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RESUMO - A composição e a concentração da biomassa de algas são indicadores-chave da qualidade da água e dos níveis de 
eutrofização em ambientes lênticos e lóticos. A estimativa das concentrações de algas tem sido um foco central da pesquisa em 
sensoriamento remoto, com avanços recentes em modelagem e aquisição de dados visando reduzir erros associados a sistemas de 
aquisição e à variabilidade ambiental. Este estudo desenvolveu uma estratégia para monitorar a clorofila-a usando imagens 
multiespectrais de alta resolução espacial em uma região impactada por fontes de poluição pontuais e difusas, especificamente na foz 
do Riacho Fundo no Lago Paranoá, Distrito Federal, Brasil. Os dados foram adquiridos por meio de imagens de satélite PlanetScope e 
de um sistema de Aeronave Remotamente Pilotada (APR), juntamente com medições limnológicas, meteorológicas e de Reflectância 
de Sensoriamento Remoto (Rrs) in situ. Modelos de regressão linear estatisticamente validados mostraram fortes correlações entre 
dados de sensoriamento remoto e concentrações de clorofila-a, com valores de R² de 0,80 para dados de APR (canal vermelho: 640–
680 nm) e 0,81 e 0,72 para dados do PlanetScope (verde: 500–590 nm; vermelho: 590–670 nm). Essas descobertas destacam o potencial 
dos sistemas de sensoriamento remoto por satélite e APR para estimar a clorofila-a em águas continentais, mesmo em condições de 
baixa biomassa. No entanto, a precisão do modelo pode ser reduzida em águas muito claras, sob mudanças sazonais nas propriedades 
ópticas ou sem calibração regular do sensor. 
Palavras-chave: Clorofila-a.·Sensoriamento remoto. Qualidade da água. PlanetScope. APR. 
 
ABSTRACT - The composition and concentration of algal biomass are key indicators of water quality and eutrophication levels in 
both lentic and lotic environments. Estimating algal concentrations has been a central focus of remote sensing research, with recent 
advances in modeling and data acquisition aimed at reducing errors associated with acquisition systems and environmental variability. 
This study developed a strategy for monitoring chlorophyll-a using high-spatial-resolution multispectral imagery in a region impacted 
by both point and diffuse pollution sources, specifically at the mouth of Riacho Fundo in Paranoá Lake, Federal District, Brazil. Data 
were acquired from PlanetScope satellite imagery and a Remotely Piloted Aircraft (RPA) system, alongside limnological, 
meteorological, and in situ Remote Sensing Reflectance (Rrs) measurements. Statistically validated linear regression models showed 
strong correlations between remote sensing data and chlorophyll-a concentrations, with R² values of 0.80 for RPA data (red channel: 
640–680 nm) and 0.81 and 0.72 for PlanetScope data (green: 500–590 nm; red: 590–670 nm). These findings highlight the potential of 
RPA and satellite remote sensing systems for estimating chlorophyll-a in continental waters, even under low-biomass conditions. 
However, model accuracy may be reduced in very clear waters, under seasonal shifts in optical properties, or without regular sensor 
calibration. 
Keywords: Chlorophyll-a. Remote Sensing. Water quality. PlanetScope. UAV. 
 

INTRODUÇÃO 
Eutrophication is a major consequence of 

pollution in aquatic environments, driven by 
nutrient enrichment that stimulates excessive 
phytoplankton growth and can lead to harmful 
algal blooms (HABs). Such blooms deteriorate 

water quality, deplete dissolved oxygen, disrupt 
ecological balance, and may release toxins that 
threaten aquatic life and limit water usability 
(Walker, 2025; Lan et al., 2025). 

Phytoplankton biomass is widely recognized 
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as a robust proxy for eutrophication levels, as 
excessive phytoplankton growth directly indicates 
nutrient enrichment in aquatic environments. 
Chlorophyll-a (Chl-a), a primary photosynthetic 
pigment, is widely used to estimate phyto-
plankton concentration and, consequently, to 
assess the trophic status of water bodies (Khan et 
al., 2021). Remote sensing (RS) techniques have 
become increasingly important tools for Chl-a 
estimation, providing synoptic, non-invasive 
monitoring. However, the performance of RS-
based estimations is strongly influenced by sensor 
characteristics, including spatial, spectral, and 
radiometric resolution (Kumar et al., 2025; Izadi 
et al., 2021; Rolim et al., 2023; Lobo et al., 2021; 
Maciel et al., 2020, 2023). Satellite-based RS has 
been extensively used for water quality moni-
toring (Tesfaye, 2024; Lobo et al., 2021; Maciel 
et al., 2020, 2023). 

Sensors such as PlanetScope provide high 
spatial and temporal resolution but are often limited 
by lower radiometric quality and susceptibility to 
cloud cover (Mansaray et al., 2021). Along with 
Chl-a, other photosynthetic pigments – such as 
phycocyanin, phycoerythrin, carotenoids, and 
xanthophylls – can also be monitored via remote 
sensing, albeit with certain limitations. For 
instance, Markogianni et al. (2020) monitored 
Chl-a in lakes in Greece from medium-resolution 
imagery, with an RMSE of 1.3 mg/m³. Similarly, 
Maciel et al. (2020) reported a coefficient of 
determination (R²) of 0.56 for remote sensing 
reflectance in the PlanetScope sensor bands in 
turbid waters but obtained poor results in clear 
lakes (R² = 0.08). These limitations are particularly 
critical in small or complex inland waters, where 
mixed pixels and variable optical conditions 

affect accuracy (Maciel et al., 2020; Markogianni 
et al., 2020). 

