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ABSTRACT 

 

Remote sensing is an essential tool for mapping the dynam-

ics of the optical components in tropical water reservoirs, 

allowing the identification of eutrophic conditions and their 

influences. This study is based on in situ data collected at 

the Itaipu reservoir, located on the Brazil-Paraguay border, 

to analyze limnological data of chlorophyll-a (chl-a), em-

ploying remote sensing techniques, calibration, and valida-

tion of simulated bio-optical algorithms for the 

OLCI/Sentinel-3 and MSI/Sentinel-2 sensors. The empirical 

algorithm calibration and validation were based on Monte 

Carlo’s simulation. The results showed that the second-order 

derivative effectively revealed the spectral features of chl-a 

presence in the water. Furthermore, the best model included 

the slope between the 673 and 681 simulated bands (R² 

~0.64 and MAPE of ~35%) with a polynomial adjustment of 

degree two. The narrower spectral band of the OLCI sensor, 

compared to that of the MSI sensor, allowed a greater sensi-

tivity to phytoplankton features, even at the low chl-a con-

centrations. 
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spectral, water quality. 

 

1. INTRODUCTION 
 

The monitoring of water quality is an important manage-

ment tool to guarantee the sustainability of aquatic systems 

[1] [2]. Different Optically Active Components (OACs) 

present in the water column (e.g., clorophyll-a) can be com-

bined to remote sensing measurements to predict the water 

quality [3] [4]. For example, Phytoplankton is a primary 

food source for many existing aquatic organisms and fish 

communities, being an interesting indicator of the richness 

of aquatic environments [5]. These organisms are suitable 

indicators of water pollution, making the species composi-

tion and abundance important parameters for assessing the 

water quality and the ecological health of an aquatic system 

[6] [7]. 

Chlorophyll-a (chl-a) occurs as a photosynthetically ac-

tive pigment in almost all types of phytoplankton species, 

influencing the backscatter intensity of water and other 

components [8]. According to [9] phytoplankton cells be-

have as strong absorbers of visible light, playing an im-

portant role in the absorption properties of natural waters. 

Knowing the spatial distribution of chl-a is fundamental, as 

it is related to in reservoirs’ trophic state [10]. 

In this sense, this study aims to estimate the concentra-

tion of chlorophyll-a in the Itaipu reservoir using empirical 

algorithms. The Rrs from MSI/Sentinel-2 and 

OLCI/Sentinel-3 sensors were simulated using in situ hyper-

spectral reflectance (Rrs) measurements which were also 

submitted to first and second-order derivative analyses. 

 

2. MATERIAL AND METHODS 

 

This paper was divided into two steps: (i) derivative analysis 

of water reflectance spectra obtained in situ and (ii) calibra-

tion and validation of a bio-optical algorithm based on chlo-

rophyll-a concentration and simulated Rsr for the 

OLCI/Sentinel-3 and MSI/Sentinel-2 sensors bands. 

 

2.1. Study area 

 

The Itaipu Reservoir is located on the Brazil-Paraguay bor-

der and belongs to the Paraná river drainage basin. The 

reservoir has a flooded area of 1350 km, 170 km of exten-

sion, and a maximum depth of 223.10 m upstream [11]. The 

hydroelectric plant Itaipu Binacional plays an important role 

in the Brazilian energy matrix, supplying 10.8% of the ener-

gy produced in Brazil. and 88.5% of all energy consumed in 

Paraguay [11]. Spectral measurements were collected at 19 

sampling points distributed along the Itaipu reservoir (Fig-

ure 1). 
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Figure 1. Study area location and sampling points. 

