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Sensing of the Water Quality

Parameters for a Shallow Dam

Reservoir. Appl. Sci. 2022, 12, 6734.

https://doi.org/10.3390/app12136734

Academic Editors: Amit Kumar,

Santosh Subhash Palmate and

Rituraj Shukla

Received: 25 May 2022

Accepted: 1 July 2022

Published: 2 July 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

applied  
sciences

Article

Remote Sensing of the Water Quality Parameters for a Shallow
Dam Reservoir
Andrzej Bielski * and Cezary Toś
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Abstract: This study examines the chlorophyll a content and turbidity in the shallow dam reservoir of
Lake Dobczyce. The analysis of satellite images for thirteen wavelength ranges enabled the selection
of wavelengths applicable for a remote determination of chlorophyll a and turbidity. The selection
was completed as the test of the significance of the coefficients in the equation, which calculates
the values of the parameters on the basis of reflectance. The reflectance of the reservoir surface
differs from the reflectance of individual water components, and the overlapping of spectral curves
makes it difficult to isolate the significant reflectance. In the case of Lake Dobczyce, the significant
reflectance was for wavelengths 665, 705, 740, and 842 nm (chlorophyll a) and for wavelengths 705,
740, and 783 nm (turbidity). In the model, the natural logarithm of chlorophyll a or turbidity was a
linear combination of the natural log reflectance and the squares of those logarithms. A lake surface
reflectance also includes the bottom reflectance. The reflectance obtained from the Sentinel-2 satellite
was corrected with a bottom reflectance determined using the Lambert–Beer equation. The reflectance
of a given surface may vary with the position of both the satellite and the sun, atmospheric pollution,
and other factors. Correction of reflectance from satellite measurements was performed, as reflectance
changes for the reference surface; the reference reflectance was assumed as the first reflectance of the
reference surface observed during the study. The models helped to develop the maps of turbidity
and chlorophyll a content in the lake.

Keywords: Sentinel-2; chlorophyll; turbidity; lake; concentration modeling of contaminants

1. Introduction

The chlorophyll content in surface waters is related to nutrients, such as nitrogen and
phosphorus, and serves as one of many indicators of eutrophication. High amounts of
these elements in water contribute to the excessive growth of algae, resulting in poor water
quality. This topic is especially urgent in surface water intakes used for municipal or in-
dustrial consumers. The chlorophyll content in water can be determined by the traditional
laboratory method, based on acetone extraction and absorbance measurement [1,2]. How-
ever, to track down changes in the chlorophyll content in rivers or lakes, and to develop
concentration maps, a large number of analyses would have to be done; it would be a
time-consuming and ineffective approach.

Satellite images of water surfaces allow for faster and more cost-effective estimation
of chlorophyll content in water [3]. Another advantage of remote sensing (teledetection) is
a spatial analysis of chlorophyll concentrations from in situ data are collected at particular
points [4]. There are, however, a number of problems regarding the remote sensing of
chlorophyll faces in surface waters. Water regime [5], as well as the reservoir’s depth [6],
are associated with the chemical composition and content of biological elements in water.
Radiometric and atmospheric corrections also play an important role in the case of satellite
data. The correction models, such as ATCOR [7], Second Simulation of a Satellite Signal in
the Solar Spectrum (6SV), Acolite, or Sen2cor are available and used in these studies. All
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these concerns have prompted the use of empirical [8,9] or semi-analytical approaches in
the development of teledetection methods for monitoring chlorophyll content in inland
waters. These methods are based on the physics of the interactions of radiation with water
and its compounds [10,11]. In recent years, neural networks and machine learning methods
have been employed in the research on chlorophyll detection [8,12].

Empirical methods, though well suited to local conditions [13], require quite a lot of
data. On the other hand, semi-analytical methods are more universal, but provide less
accurate results. Deep learning methods are still in the early stage of development, and
they require a large amount of heterogeneous teaching data; their complexity delays their
implementation in small subjects, such as water reservoirs.

The research focused on the automation of the estimation of turbidity (in nephelometric
units, NTU) and chlorophyll content in water taken from shallow dam reservoirs used
for drinking purposes. In such reservoirs, water is usually classified as case 2, where
optical properties are a function of at least three water components, i.e., phytoplankton,
suspended sediments, and colored dissolved organic matter [14]. Such objects, with their
firm positions, usually exhibit multiple time observation series of basic water quality
indicators (turbidity, chlorophyll). The described remote water quality research favors the
empirical method, which, however, must include an optical interaction between the main
pollution components, i.e., mineral suspension and phytoplankton, and the shallow tank.
Therefore, the authors offer a combination of statistical models that include these elements.
The models have been verified using Sentinel 2 data in Lake Dobczyce; the lake serves as
the drinking water reservoir for Krakow, Poland.

2. Data, Methods, and Techniques
2.1. Remote Sensing Methods for a Chlorophyll Content

In surface waters, algae and bacteria contain many pigments that can be analyzed
using spectral methods. Listed according to color, these are, e.g., chlorophylls a, b, c, c1,
c2, d, e, f, and g—green; carotene—orange; xanthophyll—yellow; phycoerythrin—red;
phycocyanin—blue; and fucoxanthin—brown. The dominant pigments in photosynthetic
organs are chlorophyll a (blue-green) and chlorophyll b (yellow-green).

Chlorophyll a is the most frequently used indicator of surface water quality. The
surface spectral reflectance curves for water with different chlorophyll a concentrations are
presented in Figure 1. Blue and far-red light ranges are strongly absorbed by chlorophyll,
while the reflectance peaks are recorded at the wavelengths of approximately 566 and
688 nm (Figure 1).

