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RESUMEN 

La turbidez es un parámetro clave para estimar la calidad del agua y la salud de los ecosistemas acuáticos. 

Desde hace décadas es un problema mundial que afecta negativamente a los ecosistemas acuáticos. La 

turbidez está asociada a la pérdida de transparencia del agua debido a la presencia de partículas, 

sedimentos, sólidos en suspensión y partículas disueltas en el agua, de origen natural o antropogénico. El 

objetivo de este estudio fue analizar la variabilidad espacio-temporal de la turbidez a partir de imágenes 

de Sentinel-2 (S2) en el fiordo y seno Reloncaví, Patagonia Norte, Chile. Descargamos 123 imágenes S2 de 

la Agencia Espacial Europea para ensamblar una serie temporal de 5 años (2016-2020) para cinco sitios de 

estudio (R1 a R5) ubicados a lo largo del eje hacia el mar desde el fiordo hacia el seno. Los resultados de 

las imágenes en color real y dos algoritmos Nechad (Nv09 y Nv16) señalaron una imagen del otoño austral 

de 2019 como la de mayor turbidez. Del mismo modo, tres imágenes del otoño austral de 2020 también 

presentaban valores de turbidez elevados. Las plumas de río turbias de mayor extensión se produjeron en 

el otoño de 2019 y 2020, correspondientes a las tormentas y eventos de escorrentía más severos del año 

y al valor de turbidez más alto. El algoritmo Nv16 mostró valores de turbidez ligeramente superiores a los 

resultantes del algoritmo Nv09. Las tendencias a lo largo de toda la serie temporal no fueron significativas 

en ninguno de los sitios de estudio. Sin embargo, las estimaciones de turbidez en los sitios R1 y R2 

tendieron a aumentar con el tiempo, pero no en el resto de los sitios, donde la turbidez tendió a disminuir. 

El sitio R1 registró los valores más altos de turbidez, y los valores más bajos se registraron en R5. El mes 

de mayo se caracterizó por los valores más altos de turbidez. La aplicación de algoritmos a partir de 

imágenes de satélite de alta resolución demostró ser eficaz para la estimación y cartografía de este 

parámetro de calidad del agua en la zona de estudio.  

 

Palabras claves: Turbidez, Teledetección, Propiedades Ópticas Inherentes y Aparentes, Color del Océano, 

Patrones Temporales, Monitore de Calidad de Agua. 
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ABSTRACT 

Turbidity is a key parameter to estimate water quality and the health of aquatic ecosystems. For decades 

it has been a worldwide problem that negatively affects aquatic ecosystems. Turbidity is associated with 

the loss of water transparency due to the presence of particles, sediments, suspended solids and dissolved 

particles in the water, of natural or anthropogenic origin. The objective of this study was to analyze the 

spatio-temporal variability of turbidity from Sentinel-2 (S2) images in Reloncaví fjord and sound, Northern 

Patagonia, Chile. We downloaded 123 S2 images from the European Space Agency to assemble a 5-year 

time series (2016-2020) for five study sites (R1 to R5) located along the seaward axis from the fjord towards 

the sound. Results from Real Color Imagery and two Nechad algorithms (Nv09 and Nv16) singled an image 

from the austral autumn of 2019 as the one with the highest turbidity. Similarly, three images from the 

2020 austral autumn also exhibited high turbidity values. The turbid plumes to the greatest extent 

occurred in the autumn of 2019 and 2020, corresponding to the most severe storms and runoff events of 

the year and the highest turbidity value. The Nv16 algorithm showed slightly higher turbidity values than 

those resulting from the Nv09 algorithm. Trends over the entire time series were not significant at any of 

the study sites. However, turbidity estimates at sites R1 and R2 tended to increase over time, but not at 

the rest of the sites, where turbidity tended to decrease. Site R1 recorded the highest turbidity values, and 

the lowest values were recorded at R5. The month of May was characterized by the highest turbidity 

values. The application of algorithms from high-resolution satellite images proved to be effective for the 

estimation and mapping of this water quality parameter in the study area. 

 

Keywords: Turbidity, Remote Sensing, Inherent and Apparent Optical Properties, Ocean Color, Temporal 

Patterns, Water Quality Monitoring. 
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INTRODUCCIÓN 

Turbidity stands out as a key parameter to understand the health of marine and aquatic ecosystems 

worldwide. Increases in turbidity are associated with the loss of water transparency due to the presence 

of suspended and/or dissolved material of natural or anthropogenic origin (Abirhire et al., 2020; Bilotta 

and Brazier, 2008; Grobbelaar, 2009; Smith, 2003). Visible light (400-700 nm) strongly declines with depth; 

hence turbidity compresses the euphotic depth and curtails the energy available for photosynthesis 

(Cloern, 1987; Davies-Colley and Smith, 2001; de Castro Medeiros et al., 2015; Kirk, 1985; Pérez-Ruzafa et 

al., 2019; Zohary et al., 2009). On the other hand, water-clouding components and substances may 

facilitate the dispersion of contaminants (Anderson et al., 2012; Díaz et al., 2019; Gelda et al., 2013; Quang 

et al., 2017; Soria et al., 2021; Vanhellemont and Ruddick, 2014). Coastal regions are of special concern; 

over a third of the global population inhabits the world's coastlines and depends on them for the provision 

of multiple ecosystem services, particularly in developing countries (Barragán and de Andrés, 2015). 

Turbidity in coastal marine and inner water systems can be influenced by algal blooms, suspended 

sediments, surface runoff, colored dissolved organic matter (CDOM), excessive nutrient inputs from 

agriculture or extreme rainfall events, among others (Abirhire et al., 2020; Babin et al., 2003; Brando et 

al., 2015; Lee et al., 2015; Mendes et al., 2014; Potes et al., 2012; Saldías et al., 2012). In this way, the 

scientific challenge of accurately and dynamically estimating turbidity and its causes is of major 

importance. 

Methods to measure turbidity in situ include indirect metrics, such as the Secchi disk depth, or direct 

quantification using turbidimeters or nephelometers; these measurements are very accurate, but have 

limited spatial and temporal resolution and can be resource intensive (Alvado et al., 2021; Caballero et al., 

2020; Delegido et al., 2019; Rodríguez-López et al., 2022; Sòria-Perpinyà et al., 2021; Zhan et al., 2022). 

Turbidity measurements are usually reported in Nephelometric Turbidity Units (NTU) and Formazin 

Nephelometric Units (FNU). A study by Anderson (2005) and Dogliotti et al. (2015) indicated that there is 

no difference between the units in which turbidity is expressed (NTU and FNU), and both turbidity units 

are comparable or equivalent units regardless of the instrument's technology used. To this end, ocean 

color remote sensing currently provides direct estimations of water turbidity and other environmental 

variables over multiple spatial and temporal scales (Aragonés et al., 2016; Caballero et al., 2019; Caballero 

and Stumpf, 2020; Khan et al., 2021). The widespread availability and access to satellite images, together 

with processed data from space missions and programs through web platforms (NASA, USGS, Copernicus, 
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among others) has exploded over the past decades (Duckey et al., 2006). Radiometers onboard earth 

observation satellites can measure light reflected from the planet surface in different wavelengths of the 

electromagnetic spectrum that can help us understand ecosystem dynamics (Claverie et al., 2018; Frantz, 

2019). Multiple satellite missions now provide synoptic measurement of the properties and/or optical 

constituents of water such as CDOM, suspended solids (SS), among others (Aavaste et al., 2021; Kuhn et 

al., 2019; Sòria-Perpinyà et al., 2022; Vantrepotte et al., 2012; Werdell et al., 2018). Turbidity in water can 

be estimated through inherent and apparent optical properties (Inherent Optical Properties - IOPs and 

Apparent Optical Properties - AOPs, respectively), as well as through the Optically Active Constituents 

(OACs) that are present in aquatic ecosystems (Budhiman et al., 2012; Dogliotti et al., 2015; Kirk, 1984; 

Soriano-González et al., 2022). 

Generally speaking, the presence and concentration of OACs are determined by factors that 

influence both, IOPs and AOPs of water. According to Morel and Prieur (1977) and Mobley (2001, 2022), 

IOPs are defined as the physical determinants of how light interacts with water and allow us to understand 

the absorption and scattering of electromagnetic radiation as a function of its various constituents. IOPs 

are independent of the light field (absorption and scattering coefficients) and their variations are directly 

related to changes in the concentration, size distribution and composition of OACs (Aavaste et al., 2021; 

Werdell et al., 2018). On the other hand, AOPs were defined by Preisendorfer (1976), Morel and Gentili 

(1993) and Mobley (2001) as the optical properties of water that are influenced by the distribution of the 

angles of incidence and the amount of light and illumination available in the environment, together with 

the concentration of substances present in the medium. That is, AOPs vary depending on how the medium 

is illuminated (i.e., radiance and reflectance) (Jerlov, 1957; Kirk, 1984; Mobley, 2001, 2022). 