 
2.2. In situ data 

 

Limnologic (chlorophyll-a concentration, total suspended 

solids, and Secchi disk depth) and radiometric data were 

obtained in March 2013. Radiometric measurements above 

water were obtained using three intercalibrated TriOS-

RAMSES spectroradiometers, following the protocol of 

Mobley [12] to compute the remote sensing reflectance 

(Rsr), in the spectral range between 400 nm and 950 nm 

(spectral resolution of 1 nm). The Rsr was calculated as 

shown in equation 1: 

 

𝑅𝑟𝑠 =
𝐿𝑡(𝜃,𝜙,𝜆)− 𝜌(𝜃,𝜙)𝐿𝑠𝑘𝑦(𝜃′,𝜙,𝜆)

𝐸𝑑
  (1) 

Where Lt is the total radiance, Lsky the sky radiance, 

ρ(θ,ϕ) the reflectance of the air-water interface and Ed the 

downward irradiance. The limnological parameters deter-

mined in the Itaipu reservoir indicates low concentrations of 

chlorophyll, total suspended matter (TSM) and Secchi depth 

(Table 1). 

 

 Chl-a (μ/L) TSM (mg/L) Secchi (m) 

Minimum 0.59 0.63 0.80 

Maximum 4.81 4.00 1.70 

Mean 1.43 1.87 1.30 

Standard de-

viation 

1.14 0.91 0.23 

Table 1. Synthesis of in situ limnological data. 
 

2.3. Spectral derivative analysis 

 

In this research, a derivative analysis was applied to assess 

from chlorophyll-a absorption features in the Rrs spectra. 

Rrs spectra were initially smoothed using a functional data 

analysis method (b-spline function), available in the FDA 

package in R [14]. Then, first and second-order derivatives 

were performed at the smoothed spectra [15]. 

 

2.4. Calibration and validation of bio-optical algorithms 
 

OLCI/Sentinel-3 and MSI/Sentinel-2 bands were simulated 

using the Rrs data and the spectral response function of each 

sensor [16]. Useful algorithms for estimating the chloro-

phyll-a concentration in Brazilian reservoirs were identified 

and applied in this study. Namely: (i) ratio of two bands, (ii) 

three bands [17], (iii) slope [18], and (iv) NDCI (Normal-

ized Difference Index for Chlorophyll) [19]. 

To calibrate and validate the algorithms, a Monte Carlo 

simulation was performed, with 1000 iterations. At each 

iteration, the dataset was split into 70% for calibration and 

30% for validation. Algorithms’ performance assessment 

used the following metrics: R² (determination coefficient) 

and MAPE (Mean Absolute Error in Percentage). Finally, 

the selection criteria to select the best model was based on 

the smallest error and the median of the results generated in 

the Monte Carlo simulation. 

 

3. RESULTS AND DISCUSSION 

 

In the 1st order derivative (Figure 2b), the region between 

400 nm and 500 nm showed small positive variations, pos-

sibly associated with the scattering by the inorganic fraction, 

and the absorption caused by organic matter and chloro-

phyll-a. The positive and negative features near 560 nm and 

665 nm indicate the presence of chlorophyll-a, but they are 

also regions influenced by the scattering of suspended sol-

ids. The region above 700 nm presents a negative variation, 

resulting from the expressive decrease in reflectance in this 

range (Figure 2a), related to the strong absorption of radia-

tion by the water [20]. 

Successive differentiation in the spectrum measured 

over a water body allows the removal of the background 

effect caused by certain COAs [21]. The application of the 

2nd order derivative more effectively revealed chlorophyll-a 

absorption features, even considering its small concentration 

in the reservoir. The spectral response in the range between 

400 nm and 550 nm is commonly influenced by the scatter-

ing of inorganic particles in moderately turbid waters [22] 

and by the absorption of other COAs, was extinguished. The 

effect of water absorption predominant in the near-infrared 

region was also nullified. 

The significant spectral features of the chlorophyll-a 

pigment revealed by the 2nd derivative are expressed by the 

peak of maximum reflectance in the green region (~570 

nm), the absorption point in the red range (~675 nm), and 
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the other peak of reflectance at ~685 nm, related to phyto-

plankton fluorescence (Figure 2c). For MSI/Sentinel-2, due 

to the bandwidth centered at 665 nm, there was a loss of 

information since it includes the absorption band at ~675 

nm and the fluorescence peak at ~685 nm. In contrast, the 

OLCI/Sentinel-3 simulated bands allowed greater sensitivity 

of the absorption and scattering features associated to the 

phytoplankton (Figure 2e), due to its finer spectral resolu-

tion in the red region (bands 665/ 673/681 nm). 