Figure 1. Surface remote sensing reflectance spectrum for the waters with different concentration
of chlorophyll a, collected in the study area (119◦52′–119◦54′ E, 26◦16′–26◦19′ N) at 10:00–15:40,
2 June 2003. Reprinted with permission from [15].
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Mineral and organic suspensions may pose a serious difficulty in studying the concen-
tration of chlorophyll a in surface waters. Both suspensions result in the reflectance peaks
at approximately 550, 712.5, and 805 nm (Figure 2), so a shift in the peaks only takes place
relative to the peaks for chlorophyll a. The suspensions may also enhance the reflectance in
relation to that of chlorophyll a and therefore, models describing the relationship between
chlorophyll a and the reflectance should consider several wavelengths.

Figure 2. Relative contributions of chlorophyll and suspended sediment to a reflectance spectra of
the surface water, based on in situ laboratory measurements made 1 m above the water surface by
the authors of [16,17]. Reprinted with permission from [16,17].

The presence of clay or dusty particles in water results in a specific spectrogram
(Figures 3 and 4) [18]. High reflectance in the range of 580–690 nm and reflectance near
810 nm will strongly distort the chlorophyll a spectrogram. The first range is characteristic
for a specific type of suspension. In the case of lake bottom sediments that are composed of
clay or dusty suspensions, they will have a similar spectrogram. The reflectance pattern
around 810 nm is similar for clay and dusty suspensions and therefore, the reflectance
around 810 nm can be used to estimate the suspension concentration.

Figure 3. Reflectance for water with a clay suspension [g/m3]. Reprinted with permission from [18].
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Figure 4. Reflectance for water with a dusty suspension [g/m3]. Reprinted with permission from [18].

Mathematical models using the reflectance R to determine the concentration of Cchl-a
chlorophyll a in water are developed for a given type of surface water. These are the
most abundant types of empirical models. Models such as GlobColour or Modis Aqua
can be used globally or adapted to local reservoir conditions. They can take the form of
polynomial dependence, as shown in the research of [19,20], dependence, as a form of the
products or quotients of expressions [21,22], or a logarithmic form [23,24]. The estimation
of model parameters can be carried out in different ways—using multiple linear recreation,
support vector machine regression (SVR), or genetic algorithms. Examples of models used
to determine the chlorophyll a content in the water are presented in Table 1.

Table 1. Typical mathematical formulas to calculate chlorophyll a concentrations.

Formula Source

Cchl-a=(23.09 ± 0.98) + (117.42 ± 2.49)·(R−1
660–670 − R−1

700–730)·R740–760
Cchl-a = −(16.2 ± 1.8) + (136.3 ± 3.2)·(R−1

662–672 · R743–753)
(Gitelson et al., 2006) [21]

Cchl-a = (0.74·R681 + [(681 nm − 665 nm)/(681 nm − 620 nm)]·(R620 − R681) − R665 (Shen et al., 2010) [22]

log10(Cchl-a) = (0.32978 + 2.6465X + 1.9988X2 + 0.5708X3 + 3.033X4)
X = log10(Max(R443nm, R486nm)/R551nm)

(Son et al., 2020) [23]

Cchl-a [mg/L] = 1.67 + 299 R438 − 33.1 R675 − 7217 R438R675 – 14022 R2
438 − 973

R2
675 + 373702 R2

438R675 + 112440 R438R2
675 − 3317051 R2

438R2
675

Cchl-a [mg/L] = 3.45 + 66.2 R438 − 100 R550 − 3.9 R675 + 5349 R438R550 − 16643
R550R675 − 12682 R438R675 + 3077 R2

438 + 5209 R2
550 + 15992 R2

675

(Johan et al., 2018) [20]

log10(Cchl-a) = (0.366 − 3.067X + 1.930X2 + 6.049X3 − 1.532 X4)
X = log10(Max(R443nm/R555nm, R490nm/R555nm, R510nm/R555nm))

GlobColour (Johnson et al., 2013) [25]
(Diouf et al., 2018) [24]

log10(Cchl-a) = (0.6994 − 2.0384X + 0.4656RX2 + 0.4337X3)
X = log10(Max(Rrs(443/555), Rrs(490=555))

Cchl-a = [mg/m3]
Modis-Aqua (Johnson et al., 2013) [24]

The models are characterized by a different precision of results. Johnson et al., 2013 [25],
testing global models GlobColour or Modis Aqua, obtained low R2 determination coeffi-
cients of 0.25–0.51; on the other hand, for local conditions, this indicator may reach up to
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the value 0.96, with an error for RMSE chlorophyll a content of 0.07 mg chl/m3, determined
on the basis of a few data covering 5 days of composite images for the year 2014 [24].

Empirical models that are focused on determining the chlorophyll a concentration
take into account the variability of the aquatic environment in terms of the content of other
substances in a very limited way, which may affect the accuracy of the results obtained.

A possible solution to this problem in the case of inland waters may be the construction
of seasonal models (used for imaging registered at specific seasons of the year) [26]. Another
more widely used technique is the use of bioptic methods based on the modeling of light-
water interaction, such as Hydrolight [27], or the newer 2SeaColor [28], adapted to water
with high turbidity.

In the case of the second model, the determination indicator was equal 0.71, and model
error RMSE was 6.23 mg chl/m3 [28]. Such models may include bottom reflectance [29,30],
which is extremely important for shallow tanks, as pointed out by Hicks et al. 2013 [31].

In the works (Li et al., 2017, 2018) [32,33], a semi-analytical method for colored dis-
solved organic matter (CDOM) was presented. This method includes bottom effect and is
accurate (RMSE = 0.17 mg chl/m3 and R2 = 0.87); it also uses multispectral data.

