reaches 163.8 m above sea level. The lake is
rich with 27 various fish species. Lake Razna is included in Razna National park (created in 2006),
which is included in the European Union network of protected areas NATURA 2000 [27]. According
to the Latvian lake monitoring database, Lake Razna is classified as a shallow clear water lake with
high water hardness. Monitoring results from 2002 to 2017 [28] showed chl-a values in the range of
0.4–34.5 mg m–3 with a median value of 2.6 mg m–3. The transparency measured with the Secchi disk
was in range of 1.7–9.0 m with a median value of 3.8 m.
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2.1.4. Lake Võrtsjärv

Lake Võrtsjärv is a large lake (270 km2, water volume 0.8 km3), and it is the second largest
lake in Estonia. The shallow (average depth 2.7 m, max depth 6 m) lake is 33.7 m above sea level.
Lake Võrtsjärv is considered a hard-water eutrophic lake [29]. Its water is optically turbid and the
underwater light climate is very strongly affected by the lake’s water level and ice conditions [30].
Transparency measured with the Secchi disk is in the range of 0.3–1.6 m and chl-a varies from 20 to
102 mg m–3 [31]. Its catchment area (3100 km2) makes up about 7% of Estonian territory and, thus,
contributes significantly to the Estonian natural CO2 budget. A specific feature of Lake Võrtsjärv is the
large natural climate-related variability of the water level, which causes up to a 3-fold difference of its
water volume [32].

2.2. Satellite Data

The cloud-free or partially cloud free MSI on Sentinel-2A (Sentinel-2) (10–60 m pixel size) Level 1
images were downloaded from Copernicus Open Access Hub [33]. OLCI on Sentinel-3A (Sentinel-3)
full resolution (300 × 300 m pixel size) Level 1 images were downloaded from Copernicus Online
Data Access [34]. Altogether, 152 cloud free Sentinel-3 scenes for the four lakes were processed for the
ice-free period in 2017, and 45 cloud free Sentinel-2 scenes were found.

Pre-processing of the images was carried out with a scientific image processing toolbox called
the Sentinel Application Platform (SNAP v 6.0) developed by Brockmann Consult, Array Systems
Computing and C-S [35]. The processing of Sentinel-2 images contains four steps: resampling all bands
to 20 m resolution; sub-setting the case study lake from the entire scene; applying the multi-sensor
pixel identification tool (IdePix), which classifies each pixel as water or land, and cloud-free or not,
and identifies the type of the clouds and determines the cloud shadows; the “clearwater” mask was
used, where only water pixels are included, that do not have any type of cloud, cloud shadow or
aquatic vegetation flags raised; and images were processed with the Case-2 Regional CoastColor
(C2RCC) [36] processor for atmospheric correction and retrieval of water leaving reflectance spectra.
C2RCC was suggested by Ansper and Alikas [22] who tested many different atmospheric correction
processors. The temperature was modified according to the average water temperature in Estonian
and Latvian Lakes (Table 1). Salinity was set always to 0.1 PSU.

Table 1. The water temperature (T) values used in processing of the Sentinel-2 and Sentinel-3
images with the Case-2 Regional CoastColor (C2RCC) atmospheric correction processor depending on
the month.

Month Mar Apr May Jun Jul Aug Sep Oct Nov

T in ◦C 4 7.5 15 17.5 20 20 15 7.5 4

Sentinel-3 image processing involved three steps: sub-setting the image to the desired size;
applying the IdePix tool and creating a “clear water mask”, because IdePix is not generating this
automatically for Sentinel-3; in addition, opposite to Sentinel-2, IdePix tool do not have cirrus cloud or
aquatic vegetation risk flagging for Sentinel-3, that should kept in mind to avoid false interpretations of
the results; merging the IdePix flags onto the original Level 1 image, because with Sentinel-3 the IdePix
product has no original radiance bands included; and applying the C2RCC processor for atmospheric
correction and retrieval of reflectance spectra. The temperature was again modified according to the
average water temperature in Estonian and Latvian Lakes (Table 1), and salinity was set always to
0.1 PSU.

