Universidade Federal do Rio Grande — FURG

Instituto de Oceanografia

Programa de Pd6s-Graduagao em Oceanologia

Avaliacao da Turbidez e do Material
Particulado em Suspensao na Lagoa dos
Patos por Sensoriamento Remoto

Rafael Avila Simao

Dissertacao apresentada ao Programa
de Po6s-Graduagdo em Oceanologia,
como parte dos requisitos para a
obtencao do Titulo de Mestre.

Orientador: Prof. Dr. Elisa Helena Ledo Fernandes
Universidade Federal do Rio Grande (FURG), Brasil.

Co-orientador: Prof. Dr. Suhyb Salama

University of Twente (UT), Paises Baixos.

Rio Grande, RS, Brasil
Agosto 2024



Avaliacao da Turbidez e do Material
Particulado em Suspensao na Lagoa dos
Patos por Sensoriamento Remoto

Dissertacao apresentada ao Programa de Pds-Graduagdo em Oceanologia,

como parte dos requisitos para a obtencao do Titulo de Mestre.

Rafael Avila Simao

Rio Grande, RS, Brasil
Agosto 2024

© A copia parcial e a citagdo de trechos desta tese sdo permitidas sobre a
condicao de que qualquer pessoa que a consulte reconhecga os direitos autorais
do autor. Nenhuma informacao derivada direta ou indiretamente desta obra

deve ser publicada sem o consentimento prévio e por escrito do autor.



Simao, Rafael Avila

Avaliacado da Turbidez e do Material Particulado em Suspenséao
na Lagoa dos Patos por Sensoriamento Remoto /
Rafael Avila Siméo. — Rio Grande: FURG, 2024.

80 p.

Dissertagao (Mestrado) — Universidade Federal do Rio Grande.
Mestrado em Oceanologia. Area de Concentragao: Fisica dos
Oceanos e Clima.

1. Corregao atmosférica. 2. Cor da agua. 3. Estuario.

4. Lagoa costeira. 5. Landsat. 6. Recalibracao. 7. Sentinel.

|. Avaliagao da Turbidez e do Material Particulado em Suspensao
na Lagoa dos Patos por Sensoriamento Remoto.




UNIVERSIDADE FEDERAL DO RIO GRANDE - FURG
i Y 10 — INSTITUTO DE OCEANOGRAFIA /\//\
| ' PROGRAMA DE POS-GRADUACA0 EM OCEANOLOGIA 2~ &
E-mail: cepofgg@furg.br — home-page: www.ppgo.furg.br OCEANOLOGIA

ATA ESPECIAL DE DEFESA DE DISSERTACAO DE MESTRADO - 07/2024

As quatorze horas do dia dois de setembro do ano dois mil e vinte e quatro, no Auditério Jodo
Rocha-IO/FURG-C.Carreiros, reuniu-se a Comissdo Examinadora da Dissertacio de
MESTRADO intitulada: “AVALIACAO DA TURBIDEZ E DO MATERIAL PARTICULADO
EM SUSPENSAO NA LAGOA DOS PATOS POR SENSORIAMENTO REMOTO?, do Acad.
Rafael Avila Simao. A Comissdo Examinadora foi composta pelos seguintes membros: Profa.
Dra. Elisa Helena Lefo Fernandes — Orientadora — (IO/FURG), Prof. Dr. Mhd. Suhyb Salama —
Coorientador — (University of Twente-UT), Prof. Dr. Mauricio Almeida Noernberg — (UFPR),
Profa. Dra. Maria Fernanda Col6 Giannini — (IO/FURG), Prof. Dr. Fabricio Sanguinetti Cruz de
Oliveira — (IO/FURG) e MSc. Juliana Tavora Bertazo Pereira — (University of Twente-UT).
Dando inicio a reunido, a Coordenadora do PPGO, Profa. Dra. Grasiela Lopes Ledes Pinho,
agradeceu a presenga de todos e fez a apresentacdo da Comissdo Examinadora. Logo apos
esclareceu que o candidato teria um tempo de 45 a 60 min para explanac@o do tema, e cada membro
da Comissdo Examinadora, um tempo maximo de 30 min para perguntas. A seguir, passou a
palavra ao candidato que apresentou o tema e respondeu as perguntas formuladas. Apds ampla
explanacdo, a Comissdo Examinadora reuniu-se em reservado para discussdo do conceito a ser
atribuido ao candidato. Foi estabelecido que as sugestdes de todos os membros da Comissdo
Examinadora, que seguem em pareceres em anexo, foram aceitas pela Orientadora/Candidato para
incorporagdo na versao final da Dissertagdo. Finalmente, a Comissdo Examinadora considerou o
candidato APROVADO, por unanimidade. Nada mais havendo a tratar, foi lavrada a presente
ATA, por mim, Clabisnei Moura de Melo — Secretario PPGO, que apos lida e aprovada, sera
assinada pela Comissdo Examinadora, pela Candidato e pela Coordenadora do Programa de Pos-
Graduagdo em Oceanologia.