The extremely promising result for turbid water research was the model developed
by Gitelson et al. [21]. Finding three ranges of wavelengths guaranteeing the least error
to estimate the chlorophyll a content enabled an accuracy of 7.8 mg chl a/m3 in the
range of 1.2 to 236 mg chl a/m3, medium relative error 18.3%, with a high determination
factor R2 ≈ 0.96. The version of the model with two wave length ranges provided much
worse results. Despite the high accuracy of in situ research for low concentrations (below
10 mg chl a/m3), there are relative errors reaching almost 100%.

Remote bathymetrical tests of shallow water, conducted by Lee et al. [34,35], yield the
possibility of linking the effect of bottom reflectance and chlorophyll concentration. The
developed model includes many different reflectances, including bottom reflectance and
the absorption of radiation for various water components, such as phytoplankton pigments.
However, the model is focused on the remote determination of depth. The number of
model parameters is very large, making it troublesome to simultaneously determine the
data for several wavelengths. Therefore, the absorption of radiation by phytoplankton is
an input parameter for this model, not an output enabling the determination of chlorophyll
concentration. In the case of oligotrophic sea waters, the computing models are simpler.
Computational difficulties appear when many water components with spectrally different
properties affect the calculation of the content of a given water component. This usually
requires the use of the reflectances of many water components for many wave lengths.
Particularly large complications appear in the case of shallow and turbid water.

The model of chlorophyll a content estimation in a reservoir used for drinking water
intake was presented in this work. This application model is characterized by high accuracy,
taking into account the bottom effect and interactions between chlorophyll and mineral or
organic suspension.

2.2. Area of Study

The research was carried out in the area of Lake Dobczyce, located in the Myślenice
poviat, in the Lesser Poland voivodeship of Poland. It is a dam reservoir, constructed in
1986 by damming the Raba river with a 30 m high and 617 m long dam. The reservoir area
is approximately 10.7 km2, and its total capacity is 127 million m3. The reservoir serves
as a source of drinking water. The lake water quality is determined by the quality of the
Raba river, which varies due to anthropogenic activities and precipitation. These factors
contribute to significant fluctuations in the concentrations of nutrients, mineral and organic
suspensions, and other substances. The depth of the lake is just over twenty-six meters
(Figure 5).
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Figure 5. Depth map of Lake Dobczyce.

In the case of Dobczyce Lake, it is difficult to determine its range, especially in the
western shallow region. This problem was solved by using information on the area elevation
of the water surface and lidar altitude data (ALS), which, due to its high density, was
subjected to resampling from the 5 × 5 m network using the MIN method, suggested by
Śliwiński et al., 2022 [36], as the most suitable method for this type of task.

2.3. Data for a Remote Sensing Research

Images from Sentinel 2 (L1C product), registered from 13 April 2016 to 31 December
2021, were used for the teledetection quality modeling of water in Lake Dobczyce. The
choice of specific images was determined by the dates of water quality tests in situ. A
significant limitation in the number of images resulted from the rejection of images in
which clouds or ice covered the lake.

The content of chlorophyll a and suspended solids (as turbidity) in the water was
measured, in the period from 2016 to 2021, in the laboratory of the Waterworks of the
City of Krakow, located at the water intake. The study covered the period from 2016 to
2021. Chlorophyll a was analyzed in acetone extracts using the monochromatic spectropho-
tometric method, with correction for pheopigment a [2,37]; absorbance was measured
on a Hach DR 4000 U spectrophotometer, while turbidity was measured on a TL 2360
spectrophotometer, according to the standard methods [38].

2.4. Spectral Reflectance Curves

To compare the data recorded by Sentinel-2 satellites at different times, they were
normalized to the conditions above the reference surface. The reference area was established
as a fragment of the lakeside dam crest; it shows a low reflectance, and its properties are
stable in time. The air composition over the reference surface was assumed to be the same
as that over the lake surface. To correct lake surface reflectance obtained from satellite data,
the special corrective parameter was introduced. It is the ratio of the reflectance registered
on 13 April 2016 (13 April 2016, base date) in the reference field and the actual reflectance at
a given day in the field. The normalized reflectance for the lake surface was the product of
the corrective parameter and the reflectance of a given point on the lake surface at a given
date. Such normalization is considered as an atmospheric correction. It made it possible to
accommodate changes in air quality over the reference surface and the lake surface.

Spectral curves for the fragment of the dam crest are presented in Figure 6.
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Figure 6. Some spectral curves for the fragment of the dam crest.

The base reflection curve for the fragment of the dam crest (reference area) is dated
13 April 2016 (Figure 6). Other spectral curves have a similar shape, but pass through
points with different reflectance values, even though the properties of the dam crest surface
have not changed; this was due to changes in the atmosphere composition over time.

The specific course of the spectral curves for Lake Dobczyce (Figure 7) results from the
combination (superposition) of partial spectral curves for the water surface, water column,
and bottom of the reservoir. Backscattering in a blue band also results in high reflectance
(Figure 7). It should be noted that even at a high concentration of, e.g., montmorillonite
suspensions (500 g/m3), the spectral curve does not show strong local extremes for wave-
lengths over 440 nm (Figure 8). Such a concentration corresponds to a turbidity of 500 NTU,
rarely found in surface waters (mostly after heavy rains). Starting from approximately
440 nm, the spectral curve drops down (Figure 8), as shown in the curves in Figure 7.
At concentrations exceeding 500 g/m3, the maximum, corresponding to 440 nm, shifts
towards longer wavelengths. The spectral curves may take completely different shapes
than the ones shown in Figures 7 and 8 for other types of the mineral suspensions.