Empirical and semi-empirical algorithms from satellite imagery can be used to estimate water 

quality parameters such as total suspended solids (SS), CDOM, chlorophyll-a concentration (Chl-a) and 

turbidity in different ecosystems using the optical properties and OACs of water (e.g., Z. Lee et al., 2002; 

Nechad et al., 2009, 2010; Phuoc Hoang Son et al., 2013; Dogliotti et al., 2015; Balasubramanian et al., 

2020; Magrì et al., 2023). In this way, the products derived from remote sensing allow the continuous 

monitoring of water quality in the ocean and coastal zone over time and the study of their association with 

different environmental drivers (Werdell et al., 2018). However, understanding the drivers of water quality 

and how they change under emergent anthropogenic threats requires an accurate assessment of the 

quality and bias of satellite estimates (Pahlevan et al., 2021; Sòria-Perpinyà et al., 2021; Vanhellemont, 

2019; Vanhellemont and Ruddick, 2016, 2021). 
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Recently, high spatial and spectral resolution images from multispectral optical sensors such as 

Landsat OLI and Sentinel-2 (S2) have become a valuable tool to study the dynamics of water transparency 

(Khan et al., 2021; Kuhn et al., 2019; Rodríguez-López et al., 2022). The S2 mission of the Copernicus 

program has stood out for its reliability in studies and monitoring related to water quality parameters 

(Alvado et al., 2021; Caballero et al., 2020, 2018; Ciancia et al., 2020; Delegido et al., 2019; Pahlevan et al., 

2017; Soomets et al., 2020; Sòria-Perpinyà et al., 2022, 2021; Zhan et al., 2022). The water of coastal zones, 

are generally optically complex, known as Case 2 waters (Jerlov, 1957; Mélin and Vantrepotte, 2015; Morel 

and Gentili, 1993; Morel and Prieur, 1977): turbidity is determined by the independent variation of OACs 

in the water (Aavaste et al., 2021; Babin et al., 2003; Odermatt et al., 2012; Uudeberg et al., 2020, 2019; 

Vantrepotte et al., 2012).  

The Northern Patagonia (NP) coastal region (41-45°S) is characterized by a complex geomorphology 

and high spatiotemporal variability driven by natural and anthropogenic forcings (Curra-Sánchez et al., 

2022; Iriarte et al., 2017; Lara et al., 2016, 2010; León-Muñoz et al., 2021; Saldías et al., 2019), which could 

be a proxy for the presence of turbidity in this ecosystem. Aquaculture of mytilids and salmonids, the main 

anthropic activity in the coastal areas of NP, has experienced enormous growth in recent years – Chile is 

among the top producers of mussels and salmons worldwide (FAO, 2022) – with the Reloncaví sound and 

fjord, at the equatorward edge of NP standing out for their intensive use (Astorga et al., 2018; Barria et 

al., 2012; Camelo-Guarín et al., 2021; Molinet et al., 2015, 2021).  

This research seeks to understand the dynamics and drivers of water turbidity in the coastal zone of 

the Reloncaví area in Northern Patagonia following the major social, cultural and economic importance of 

this region, and inform future actions that promote the sustainable management of the coastal zone. To 

this end we take advantage of S2 imagery, emphasizing the importance of correcting the default 

algorithms in future studies assessing the spatio-temporal variability in coastal turbidity. 
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HIPÓTESIS 

Hipótesis General  

La turbidez en el seno Reloncaví varía temporal y espacialmente asociada al ciclo estacional de la 

precipitación y las descargas fluviales. La turbidez será mayor durante los meses de invierno en 

comparación con los meses de verano. 
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OBJETIVOS 

Objetivo General 

Analizar la variabilidad espacio-temporal de la turbidez a partir de imágenes satelitales Sentinel 2 en el 

Seno Reloncaví, Patagonia Norte. 

Objetivos Específicos  

• Validar los productos de turbidez resultante del algoritmo de Nechad (v2009 - Nv09 / v2016 - Nv16) 

en el software ACOLITE con datos de mediciones in situ de la boya oceanográfica en el seno Reloncaví, 

Patagonia Norte. 

• Analizar la variabilidad espacial de la turbidez a partir de imágenes satelitales Sentinel 2 en el seno 

Reloncaví, Patagonia Norte. 

• Analizar el comportamiento temporal de la turbidez a partir de imágenes satelitales Sentinel 2 en el 

seno Reloncaví, Patagonia Norte. 
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2. MATERIALES Y MÉTODOS  

2.1. Study area 

The Reloncaví sound located in Inner Sea Chiloé (ISC), Northern Patagonia, is a semi-enclosed basin 

of about 50 km in length (N-S) and a width of approximately 32 km (E-W), with depths that can reach 450 

m. It is connected to the Pacific Ocean through the Chacao channel on the west (Figure 1, “GEBCO Gridded 

Bathymetry Data,” n.d.; Pinilla Matamala, 2011; Valle-Levinson et al., 2007). The climate is temperate 

maritime with an annual rainfall between 3000 and 4000 mm per year, temperatures range between 7 

and 10 °C in winter, and 12 and 15 °C in summer (Aguayo et al., 2019; Garreaud, 2018; Garreaud et al., 

2013; Lara et al., 2018; Subiabre and Rojas, 1994). Weather can be highly variable, driving quick changes 

in sea surface temperature (SST) driven by strong southerly winds. Harmful algal blooms (HABs) are 

common (Díaz and Figueroa, 2023; Saldías et al., 2021; Sandoval et al., 2018; Soto-Mardones et al., 2009). 

Water circulation in the fjord and sound is influenced by tides, currents and winds (Pantoja et al., 2011; 

Pérez-Santos et al., 2021, 2019; Vásquez et al., 2021). The sound receives large freshwater discharges from 

the Reloncaví fjord, the drainage of the Puelo, Petrohué and Cochamó rivers. These andean rivers exhibit 

a pluvio-nival regime, resulting in large outflows of suspended and dissolved material into the coastal zone 

(Aguayo et al., 2019; Iriarte et al., 2014; León-Muñoz et al., 2013, 2021; Saldías et al., 2019). The Reloncaví 

fjord is one of the main areas for the capture of wild mussel seed (larvae), which are used locally for mussel 

aquaculture, in addition to the salmon farms located there (Barria et al., 2012; Buschmann et al., 2021, 

2009; Camelo-Guarín et al., 2021; Molinet et al., 2021). 
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Figure 1. (a) Location of the study area in Northern Patagonia, the red rectangle indicates the Reloncaví 

Sound area, in red the urban area, in blue the lakes, in black lines the tributary rivers of the basins, the 

limits of the basins are represented in purple lines (Coastal between Puelo and Yelcho rivers), yellow (Puelo 

river) and green (basin and islands between Bueno and Puelo rivers). (b) True color image of the area 

enclosed in the red rectangle in (a) showing the spatial distribution of the sampling sites (R) in the 

Reloncaví Sound and fjord, which are distributed along the fjord (R1), fjord mouth (R2), fjord plume (R3), 

oceanographic buoy (R4) and away from the influence of riverine discharges (R5). 

2.2. In situ turbidity, fluviometric and meteorological datasets 

We used in situ turbidity data extracted for the period between November 2017 to July 2020 from 

a moored oceanographic buoy (OSIL’s Fulmar) belonging to the i-mar Center of the Universidad de Los 

Lagos and Reloncaví Marine Observatory. The buoy is located in the Reloncaví sound at -41°38'10'' S and -

72°50'4'' W, near site R4 (Figure 1b). Turbidity is measured using a multiparameter probe (AML Metrec 

XL). To store the turbidity dataset, the instrument has an hourly GSM transmission system and Campbell 

Scientific data logger. The extracted data were segmented to the mean of the values recorded between 

14:00 and 15:00 hours, coinciding with the passover of the satellite in the study area, with a time difference 

window of ± 1 h. Turbidity data can be downloaded from the website http://www.cdom.cl/ (accessed May 

http://www.cdom.cl/
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2022). To study the spatial distribution of turbidity in the study area, five sites were selected (Figure 1b), 

located in the river (R1), river mouth (R2), river plume (R3), the point (R4) coincides with the location of 

the oceanographic buoy and a last point in the study area away from the influence of river discharges (R5). 

To illustrate the role of local meteorological forcing on turbidity, a time series of daily river flow and daily 

precipitation measured at the Puelo river meteorological station are presented. Precipitation and river 

flow data were downloaded from the Dirección General de Aguas (DGA, https://dga.mop.gob.cl/, accessed 

November 2023). The wind (speed and direction) values were taken from 

https://climatologia.meteochile.gob.cl/ in a three-day window (72 h) before the image acquisitions. 