In contrast, Remotely Piloted Aircraft (RPA) 
platforms have emerged as a powerful alternative 
for water quality monitoring. RPAs can operate 
below cloud cover, providing centimeter-level 
spatial resolution and enabling flexible, on-demand 
data acquisition (Ngwenya et al., 2025; Olivetti 
et al., 2020, 2023). Recent studies demonstrate 
the feasibility of using RPAs equipped with 
multispectral or hyperspectral sensors to accu-
rately estimate Chl-a concentrations and detect 
phytoplankton blooms (Olivetti et al., 2023). 
Shang et al. (2017) demonstrated the use of a 
hyperspectral sensor coupled with a low-cost, 
low-altitude RPA to monitor phytoplankton 
blooms (Phaeocystis globosa), revealing Chl-a 
concentrations between 7.3 and 45.6 mg/m³. This 
capability enhances the spatial and temporal reso-
lution of monitoring programs, complementing 
satellite observations and reducing reliance on 
sparse in situ sampling. 

Given this context, it is crucial to evaluate the 
performance, advantages, and limitations of Chl-
a estimation from both satellite and RPA data. 
This study focuses on a comparative analysis of 
these two RS platforms applied to a critical area 
of Paranoá Lake (Brasília, DF), specifically the 
Riacho Fundo arm, which is strongly influenced 
by anthropogenic activities and multiple pollu-
tion sources (De Aquino et al., 2018; Dias and 
Baptista, 2015). By analyzing and comparing the 
accuracy and applicability of satellite- and RPA-
derived data for Chl-a estimation, this research 
aims to support the development of more 
effective strategies for monitoring water quality 
in inland aquatic ecosystems.

MATERIALS AND METHODS 
The study area is located within Paranoá Lake, 

a large, man-made reservoir in the Federal District 
of Brazil, covering a total area of 4,800 hectares. 
The lake plays a crucial role in supplying water to 
surrounding urban areas, but it also faces sig-
nificant environmental challenges due to urbaniza-
tion and pollution. The study area comprises 38 
hectares located in the Riacho Fundo arm of 
Paranoá Lake. Its selection considered not only 
operational aspects, such as the flight autonomy 
of the Remotely Piloted Aircraft (RPA) employed, 
but also its scientific relevance. Long-term moni-
toring conducted by the Environmental Sanitation 
Company of the Federal District (CAESB) over 

an 11-year period (2006–2017) has consistently 
identified this arm as the most impacted sector of 
the reservoir. Average chlorophyll-a (Chl-a) 
concentrations of 13.12 mg/m³ classify the site as 
eutrophic according to Carlson’s Trophic State 
Index, as modified by Lamparelli (2004), with 
values ranging from 0 to 98.4 mg/m³. The combi-
nation of multiple pollution sources, high temporal 
variability, and documented eutrophication makes 
this area a representative natural laboratory for 
testing and validating remote sensing approaches 
to water quality monitoring. 

Characterized by a “Tropical Savanna” climate 
according to Köppen’s classification, the area has 
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a well-defined rainfall regime, with the rainy 
season occurring from October to April 
(Codeplan, 1984), during which 84% of the total 
annual rainfall (ranging from 1200 to 1700 mm) 
is concentrated. This same area was the focus of 
studies by Batista and Fonseca (2018), who 
investigated phytoplankton, and by Mar da Costa 
et al. (2016), who examined biogeochemical 
mechanisms for controlling trophic state and 
micropollutant concentrations. 

This environment is impacted by both diffuse 
and point-source pollution from various sources, 
including effluents from the Sewage Treatment 
Plant (ETE Sul) (Dias and Baptista, 2015), 
discharges from the Riacho Fundo stream (De 
Aquino et al., 2018), stormwater and surface 
runoff (Fonseca, 2001), potential illegal sewage 
connections, and improper solid waste disposal. 
The diversity and complexity of these pollution 
sources have led to fluctuating pollutant concen-

trations over time, highlighting the need for high-
resolution, spatially detailed monitoring. This 
area is subjected to significant anthropogenic 
pressures, including urban runoff, treated and 
untreated wastewater discharges, diffuse pollution 
from densely populated areas, and agricultural 
runoff (De Aquino et al., 2018; Dias and Baptista, 
2015). 

Figure 1 shows the data collection locations, 
numbered 1 to 10, which were defined using the 
accumulated reflectance technique (Almeida et 
al., 2018).  

This method is effective for identifying regions 
of spectral variability and is particularly useful 
for classifying and identifying vegetation types 
and water composition in areas with climatic 
seasonality (Hermuche and Sano, 2011; Grande 
et al., 2016). To apply the technique, the sum of 
eight PlanetScope Surface Reflectance images 
collected over a two-year period was used. 

 

 
Figure 1 - Study area and sampling points distribution 

DATA ACQUISITION  
In its various stages, this study explores data 

from three sources: field data, orbital data, and 
RPA airborne data. Field data include in situ 
limnological, meteorological, and remote sensing 
reflectance (Rrs) variables. Orbital data refers to 

PlanetScope (PS) imagery. RPA airborne data 
consists of images acquired using the Sequoia 
multispectral sensor. Whenever possible, the 
simultaneous acquisition of all data types was 
prioritized. To this end, the acquisition of orbital, 
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airborne, and field data was planned for the same 
dates. 

Initially, four field campaigns were planned 
throughout 2019, all of which were carried out as 
scheduled. The data collection took place on the 
following dates: May 6, 2019 (N=3), July 1, 2019 
(N=10), October 11, 2019 (N=3), and December 
6, 2019 (N=10). During these campaigns, limno-
logical, meteorological, and field spectrometry 
data were collected. In order to increase the 
density of field data, additional campaigns were 
conducted focusing solely on chlorophyll-a data 
collection. These data were obtained on Sep-
tember 23, 2019 (N=6). Additionally, six other 
campaigns were carried out by CAESB at 
different times that year, with N=1 for each field 
survey: January 23, 2019; May 27, 2019; June 
19, 2019; July 23, 2019; September 17, 2019; and 
February 11, 2020. 

PS images were acquired for all field 
campaigns, but exact date matching was not 
always possible, leading to gaps of 1 to 3 days. 
Additionally, no PS images were available for 
the May 6, 2019 campaign due to excessive cloud 
cover. RPA images were acquired only for the 
campaigns on July 1, 2019, and December 6, 
2019. These images were captured at different 
flight altitudes, resulting in varying ground 
sample distances (GSD). Table 1 presents a 
summary of the acquired data, including the field 
campaign date, image acquisition date, cloud 
cover percentage, number of limnological data 
collection points, flight altitude, and pixel size. 