Figure 7. Reflectance at different measuring points of Lake Dobczyce in the years 2016–2021, after a
normalization of the original reflectance from the satellite.
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Figure 8. Spectral curve for the montmorillonite suspensions in water, USGS Spectral Library
Version 7, https://crustal.usgs.gov/speclab/QueryAll07a.php?quick_filter=water (accessed on
1 January 2022). Reprinted with permission from [39].

The spectral curves for the chlorophyll solution can also differ significantly. At low
concentrations (2.97 mg chl/m3) (Figure 9), there are no strong local extremes on the
spectral curve above 400 nm. Characteristic local extremes appear at higher concentrations
(7.609 mg chl/m3) (Figure 10) and are similar to the curves in Figure 2. Therefore, it may be
concluded that concentration of water components (chlorophyll, type of suspension) will
have a decisive influence on the shape of the spectral curves.

Figure 9. Spectral curve of chlorophyll in water (2.97 mg chl/m3), USGS Spectral Library Version 7,
https://crustal.usgs.gov/speclab/QueryAll07a.php?quick_filter=water (accessed on 1 January 2022).
Reprinted with permission from [39].

https://crustal.usgs.gov/speclab/QueryAll07a.php?quick_filter=water
https://crustal.usgs.gov/speclab/QueryAll07a.php?quick_filter=water
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Figure 10. Spectral curve of chlorophyll in water (7.609 mg chl/m3), USGS Spectral Library Version 7,
https://crustal.usgs.gov/speclab/QueryAll07a.php?quick_filter=water (accessed on 1 January 2022).
Reprinted with permission from [39].

2.5. Model

To compute concentrations of chlorophyll a (Cchl) from reflectance R obtained from
satellite images for different wavelengths, a mathematical relationship has to be developed
that meets the rules for logical concentration values for extremely high or low reflectance
values. Empirical models, which are a linear combination of partial formulas, are risky
to use because they cannot determine model parameters for all possible R values. The
risk arises from a finite number of observational data, which usually does not include
information on extreme values of R. Therefore, it may happen that Cchl calculated from
the R values obtained from the new photos will be illogical, or even negative. Generally,
extrapolation of such a model beyond the R values used to determine the model param-
eters yields highly ambiguous results; that is why models originating from the theory of
dimensional analysis are considered to be safer. These types of models are usually the
product of function modules at the appropriate power. They may also generate poor results
outside of the R values used in the model estimation, but at least they guarantee that the
results are positive.

The initial model was defined as:

Cchl = α0Rα1
443Rα2

490Rα3
560Rα4

665Rα5
705Rα6

740Rα7
783Rα8

842Rα9
865Rα10

945Rα11
1375Rα12

1610Rα13
2190 (1)

where:
α0 to α13—model coefficients;
R . . . .—radiation reflectance for wavelengths: 443, 490, 560, 665, 705, 740, 783, 842, 865,

945, 1375, 1610, and 2190 nm, determined from the satellite data; and
Cchl—concentration of chlorophyll a [mg/m3].
The logarithmic Equation (1) leads to a linear relationship for the logarithms of re-

flectance R. The spectral curves of chlorophyll a (Figure 1) and the suspensions (Figures 2–4)
show that the reflectance for wavelengths over 865 nm and shorter than 490 nm will not
provide significant information on the concentration of chlorophyll a. Therefore, the
logarithmic form of Equation (1), after simplification, takes the form:

lnCchl = a0 + a1lnR490 + a2lnR560 + a3lnR665 + a4lnR705+
a5lnR740 + a6lnR783 + a7lnR842 + a8lnR865

(2)

https://crustal.usgs.gov/speclab/QueryAll07a.php?quick_filter=water
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where:
a0 to a8—model coefficients,
R . . . .—radiation reflectance for wavelengths: 490, 560, 665, 705, 740, 783, 842, and

865 nm, determined from the satellite data.
To make the model more general, additional components, like the squares of the

reflectance log, were introduced:

lnCchl = a0 + a1lnR490 + a2lnR650 + a3lnR665 + a4lnR705+

a5lnR740 + a6lnR783 + a7lnR842 + a8lnR865 + a9(lnR490)
2

a10(lnR560)
2 + a11(lnR665)

2 + a12(lnR705)
2 + a13(lnR740)

2+

a14(lnR783)
2 + a15(lnR842)

2 + a16(lnR865)
2

(3)

The regression analysis of Equation (3) enabled the selection of such coefficients (from
a1 to a16) that showed a probability lower than the significance coefficient 0.05 in the
Student’s t-distribution (significance test of the equation coefficients). It was found that the
most important coefficients are related to the wavelengths: 665, 705, 740, and 842 nm. These
are the lengths approximately corresponding to the local minimum and maximum on the
spectral curve of chlorophyll a (Figures 1 and 2) and the local minimum and maximum on
the spectral curve of the suspensions (Figures 2–4). In the case of the Sentinel satellite, there
were no 760 and 810 nm wavelength channels corresponding to the local minimum and
maximum on the spectral curve of the suspensions (Figures 2–4); hence, the 740 and 842 nm
channels turned out to be statistically significant. Eventually, the model looked as follows:

lnCchl = a0 + a3lnR665 + a4lnR705 + a5lnR740 + a7lnR842+

a11(lnR665)
2 + a12(lnR705)

2 + a13(lnR740)
2 + a15(lnR842)

2 (4)

To eliminate the influence of the lake bottom reflectance, some reflectance corrections
in Equation (4) were required. The effect of light reflection by the lake bottom in four light
wavelengths is shown in Figure 11. However, just the reflectance corrections for 665 nm and
705 nm are sufficient for a good model accuracy. Of course, the reflectance for 740 nm and
842 nm may also be corrected, but their impact is negligible for the quality of the model (4).
Generally, the shorter the wave, the stronger the bottom reflectance. Such observation is
also confirmed by the spectral curves (Figure 7), which show that the shorter the wave, the
higher the reflectance.