 

2.3. Remote sensing images and processing 

The S2 mission consists of two twin satellites (2A/2B), which carry on board one MSI (Multispectral 

Instrument) sensor each, with a revisit frequency of 5 days (3 days for the study area). It is based on a 

constellation of two identical satellites in the same orbit, 180° out of phase with each other, and with a 

radiometric resolution of 12 bits. Table 1 shows the spectral and spatial resolution of S2 (ESA, 2015). The 

S2 scenes for the study area were free-downloaded from the Sentinel Science Data Center 

(https://scihub.copernicus.eu/dhus/#/home, accessed May 2022). These images were downloaded at 

Level 1C (L1C), which are radiometrically and geometrically corrected to the top of atmosphere (TOA). The 

Level-2A (L2A) product provides atmospherically corrected surface reflectance images, derived from the 

associated Level-1C products. The atmospheric correction (AC) of S2 images includes the correction of the 

scattering of air molecules (Rayleigh scattering), of the absorbing and scattering effects of atmospheric 

gasses, in particular ozone, oxygen and water vapor and the correction of absorption and scattering due 

to aerosol particles (ESA, 2015).  

Table 1. Spectral and spatial resolution of S2. 

Bands Spectral region Spatial resolution (m) 
λS2A 

  (nm) 
λS2B 

 (nm) 
Bandwidth S2A - S2B (nm) 

B1 Coastal aerosol 60 442.7 442.2 21 – 21 
B2 Blue 10 492.4 492.1 66 – 66 
B3 Green 10 559.8 559 36 – 36 
B4 Red 10 664.6 664.9 31 – 31 
B5 Red-edge1 20 704.1 703.8 15 – 16 
B6 Red-edge2 20 740.5 739.1 15 – 15 
B7 Red-edge3 20 782.8 779.7 20 – 20 
B8 NIR 10 832.8 832.9 106 – 106 

https://dga.mop.gob.cl/
https://climatologia.meteochile.gob.cl/
https://scihub.copernicus.eu/dhus/#/home
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B8A NIR narrow 20 864.7 864 21 -22 
B9 Water vapor 60 945.1 943.2 20 – 21 
B10 SWIR / Cirrus 60 1373.5 1376.9 31 – 30 
B11 SWIR1 20 1613.7 1610.4 91 – 94 
B12 SWIR2 20 2202.4 2185.7 175 - 185 

 

We estimated turbidity from S2 image processing using ACOLITE (free software, 

https://github.com/acolite/), going from the L1C processing level to the L2A level. ACOLITE is a generic 

algorithm developed at Royal Belgian Institute of Natural Sciences (RBINS) for atmospheric correction and 

processing of satellite imagery for coastal and inland waters, allowing the correct estimation/validation of 

the turbidity parameter (Vanhellemont, 2019, 2020; Vanhellemont and Ruddick, 2018), supporting 

different types of multispectral and hyperspectral sensors, including S2 (Vanhellemont and Ruddick, 2016). 

We used the default DSF "Dark Spectrum Fitting" method for the software (Vanhellemont, 2019, 2020; 

Vanhellemont and Ruddick, 2018). All S2 images (L1C level) were atmospherically corrected with ACOLITE 

(version 20221114) and correspond to water reflectance at wavelength (λ), ρ𝑤(λ), resampled to a pixel 

size of 10 m. ρ𝑤(λ) is defined in equation 1: 

                                                             ρ𝑤(λ) = π𝐿𝑤(λ) / 𝐸𝑑
0+(λ)      (1) 

where 𝐿𝑤(λ) water-leaving radiance (after removal of air-water interface reflection) and 𝐸𝑑
0+(λ) is the 

downwelling irradiance. 

In addition, a built-in algorithm in ACOLITE optionally performs sunglint contamination corrections on 

SWIR band sensors (Harmel et al., 2018; Vanhellemont, 2019). We selected this sunglint correction to 

obtain the reflectance of the glint-free surface. Considering that most of the year our study area remains 

under the influence of clouds, we conducted a detailed visual inspection of each of the images in the date 

range of our study. The image selection process yielded a dataset with a maximum cloud cover (CC) of 

57.9% for the full scene and a total of 123 images (see Table 2). Further details, such as image ID and CC 

are -provided in Supplementary Material 2 (SM 2). 

Table 2. Number of selected Sentinel-2 images for the 2016-2020 period. 

Month / Year 2016 2017 2018 2019 2020 Total 

January 1 1 3 2 6 13 
February 1 1 3 3 2 10 
March 0  2 2 5 2 11 
April 0 2 3 1 2 8 
May 0 1 2 2 4 9 
June 1 0  2 3 1 7 

https://github.com/acolite/
https://github.com/acolite/
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July 2 2 2 0  2 8 
August 0  1 2 0  3 6 
September 1 2 1 3 2 9 
October 1 2 2 5 5 15 
November 1 1 4 3 2 11 
December 3 2 4 3 4 16 

Total 11 17 30 30 35 123 

 0: No images available or No clear. 

 

2.4. Turbidity algorithms 

ACOLITE incorporates two functions to estimate turbidity based on Nechad's algorithms (Nechad et 

al., 2009), hence we used both to estimate turbidity for all sites and dates (2009, Nv09, and 2016, Nv16, 

respectively). In Nechad's approach, turbidity is derived using a semi-empirical algorithm relating spectral 

reflectance to IOPs absorption and backscatter: 

                                                Turbidity = 
𝐴𝑇 ρ𝑤(λ)

1−ρ𝑤(λ)/C
 + 𝐵𝑇               (2) 

where 𝐴𝑇, 𝐵𝑇 and C are wavelength-dependent calibration coefficients that encompass IOPs 

characteristics (for more details see Nechad et al., 2009, 2010). Our study utilizes the red band (λ = 665 nm) 

implementation, with B4 related to S2 bands.  

The oceanographic buoy located at R4 site provides in situ turbidity data in NTU units, yet for 

practical purposes we utilized in this study FNU units will be used for comparison with turbidity from 

Nechad's algorithms (Anderson, 2005; Dogliotti et al., 2015). The mean turbidity value was extracted in a 

3x3 pixel kernel centered on the in situ measurement location, which we used to construct a time series 

for the 2016-2020 period. 

2.5. Statistical analysis   

Firstly, we carried out an exploratory analysis with all the in situ (buoy) turbidity data to detect 

outliers using descriptive statistics. After parsing outliers, in situ data were match-up with the data from 

the images available for the turbidity product. A total of 39 S2 satellite images were used for the match-

up exercise of the R4 site and we examined the standard deviation (SD) in the 3x3 pixels spatial window 

to avoid possible outliers in the data. Then, we compared in situ turbidity and the Nv09 and Nv16 

algorithms using linear regression and quantified the agreement using the coefficient of determination 

(R2), Pearson's correlation (Pearson's r), root-mean-square-error (RMSE), centered root-mean-square-



11 

error (CRMSE) difference, and the amplitude of their variations represented by their SD, which were 

visualized using a Taylor's diagram (Taylor, 2001). To compile the time series for each site we included the 

123 images and used an exponential smoothing using the exponential window function from the Simple 

Time Series Analysis package from OriginPro 2023b 10.0.5.157 (Academic) software. We used a Mann-

Kendall (MK) analysis to evaluate turbidity trends in each of the selected sites from R1 to R5. Finally, we 

analyzed a time series of records of precipitation and river flow data together with the turbidity values 

derived from the Nv09 algorithm at R1, the more landward station, to examine the role of environmental 

forcing on turbidity in the Reloncaví coastal ecosystem. 
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3. RESULTADOS  

3.1. In situ turbidity data 

Table 3 shows the statistics for in situ turbidity records during the 2017-2020 period. The turbidity 

values ranged from 0.18 FNU to 7.57 FNU across the year. The minimum value was recorded during austral 

spring (0.18 FNU), while the maximum was found in austral autumn. The overall mean of the 39 match-up 

values for in situ comparisons was 1.94 FNU. 

Table 3. Descriptive statistics of in situ turbidity measured during the period 2017-2020. 

Statistical / Season  Summer Autumn Winter Spring Annual 

min (FNU) 0.31 2.05 0.5 0.18 0.18 
max (FNU) 5.04 7.57 3.48 2.75 7.57 
mean (FNU) 1.89 4.3 1.68 1.08 1.94 
SD 1.59 2.08 1.09 0.87 1.72 
CV (%) 84.04 48.34 64.87 80.87 88.84 
n 14 6 5 14 39 

min/max— minimum/maximum turbidity values, SD—standard deviation, CV—coefficient of variation and n—data number  

 

3.2. Turbidity algorithms 

Figure 2a shows the relation between the two algorithms (Nv09 and Nv16) and the in situ turbidity 

measurements (site R4). The linear relationship with in situ data for both algorithm's was nearly identical 

(R2 = 0.40, Pearson´s r = 0.63, Fig. 2a). However, the Nv09 algorithm presented a lower RMSE than the 

Nv16 algorithm (see Figure 2a). A similar result was observed in the Taylor analysis (Figure 2b). The Nv09 

and Nv16 algorithms reported a Pearson´s r = 0.63 (matching with the linear fit), and Nv09 presented lower 

variability among its data (SD = 0.83 FNU), with CRMSE less than 1.34 FNU. Therefore, it is possible to 

suggest that both algorithms have good correlation with in situ turbidity, although the Nv09 algorithm 

would be more reliable for developing a predictor model of turbidity due to lower CRMSE and SD. 
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Figure 2. (a) Scatter plot between measured turbidity and the algorithms under study. The black circle 

and line represent the values from the Nechad 2009 algorithm (Nv09), while the red square and line are 

those resulting from the Nechad 2016 algorithm (Nv16). (b) Taylor diagram displaying a simultaneous 

statistical comparison of both algorithms and in situ measurement of turbidity. The colored contours 

indicate the CRMSE values. 