Aerial images were acquired using a Parrot 
Sequoia multispectral sensor mounted on a DJI 
Phantom 4 RPA. The Sequoia sensor is equipped 
with four 1.2-megapixel monochrome cameras 
that operate in narrow spectral bands: green 
(530–570 nm), red (640–680 nm), red-edge 
(730–740 nm), and near-infrared (770–810 nm), 
with bandwidths of 40 nm for the green, red, and 
NIR bands, and 10 nm for the red-edge band. In 
addition, the system includes an integrated RGB 
camera, a built-in GNSS receiver, and a solar 
irradiance sensor with spectral filters corres-
ponding to each multispectral band (Parrot, 2017). 
The solar sensor measures incident irradiance at 
the moment of image capture, which supports the 
radiometric correction process. To ensure 
accurate conversion of the raw images to surface 
reflectance during orthomosaic generation, a 
calibrated reflectance panel was used during 
flight operations. 

Images were acquired at nadir with a low solar 
angle to minimize Sun Glint, a phenomenon 
caused by the reflection of direct solar radiation 
when light strikes a surface and is reflected at the 
same angle of incidence (Ortega-Terol et al., 
2017). To reduce this effect, flights were 
conducted in the morning, between 8 AM and 9 
AM. To ensure accurate positioning of photo-
identifiable natural targets and improve the geo-
metric correction of Sequoia-generated products, 
a geodetic survey was conducted using high-
precision Trimble R8s RTK GNSS receivers. 

Analytic SR products from the “PlanetScope 
Ortho Scene Product” category were used to 
provide surface reflectance (%) data. These 
orthorectified products offer a nominal spatial 
resolution of approximately 3.7 m at nadir and an 
orthorectified pixel size of 3.0 m. They feature a 
12-bit radiometric resolution, scaled and de-
livered in 16-bit, and include four spectral bands: 
Blue (B) (455–515 nm), Green (G) (500–590 
nm), Red (R) (590–670 nm), and Near-Infrared 
(NIR) (780–860 nm). The spectral bandwidths 
are 60 nm for B, 90 nm for G, and 80 nm for R 
and NIR (Planet, 2020). 

In situ Rrs hyperspectral data were acquired 
by the RAMSES TriOS spectroradiometer. This 
data can be considered as ground truth for the 
evaluation of airborne and orbital products. To 
measure the in situ Rrs of the apparent optical 
property (AOP) at the collection points, the 
structure and geometry proposed by Villar et al. 
(2013) and Martinez et al. (2015) were used. In 
situ Rrs values were obtained using Eq. 1 
(Mobley, 1999). 

Rrs = (Lu-Ld*p)/Ed (1) 
Where: Lu = upwelling radiance of the water 
surface; Ld = radiance of the atmosphere; Ed = 
downwelling irradiance; P = proportional factor, 
in this case, 0.028 was used, a low-variability 
value according to conditions and settings defined 
by Mobley (1999) and applied in this work. 

The in situ Rrs data were resampled according 
to the Relative Spectral Response (RSR) of the 
PlanetScope sensor bands, according to Eq. 2, 
which uses the image band gain for the 
calculation (Rotta et al., 2016). 

Rrs_r (λ) = Ʃ𝜆𝜆 (𝑅𝑅𝑠𝑠𝑠𝑠(𝜆𝜆) ∗ 𝑆𝑆(𝜆𝜆))
Ʃ𝜆𝜆 𝑆𝑆(𝜆𝜆)  (2) 

Where: Rrs_r (λ) = resampled Rrs value for each 
band of the respective sensors; S (λ) = value of 
the band gain function, or relative spectral 
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response to the wavelengths for each band 
interval of the respective sensors. 

The in situ Rrs data were compared with data 
from the Sequoia and PlanetScope sensors to 
assess their radiometric quality. For this purpose, 
regression analysis was performed between the 
in situ Rrs data resampled for the spectral range 
of each sensor and the corresponding Rrs data 
from the sensors. 

Chl-a concentrations were determined 
through water collection and laboratory analysis, 
following the "Spectrophotometric determina-
tion of chlorophyll" method described in APHA, 
AWWA, and WEF (2017), the same protocol 
used by CAESB.  

Water samples were collected in duplicate 
using one-liter dark bottles, stored in a cooler 
with ice, and maintained under appropriate 
temperature and light conditions throughout the 
laboratory process. Filtration was performed 
using Whatman GF/F (0.7 µm) glass fiber filters. 
Additionally, other limnological variables were 
measured using an EXO 2 multiparameter probe 
(Table 2). 

Based on field chlorophyll-a data and 
calibrated radiometric data from both sensors, 
models commonly used in the literature to 
estimate Chl-a were tested for Sequoia and 
PlanetScope data. For the Sequoia models, the 10 
sampling points from the December campaign 
were used. For the PlanetScope models, a total of 
23 points were utilized, drawn from the July 1, 
2019, September 23, 2019, and October 11, 2019 
campaigns, as well as the six CAESB campaigns. 

Pixel extraction maintained approximately the 
same area around the sampling points for the 
different campaigns. For the July field campaign, 
due to lower flight height and smaller pixel size 
(Table 1), the extraction was done in 8×8 pixels, 
totaling 1.08 m² per sampling point. For 
December, the extraction was 3×3 pixels, 
totaling 1.06 m² per sampling point. The average 
pixel value was used for data analysis. The 
construction of the orthomosaics was performed 
using Pix4Dmapper software. The extraction of 
pixels from the PS images was performed in a 
3×3 window around each sampling point, and the 
average for each point was calculated. 