2.3. Classification of Optical Water Type (OWT)

The method by Uudeberg et al. [16] was applied for classification of OWTs. It divides inland
and coastal water of boreal region into five OWTs based on reflectance spectrum key features, such
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as spectra maximum location, slopes, and amplitude (Figure 1). Each OWT is linked with a specific
bio-optical condition. Clear OWT is associated with the highest water transparency and the lowest
optically active substance concentrations. In Moderate OWT, all these concentrations are higher, but
none of them dominate. In Turbid OWT, the total suspended matter dominates and reflectance spectra
have the highest values. In Very Turbid OWT, the chl-a dominates; this type is associated with blooms.
In Brown OWT, the colored dissolved organic matter (CDOM) dominates, and waters are dark and
reddish to brown.
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Figure 1. The reference reflectance spectra used for each optical water type (OWT) [16].

The OWT classification was applied to each Sentinel-3 and Sentinel-2 satellite image pixel
reflectance spectrum. The OWT for each reflectance spectra of the pixel of the satellite image was
determined by the maximum likelihood of individual spectrum to OWT reference reflectance spectra,
using spectral correlation similarity (SCS) and modified spectral angle similarity (MSAS). This was
calculated by the equation 1 [16]:

δ j = 10
(
SCS +

1−MSAS
2

)
,

where j denotes the OWT, and SCS and MSAS are calculated according to Homayouni et al. [37].
The reflectance spectrum of satellite image pixel was classified into OWT, which has the highest δ
value. The used method also pre-analyses images before applying the OWT classification. In case the
reflectance spectrum of the pixel of the satellite image were strongly affected other sources than water,
and reflectance spectra shape and values were abnormal in the blue part of spectra, then pixel was not
included into the OWT classification process and pixel was marked as “Unclassified”.

3. Results and Discussion

3.1. Comparison of the OWT Variability

Based on all the valid pixels of the cloud-free scenes of the lakes during 2017 (152 Sentinel-3 and 45
Sentinel-2 images), generally, the two instruments resulted in similar retrieval of OWTs. Brown OWT
was dominating in Lake Burtnieks, which was also classified as shallow lake with brown water [28].
Turbid OWT was dominating in Lake Lubans and Lake Võrtsjärv, and Clear OWT in Lake Razna
during 2017 (Figure 2). Except for the dominating OWTs, the two instruments gave different results.
For example, in Lake Võrtsjärv with Sentinel-3, the majority of the pixels were determined as Turbid
and only 9% were the other OWTs; but Sentinel-2 showed that 50% of the pixels were determined as
other than Turbid OWT. Additionally, 92% of the Lake Razna Sentinel-3 pixels were determined as
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Clear OWT and this lake was classified as a shallow clear water lake [28]. In the case of Lake Lubans,
the OWTs obtained varied from Turbid to Brown; however, it was classified as a very shallow clear
water body [28]. Overall, Sentinel-2 data showed more variety in different OWTs, while Sentinel-3
tended to be homogenous in the OWTs, especially in lakes Razna and Võrtsjärv.Remote Sens. 2019, 11, x FOR PEER REVIEW 6 of 17 
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Figure 2. The proportion of the optical water types (OWTs) (“unclassified” pixels excluded, included
in Table 2) in 2017 from all cloud-free images in different lakes.

We found 31 cases with both Sentinel-2 and -3 cloud-free images from the lakes during 2017.
This allowed us to compare the results of different instruments from the same day. The distribution of
the OWTs of all the 31 matches showed that the best agreement between the two instruments was in
Lake Razna and Lake Lubans (Figure 3), where the proportions of OWTs were similar to each other.
The most disagreements seemed to be in Lake Võrtsjärv, where the differences between Sentinel-2 and
-3 on the OWTs over the lake were remarkable on half of the matching days. Mostly, it seemed that in
May and June, the Moderate OWT was dominating on Sentinel-2 data instead of Turbid, which was
the absolutely dominating OWT in Lake Võrtsjärv according to Sentinel-3 (Figure 3).
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Since derived OWTs are dependent on the shape of the reflectance spectra, atmospheric correction
can cause differences in OWTs. Atmospheric correction over water bodies is challenging because
waterbodies are dark, and about 90% of the signal received by the sensor is not affected by the water
itself [4]. When working with optically complex waters, finding working atmospheric correction tool
for the region is even more challenging, and often the result is over- or under-corrected [4]. For example,
the shape of the reference reflectance spectrum of the Moderate and Turbid OWTs are quite similar,
except the magnitude (Figure 1), so here over-or under-atmospheric correction have a definite impact
to the retrieval of the OWTs. However, we used the same C2RCC processor for atmospheric correction
for both instruments, but because of the differences in the band locations and the width of the bands
itself, that can have an impact to the results, we still could not rule out that some of the differences
were caused by the atmospheric correction processor itself. Since instruments have different spectral
scales the OWT classification for Sentinel-2 is more sensitive to changes in input reflectance [16].