Figure 3 shows true color (RGB) images derived from S2 images (top panel) and turbidity maps from 

Nv09 algorithm (bottom panel) for austral autumn. It was evident that the algorithm was capable of 

estimating lower and higher turbidity levels. The turbidity maps are presented in logarithmic scale 

following the high turbidity level observed during autumn. Using the Nv09 algorithm the highest estimated 

value was greater than log10 1.29 FNU (19 FNU) for 2019/05/06 and 2020/05/20. It is important to note 

that the highest turbidity values observed in austral autumn correspond to large freshwater outflows from 

the Puelo river. 
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Figure 3. The top panels show true color (RGB) images and the bottom panels show results from the 

Nv09 algorithm for autumn days. The red panels show the image from the date with the highest turbidity 

on 2019/05/06. The black panels show the images from 2020/05/20, 2020/05/25 and 2020/05/30. 

3.3. Spatio-temporal analysis 

The use of both algorithms in all sites captured the same temporal pattern when estimating high 

and low turbidity values at all sites (see SM1 Figure 1, 2, 3) and hereafter we present values for the Nv09 

algorithm. More information on the estimated turbidity values by both algorithms can be obtained from 

SM1.  

During the austral summer, the values ranged from 0.3 FNU to 5 FNU, with R5 and R1 sites recording 

the lowest and highest values, respectively (see Figure 4, SM1 Figure 4). Turbidity was not very variable 

among all study sites with CV between 24% and 37%, sites R1 to R4 had a variation of less than 30%, only 

site R5 exceeded this figure (see SM1 Table 3, Figure 5a). It can be seen that, in space, stations closer to 

the river show higher turbidity values, while in time the highest values are observed during autumn and 

the lowest in spring (see Figure 4). Figure 5 shows that the lowest turbidity value was 0.090 FNU at site R5 

(see SM1 Table 2). The austral springs were characterized by the lowest turbidity values, minimum values 

less than 1 FNU were detected at sites R3 to R5 (see Figure 4, 5). The highest turbidity values at this time 
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of year were obtained at sites R1 and R2, both exceeding 7 FNU and 4 FNU, respectively (see SM1 Figure 

5d). These same sites showed low turbidity variability with respect to site R5, where CVs ranged from 31% 

to 57% during this season (see SM1 Table 6). On the contrary, the high turbidity values were found in the 

autumn season, specifically for the month of May (see Figure 4, SM1 Figure 4). Over the time series, the 

highest estimated turbidity value was 27.962 FNU in the austral autumn of 2019 at site R1 (see Figure 4, 

5, SM1 Table 2). In this same season, one year later, high turbidity values were observed in all sites (see 

Figure 4). In that austral autumn of 2020, sites R2, R3 and R4 reached their maximum turbidity with values 

19.556 FNU, 8.721 FNU and 5.285 FNU respectively (see Figure 3, SM1 Figure 5b). The highest turbidity 

variations were observed at site R1 and R2 in the austral autumn, while the lowest were observed at site 

R5 (see SM1 Table 4). Little variation in turbidity among all study sites was recorded in the austral winter 

with CVs ranging between 24% and 35%, similar to the behavior found in the austral summer, maximum 

values remained between 3 FNU and 4 FNU for all study sites (see Figure 5, SM1 Figure 5c). Although the 

highest variation was recorded at site R5 and the lowest at site R2, unlike what occurred in austral autumn 

(see SM1 Table 5). We observed no significant temporal trends in all the reconstructed time series. 

Although exponential smoothing and the MK test showed a slight increase in turbidity at sites R1 and R2 

during the study period, this was not observed at sites R3, R4, and R5 (see Figure 5, SM1 Table 1). 
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Figure 4. Spatio-temporal distribution of turbidity in log base derived from the Nechad 2009 algorithm 

(Nv09) for all sites, R1 in black, R2 in light blue, R3 mint, R4 purple and R5 mustard. 

 



17 

 

Figure 5. Turbidity time series constructed for all sites for 2016-2020 period. Black circles show the 

estimated turbidity times series from Nv09 algorithm, the red line represents the smoothing fit with 

prediction band 95% (confidence interval). 
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4. DISCUSIÓN  

Worldwide, turbidity has been estimated for aquatic ecosystems through remote sensing using 

spectral band ratios and algorithms. The Nechad algorithms have been applied to multiple inland and 

coastal ecosystems around the world due to their accuracy in deriving high and low turbidity values. This 

was demonstrated by the studies of Nechad et al. (2009, 2010), Dogliotti et al. (2015), Novoa et al. (2017) 

and Tavora et al. (2023a). Particularly in Chile, the use of satellite algorithms has been influential in the 

estimation of the photosynthetically active light attenuation coefficient in an oligotrophic lake (Rodríguez-

López et al., 2022). But studies related with spatial and temporal turbidity variability on marine ecosystems 

are still scarce. 

Advances in algorithms for atmospheric correction (ACs) have allowed the accurate retrieval of 

bioptic parameters, among the turbidity in various aquatic ecosystems. Other studies (Table 4) have also 

detected turbid waters using other ACs (e.g., Delegido et al., 2019; Elhag et al., 2019; Sun et al., 2021; Zhan 

et al., 2022, Chowdhury et al., 2023). 

Table 4. Studies that have estimated water turbidity, the atmospheric correction (AC) used, 

determination coefficients (R2), correlation coefficients (r), root mean square error (RMSE), the aquatic 

ecosystem and location of each study. 

Authors AC R2 RMSE Aquatic Ecosystem Location 

Delegido et al. (2019) 
C2RCC, C2X 
and Polymer 

0.34 - 0.82 1.4 NTU and 2.7 NTU Reservoirs Valencian community, Spain 

Elhag et al. (2019) Sen2Cor* 0.74 - 0.94 0.07 - 1.15 (NDTI) Baysh Dam Wadi Baysh, Saudi Arabia 
Sun et al. (2021) Acolite 0.62 - 0.77 3.13 NTU - 5.21 NTU Lakes Wuhan, China 

Zhan et al. (2022) C2X 0.64 - 0.73 1.5 NTU - 1.7 NTU 
Hypersaline Coastal 

Lagoon 
Mar Menor, Spain 

Chowdhury et al. 
(2023) 

Acolite 0.97 (r) 15.93 FNU Guadalquivir Estuary Gulf Cadiz, southern Spain 

this study Acolite 0.43 0.66 FNU Sound/Coastal Zone Reloncaví sound, NP, Chile 

*is not indicated, only S2 satellite images are mentioned. 

 

To know the turbidity status of water in a series of reservoirs Delegido et al. (2019) combined in situ 

measurements with Secchi disc depth with band ratios using different ACs obtaining a medium-to-high R2 

and low RMSE. Meanwhile, Zhan et al. (2022) applying similar techniques to estimate turbidity in a 

hypersaline coastal lagoon obtained similar R2 and little error variations. Elhag et al. (2019) applied the 
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NDTI index, using the red and green bands obtained R2 values higher than those reported in the 

aforementioned studies (Table 4). Consistent with these studies, our findings demonstrate acceptable R2 

values and minimal errors. However, it is important to consider that the results obtained with NDTI may 

have been influenced by the type of ecosystem, the presence of aquatic vegetation, and the high Chl-a 

content. This is mirrored in the study by Lizcano-Sandoval et al. (2022) where they applied the same index 

(NDTI) on S2 imagery in west-central Florida to map turbidity in covered seagrass. 

This study uses spatial and temporal correspondence for the first time to evaluate the ACOLITE 

turbidity algorithms in a chilean marine ecosystem, which yield reasonably well correlated 

correspondences (r =0.63). Nechad et al. (2009) previously reported an RMSE around 5–7 FNU to estimate 

the turbidity from surface water sample measurements. In this study, using the Nv09 algorithm presented 

RMSE less than 0.66 FNU (see Figure 2a). On the other hand, Chowdhury et al. (2023) found a high 

correlation (r = 0.97) between in situ and satellite turbidity using S2 images in their research. The errors 

were close to 16 FNU, as shown in Table 4. Although the RMSE was higher than in this study, the algorithm 

was tested in a highly turbid area during extreme events. Therefore, the use of satellite imagery such as 

that derived from S2 (Vanhellemont and Ruddick, 2016) and advances in ACs algorithms (Vanhellemont 

and Ruddick, 2018, 2021) have opened new opportunities to gain insight into water quality variables with 

high spatial resolution and low errors. Research by Novoa et al. (2017), Kuhn et al. (2019), Caballero et al. 