 

Table 1 - PlanetScope scenes used in the research and configuration of the Sequoia and RPA system 
 PlanetScope 

Field Date Acquisition 
Date 

Satell
ite ID 

Sight angle 
(nadir) 

NV* 
% 

Number of 
Points Observations 

01/July/2019 02/July/2019 1044 5° 0,0 10 01 day gap between field 
and image 

23/Sep/2019 24/Sep/2019 0f44 4.9° 0,0 6 01 day gap between field 
and image 

11/Oct/2019 14/Oct/2019 1029 0.2° 1,0 3 03 days gap between field 
and image 

06/Dec/2019 - - - - 10 Images near field with 
high % NV  

23/01/19 – Caesb 23/Jan/2019 103a 2° 5,0 1 CAESB field  
27/05/19 - Caesb 27/May/2019 0e2f 5° 0,0 1 CAESB field  
19/06/19 - Caesb 19/Jun/2019 1057 3° 1,0 1 CAESB field  
23/07/19 - Caesb  23/Jul/2019 1058 4.1° 5,0 1 CAESB field  
17/09/19 - Caesb  17/Sep/2019 1048 4°  0,0 1 CAESB field  
11/02/.20 - Caesb  11/Feb/2020  0e19 6.3° 8,0 1 CAESB field  

 Sequoia 
Field Date Overlap  Flight speed Flight height Pixel size Coverage area 
01/July/19 Frontal: 80% 

Lateral: 65% 12 m/s 120 m 13.02 cm 1.029 km2 
06/Dec/19 310 m 34.34 cm 1.642 km2 

*NV = Cloud 
 

To evaluate the statistical significance of the 
correlation coefficient between chlorophyll-a 
concentrations and surface reflectance pixel 
values from Sequoia and PlanetScope images, 
the Student's t distribution was applied to the best 
Chl-a estimation models for each sensor. The test 
statistic was calculated using Eq. 3 (Bussab and 

Morettin, 1987). 

𝒕𝒕 = 𝒓𝒓 �
𝒏𝒏 − 𝟐𝟐
𝟏𝟏 − 𝒓𝒓𝟐𝟐 (3) 

Where: t = Student's t distribution, with n−2 
degrees of freedom; r = correlation coefficient. 

Additionally, the multiple sub-sample method 
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known as jackknife (Lachenbruch, 1967) was 
used to validate the Sequoia regression model. 
This technique is particularly useful for studies 
with limited sample data, making it well-suited 
for the Sequoia model, which was based on only 
10 sample points. 

Furthermore, confidence intervals (Morettin 
and Bussab, 2002) were calculated using 
BioEstat software, version 5.0, along with the 
Root Mean Square Error (RMSE), as given in Eq. 

4 (Darvishzadeh et al., 2008). 
For the PlanetScope models, validation was 

performed by randomly removing three of the 23 
sampling points from the initial model to 
calculate RMSE and confidence intervals.  

A new regression analysis was then conducted 
using the remaining 20 sampling points, 
correlating PS Rrs data with Chl-a concentrations 
to establish the final estimation model for this 
parameter. 

RMSE =  �
1
2 �[(qi estimado) − (qi medido)]2

n

i=1

�

1
2

 (4) 

Where q = parameter of interest, n = number of 
samples. 

After completing the statistical analyses, the 
best regression models for PlanetScope and 

Sequoia were applied to spatially represent the 
distribution of Chl-a in the reservoir. The results 
were then compared to propose an effective 
method for Chl-a monitoring. 

RESULTS AND DISCUSSION 
Water Quality Analysis  

Laboratory tests on water samples collected 
during the field campaigns revealed that, in all 
cases, average Chl-a concentrations remained 
below 10 mg/m³, the threshold established by the 
National Environment Council (CONAMA, 
Brazil, 2005) for Class I waters.  

This limit also aligns with the World Health 
Organization (WHO) standard for relatively low 
probabilities of adverse health effects (Binding et 
al., 2020). According to Lamparelli’s (2004) 
classification, the water body was categorized as 
oligotrophic in May and July, while in Sep-

tember, October, and December, it shifted to a 
mesotrophic state. An exploratory analysis of water 
quality and meteorological data is presented in 
Table 2. 

Data presented in Table 2 were obtained from 
different sources: weather data refers to 
precipitation acquired from automatic and 
conventional stations (located at Lat -15.79º, 
Long -47.93º, Altitude 1160.96 m) available at 
https://tempo.inmet.gov.br/; Cond. was collected 
by the Exo probe; and monthly precipitation was 
estimated by accumulating precipitation from 30 
days before collection.  

 

Table 2 Average values of physical, chemical and biological limnological variables collected, and weather data from 
field surveys in the mouth of Riacho Fundo 

Field 
dates 
and N 

Physical/chemical and biological limnological data Weather data 

Chl-a 
mg/m³ Cond

. 

O2 
dissolv.
mg/L  

TDS 
mg/L  

Turb. 
(NTU)  pH Temp. 

min-max 
(°C) 

Wind 
speed 
(m/s) 

Wind 
direc
-tion 

Um 
(%) 

Daily 
Precipi
-tation. 
(mm) 

Monthly 
Precipita-
tion (mm) ref: 30 ref: > 5 

mg/L 
ref.: 
500 ref: 100 ref: 6.0 

a 9.0 
06/05/19  1.43 ... ... ... ... ... 18.5-27.5 2 2.06° 71 0.0  372.6  
01/07/19  2.06 200.9 5.79 136.98 10.98 7.29 12.6-26.3 0 0° 51 0.0  8.0  
23/09/19  5.03 145.9 8.73 100.78 10.37 8.09 20.3-30.2 6.2  14° 38 0.0  0.0  
11/10/19  5.93 ... ... ... ... ... 17.7-29.2 5.14  14° 56 0.6  15 
06/12/19  3.86 234.2 5.27 158.66 30.45 7.37 19.4-29 0 0° 83 72.4  310.8  

N: number of sample elements; Cond.: conductivity (μS/cm); Turb.: turbidity; TDS: Total Dissolved Solids; Um.: average 
relative humidity. ref: reference values according to CONAMA Resolution number 357/2005 for class II of fresh water. 
‘...’: unknown data, as no probe collections were performed in these fields. 