We compared the weighted prevalent OWT in the lakes for all the matching days between the
two instruments. Each OWT was assigned by a number (Clear—1; Moderate—2, Turbid—3; Very
Turbid—4, Brown—5). Then an average for all the lake pixels was found. In this way the correlation
between the two instruments on the matching cases was better demonstrated (R2 = 0.74) (Figure 4).
It was seen that often the prevalent OWT agreed closely or was close to each neighboring OWT (Clear
and Moderate, or Moderate and Turbid); furthermore, in natural water, the optical properties were
continuous and there were always points between the two classes. In Lake Razna, the agreement on the
prevalent OWT between the two satellites was the highest: 83% of the prevalent OWT was the same
(Clear OWT). In Lake Võrtsjärv, the agreement was somewhat lower: 62.5% (Turbid OWT). In Lake
Lubans the agreement was 50% on Turbid OWT and in Lake Burtnieks the satellites agreed on 45.5% of
the match-up cases (mostly on Very Turbid OWT). The disagreement on the prevalent OWT was the
strongest in Lake Burtnieks, where, for example, Sentinel-3 showed Very Turbid or Brown OWT, yet at
the same time Sentinel-2 showed Clear OWT. Especially noticeable is an “outlier” of Lake Burtnieks
from 12 May 2017, where the differences of the derived OWTs were quite extreme (Figures 3 and 4),
without this date the correlation was noticeably improved (R2 = 0.87, n = 30). The misclassification of
the OWTs came from the very different shapes of the reflectance spectra. In the case of very brown
waters, the atmospheric correction might be problematic by strongly overestimating the blue part of
the reflectance spectrum [16]. In Lake Lubans, the difference of the prevalent OWT was either Turbid
or Brown (Figures 3 and 4).
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and -2 images. Colors represent different lakes: blue—Razna; green— Lubans; yellow— Võrtsjärv;
red— Burtnieks. The x-and y-axes represent the OWTs: 1—Clear; 2—Moderate; 3—Turbid; 4—Very
Turbid; 5—Brown.

To study the impact of the spatial resolution differences in the satellite data, we resampled the 31
matching Sentinel-2 scenes to the Sentinel-3 spatial resolution (300 m). The prevalent OWT remained
same, except in one case (Lake Lubans, 27 Sept 2017: Turbid to Very Turbid) where the difference
between Turbid and Very Turbid were already quite equal for the 20 m resolution Sentinel-2 data
(Figure 3). The average change between OWTs derived from high- and low-resolution Sentinel-2 data
was 4.4%: Clear 2.8%; Moderate 4.5%; Turbid 7.1%; Very Turbid 4.4%; Brown 5.5%; and Unclassified
2.1%. Resampling to lower resolution had the overall largest impact to the Turbid OWT and the
smallest to the Clear OWT. The standard deviation of the change remained generally around 7%.
The median of the change over the 31 cases was quite low for each OWT (0-2.2%), except for Turbid
OWT (7.1%). The resampling seemed to have also some impact on the spatial variability of the OWTs;
this is quite expected and confirms the usefulness of the high spatial resolution of the remote sensing
data. When comparing the new resampled Sentinel-2 results to the Sentinel-3, then the relationship
between the Sentinel-3 and Sentinel-2 resampled prevalent OWTs was weaker, where R2 drops from
0.74 to 0.67. Also, all the correlations and standard errors of the OWTs separately were weaker with
resampled Sentinel-2 data.

3.2. Spatial Variability

The Sentinel-2 and -3 images also made it possible to see the spatial variations of the OWTs in
each study lake, which is one of the advantages that remote sensing data gives over in-situ monitoring.
As said above, there were altogether 31 matching cases between Sentinel-2 and -3 cloud-free images
from which we could compare the spatial differences in OWT classification. We have displayed four of
them in Figure 5.
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shows the percentages of each OWT of the given scene.