Following the Lambert–Beer law, absorbance (−ln(I/I0)) of the medium for UV, Vis,
and IR radiation is proportional to an optical path length l and a concentration of substance
C. This means that a light intensity I in a water column decreases exponentially:

I = I0·exp(−k·C·l) (5)

I0—incident light intensity [W/m2];
k—absorption coefficient [m3/(g·m)];
C—concentration of a radiation absorber [g/m3];
l—optical path length [m].
Assuming that the lake bottom reflectance Rb is approximately proportional to the

intensity of the radiation reaching the depth of l = h, the reflectance over a water surface,
recorded by a photosensitive sensor, would be described by the relationship:

Rb =
αb·I0·exp(−k·C·2h)

I0
= αb·exp(−k·C·2h) (6)

αb—coefficient of the radiation reflectance through the bottom;
C—concentration of all substances (e.g., chlorophyll a, mineral suspensions, organic

suspensions, water) responsible for absorption of radiation [g/m3], i.e., water turbidity [NTU];
h—depth (actual length of an optical path, when shooting close to the zenith, is

approximately equal to the depth h) [m].
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Figure 11. Images of Lake Dobczyce at four wavelengths (color representation: blue, yellow, violet,
with the same color saturation in each photo).

The number 2 in Formula (6) means that radiation passes twice through the water layer.
The reflectance R, recorded by the satellite, is approximately equal to the sum of the

four principal reflectances:

R = αs I0+Ichl+Im+αb(I0−αs I0)exp(−k·C·2h)
I0

=

αs +
Ichl
I0

+ Im
I0
+ αb(1− αs)exp(−k·C·2h) =

αs + Rchl + Rm + αb(1− αs)exp(−k·C·2h)

(7)

αs—coefficient of the radiation reflectance for the water surface (water surface reflectance);
Rchl—reflectance related to chlorophyll a in water, as the total effect of radiation;
Ichl—reflected at different water depths;
Rm—reflectance related to the substances, other than chlorophyll a, in water, as the

total effect of radiation Im reflected at different water depths;
αb(1− αs)exp(−k·C·2h)—reflectance of the lake bottom Rb.
Intensity of radiation Ichl , Im reflected from water at different depths is defined as the

depth integration from the derivative of the radiation intensity at different depths, with
respect to the depth defined by (5); intensity I0 must be reduced by the intensity of the
radiation reflected from the water surface αs I0. Therefore:

Ichl = −
h∫

0

d(αchlCchl(I0−αs I0)exp(−k·C·2l))
dl dl =

αchlCchl(I0 − αs I0)(1− exp(−k·C·2h))
(8)

Im = −
h∫

0

d(αmCm(I0−αs I0)exp(−k·C·2l))
dl dl =

αmCm(I0 − αs I0)(1− exp(−k·C·2h))
(9)

Cchl—concentration of chlorophyll a [mg/m3];
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αchl—coefficient of the radiation reflectance for chlorophyll a [m3/mg];
Cm—concentration of non-chlorophyll a substances in water responsible for light

reflection [g/m3];
αm—coefficient of the radiation reflectance for substances other than chlorophyll

a [m3/g].
If h and/or C are sufficiently high, then exp(−k·C·2h) << 1 and:

Ichl ≈ αchlCchl(I0 − αs I0) ⇒ Rchl ≈ αchlCchl(1− αs) (10)

Im ≈ αmCm(I0 − αs I0) ⇒ Rm ≈ αmCm(1− αs) (11)

In model (4), the R . . . reflectance for different wavelengths is the computational
reflectance Rcalc, which are formally sums Rchl, ... + Rm, ... for different wavelengths. There-
fore, each reflectance in model (4) should be corrected and replaced with the computational
reflectance for different wavelengths:

R... ← Rcalc, ... = Rchl, ... + Rm, ... =
R... − αs, ... − αb, ...(1− αs, ...)exp(−k...·C·2h)

(12)
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. . . —the index dots refer to different wavelengths;
R . . . .—radiation reflectance for different wavelengths determined from satellite;
Rcalc, ...—computational reflectance for different wavelengths.
The coefficient αs (or reflectance) for different wavelengths is small if compared to

other reflectance, and therefore should be neglected, so:

R... ← Rcalc, ... = Rchl, ... + Rm, ... =
R... − αb, ...exp(−k...·C·2h)

(13)

A reflectance correction (13) in Equation (4) gives the equation describing the concen-
tration of chlorophyll a as:

Cchl = exp[a0 + a3ln(R665 − αb,720mu665exp(−k665·C·2h)) +

a4ln(R705 − αb,720mu705exp(−k705·C·2h))+

a5lnR740 + a7lnR842+

a11(ln(R665 − αb,720mu665exp(−k665·C·2h)))2+

a12(ln(R705 − αb,720mu705exp(−k705·C·2h)))2+

a13(lnR740)
2 + a15(lnR842)

2]

(14)

Cchl—chlorophyll a concentration [mg/m3];
exp(a0)—model’s coefficient [mg/m3].
Assume the following parameter values for Equations (7)–(9) relating to one wave-

length: αs = 0.002, αm = 0.001, αb = 0.3, αchl = 0.001, k = 0.05 (NTU·m)−1, Cm = C ≈ 5 NTU
(in practice, water turbidity is assumed as C) and Cchl = {1, 5, 10, 20, 50} mg/m3. From
the Equations (7)–(9), the reflectance R can be determined, as a function of the depth h
(Figure 12). Knowing R and the parameters of Equations (7)–(9), the concentration of
chlorophyll a Cchl can be again determined. These would be horizontal lines of constant
values Cchl = {1, 5, 10, 20, 50} mg/m3 for all depths h. In order to check the quality of the
model (14), we write it for a single wavelength:

Cchl = exp
[
a0 + a3ln

(
R− α∗bexp(−k∗·C·2h)

)
+

a11
(
ln
(

R− α∗bexp(−k∗·C·2h)
))2

]
(15)
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Figure 12. Changes in reflectance R as a function of depth h for the sensor above the water surface at
different concentrations of chlorophyll a Cchl = {1, 5, 10, 20, 50} mg/m3.