 

In general, the Chl-a concentrations obtained 
in this study are considered low for remote 
sensing detection. Most studies monitoring this 
variable in water typically report higher concen-
trations. For instance, Cicerelli and Galo (2015) 

observed an average concentration of 47.54 
mg/m³, while Shang et al. (2017) recorded values 
ranging from 6 to 98 mg/m³. Similarly, Pahlevan 
et al. (2020) reported concentrations between 3.9 
and 41.9 mg/m³, and Cheng et al. (2020) found 
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values between 0.12 and 38.57 mg/m³. Success-
ful quantitative mapping of Chl-a in coastal 
waters using RPA has generally been achieved at 
concentrations above 15–20 mg/m³. Zhao et al. 
(2023) developed a regression method to esti-
mate Chl-a concentration using multispectral 
data collected by UAVs, with concentrations 
ranging from approximately 10 to 20 mg/m³. 

During December's rainy season—with a 
monthly rainfall of 310.8 mm (Table 2) — both 
turbidity and Total Dissolved Solids (TDS) 
increased, although they remained below 
CONAMA’s Class II limit of 100 NTU. 
Dissolved oxygen and pH levels were also within 
the acceptable range for Class II waters. 
Furthermore, the strong correlations observed 
between turbidity and TDS (R² = 0.95 in July and 
R² = 0.92 in December) indicate that suspended 
solids are the primary contributors to turbidity. 

Precipitation volumes recorded during the 
field surveys were consistent with the typical 
range for the Riacho Fundo sub-basin. However, 
April's rainfall was notably atypical, reaching 
approximately 320 mm compared to the usual 
133 mm (INMET, 2020). 
Spectral response and spectral analysis of 
sequoia and Planetscope Imagery 

Comparing the spectral reflectance curves 
from December and July (Figure 2) reveals a 
broader range and higher reflectance intensity in 
December, reaching up to approximately 3.5% 
due to increased turbidity from rainfall, which 
enhances the reflectance signal, compared to a 
maximum of 1.5% in July.  

Despite these differences, both datasets clearly 
exhibit the characteristic spectral signatures of 
chlorophyll-a, including green reflectance around 
550 nm, red absorption near 665 nm, and red-
edge reflectance between 690 and 705 nm (Astuti 
et al., 2018). These features, although subtle due 
to the overall low chlorophyll-a concentrations 
(averaging 2.95 mg/m³, Table 2), confirm the 
presence of chlorophyll in both periods. The 
observed spectral behavior aligns with the 
findings of Maciel et al. (2019), who reported 
similar patterns at higher minimum chlorophyll-
a concentrations (averages of 21.97 mg/m³ and 
31.11 mg/m³). 

Group 1 (Figure 2), highlighted in a darker 
color, comprises three sample points (6, 8, and 9) 
that display TSS characteristics—namely, high 
reflectance in the green and red regions (550–700 
nm) with a decline toward the near-infrared 

(NIR) (Giardino et al., 2017).  
These points are closely clustered and located 

near the channel with the highest flow entering 
the mouth of Riacho Fundo (Figure 1), 
suggesting that increased suspended solids from 
the inflowing water are responsible for this 
spectral behavior. In contrast, Group 2, which 
includes the remaining sample points, exhibits 
the typical spectral features of chlorophyll-a, 
such as a maximum reflectance in the green 
region, confirming the presence of this pigment 
in the water. 

Figure 3 compares the Rrs spectra from the 
Sequoia and PlanetScope sensors with field 
spectral reflectance measurements. The dashed 
lines represent the average sensor data, while the 
dark solid lines show the resampled in situ Rrs 
spectra for each sensor. Both sensors display 
elevated reflectance intensities and exhibit 
absorption and reflection patterns similar to those 
observed in field spectroradiometry. In 
particular, Sequoia’s spectral data closely align 
with the in situ measurements, notably showing 
increased reflectance intensity in December after 
rainfall. 

Comparing the spectral responses between 
July and December, distinct patterns emerge. In 
July, Sequoia exhibited its highest reflectance in 
the green band (centered at 550 nm) and lower 
reflectance in the red band (centered at 660 nm), 
a characteristic signature of chlorophyll-a. In 
contrast, December showed a shift in spectral 
behavior, with the highest reflectance occurring 
in the red band, similar mean reflectance values 
in both the green and red bands, and a decline 
toward the NIR band. The absence of a red-edge 
band around 705 nm in Sequoia limits a more 
precise assessment of chlorophyll-a, but the 
observed spectral differences between the two 
months suggest variations in water composition, 
likely influenced by seasonal changes and 
rainfall events. 

Regression analyses were performed between 
the in situ Rrs and the Rrs values obtained from 
each sensor, revealing different correlation 
patterns across spectral bands and months. In the 
December campaign, Sequoia's Rrs showed 
strong correlations with in situ Rrs, with 
coefficients of determination (R²) of 0.00, 0.64, 
0.84, and 0.89 for the green, red, red-edge, and 
NIR bands, respectively. Due to these significant 
relationships, only December data were used to 
develop the Sequoia Chl-a predictive model. In 
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contrast, the July dataset lacked correlations 
between in situ Rrs, Sequoia Rrs, and Chl-a 
concentrations, making it unsuitable for 

predictive modeling. Similarly, the PlanetScope 
sensor did not show any correlation with in situ 
Rrs or Chl-a concentrations in July. 

 

 
Figure 2 - Field Remote Sensing Reflectance (Rrs) spectra from the July a) and December b) campaigns. 

These results are likely influenced by the low 
reflectance intensity observed in July (Figure 2 
and Figure 3) and the low concentrations of 
optically active components (OACs) recorded 
during that campaign (Table 2).  

Several studies have reported similar 
interferences. For instance, Maciel et al. (2020) 
found that in clear water, a low TSS concen-
tration (3.66 mg/L) significantly increased errors 
in PS image analyses compared to turbid water 

conditions (TSS = 25.87 mg/L). Likewise, 
Pahlevan et al. (2014) demonstrated that the OLI 
sensor is capable of detecting Chl-a variations 
above 0.5 mg/m³; however, this sensor benefits 
from a relatively higher signal-to-noise ratio 
(SNR). The lower the backscatter, the lower the 
Rrs values, and such low Rrs levels demand a 
higher SNR than what PS sensors provide 
(Traganos et al., 2017) to minimize noise in the 
final results. 