Remote Sens. 2019, 11, 2883 11 of 16

Although in some cases spatial variability is seen from Sentinel-3 images (Lake Burtnieks and
Lake Lubans in Figure 5), Sentinel-2 with higher spatial resolution is able to monitor smaller lakes
and finer patterns. This is a strong advantage in vegetation rich lakes, where Sentinel-2 can detect
OWTs in clear water between the patches of vegetation, whilst Sentinel-3 pixels are affected with
vegetation and are not good for monitoring the quality of the water. Generally, in Lake Burtnieks both
instruments agreed on the spatial variability of the OWTs, but quite often disagreed on the OWT itself,
for example Very Turbid and Brown OWTs (Figures 3 and 5). The reasons behind this could be related
to the difficulties of the atmospheric correction in brown waters, as discussed above. Lake Burtnieks
often showed great spatial variability of OWT, because the naturally quite brown water lake could
often have heavy blooms [38]. In the case of Lake Lubans, mostly it was seen that the coastal areas
were more Turbid or Brown OWTs. As said in the previous section, Lake Võrtsjärv showed very
homogeneous water according to the Sentinel-3 data. Additionally, the literature described a lake as
having homogenous waters where a single measurement point of a lake describes 90% of the lake [39].
However, with Sentinel-2, there were fine patterns of different OWTs shown. Typically, the narrow
south part was Very Turbid and Brown, and the northern bigger part was Moderate and Turbid with
some Very Turbid mixed in. This agrees with the characteristics of the lake bottom: the southern part
of the lake bottom is organic rich mud while the northern part is sandy [40]. The most agreement
between both satellites was found in Lake Razna, because it is a deep and clear water lake, although in
some cases, Sentinel-2 detected more Moderate OWT pixels in the lake than Sentinel-3, especially in
the coastal zone.

3.3. Temporal Variability

Temporal variability shows a change in the lake optical properties during different seasons. Here,
one ice-free period was studied, from early spring to late autumn of 2017 (Figure 6). Lake Burtnieks
seemed to be in a favorable location for Sentinel-2; it was seen from three tiles, so there was more
coverage than on the other lakes (19 days, while the others had 8 or 9 days). In Lake Burtnieks,
the OWTs changed quite rapidly from Brown to Very Turbid OWT or vice versa (Figure 6). That was
most likely due to fluctuations in chl-a concentrations. The rapid changes could also be caused by the
combination of water level fluxes and intensive agriculture [38]. Additionally, dry or rainy summers
might influence the water level and the water quality of the inflows, but some part may be due to
the above discussed OWT classification sensitivity of reflectance spectra changes and the influence of
atmospheric correction. Thus, here it would be beneficial to carry out in-situ measurements for further
validation of the results in order to evaluate the factors of atmospheric correction that could cause or
causes the disturbances in OWT classification.
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Sentinel-2 and Sentinel-3 in different lakes during 2017. The lower panel of each sub-figure shows the
frequency of the acquired data.

The other three lakes showed more stability in their temporal variability in the OWTs. Lake Lubans
and Lake Razna showed approximately similar pattern in the OWTs. The influence of infrequent
data was shown most clearly on Lake Võrtsjärv, where the overall temporal variability was affected
by one June Sentinel-2 image (prevalently Very Turbid OWT while Sentinel-3 had mostly Turbid
OWT) (Figure 6). Here, we have to take into account that with Sentinel-3 we had 47 scenes from
Lake Võrtsjärv over 2017, and with Sentinel-2 we had only 9 scenes; therefore, one day had more
proportional weight with Sentinel-2. Additionally, the more data we had from different days per
year, the better overview we had on the temporal variability; therefore, less than 10 images per year
made the temporal variability analysis of OWTs from Sentinel-2 quite unreliable (Figure 6). The fewer
images there were for the temporal analysis of the OWTs, the more weight every single image had,
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although, with in-situ measurements, we often made conclusions on the water condition with even
lower temporal resolution. From over 2000 Latvian lakes, only a small part of them are monitored
monthly, and less than 300 lakes have just one sampling during a 3-year period [41]. In Estonia, from
over 2300 lakes, only Lake Võrtsjärv is monitored monthly. Twelve other lakes are monitored up to
five times per year. There are 90 other lakes that are monitored up to twice over a five-year period [42].