The parameters of model (15) were determined on the basis of changes in reflectance R as
a function of h, determined from Equations (7)–(9). The following parameters were obtained:
a0 = −0.994654, a3 = −3.91129, α∗b = 0.293404, k∗ = 0.04999945 (NTU·m)−1, a11 =−0.767181.
Parameters: α∗b and k∗ are almost equal to αb = 0.3, k = 0.05 (NTU·m)−1 used in Equations (7)–(9).
Formally, α∗b should be equal to αs + αb(1− αs) = 0.002 + 0.3·(1− 0.002) = 0.3014, as in Equa-
tion (12). The compliance of the parameters α∗b and k∗ with the parameters αb and k confirms
that a correction (13) for the bottom reflectance in the models (14) and (15) was needed.
Model (15) is less accurate for shallow depths and higher concentrations of chlorophyll a
Cchl (Figure 13), along with model (14).

Figure 13. Chlorophyll a Cchl concentrations as a function of depth h for Equations (7)–(9) and
model (15) (approximation).

It would be difficult to use a combination of Equations (7)–(9) to calculate chlorophyll
a concentrations on the basis of the reflectance recorded by a satellite; such reflectance is
a combination of both a chlorophyll a reflectance and the reflectance of other substances
present in the water. Such calculations were performed for the wavelengths of 665 nm and
705 nm. However, accurate parameters of models (7)–(9) for one wavelength and known
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turbidity could not be found. Therefore, model (14) has been proposed as the one that that
includes the reflectance for different wavelengths.

3. Results
3.1. Model Parameters for Chlorophyll a

Based on the measurements of the concentration of chlorophyll a Cchl, turbidity C,
lake depth h, and the reflectance R . . . for wavelengths: 665, 705, 740, and 842 nm, the
model parameters were determined (14). Due to the large number of parameters:

a0 , a3 , αb, 665 , k665 , a4 , αb, 705 , k705 , a5 , a7 , a11 , a12 , a13 , a15

the two-stage procedure was introduced. At first, a preliminary estimate of the parameters:
a0 , a3 , a4 , a5 , a7 , a11 , a12 , a13 , a15 was produced for the logarithm of r (4)
using the least square method, i.e., minimizing the sum of squares of deviations between
the logarithm of the measured chlorophyll concentration Cchl and the logarithm of the
concentration calculated from model (4). Then, other model parameters were found,
assuming the parameter values previously determined for model (4) for the calculations.
All parameters were determined by minimizing the sum of squared deviations between
the measured Cchl concentration and the one calculated from model (14); the correlation
coefficient was 0.944. The values of the model parameters (14) are summarized in Table 2,
col. 2. The model fit is shown in Figure 14. If turbidity was calculated from model (17),
the parameters of model (14) would have been provided, as shown in Table 2, col. 3. The
correlation coefficient was 0.925. The fit of model (14), while using model (17), is shown
in Figure 15. In both cases, the model’s fit to the measurements was good. If there is no
detailed data on turbidity and the parameter shows little variability, the average value of
turbidity can be used in the calculations.

Table 2. Model parameters (14).

Parameter Value at
Known Turbidity

Value at
Turbidity Calculated from Model (17) Units

1 2 3 4

a0 −32.25907512 −75.68466110 ln(mg/m3)

a3 −43.55040094 −72.72855795 –

αb, 665 0.015293030 0.006693771 –

k665 0.007665104 0.011140396 (NTU·m)−1

a4 42.36776151 62.29811979 –

αb, 705 0.010635655 0.008960131 –

k705 0.003498578 0.000530822 (NTU·m)−1

a5 −23.86732103 −47.45269805 –

a7 4.731529537 9.465054057 –

a11 −5.149196218 −9.056892001 –

a12 4.533167105 6.641324249 –

a13 −2.345421643 −5.388690882 –

a15 0.193746731 0.802524849 –

3.2. Maps of Chlorophyll a Concentrations for Lake Dobczyce

The map of chlorophyll a concentrations (Figure 16) was developed from satellite
images using models (14) and (17). Long retention times observed in Lake Dobczyce
(average 157 days), contribute to the algae growth and high chlorophyll a concentrations;
higher concentrations are noted in the middle of the lake. In this region, towards the dam,
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low flow velocities are also observed (Figure 17); therefore, concentrations slightly decrease
due to sedimentation of the suspended solids and algae. There are stagnant zones at the
northern and southern banks of the lake, where flow velocities are very low (Figure 17).
Such conditions promote algae growth, and the observed concentration of chlorophyll a
is high. Moreover, in the lake branches, where a water exchange is low and the retention
times exceed the average one, high concentrations of chlorophyll a are observed (Figure 16).

Figure 14. Model fit (Cchl model) (14) to the measured concentrations of chlorophyl-a (Cchl data) at
the known turbidity values.

Figure 15. Model fit (Cchl model) (14) to the measured concentrations of chlorophyl-a (Cchl data) for
turbidity model (17).