(2020), Rodríguez-Benito et al. (2020), Vijay Prakash et al. (2021), Chowdhury et al. (2023), Paulista et al. 

(2023), Tavora et al. (2023a, 2023b) and also confirm the efficiency of ACOLITE as ACs in optically complex 

waters for the estimation of water quality parameters. Although we found that the Nechad algorithm 

implemented in ACOLITE is a good AC for turbidity estimation, future studies can implement other ACs, or 

other variants/techniques to estimate turbidity and complement the time series with other satellites such 

as Landsat 8 and Sentinel 3. Additionally, the evaluation and comparison of turbidity behavior in the 

spectral region of the Red-edge and Near-Infrared (NIR) at wavelengths between 705 nm and 865 nm 

should also be considered (see Table 1). Water turbidity can be sensitive to different wavelengths in this 

spectral range, as demonstrated by Chowdhury et al. (2023) in their research. 

Remote sensing applications for aquaculture are promising tools to manage the challenges of 

ongoing climatic change (Snyder et al., 2017). Mussel aquaculture in NP is under challenges that threaten 

to disrupt the current pattern of climatic and environmental variability, including seasonal dynamics of 

environmental factors such as Chl-a, SS, CDOM, HABs, salinity, SST, pH, dissolved oxygen (DO), winds, 

turbidity, among others (Castillo et al., 2016; Curra-Sánchez et al., 2022; Iriarte et al., 2017, 2007; León-

Muñoz et al., 2018; Molinet et al., 2015; Pantoja et al., 2011; Soto et al., 2019). Seasonal changes in 
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turbidity are evident, with maximum values during austral autumn for all years of our study period in 

association with changes in mean precipitation (e.g., autumn 2017, 2019, and 2020). This marked 

seasonality is typical as other environmental characteristics in temperate regions (Iriarte et al., 2007). 

Precipitation directly influences the outflow of water into the sound from the Puelo river, also reported 

by Aguayo et al. (2019) and León-Muñoz et al. (2013, 2021). The linkage between precipitation and large 

turbid plumes entering the Reloncaví sound was apparent in our study (see Figures 3, 6), and the results 

of Flores et al. (2022) confirm this behavior/pattern. Similar results were reported by Shen et al. (2021) 

and Mahmoud et al. (2023), in Asia, who showed that turbidity at the confluence of river tributaries or the 

highest concentrations of SS, Chl-a, and dissolved solids, respectively, were associated with heavy rainfall. 

The turbid plumes to the greatest extent occurred in the autumn of 2019 and 2020, corresponding 

to the most severe storms and runoff events of the year and the highest turbidity value (27.96 FNU derived 

from Nv09 algorithm). The highest turbidity values appear coincident with the most pronounced discharge 

events occurring during 2019/05/02, and 2020/05/16, and 2020/05/25 (Figure 6 below). Conversely, less 

rainy seasons and negligible river discharges are often associated with areas of minimal plumes and low 

turbidity records (e.g., summer 2018). Therefore, the variation of maximum turbidity values seems to be 

influenced by the combination of precipitation and fluvial discharge from the river, especially in autumn. 

Iriarte et al. (2017) reported changes in phytoplankton concentrations associated with intra-annual 

variability in the hydrological regime of the Puelo river during 2003-2011. Higher frequency of Chl-a and 

phytoplankton abundance in surface waters were observed when flows were lower than 350 m3s-1, 

coinciding with dry austral autumns during El Niño event (January-June). This resulted in a decoupling 

between outflows and satellite-measured Chl-a in surface waters during drier autumns. Similar results 

were found by Saldías et al. (2019) for the study area in the ISC seasonal climatology (2003-2019), reporting 

the maximum values of fluorescence (nFLH) in the austral autumn. Likewise, Vásquez et al. (2021) reported 

elevated Chl-a and nFLH peaks during the months of April, May and June 2018. The abundant Chl-a in the 

water in the austral autumn could be coincident with the elevated water turbidity found in our research 

(see Figure 6, SM1 Figure 4, 5b). 
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Figure 6. Time series of precipitation and river flow from DGA, and turbidity data at location R1 derived 

from the Nechad 2009 algorithm (Nv09). 

The discharge and influence area of the river plume increases turbidity in the coastal zone, and this 

study confirms that this behavior is maintained over time (see Figure 4, 6). The highest turbidity values 

were found in site R1 (27.96 FNU) followed by site R2 (19.55 FNU). Both sites are distributed in river (R1), 

and river mouth (R2). In this sense, Curra-Sánchez et al. (2022) for ISC basins indicated that turbid waters 

in the river and estuary were caused by high concentrations of CDOM from river discharge, mainly of 

allochthonous origin. Given the strong relationship between turbidity and total suspended matter (R2= 

0.82), Chowdhury et al. (2023) showed that in-stream and estuarine sites had the highest turbidity values 

consistent with that reported in this study. Aguayo et al. (2019) through hydrological models estimated 

future scenarios where they found a trend of high discharge of the Puelo river in May, June, July, also 

influenced by abundant rainfall. We foresee that in the future this situation could lead to high turbidity in 

the river plume as we found in this study. It was found that the sites farthest from this influence, such as 

R4 and R5, had low turbidity during most of the time series, while the sites close to the river had high 
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turbidity values. Our results show that as we move away from this zone of influence of the river discharge, 

turbidity decreases, as was the case at sites R4 and R5 (see Figure 4). However, on some occasions in 

austral autumn both sites recorded values close to 5 FNU (see SM1 Table 4). This may be due to high river 

discharge and strong winds that move the plume to areas close to both sites (Flores et al., 2022).  

Figure 7 shows the wind compass 72 hours before S2 image acquisition for the four high turbidity 

images. The first three dates provide evidence that the highest frequency (>30%) corresponds to northerly 

wind with speeds above 4 kt (7.2 km/h), coincident with t increasing turbidity in the seaward sites. Similar 

results have been reported by Banas et al. (2005), Hyun (2007), Abirhire et al. (2020), Rodríguez-López et 

al. (2022). For example, Banas et al. (2005) in their study found strong relationships between wind and SS 

concentration, indicating that increasing wind speed can lead to re-suspension of particles in water. The 

results of Abirhire et al. (2020) also show that there is a strong influence of winds to generate turbid 

waters. The direction and intensity of the wind can influence the river plume, as shown in Figure 7. When 

the wind blows from the north, the plume is pushed towards the south, and vice versa. Therefore, the 

study area is impacted by the strong winds present throughout the year. This suggests that winds could 

be transferring SS, CDOM, and particulate matter from the river discharge and coastal zone to R4 and R5, 

which could increase turbidity at both sites. 
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Figure 7. The top panel shows wind rose corresponding to 72 hours before S2 imagen acquisition and the 

bottom panel shows results from the Nv09 algorithm for autumn days. The panel in red shows the image 

from the date with the highest turbidity on 2019/05/06. The panel in black shows the images from 

2020/05/20, 2020/05/25 and 2020/05/30. 

Several studies have shown that anthropogenic activities, such as land use and land use change, 

aquaculture, and marine traffic, can have a significant impact on water quality (Broitman et al., 2017; Lara 

et al., 2018; León-Muñoz et al., 2021; Pérez et al., 2015). Curra-Sánchez et al. (2022) observed that the 

basin with predominantly agricultural use has a greater availability and quantity of nutrients, specifically 

nitrates and phosphates, due to the use of agricultural fertilizers. In contrast, the basin with a larger area 

of native forest registered high values of CDOM. Adjacent basins through surface runoff can contribute 

large amounts of organic matter and nutrients, such as agricultural or forestry wastes, causing water 

turbidity due to accelerated growth of algae, algal blooms and HABs on the surface and in the water 

column (Bilotta and Brazier, 2008; Doan et al., 2015; Hudson and Vandergucht, 2015; Pérez-Ruzafa et al., 

2019). Mahmoud et al. (2023) demonstrate that there is a relationship between water temperature and 

Chl-a, this relationship may be influenced by the availability of sunlight, which directly affects 

phytoplankton growth. In austral summer 2016, León-Muñoz et al. (2018) detected an active HABs in NP 

that wiped out almost 12% of Chilean salmon production, this was produced by increased SST and lower 

freshwater input, generating more saline and nutrient-rich waters, coinciding with a strong El Niño event. 
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Similar results were reported by Soto et al. (2019) in salmon farming districts in the Reloncaví sound, where 

the combination of decreased rainfall and DO, and the development of HABs impacted the production of 

this species. On the other hand, Sandoval et al. (2018) also reported the occurrence of HABs in austral 

spring and austral autumn in the study area. Rodríguez-Benito et al. (2020) through remote sensing with 

S2 images detected the presence of HABs in March and April 2020 in ISC. Turbid waters with the presence 

of HABs impact not only water quality and clarity, but also the habitat of organisms. According to these 

environmental conditions, sites R4 and R5 have favorable locations for the development of HABs. 