 

 
Figure 3 - Rrs spectra of the Sequoia and PlanetScope camera for the sample elements from the July and December field 
campaigns compared to the in situ Rrs spectrum of the average of the resampled points for the corresponding sensor and 
date. 
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Chlorophyll-a monitoring by Sequoia and 
Planet Airborne Sensors 

Chlorophyll-a concentrations and variations 
in spectral responses can be empirically 
associated through statistical models, either by 
spectral indices or by individual spectral bands. 
These associations do not imply causality, but 
rather reflect the extent to which optical 
measurements co-vary with Chl-a concentrations 
under specific environmental conditions. Table 3 
presents both literature-derived models and 
models developed from individual bands of the 
tested sensors. The results are expressed in terms 
of the coefficients of determination (R²) and 
Pearson’s correlation coefficient (r), highlighting 
the strength of the observed relationships. 

After several adjustments, the best results 
were achieved with empirical models that utilize 
individual bands for both sensors. When analyzed 
separately, the bands exhibited different perfor-
mance levels, with greater consistency observed 

in the PlanetScope (PS) sensor data (Maciel et 
al., 2020) and Sequoia (Olivetti et al., 2020). In 
contrast, the literature-derived models showed 
only moderate or no correlation. Furthermore, 
other models were evaluated—such as the 
Surface Algal Bloom Index (SABI) (Alawadi, 
2010), the 3BDA-like index (KIVU) (Brivio et 
al., 2001), and the Kab1 and Kab2 models 
(Kabbara et al., 2008)—but their performance 
did not meet expectations. 

The poor correlation observed when applying 
these indices can be attributed to the model's 
tendency to amplify errors when using sensors 
with low signal-to-noise ratios (SNR), parti-
cularly at low Rrs values (Jorge et al., 2017). 
Moreover, algorithmic approaches may result in 
inaccurate Chl-a estimates in turbid and 
eutrophic waters (Binding et al., 2020), unless 
the analysis specifically targets the red and near-
infrared regions of the spectrum (Gilerson et al., 
2010). 

 

Table 3 Literature models and single bands of Sequoia and PlanetScope Rrs for Chl-a concentration retrieval 

Models 
Sequoia Planet 

Reference 
r R² r R² 

B - - 0.72 0.52 - 
G x x 0.81 0.65 - 
R 0.89 0.80 0.72 0.52 -  

RE 0.92 0.85 - - - 
NIR 0.93 0.86 0.80 0.64 - 

NDVI = (NIR-R)/(NIR+R) 0.67 0.45 0.71 0.51 (Lissner and Guasselli 2013); 
(Rouse et al. 1973) 

NDCI = (RE-R)/(RE+R) x x 0.71 0.51 (Mishra and Mishra 2012) 
RAVI = G/R x x x x (Coelho et al. 2012) 

NRAVI = (G-R)/(G+R) 0.64 0.41 x x (Coelho et al. 2012) 
G/B - - x x (Turner 2010) 
B/R - - x x (Mancino et al. 2009) 

NIR/R 0.69 0.47 0.70 0.50 (Duan et al. 2007) 
Log B/log R - - x x (Han and Jordan 2005) 

(B-R)/G - - x x (Mayo et al. 1995) 
Log (G/R) 0.64 0.41 x x (Hellweger et al. 2004) 
Log(R/B) - - x x (Gitelson et al. 1996) 

‘-’: data does not exist, as the Sequoia product does not have a blue band or Planet Product does not have a red red-
edge band; x: omitted data, as there was no correlation. 

The selection of models was based on an 
analysis of the correlation between the tested 
models and the measured Chl-a concentrations. 
Accordingly, the empirical linear regression 
model for estimating Chl-a (Figure 4) from 
Sequoia data utilized the red spectral band (640–
680 nm), while for the PlanetScope sensor, the 
green band (500–590 nm) produced better 
results. However, PlanetScope presented a lower 

overall performance compared to Sequoia. 
Before presenting the regression results, it is 

important to note that the Sequoia dataset 
included only 10 samples (N = 10), which 
reduces statistical power and increases 
uncertainty in the regression estimates. 
Therefore, these results should be interpreted 
with caution, and further studies with larger 
sample sizes are recommended. 



 

500  São Paulo, UNESP, Geociências, v. 44, n. 3, p. 491 - 507, 2025  

 
Figure 4 – Scatter plots of Chl-a estimation models of PlanetScope, and the RPA and Sequoia system 

Analyzing the graphs in Figure 4, a strong 
negative statistical correlation was identified for 
the red band of Sequoia. This empirical 
relationship aligns with the known absorption of 
electromagnetic radiation by Chl-a in the red 
region (Chen et al., 2013). Nonetheless, it is 
important to note that reflectance patterns in this 
spectral range can also be influenced by other 
optically active components, particularly 
suspended solids, which affect backscattering 
and may confound the correlation (Giardino et 
al., 2017).  

Therefore, the regression model should be 
interpreted as a statistical proxy for Chl-a 
variability rather than a direct causal mechanism, 
and its performance is conditioned by the optical 
complexity of the water body 

Similar to established models, PlanetScope 
data showed a strong correlation with the green 
band, which is commonly used in models for 

environments with low Chl-a concentrations 
(Matthews, 2017), as it corresponds to the band 
with the highest reflectance intensity under these 
conditions. 

Table 4 presents the validation of the Sequoia 
model using the jackknife method, showing that 
Chl-a concentrations fall within the established 
confidence intervals, indicating good model 
accuracy. The table also includes the validation 
of the PlanetScope model, performed through the 
independent extraction of three points from the 
original dataset. Additionally, both models were 
evaluated using Student’s t-test, which assessed 
the regression coefficient and rejected the null 
hypothesis (H₀) at a 95% confidence level. A p-
value below 5% further confirmed the rejection 
of H₀, indicating a linear relationship between the 
x and y variables. Based on these validations, the 
models were applied to generate Chl-a concen-
tration maps for both sensors. 