In October, water temperatures in the lake are low (around 13 ◦C), and the algae
growth slows down. At that time, higher concentrations of algae could be found only in
the northern branch of the lake (stagnant zone) and at the southern shores, where low
flow velocities (Figure 17) are responsible for stagnant zones (Figure 18). The chlorophyll a
model showed a good fit to the measurement data (Figure 18, table).
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Figure 16. Chlorophyll concentration in Lake Dobczyce 9 May2021 (imagery by Sentinel 2).

Figure 17. Two-dimensional field of the average vertical velocity in the main part of Lake Dobczyce
(without the northern bay), with the total flow of 10 m3/s and no-wind conditions (model RMA2).
Reprinted with permission from [40].

3.3. Models Parameters for Turbidity

The turbidity C model was developed similarly to the chlorophyll a model. At first,
it was determined which factors from the range of a0–a16 are significant for turbidity in
Equation (3). Then, the significance test was used for the a1–a16 coefficients at a significance
level of 0.05 using the Student’s t-distribution. It was found that the most important coeffi-
cients are related to the wavelengths: 705, 740, and 783 nm; these lengths approximately
correspond to the local minimum and maximum on the spectral curve of suspensions
(Figures 2–4). The initial form of the equation was as follows:

lnC = aC,0 + aC,4lnR705 + aC,5lnR740 + aC,6lnR783+

aC,12(lnR705)
2 + aC,13(lnR740)

2 + aC,14(lnR783)
2 (16)

C—turbidity [NTU];
a . . . .—model coefficients;
R . . . .—radiation reflectance for wavelengths: 705, 740, and 783 nm.
Taking into account the reflectance of the lake bottom leads to a relationship:

C = exp aC,0 + aC,4ln(R705 − αC,b, 705exp(−kC,705·C·2h))+
aC,5lnR740 + aC,6lnR783+

aC,12

(
ln
(

R705 − αC,b, 705exp
(
−kC,705·C·2h

)))2
+

aC,13(lnR740)
2 + aC,14(lnR783)

2

(17)
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exp(aC,0)—model’s coefficient [NTU].

Figure 18. Chlorophyll concentrations in Lake Dobczyce, 21 October 2021 (imagery by Sentinel 2).

The effect of light reflection by the lake bottom is shown in Figure 11. It appears
that it is sufficient to consider the reflectance correction for 705 nm to obtain a satisfactory
accuracy of model (17). Of course, it is also possible to correct the reflectance for 740 nm
and 783 nm, but the overall improvement of the model quality would be negligible.

Equation (17) is implicit due to turbidity C. The C value can be obtained by successive
approximations, i.e., inserting in exp

(
−kC,705·C·2h

)
values C from the previous approxi-

mation; after several attempts (e.g., 4), the value C becomes reasonably accurate. Another
method involves searching for the function’s zero, i.e., the difference of the right side of
Equation (17) and C. Here, the regula falsi method of searching for the function’s zero can
be used.

Based on the measurement data of: turbidity C, lake depth h, and the reflectance R...
for wavelengths 705, 740, and 783 nm, the parameters of model (17) were determined. Due
to the large number of parameters:

aC,0 , aC,4 , αC,b, 705 , kC,705 , aC,5 , aC,6 , aC,12 , aC,13 , aC,14

the two-stage procedure was employed. First, the values of some parameters were initially
estimated: aC,0 , aC,4 , aC,5 , aC,6 , aC,12 , aC,13 , aC,14, and then all the others were
estimated, while correcting the values of the pre-estimated parameters. The parameters
were determined using the least squares method (the best fit) for turbidity C and turbidity
from model (17). The model parameters are summarized in Table 3. The correlation
coefficient was 0.939, and the model fit is shown in Figure 19. A good fit of the model to
the measurement data was obtained.

3.4. Maps of Turbidity for Lake Dobczyce

The water turbidity map for the lake (Figure 20) was developed from the satellite
images and model (17). Long retention times in Lake Dobczyce (average 157 days) favor
the sedimentation of suspended particles. Therefore, the water turbidity in the middle
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of the lake, towards the dam, where there are low velocities (Figure 17), is lower than
turbidity close to the place where the Raba river enters the lake (Figure 20). In the branches
of the lake, where water exchange is low and retention times are longer, low turbidity may
be attributed to good sedimentation conditions (Figure 20); turbidity is also low on the
south-eastern shores of the lake, where the flow velocities are low.

Table 3. Values of the model (17) parameters.

Parameter Value Unit

aC,0 −28.87376959 ln(NTU)

aC,4 13.12134743 –

αC,b, 705 0.014648999 –

kC,705 0.0000434391 (NTU·m)−1

aC,5 −59.94110417 –

aC,6 26.75417218 –

aC,12 1.323875637 –

aC,13 −8.392820945 –

aC,14 3.936558098 –

Figure 19. Model (17) fit (C model) to the measured turbidity (C data).

In October (Figure 21) and in May (Figure 20), turbidity decreased along the lake
towards the dam. Moreover, in the northern branch, sedimentation contributed to a lower
turbidity (Figure 21). The turbidity model showed a good fit with the measurements
(Figure 21, table); however, at point 2 (Figure 21), the turbidity calculations were poor due
to clouds obscuring the view.
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Figure 20. Water turbidity of Lake Dobczyce 9 May 2021 (imagery by Sentinel 2).

Figure 21. Water turbidity of Lake Dobczyce, 21 October 2021 (imagery by Sentinel 2).