However, in some seasons of the year, due to the scarce fluvial discharge, all the sites in our study present 

conditions for the development of HABs. 

During the covid-19 years, authors such as Rodriguez-Benito et al. (2020), Sun et al. (2021) and Vijay 

Prakash et al. (2021) studied the behavior of water quality in different aquatic ecosystems using satellite 

images. Sun et al. (2021) found that water turbidity decreased at the beginning of 2020 in the lakes they 

studied, the model they obtained for S2 presented an R2=0.67, however, they found that both lakes during 

the period December 2019 to February 2020 decreased R2= 0.46 and R2= 0.37. Mean turbidity values 

decreased from 33 NTU to 25 NTU, implying that the decrease in anthropogenic activities due to the covid-

19 closure had an impact on water turbidity. Although in our study area there was a decrease in turbidity 

for these same dates (December 2019 - February 2020), in general in 2019 there was a predominance of 

turbid waters in the Reloncaví sound, due to the complex processes that occur here such as algal blooms, 

strong winds and fluvial discharges, which cause the clarity and quality of the water in this ecosystem to 

fluctuate.  

Considering that aquaculture is the main economic activity in the Reloncaví area, this type of study 

is extremely important for continuous monitoring and warning of increases in water turbidity in real time. 

Our results provide valuable information on the spatio-temporal dynamics of turbidity in Reloncaví sound, 

underscoring the need for comprehensive monitoring strategies to understand and manage water quality 

parameters in the study area. 
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5. CONCLUSIONES  

The Copernicus data's availability and easy access enabled the evaluation of turbidity behavior at 

spatial high resolution in Reloncaví sound. This study uses spatial and temporal correspondence for the 

first time to evaluate the ACOLITE turbidity algorithms in a chilean marine ecosystem. The Nv09 algorithm 

would be more reliable than the Nv16 algorithm for developing a future predictor model of turbidity. 

Heavy rainfall caused high river discharges, which in turn influenced the turbidity in the Reloncaví sound. 

Austral autumn (May) was characterized by the highest turbidity values. Site R1 (river) and R5 (away from 

the influence of river discharges) recorded the highest and lowest turbidity values, respectively. This study 

contributes to early warning of the occurrence of high turbidity events due to river discharge and the 

development of HABs to promote future actions that encourage sustainable management of the coastal 

zone, thus avoiding economic losses and effective control and management of aquaculture areas. 
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ANEXO 1: SUPPLEMENTARY MATERIAL 1 

Table 5. SM1 Table 1. Mann-Kendall test statistics 

Site Algorithms n M-K Statistic Standard Error Z Value Prob>|Z| Alpha 

R1 

Nv09 91 191 291.69 0.65 0.51 0.05 

Nv16 91 191 291.69 0.65 0.51 0.05 

R2 

Nv09 102 377 345.86 1.09 0.28 0.05 

Nv16 102 377 345.86 1.09 0.28 0.05 

R3 

Nv09 101 -140 340.81 -0.41 0.68 0.05 

Nv16 101 -142 340.81 -0.41 0.68 0.05 

R4 

Nv09 103 -271 350.93 -0.77 0.44 0.05 

Nv16 103 -271 350.93 -0.77 0.44 0.05 

R5 

Nv09 103 -91 350.93 -0.26 0.80 0.05 

Nv16 103 -91 350.93 -0.26 0.80 0.05 

 

Table 6. SM1 Table 2. Temporal serie statistics 

Temporal serie 
Site Algorithm min (FNU) max (FNU) mean (FNU) median (FNU) SD CV(%) n 

R1 
Nv09 1.402 27.962 3.725 2.858 3.498 93.9 

91 
Nv16 1.808 33.918 4.742 3.673 4.273 90.1 

R2 
Nv09 1.161 19.556 2.924 2.453 2.517 86.1 

102 
Nv16 1.499 24.176 3.739 3.156 3.115 83.3 

R3 
Nv09 0.662 8.721 1.910 1.811 0.992 51.9 

101 
Nv16 0.855 11.051 2.458 2.333 1.261 51.3 

R4 
Nv09 0.244 5.285 1.426 1.277 0.755 53.0 

103 
Nv16 0.316 6.754 1.836 1.647 0.968 52.7 

R5 
Nv09 0.090 5.271 1.313 1.134 0.844 64.3 

103 
Nv16 0.117 6.735 1.692 1.463 1.082 64.0 
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Table 7. SM1 Table 3. Summer statistics 

Summer 

Site Algorithms min (FNU) max (FNU) mean (FNU) median (FNU) SD  CV (%) n 

R1 
Nv09 2.057 4.997 2.922 2.854 0.710 24.3 

20 
Nv16 2.649 6.390 3.753 3.668 0.904 24.1 

R2 
Nv09 1.175 3.270 2.074 1.974 0.509 24.5 

25 
Nv16 1.516 4.198 2.670 2.543 0.652 24.4 

R3 
Nv09 0.662 2.334 1.494 1.478 0.412 27.6 

25 
Nv16 0.855 3.002 1.926 1.906 0.529 27.5 

R4 
Nv09 0.527 1.721 0.998 1.028 0.293 29.4 

27 
Nv16 0.681 2.217 1.288 1.327 0.378 29.3 

R5 
Nv09 0.294 1.645 0.894 0.868 0.332 37.2 

26 
Nv16 0.380 2.120 1.155 1.120 0.428 37.1 

 

Table 8. SM1 Table 4. Autumn statistics 

Autumn 
Site Algorithms min (FNU) max (FNU) mean (FNU) median (FNU) SD CV (%) n 

R1 
Nv09 1.844 27.962 6.103 3.200 6.597 108.1 

21 
Nv16 2.376 33.918 7.664 4.109 8.024 104.7 

R2 
Nv09 2.025 19.556 4.836 2.752 4.854 100.4 

22 
Nv16 2.608 24.176 6.120 3.538 5.983 97.8 

R3 
Nv09 1.566 8.721 2.869 2.439 1.574 54.9 

21 
Nv16 2.019 11.051 3.680 3.138 1.990 54.1 

R4 
Nv09 0.591 5.285 2.141 2.096 0.960 44.8 

24 
Nv16 0.763 6.754 2.754 2.698 1.225 44.5 

R5 
Nv09 0.885 5.271 2.262 2.048 0.961 42.5 

23 
Nv16 1.143 6.735 2.909 2.637 1.227 42.2 

 

Table 9. SM1 Table 5. Winter statistics 

Winter 
Site Algorithms min (FNU) max (FNU) mean (FNU) median (FNU) SD CV (%) n 

R1 
Nv09 1.402 3.985 2.539 2.448 0.714 28.1 

21 
Nv16 1.808 5.108 3.264 3.150 0.912 27.9 

R2 
Nv09 1.161 3.372 2.327 2.232 0.571 24.5 

20 
Nv16 1.499 4.328 2.993 2.873 0.730 24.4 
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R3 
Nv09 1.107 3.062 2.006 1.891 0.501 25.0 

21 
Nv16 1.428 3.934 2.582 2.436 0.641 24.8 

R4 
Nv09 1.038 3.113 1.772 1.716 0.465 26.2 

20 
Nv16 1.339 3.997 2.283 2.212 0.596 26.1 

R5 
Nv09 0.858 3.316 1.641 1.579 0.572 34.8 

20 
Nv16 1.108 4.256 2.113 2.035 0.732 34.7 

 

Table 10. SM1 Table 6. Spring statistics 

Spring 
Site Algorithms min (FNU) max (FNU) mean (FNU) median (FNU) SD CV (%) n 

R1 
Nv09 2.201 7.659 3.416 2.918 1.295 37.9 

29 
Nv16 2.833 9.732 4.379 3.750 1.639 37.4 

R2 
Nv09 1.313 4.508 2.671 2.534 0.850 31.8 

35 
Nv16 1.694 5.771 3.432 3.259 1.085 31.6 

R3 
Nv09 0.699 2.892 1.566 1.387 0.599 38.3 

34 
Nv16 0.903 3.716 2.017 1.788 0.769 38.1 

R4 
Nv09 0.244 2.161 1.033 0.969 0.445 43.1 

32 
Nv16 0.316 2.782 1.333 1.251 0.572 42.9 

R5 
Nv09 0.090 2.041 0.799 0.781 0.460 57.5 

34 
Nv16 0.117 2.629 1.031 1.009 0.592 57.4 
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Figure 8. SM1 Figure 1. Time series of satellite turbidity estimates using both algorithms for the period 

2016-2020 in all sites. The black circles and red squares represent the turbidity values from the Nechad 

2009 (Nv09) and Nechad 2016 (Nv16) algorithms. 
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Figura 9. SM1 Figure 2. Spatio-temporal distribution for the five study sites, R1 in black, R2 in light blue, 

R3 mint, R4 purple and R5 mustard, panel (a) shows data derived from the Nechad 2009 algorithm 