 

 
Figure 2. (a) Field spectrum, (b) 1st order derivative, (c) 2nd 

order derivative, bands simulation for (d) MSI/Sentinel-2 

sensor and for (e) OLCI/Sentinel- 3. Arrows indicate regions of 

the chl-a pigment interactions with electromagnetic radiation. 

 

The correlation analysis between the concentration of 

chlorophyll-a and MSI/Sentinel-2 data presented the best 

adjustment for the slope between the bands centered in the 

wavelengths of 665 nm and 705 nm. In this case, it showed 

R² of ~0.46 and MAPE of ~44.70%, for the median model 

with degree 2 polynomial. The linear fit for the same 

composition presented metric values close to the polynomial 

fit, with R² of ~0.45 and MAPE of ~50%. For the 

OLCI/Sentinel-3 sensor, the best models were the 

composition of 3 bands 665,681,708 nm (median model 

with R² ~0.61 and MAPE of ~38%) and the slope between 

the 665/673 nm bands (R² ~0.84 and MAPE of ~36%) and 

673/681 (R² ~0.64 and MAPE of ~35%), all with degree 2 

polynomial adjustment. 

The analyses of the standardized errors of the dispersion 

for the three best models explaining chl-a concentration 

indicated that the combination of the bands 665,681,708 nm 

resulted in biased residue, indicating that the second-degree 

polynomial transformation was not suitable for adjusting 

this variable (Figure 3c). Despite the lack of a trend, the 

residue dispersions in the slope models were clustered 

around chlorophyll-a concentration below 2.0 µg/L, indi-

cating that these algorithms are unsuitable for estimating 

higher concentration values. 

 

 
Figure 3. Regression of the median models generated in the 

Monte Carlo simulation: (a) 3 bands 665/681/708 nm, (b) slope 

665/673 and (c) slope 673/681, and the respective standard 

errors in (d), (e) and (f). 

 

Furthermore, the well-defined concavity of the slope 

model between the 665/673 nm bands (Figure 3b), suggests 

a level of confusion for the estimation of chlorophyll-a con-

centration values lower than ~0.80 µg/L, since for the same 

concentration estimate there are two slope values associated. 

Many of the models used to estimate chl-a concentra-

tion over inland waters use chl-a absorption bands in the red 

(~675 nm) and NIR (near-infrared) (~710 nm) ranges, relat-

ed to phytoplankton scattering [23][24][16]. However, these 

models are based on ranges of high chl-a concentration. This 

way, there is a shift of the reflectance peak towards the 

regions of ~705 nm and ~740 nm, what is not observed at 

low Chl-a concentrations [20]. In these cases, the spectra 

shape in the NIR is explained much more by the absorption 

of water than by the scattering of phytoplankton, which 

makes it difficult to use the bands in this region for generat-

ing models that estimate chl-a concentrations. 

 

5. CONCLUSIONS 

 

Based on the results presented, we conclude that the 

OLCI/Sentinel-3 sensor showed good potential for monitor-

ing this variable, especially for reservoirs with a low con-

centration of chlorophyll-a. Without the predominance of 

the optical component chlorophyll-a, it was possible to de-

fine an empirical algorithm to estimate the concentration of 

this parameter in water. The good performance of the OLCI 
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sensor in comparison to the MSI sensor was due to the fine 

spectral resolution, which allowed the subtle spectral re-

sponse of Rsr in the absorption (~675 nm) and fluorescence 

region (~685 nm). Although three models for the OLCI 

sensor presented a good design, taking as reference the 

statistics values, the slope 673,681 model was the most 

coherent based on the standardized error distribution and the 

shape of the estimated curve. Note that the proposed model 

estimates values in a small range of chlorophyll concentra-

tion (0.60 - 4.80 µg/L) which may represent a limitation of 

the model. 
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