4. Discussion

The authors developed the model to calculate the concentration of chlorophyll a and
turbidity in the water. In the case of Lake Dobczyce, the chlorophyll a model takes into
account reflectance corresponding to the middle wavelengths 665, 705, 740, and 842 nm,
while the bottom effect is related to the wavelengths 665 and 705 nm. The model for
turbidity considers the reflectance corresponding to the middle wavelengths 705, 740,
and 783 nm, while the bottom effect is related to the wavelength 705 nm. To eliminate
a minor reflectance related to other wavelengths from the pseudo-linear model (3), the
Student’s t-test was been used for both chlorophyll a and turbidity. It cannot be predicted in
advance whether the models for different lakes will always use the reflectance for the same
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wavelengths. If so, the model coefficients may probably be different due to different water
characteristic and other properties of the bottom sediments. In the case of Lake Dobczyce,
all of the discriminants that are quotients of reflectance differences or reflectance quotients
(Table 1) were not used in the models because they did not improve their quality.

The average relative error of the model for chlorophyll a is about 0.216, while the
average error is about 2.01 mg Chl a/m3. Graphs for errors are shown in Figures 22 and 23.

Figure 22. Model errors for chlorophyll a versus measurement data.

Figure 23. Model relative errors for chlorophyll a versus measurement data.

The greatest errors of the model relate to concentrations of about 15 mg Chl a/m3

(Figure 22) and the highest relative errors concentrations of about 6 mg Chl a/m3 (Figure 23).
For low and high chlorophyll a concentrations, the relative errors are the smallest. Some-
times, the existence of greater errors is caused by the unrepresentativeness of point mea-
surement relative to the area represented by one raster. In addition, a greater number
of data with average values of chlorophyll a concentration increases the likelihood of a
greater error.

The reflectance corrections for 665 nm were smaller than for 705 nm (Figure 24). This
may be due to the fact that the wavelength of emissions for chlorophyll a is 663 nm, after it
was stimulated using a 430 nm radiation. Backscattering with a length of 665 nm, recorded
by the satellite, therefore had to be more characteristic of chlorophyll a than for other
substances contained in water. Backscattering with a length of 705 nm is characteristic
of minerals, in particular montmorillonite (Figure 8), and this likely explains why the
reflectance corrections were greater. Reflectances for other wavelengths, occurring in the
model for chlorophyll a, can be characteristic of other substances contained in water and
atmosphere ingredients.
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Figure 24. The reflection corrections graph versus the product of the depth and turbidity for the
chlorophyll a model.

The average relative error of the model for turbidity is about 0.184, while the average
error is about 0.629 NTU. Graphs of errors are shown in Figures 25 and 26.

Figure 25. Model errors for turbidity versus measurement data.

Figure 26. Model relative errors for turbidity versus measurement data.

The greatest errors for the turbidity model concern the turbidity of about 7 NTU
(Figure 25) and the greatest relative errors of turbidity of about 2–4 NTU (Figure 26).
Sometimes, the existence of greater errors is caused by the unrepresentativeness of point
measurement relative to the area represented by one raster. In addition, a greater number
of data with average turbidity increases the likelihood of a greater error.
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The reflectance corrections for 705 nm for the turbidity model were approximately
constant and amounted to around 0.0146.

The remote determination of water quality parameters requires corrections of the
reflectance measured by the satellite, which may pose some problems. In urbanized
areas or areas close to industrial agglomerations, standard corrections do not give good
results. The changes in composition of the atmosphere (content of moisture, dust, and
other pollutants) may require different corrections. Therefore, it becomes necessary to
determine a reference surface that enables a reflectance correction. This can be any surface
with spectral properties constant in time. In this case, a fragment of the dam crest served as
the reference surface. The base reflectance was the first reference surface reflectance in a
series of measurements. The changes in the reflectance of the reference surface in relation
to the base surface made it possible to correct the reflectance of the lake surface.

5. Conclusions

• The large number of different models used to calculate chlorophyll a concentrations
and turbidity in water means that there is no one universal model for use with different
bodies of water.

• Models developed as the product of the reflectance powers (after logarithm) undergo
statistical analysis to eliminate irrelevant components. This procedure simplifies
the model. The final model may take into account the reflectances of many wave-
lengths, which are then eliminated by the statistical test at the significance level, e.g.,
0.05 (Student’s t-distribution).

• The specific physic-chemical and biological composition of the water in a given reser-
voir may result in significant differences between the spectral curves for individual
water components.

• Shallow reservoirs require corrections for the bottom reflectance. It is impossible to
predict in advance at what depth and for which wavelengths the bottom reflectance
is already negligible. The analysis of satellite images helps to determine whether the
bottom reflectance at a given wavelength is insignificant (poor bottom visibility); this
simplifies the model.

• It is difficult or even impossible to use a combination of physical equations (type (7)–(9))
to calculate the concentration of chlorophyll a based on the reflectance recorded by the
satellite; such reflectance is a mix of the chlorophyll a reflectance and the reflectance of
many other substances present in the water. The authors could not find parameters of
the model types (7)–(9) for just one wavelength and the known turbidity and maintain
a satisfactory accuracy. Therefore, they proposed model (14) that took into account the
reflectance for different wavelengths.

• Reflectances corresponding to the middle wave range 665, 705, 740, and 842 nm have
been used in the model of chlorophyll concentration, while the effect of lake bottom
interaction is associated with wavelengths 665 and 705 nm.

• Reflectances corresponding to the middle wave range 705, 740, and 783 nm have been
used in the model of turbidity, while the effect of lake bottom interaction is associated
with wavelength 705 nm.

• The described models use the reflectances normalized to the conditions prevailing at a
specific moment over the reference surface.
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36. Śliwiński, D.; Konieczna, A.; Roman, K. Geostatistical Resampling of LiDAR-Derived DEM in Wide Resolution Range for
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