(Nv09) and (b) data derived from the Nechad 2016 algorithm (Nv16). 
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Figure 10. SM1 Figure 3. Seasonal series of turbidity estimated from Nechad 2009 (Nv09, black circles) 

and Nechad 2016 (Nv16, red squares) algorithms for the five study sites, a) austral summer, b) austral 

autumn, c) austral winter, d) austral spring. 
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Figura 11. SM1 Figure 4. Monthly boxplot of turbidity time series derived from the Nechad 2009 

algorithm (Nv09) for all sites. 
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Figure 12. SM1 Figure 5. Seasonal times series of turbidity estimated from Nechad 2009 (Nv09) algorithm 

for all sites in austral (a) summer, (b) autumn, (c) winter, and (d) spring. 
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Figure 13. SM1 Figure 5. Seasonal times series of turbidity estimated from Nechad 2009 (Nv09) algorithm 

for all sites in austral (a) summer, (b) autumn, (c) winter, and (d) spring. Continuation. 
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Figure 14. SM1 Figure 5. Seasonal times series of turbidity estimated from Nechad 2009 (Nv09) algorithm 

for all sites in austral (a) summer, (b) autumn, (c) winter, and (d) spring. Continuation. 
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Figure 15. SM1 Figure 5. Seasonal times series of turbidity estimated from Nechad 2009 (Nv09) algorithm 

for all sites in austral (a) summer, (b) autumn, (c) winter, and (d) spring. Continuation. 
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ANEXO 2: SUPPLEMENTARY MATTERIAL 2 

Table 11. SM2 Table1. Date of acquisition of the images used in this study, their identifier (ID) and 

percent cloud cover (CC) for the full scene. 

Year Date Image ID Cloud cover percentage 

2016 05-01-2016 S2A_MSIL1C_20160105T143732_N0201_R096_T18GXU_20160105T145250 0 

2016 04-02-2016 S2A_MSIL1C_20160204T143722_N0201_R096_T18GXU_20160204T145334 17.3744 

2016 20-06-2016 S2A_MSIL1C_20160620T142752_N0204_R053_T18GXU_20160620T143728 17.0383 

2016 03-07-2016 S2A_MSIL1C_20160703T143752_N0204_R096_T18GXU_20160703T144853 0.2001 

2016 23-07-2016 S2A_MSIL1C_20160723T143752_N0204_R096_T18GXU_20160723T144933 7.7471 

2016 01-09-2016 S2A_MSIL1C_20160901T143752_N0204_R096_T18GXU_20160901T144926 6.8608 

2016 21-10-2016 S2A_MSIL1C_20161021T145412_N0204_R096_T18GXU_20161021T145411 6.8587 

2016 20-11-2016 S2A_MSIL1C_20161120T145402_N0204_R096_T18GXU_20161120T145401 0.1595 

2016 07-12-2016 S2A_MSIL1C_20161207T144402_N0204_R053_T18GXU_20161207T144403 16.8442 

2016 17-12-2016 S2A_MSIL1C_20161217T142852_N0204_R053_T18GXU_20161217T144321 8.7217 

2016 27-12-2016 S2A_MSIL1C_20161227T142852_N0204_R053_T18GXU_20161227T143749 9.8023 

2017 26-01-2017 S2A_MSIL1C_20170126T142851_N0204_R053_T18GXU_20170126T144125 0 

2017 05-02-2017 S2A_MSIL1C_20170205T142851_N0204_R053_T18GXU_20170205T144421 5.038 

2017 20-03-2017 S2A_MSIL1C_20170320T143741_N0204_R096_T18GXU_20170320T145159 0 

2017 27-03-2017 S2A_MSIL1C_20170327T142851_N0204_R053_T18GXU_20170327T143528 4.1432 

2017 09-04-2017 S2A_MSIL1C_20170409T143751_N0204_R096_T18GXU_20170409T144933 4.9447 

2017 16-04-2017 S2A_MSIL1C_20170416T142751_N0204_R053_T18GXU_20170416T143935 0 

2017 09-05-2017 S2A_MSIL1C_20170509T145411_N0205_R096_T18GXU_20170509T145405 0 

2017 15-07-2017 S2A_MSIL1C_20170715T144411_N0205_R053_T18GXU_20170715T144411 16.4958 

2017 30-07-2017 S2B_MSIL1C_20170730T144409_N0205_R053_T18GXU_20170730T144406 2.2642 

2017 04-08-2017 S2A_MSIL1C_20170804T144411_N0205_R053_T18GXU_20170804T144408 31.7417 

2017 16-09-2017 S2A_MSIL1C_20170916T143741_N0205_R096_T18GXU_20170916T145118 0.2207 

2017 26-09-2017 S2A_MSIL1C_20170926T145401_N0205_R096_T18GXU_20170926T145359 0.0517 

2017 11-10-2017 S2B_MSIL1C_20171011T145349_N0205_R096_T18GXU_20171011T145348 1.5473 

2017 21-10-2017 S2B_MSIL1C_20171021T143739_N0205_R096_T18GXU_20171021T144945 5.1635 

2017 27-11-2017 S2B_MSIL1C_20171127T142739_N0206_R053_T18GXU_20171127T191235 0 
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2017 07-12-2017 S2B_MSIL1C_20171207T142839_N0206_R053_T18GXU_20171207T174601 11.6566 

2017 17-12-2017 S2B_MSIL1C_20171217T142839_N0206_R053_T18GXU_20171217T211305 5.9667 

2018 19-01-2018 S2B_MSIL1C_20180119T143749_N0206_R096_T18GXU_20180119T192320 24.8475 

2018 24-01-2018 S2A_MSIL1C_20180124T145401_N0206_R096_T18GXU_20180124T161443 0 

2018 29-01-2018 S2B_MSIL1C_20180129T143749_N0206_R096_T18GXU_20180129T180250 1.2034 

2018 05-02-2018 S2B_MSIL1C_20180205T142849_N0206_R053_T18GXU_20180205T175015 0 

2018 20-02-2018 S2A_MSIL1C_20180220T142851_N0206_R053_T18GXU_20180220T205852 1.7402 

2018 23-02-2018 S2A_MSIL1C_20180223T143751_N0206_R096_T18GXU_20180223T193944 1.4728 

2018 05-03-2018 S2A_MSIL1C_20180305T143751_N0206_R096_T18GXU_20180305T180307 5.5044 

2018 20-03-2018 S2B_MSIL1C_20180320T143749_N0206_R096_T18GXU_20180320T193554 10.6073 

2018 06-04-2018 S2B_MSIL1C_20180406T142849_N0206_R053_T18GXU_20180406T175248 10.0374 

2018 24-04-2018 S2A_MSIL1C_20180424T143751_N0206_R096_T18GXU_20180424T211521 0.0833 

2018 29-04-2018 S2B_MSIL1C_20180429T143749_N0206_R096_T18GXU_20180429T193044 8.4425 

2018 04-05-2018 S2A_MSIL1C_20180504T143751_N0206_R096_T18GXU_20180504T181252 1.0477 

2018 31-05-2018 S2A_MSIL1C_20180531T142901_N0208_R053_T18GXU_20190907T130419 5.848 

2018 03-06-2018 S2A_MSIL1C_20180603T143751_N0206_R096_T18GXU_20180603T180407 0 

2018 13-06-2018 S2A_MSIL1C_20180613T143751_N0206_R096_T18GXU_20180613T192118 15.1254 

2018 08-07-2018 S2B_MSIL1C_20180708T143749_N0206_R096_T18GXU_20180708T193926 9.9732 

2018 23-07-2018 S2A_MSIL1C_20180723T143751_N0206_R096_T18GXU_20180723T193740 25.2261 

2018 19-08-2018 S2A_MSIL1C_20180819T142751_N0206_R053_T18GXU_20180819T194739 0.2841 

2018 29-08-2018 S2A_MSIL1C_20180829T142751_N0206_R053_T18GXU_20180829T194432 4.486 

2018 08-09-2018 S2A_MSIL1C_20180908T142751_N0206_R053_T18GXU_20180908T191015 0 

2018 13-10-2018 S2B_MSIL1C_20181013T142749_N0206_R053_T18GXU_20181013T193559 9.9725 

2018 31-10-2018 S2A_MSIL1C_20181031T143751_N0206_R096_T18GXU_20181103T085637 0.3794 

2018 07-11-2018 S2A_MSIL1C_20181107T142751_N0207_R053_T18GXU_20181107T175757 19.7775 

2018 15-11-2018 S2B_MSIL1C_20181115T143749_N0207_R096_T18GXU_20181115T182029 27.7134 

2018 25-11-2018 S2B_MSIL1C_20181125T143749_N0207_R096_T18GXU_20181125T180007 31.4149 

2018 30-11-2018 S2A_MSIL1C_20181130T143741_N0207_R096_T18GXU_20181130T180152 11.3556 

2018 02-12-2018 S2B_MSIL1C_20181202T142749_N0207_R053_T18GXU_20181202T175002 0.0105 

2018 07-12-2018 S2A_MSIL1C_20181207T142741_N0207_R053_T18GXU_20181207T174902 0 

2018 17-12-2018 S2A_MSIL1C_20181217T142741_N0207_R053_T18GXU_20181217T174852 6.6027 

2018 27-12-2018 S2A_MSIL1C_20181227T142751_N0207_R053_T18GXU_20181227T174928 28.6669 

2019 01-01-2019 S2B_MSIL1C_20190101T142749_N0207_R053_T18GXU_20190101T175051 25.0404 
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2019 26-01-2019 S2A_MSIL1C_20190126T142751_N0207_R053_T18GXU_20190126T174932 0 