 

Table 4 Validation of the estimation models of Chlorophyll-a Sequoia and PlanetScope 
Confidence intervals for the estimation model of Chlorophyll-a Sequoia, from the validation models with the 
application of the jackknife method. 

Excluded 
sample 
element 

Validation models  
Chla = β (B2) + α 

B2 (R) 
640-
680 
nm 

Chl-a 
observed 
(mg/m³) 

Chl-a estimated by 
the validation 
model (mg/m³) 

Confidence 
Interval (CI) 
Lim 
Inf. 

Lim 
Sup. 

P1 Chla = -100.83x + 18.286 0.097 6.110 8.521 -1.145 18.186 
P2 Chla = -86.902x + 16.087 0.117 5.881 5.905 -4.791 16.602 
P3 Chla = -83.354x + 15.498 0.111 7.128 6.247 -4.278 16.771 
P4 Chla = -83.205x + 15.379 0.126 6.753 4.898 -4.649 14.446 
P5 Chla = -87.273x + 15.954 0.143 5.346 3.514 -6.387 13.416 
P6 Chla = -80.927x + 15.382 0.173 0.000 1.373 -11.200 13.946 
P7 Chla = -93.925x + 16.893 0.171 2.673 0.877 -10.904 12.658 
P8 Chla = -82.553x + 15.645 0.159 0.764 2.483 -8.444 13.410 
P9 Chla = -83.599x + 15.682 0.180 0.000 0.616 -13.412 14.644 

P10 Chla = -88.159x + 16.357 0.130 3.931 4.884 -5.606 15.374 
Confidence intervals and RMSE for validation of the PlanetScope Chlorophyll-a estimation model, from the Chl-
a concentrations of points not belonging to the model. 
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It should be emphasized that all models 
presented in this study are empirical and corre-
lation-based, and therefore should not be 
interpreted as evidence of causality between 
spectral reflectance and Chl-a concentrations. 
Reflectance values in specific bands are affected 
simultaneously by multiple optically active 
components, including phytoplankton pigments, 
suspended solids, and colored dissolved organic 
matter. The regression models applied here thus 
provide proxies of Chl-a variability under the 
specific optical conditions of the study area. This 
distinction is critical to ensure a rigorous 
interpretation of the results and is consistent with 
the empirical nature of most remote sensing 
approaches in optically complex inland waters. 
Spatial distribution of chlorophyll-a 

The spatial distribution of Chl-a concen-
trations estimated by the Sequoia model (Figure 
5(a)) closely aligns with the in situ limnological 
and spectral data of the area. In Figure 5, lower 
Chl-a concentrations are observed near the two 
effluent channels of the Riacho Fundo stream, 
likely due to the input of suspended solids from 
the stream in this region (Miguel et al., 2017) and 
the nutrient retention effect of Riacho Fundo’s 
Wetland, which helps control eutrophication 
(Dias and Baptista, 2015). Additionally, water 
currents from the Riacho Fundo stream, parti-
cularly following intense rainfall, may have 
contributed to phytoplankton dispersion. 

It is likely that the currents from Channel 1, 
which have a greater flow, create the boundary 
between the area near the ETE Sul (where group 
1 samples are located) and the rest of the area 
(group 2). In Channel 2, to the east, a more 
distinct boundary is observed where water 
rapidly changes its configuration, possibly due to 
convective movements, with cooler Wetland 
water sinking when it meets warmer lake water 
in deeper areas (Leite and Baptista, 2016). 
Between the two channels, Chl-a concentrations 
are absent, likely due to filtration through the 
Wetland combined with sediment input from 
both channels. 

Near the ETE Sul, a gradual change in Chl-a 
concentrations can be attributed to the combined 
effluents from the ETE and Riacho Fundo stream 
through Channel 1. Higher concentrations are 
observed near the ETE Sul and in group 2, farther 
from the Riacho Fundo effluent, correlating with 
elevated nutrient inputs from the ETE Sul, 
identified as the primary source of organic 

material in the region (Dias, 2017). 
Figure 5(c) displays the spatial and temporal 

distributions of Chl-a concentrations based on 
PlanetScope data for May, July, September, and 
October 2019. In May, a darker region west of 
Channel 1 likely indicates high concentrations of 
Colored Dissolved Organic Matter (CDOM), 
which can enter through storm sewers and ETE 
Sul effluent (Dias, 2017). Excess CDOM reduces 
sunlight penetration, limiting phytoplankton photo-
synthesis and masking Chl-a spectral signals 
(Mannino et al., 2008), compounded by suspended 
solids from Riacho Fundo. Higher organic matter 
concentrations also reduce reflectance in the blue 
and green spectral regions (<600 nm) (Bukata et 
al., 2018), potentially influencing the Chl-a PS 
map derived from the green band (centered at 
545 nm). 

The PS maps for July, September, and October 
correspond to drought periods with minimal 
rainfall. Both July and September images show a 
noisy appearance, likely due to different PS 
nanosatellite acquisitions and low SNR sensors 
(Traganos et al., 2017). The October image may 
have been affected by specular reflection, 
impacting the Chl-a estimate. Despite these 
challenges, the larger sample size and seasonal 
coverage of PS data enabled the model to effect-
tively map Chl-a spatial distribution, consistent 
with the region’s limnological characteristics, 
particularly during the rainy season. 
Comparison of applied methods 

When comparing RPA and satellite-based 
remote sensing platforms for Chl-a estimation, it 
is crucial to consider not only spatial, spectral, 
and temporal resolution, but also biomass concen-
tration, operational feasibility, and sensor perfor-
mance under varying environmental conditions 
(Greb et al., 2018). 

While PlanetScope sensors offer high temporal 
resolution and broad spatial coverage (Mansaray 
et al., 2021), their broader spectral bands and 
lower signal-to-noise ratio (SNR) can limit the 
detection of low chlorophyll concentrations, 
particularly in clear or oligotrophic waters where 
backscatter is low and chlorophyll-a absorption 
is subtle, often below the sensitivity threshold of 
standard satellite sensors (Jorge et al., 2017). 