The other difference in the Sentinel-2 and -3 OWT data was the quantity of the “unclassified”
pixels. In total, about 10% of Sentinel-3 clear water pixels and only 3% of Sentinel-2 pixels were
“unclassified”. Those were inland water pixels with strong influences from land or in-water vegetation
in their reflectance spectra. Typically, the increase in the “unclassified” share in Sentinel-3 OWT data
during summer describes the influences from the coast, including the coastal vegetation. This was
especially clearly seen in Lake Lubans (Figure 6). At the same time, this effect was not seen in Sentinel-2
data. The number of Sentinel-2 pixels used for OWT classification assignments per lake decreased
during the summer. For example, in Lake Lubans and Lake Burtnieks, the decrease of the “clear water”
pixels was significant (44% and 54%, respectively). In Lake Razna the decrease of suitable pixels was
24% and in Lake Võrtsjärv it was 12%. This was because in the pre-processing, the IdePix tool was
working well on Sentinel-2 images. Not only did it identify the cirrus and other translucent clouds, but
it also distinguished the vegetation dominated pixels. Therefore, the number of “unclassified” pixels
was rather low with Sentinel-2 (Table 2). Since Sentinel-3 can fail in clear water identification, the
derived Level 2 products (for example chl-a) from coastal areas should be taken with extra caution,
even when no quality flags are raised.

Table 2. The percentages of the derived optical water types (OWTs) from Sentinel-2 (S2) and Sentinel-3
(S3). The number (No.) of scenes and pixels denote the total number of images and pixels used. The
most abundant OWT percentage is shown with bold for each lake.

Lake Burtnieks Lubans Razna Võrtsjärv

Satellite S2 S3 S2 S3 S2 S3 S2 S3

No. of scenes 19 42 8 32 9 31 9 47
No. of pixels 1,478,576 17,521 1,463,540 33,519 1,179,890 18,701 4,972,075 132,849

Clear % 8.1 3.7 0 1.3 80.1 83.7 2.0 0.1
Moderate % 4.1 2.3 3.4 1.5 15.0 1.5 22.9 2.8

Turbid % 19.6 10.0 50.8 46.7 4.0 3.5 49.5 88.5
Very Turbid % 14.5 31.5 19.0 8.9 0.3 0.4 17.3 4.1

Brown % 44.0 41.0 21.2 13.6 0.4 1.5 7.0 1.9
Unclassified % 9.6 11.5 5.6 28.0 0.3 9.4 1.3 2.7

4. Conclusions

From previous studies it is clear that in the estimation of inland water quality products, the first
step should be OWT classification [4,15,16]. In this study, a comparison of OWTs between Sentinel-2
and -3 was carried out. Generally, both instruments gave compatible results. Additionally, we studied
the spatial and temporal differences of lake OWTs in Latvia and Estonia during 2017.

There are lakes with quite strong dominance for certain OWT (Lake Võrtsjärv and Lake Razna)
and those whose dominant OWTs change often (Lake Burtnieks). The cause for the rapid changes in
the dominant OWT in Lake Burtnieks might be the changing water quality. Lake Lubans has mostly
Turbid OWT, opposite to clear waters according to the current Latvian classification [28], and the lake
loses a large amount of the water surface to the developing coastal vegetation during the summer (the
“unclassified” pixels).

The results between the two satellite instruments generally agreed on the dominant OWT in a
lake. The differences might be caused by several factors: the atmospheric correction processor used
(C2RCC); the differences in the spatial resolution of the two instruments; and the sensitivity of the OWT
model to the slightly different reflectance spectra of the two sensors, due to the different spectral bands.
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Unfortunately, the moderately low spatial resolution of Sentinel-3 limits the research to only larger
lakes in Latvia and Estonia. Additionally, the finer details on the spatial variability of the OWT is lost
in smaller lakes. Sentinel-2A and B can now provide nearly the same data acquisition frequency, and
their much higher spatial resolution can allow assessment of practically all lakes (including all lakes
requested by the WFD).

OWT classification is already a data product that can be used for the cross-checking of lake water
type classes. This supports our understanding of the spatial and temporal variability of the water
quality; therefore, it provides useful knowledge in planning the frequency of in-situ monitoring and
the locations of the sampling stations. OWTs in lakes allows us to monitor the long-term changes and
it is also an excellent platform to create different algorithms in optically complex waters on the basis
of OWT.
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