2019 03-02-2019 S2B_MSIL1C_20190203T143749_N0207_R096_T18GXU_20190203T193736 0 

2019 08-02-2019 S2A_MSIL1C_20190208T143751_N0207_R096_T18GXU_20190208T180253 2.0392 

2019 13-02-2019 S2B_MSIL1C_20190213T143749_N0207_R096_T18GXU_20190213T210619 0.3528 

2019 10-03-2019 S2A_MSIL1C_20190310T143751_N0207_R096_T18GXU_20190310T180430 0 

2019 15-03-2019 S2B_MSIL1C_20190315T143749_N0207_R096_T18GXU_20190315T192124 0.1966 

2019 20-03-2019 S2A_MSIL1C_20190320T143751_N0207_R096_T18GXU_20190320T211439 24.316 

2019 27-03-2019 S2A_MSIL1C_20190327T142751_N0207_R053_T18GXU_20190327T210145 0 

2019 30-03-2019 S2A_MSIL1C_20190330T143751_N0207_R096_T18GXU_20190330T180249 4.5697 

2019 24-04-2019 S2B_MSIL1C_20190424T143759_N0207_R096_T18GXU_20190424T192235 1.738 

2019 06-05-2019 S2A_MSIL1C_20190506T142801_N0207_R053_T18GXU_20190506T193021 4.2594 

2019 21-05-2019 S2B_MSIL1C_20190521T142759_N0207_R053_T18GXU_20190521T175450 16.3495 

2019 15-06-2019 S2A_MSIL1C_20190615T142801_N0207_R053_T18GXU_20190615T175159 0.0168 

2019 20-06-2019 S2B_MSIL1C_20190620T142759_N0207_R053_T18GXU_20190620T192726 36.9027 

2019 28-06-2019 S2A_MSIL1C_20190628T143751_N0207_R096_T18GXU_20190628T193736 2.6118 

2019 03-09-2019 S2A_MSIL1C_20190903T142751_N0208_R053_T18GXU_20190903T191006 0.974 

2019 11-09-2019 S2B_MSIL1C_20190911T143749_N0208_R096_T18GXU_20190911T193827 52.3697 

2019 26-09-2019 S2A_MSIL1C_20190926T143751_N0208_R096_T18GXU_20190926T180247 2.7846 

2019 03-10-2019 S2A_MSIL1C_20191003T142801_N0208_R053_T18GXU_20191003T175237 1.1515 

2019 13-10-2019 S2A_MSIL1C_20191013T142731_N0208_R053_T18GXU_20191013T174904 0 

2019 18-10-2019 S2B_MSIL1C_20191018T142759_N0208_R053_T18GXU_20191018T175428 11.9128 

2019 21-10-2019 S2B_MSIL1C_20191021T143749_N0208_R096_T18GXU_20191021T180036 15.7237 

2019 23-10-2019 S2A_MSIL1C_20191023T142731_N0208_R053_T18GXU_20191023T175243 6.3915 

2019 07-11-2019 S2B_MSIL1C_20191107T142729_N0208_R053_T18GXU_20191107T175146 6.606 

2019 20-11-2019 S2B_MSIL1C_20191120T143729_N0208_R096_T18GXU_20191120T180001 10.0114 

2019 22-11-2019 S2A_MSIL1C_20191122T142731_N0208_R053_T18GXU_20191122T174913 0.3882 

2019 22-12-2019 S2A_MSIL1C_20191222T142731_N0208_R053_T18GXU_20191222T174743 45.7815 

2019 25-12-2019 S2A_MSIL1C_20191225T143721_N0208_R096_T18GXU_20191225T175839 51.6761 

2019 30-12-2019 S2B_MSIL1C_20191230T143719_N0208_R096_T18GXU_20191230T175959 23.2764 

2020 01-01-2020 S2A_MSIL1C_20200101T142731_N0208_R053_T18GXU_20200101T174749 0.7537 

2020 04-01-2020 S2A_MSIL1C_20200104T143721_N0208_R096_T18GXU_20200104T175849 27.1669 

2020 11-01-2020 S2A_MSIL1C_20200111T142701_N0208_R053_T18GXU_20200111T174818 37.2933 

2020 16-01-2020 S2B_MSIL1C_20200116T142649_N0208_R053_T18GXU_20200116T175019 0.2162 
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2020 21-01-2020 S2A_MSIL1C_20200121T142651_N0208_R053_T18GXU_20200121T175014 3.9313 

2020 24-01-2020 S2A_MSIL1C_20200124T143651_N0208_R096_T18GXU_20200124T175925 27.8511 

2020 08-02-2020 S2B_MSIL1C_20200208T143659_N0209_R096_T18GXU_20200208T180031 0.0053 

2020 20-02-2020 S2A_MSIL1C_20200220T142651_N0209_R053_T18GXU_20200220T175302 0 

2020 14-03-2020 S2A_MSIL1C_20200314T143721_N0209_R096_T18GXU_20200314T180039 16.9505 

2020 29-03-2020 S2B_MSIL1C_20200329T143729_N0209_R096_T18GXU_20200329T193330 4.7419 

2020 08-04-2020 S2B_MSIL1C_20200408T143729_N0209_R096_T18GXU_20200408T193410 0 

2020 20-04-2020 S2A_MSIL1C_20200420T142731_N0209_R053_T18GXU_20200420T175257 5.9281 

2020 05-05-2020 S2B_MSIL1C_20200505T142729_N0209_R053_T18GXU_20200505T174917 57.907 

2020 20-05-2020 S2A_MSIL1C_20200520T142741_N0209_R053_T18GXU_20200520T175228 9.5782 

2020 25-05-2020 S2B_MSIL1C_20200525T142729_N0209_R053_T18GXU_20200525T174759 10.7745 

2020 30-05-2020 S2A_MSIL1C_20200530T142741_N0209_R053_T18GXU_20200530T175048 1.8223 

2020 24-06-2020 S2B_MSIL1C_20200624T142739_N0209_R053_T18GXU_20200624T174931 29.5346 

2020 12-07-2020 S2A_MSIL1C_20200712T143731_N0209_R096_T18GXU_20200712T192236 10.64 

2020 29-07-2020 S2A_MSIL1C_20200729T142741_N0209_R053_T18GXU_20200729T180053 2.2197 

2020 06-08-2020 S2B_MSIL1C_20200806T143729_N0209_R096_T18GXU_20200806T180908 40.2235 

2020 28-08-2020 S2A_MSIL1C_20200828T142741_N0209_R053_T18GXU_20200828T175951 15.5935 

2020 30-08-2020 S2A_MSIL1C_20200831T143731_N0209_R096_T18GXU_20200831T194902 8.4296 

2020 20-09-2020 S2A_MSIL1C_20200920T143731_N0209_R096_T18GXU_20200920T194735 0.7446 

2020 25-09-2020 S2B_MSIL1C_20200925T143729_N0209_R096_T18GXU_20200925T182726 0.1081 

2020 02-10-2020 S2B_MSIL1C_20201002T142739_N0209_R053_T18GXU_20201002T175850 41.3463 

2020 12-10-2020 S2B_MSIL1C_20201012T142739_N0209_R053_T18GXU_20201012T175341 9.6773 

2020 15-10-2020 S2B_MSIL1C_20201015T143729_N0209_R096_T18GXU_20201015T181134 0.0013 

2020 20-10-2020 S2A_MSIL1C_20201020T143731_N0209_R096_T18GXU_20201020T181238 0.4462 

2020 22-10-2020 S2B_MSIL1C_20201022T142739_N0209_R053_T18GXU_20201022T180110 0 

2020 06-11-2020 S2A_MSIL1C_20201106T142741_N0209_R053_T18GXU_20201106T181041 7.313 

2020 19-11-2020 S2A_MSIL1C_20201119T143731_N0209_R096_T18GXU_20201119T181130 3.5595 

2020 04-12-2020 S2B_MSIL1C_20201204T143729_N0209_R096_T18GXU_20201204T180911 0.0777 

2020 09-12-2020 S2A_MSIL1C_20201209T143721_N0209_R096_T18GXU_20201209T181054 28.6217 

2020 16-12-2020 S2A_MSIL1C_20201216T142731_N0209_R053_T18GXU_20201216T175850 6.109 

2020 21-12-2020 S2B_MSIL1C_20201221T142729_N0209_R053_T18GXU_20201221T175831 1.3954 

 