In contrast, RPA systems equipped with 
multispectral sensors, such as Sequoia, have 
demonstrated high accuracy in small-scale 
studies, especially in moderately to highly turbid 
environments. 



 

502  São Paulo, UNESP, Geociências, v. 44, n. 3, p. 491 - 507, 2025  

 
Figure 5 - Spatial distribution of Chl-a concentrations (mg/m³) in the mouth of Riacho Fundo. a-b from Sequoia's Chl-a 
estimation model as of December 6, 2019. a. Chl-a estimated from the linear relation with the red band (640-680 nm) of 
Sequoia. b. Sequoia's R4G2B1 color composition, for a better perspective of the aquatic environment in the day. c. from 
the Chl-a PlanetScope estimate model on 06/May/2019, 01/July/2019, 23/Sep/2019 and 11/Oct/2019. On the right, 
estimated Chl-a. On the left, R3G2B1 true color composites of PlanetScope products 
 

For instance, Zhao et al. (2023) successfully 
estimated Chl-a concentrations ranging from 10 
to 40 µg/L using regression models applied to 
UAV multispectral imagery. Their study 
highlighted the advantage of narrow-band 
sensors and flexible flight planning, allowing 
synchronization with environmental events such 
as blooms or runoff pulses. 

Spectral resolution sensor’s ability to 
distinguish between wavelengths is an important 
factor. RPA sensors like Sequoia have narrower 
spectral bands (10–40 nm), enabling precise 

differentiation of specific water constituents. In 
contrast, orbital sensors such as PlanetScope 
have broader bands (60–90 nm), which can limit 
sensitivity and specificity. 

Additionally, Irie et al. (2024) emphasized the 
importance of turbidity correction in UAV-based 
models, which significantly improved Chl-a 
estimation accuracy in reservoirs (R² = 0.84). 
Recent reviews (Kumar et al., 2025) confirm that 
satellites are ideal for long-term synoptic 
monitoring, while UAVs provide high-resolution 
detail and adaptability for near-real-time mana-
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gement and targeted monitoring in eutrophic and 
mesotrophic systems. 

RPA systems also offer advantages for moni-
toring small or difficult-to-access areas, such as 
tributary channels, which are critical for 
assessing nutrient and constituent flows into 
reservoirs. RPAs are particularly suitable during 
the rainy season. However, small RPAs are less 
practical for large-scale monitoring, such as 
covering the entirety of Paranoá Lake, due to 
extended flight times, battery limitations, and 
increased image processing requirements. 

Both RPA and satellite systems generated 
Chl-a estimation maps consistent with the 
limnological and meteorological characteristics 
of the study area during the rainy season. Dry 
season predictions were less reliable, likely due 
to reduced reflectance intensity and lower optical 
signal, particularly in clearer waters. Despite 
these limitations, both platforms produced 
validated Chl-a estimation models applicable to 
the study area. Thus, the choice of platform 
should be guided by the required spatial detail, 
area extent, and seasonal conditions. 

CONCLUSIONS 
This study contributes to the geosciences by 

providing a comparative assessment of 
chlorophyll-a (Chl-a) estimation techniques 
using remote sensing data from both Remotely 
Piloted Aircraft (RPA) and high-resolution 
satellite (PlanetScope) sensors in inland aquatic 
environments. By evaluating the spatial, spectral, 
and temporal performance of each platform 
under varying environmental and trophic 
conditions, the research reinforces the relevance 
of integrated remote sensing approaches for 
monitoring water quality, particularly in areas 
subject to diffuse and point-source pollution. 
Both RPA systems and high spatial resolution 
orbital platforms can provide valuable 
information for monitoring smaller areas, such as 
tributary channels. 

The PlanetScope and RPA equipped with a 
Sequoia camera successfully enabled Chl-a 
estimation over a 38-hectare area, identifying 
regions influenced by varying pollution sources. 
The RPA system was able to generate a model 
for Chl-a estimation during the rainy season, 
likely due to higher concentrations of optically 
active components (OACs) resulting in increased 
reflectance intensity. In contrast, the PlanetScope 
system allowed Chl-a estimates for both rainy 
and dry seasons, leveraging data from multiple 
periods and a larger number of sampling points. 
However, neither system produced strong 
correlations with Chl-a or field spectroradio-
metry when only dry season data were consi-
dered, likely due to low backscatter in clear 
waters affecting the remote sensing reflectance 
(Rrs). 

Despite the advantages of high spatial 
resolution, limitations in signal-to-noise ratio 
(SNR) constrained the effective use of 

reflectance information. Additionally, low 
overall Chl-a concentrations and the sampling 
design posed statistical challenges, limiting the 
certainty of the models’ predictions. 

Hydrological and anthropogenic factors 
strongly influenced Chl-a distribution. The 
Riacho Fundo stream contributes significant 
sediment input, modifying spectral responses 
near the water inlet and affecting spatial Chl-a 
patterns, particularly during the rainy season. 
The ETE Sul, storm sewers, and potential 
clandestine discharges are likely the main 
sources of nutrients, promoting phytoplankton 
development in the area. 

The study also highlights key limitations for 
Chl-a detection in oligotrophic waters, such as 
low reflectance intensity and weak correlations 
during dry periods. These findings underscore 
the need for methodological improvements, 
including: 

(i) increasing the number of ground-truth 
samples, 

(ii) enhancing atmospheric and radiometric 
corrections, 

(iii) incorporating machine learning models to 
improve sensitivity at low Chl-a levels, and 

(iv) using spectral indices tailored to specific 
environmental contexts. 

Future work should focus on expanding multi-
seasonal datasets, integrating UAV and satellite 
data with in situ observations, and refining bio-
optical models to improve the accuracy and 
operational use of Chl-a remote sensing in 
freshwater systems. As a result, this approach 
supports better-informed decision-making in 
water resource management and contributes to 
the advancement of remote sensing applications 
in geosciences. 
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