gﬁm Ketiwe. Ifé AAOULE

Profa. Dra. Elisa Helena Ledo Fernandes

Orientadora Documento assinado digitalmente
Digitally signed by Suhyb Salama
yb Sal b MARIA FERNANDA COLO GIANNINI
_ | of T g \I. Data: 10/09/2024 15:58:23-0300
nl, c=NL Verifique em https://validar.iti.gov.br
09.16 15:58:24 +02'00"
Prof. Dr. Mhd. Suhyb Salama Profa. Dra. Maria Fernanda Col6 Giannini
Documento assinado digitalmente
MAURICIO ALMEIDA NOERNBERG
: - g \’ob Data: 09/09/2024 09:08:04-0300
_‘ - > Verifique em https://validar.iti.gov.br
Prof. D¢ Fabricio Sanguinetti Cruz de Oliveira Prof. Dr. Mauricio Almeida Noernberg
Documento assinado digitalmente Documento assinado digitalmente
b JULIANA TAVORA BERTAZO PEREIRA “b RAFAEL AVILA SIMAO
g “ Data: 16/09/2024 13:16:41-0300 g Data: 16/09/2024 13:23:28-0300
Verifique em https://validar.iti.gov.br verifique em https://validar.iti.gov.br
MSc. Juliana Tavora Bertazo Pereira Acad. Rafael Avila Simao

Documento assinado digitalmente

ub GRASIELA LOPES LEAES PINHO
g Data: 18/09/2024 09:30:39-0300

Verifique em https://validar.iti.gov.br

Prof*. Dr* Grasiela Lopes Ledes Pinho
Coordenadora PPGO



“As ideias brotam de algo maior do
que a pessoa humana singular. Nao
as fazemos, elas nos fazem.”

(Carl G. Jung)



Agradecimentos

Se o percurso académico até aqui nao foi facil, muito mais dificil foi estar
tdo longe da familia. Tenham a certeza de que, se me afastei fisicamente,
sempre estive com vocés em sentimento. Por isso, agradeco profundamente a
quem me fez quem sou hoje: mae, pai, padrasto, irmao e irmas. Sem vocés, o
mar nao teria cor e nenhuma conquista faria sentido. Do fundo do coracao,
amo todos voceés!

Uma vez li que a gratiddo acende as chamas da amizade, que iluminam
o0 caminho por onde passamos. Sou grato aos amigos que fiz durante o
mestrado e tornaram mais calorosos esses dois anos no frio do extremo sul do
Pais. Agradeco especialmente a Julia, Juliana, Laura, Luis e Maria. Quero que
saibam que sinto por ndo passar mais tempo ao lado de vocés e que, nesse
mundo pequeno que é a oceanografia, tor¢go para que nossos caminhos voltem
a se cruzar.

Agradeco também a quem mudou a minha visdo da oceanografia e do
meu futuro. Se, quando entrei no mestrado, tinha sérias duvidas sobre a vida
académica, vocés me inspiraram e abriram portas. Agradegco aos meus
orientadores formais, Elisa e Suhyb, por todos os ensinamentos e motivagdes.
Agradeco também a orientacdo da Juliana Tavora, parte fundamental nesse
processo. Talvez ndo saiba, mas tu €s um dos principais motivos que me levou
a FURG e sempre foi uma inspiragao como pesquisadora.

Por fim, agradeco ao PPGO, a CAPES e ao CNPq por todo suporte,
auxilios e bolsa. Em um mundo de mudancgas cada vez mais aceleradas, que o

apoio a ciéncia seja sempre uma constante!

VI



AGradeCIMENLOS. ... eeiiuieeiieiieeiteerte ettt ettt e et esatesste e st e esbeesssessaessteesseesssesssseeesssseeennns 6
LiSta de FAGUIAS.....eeeiuiieiieiieeieeiteete ettt et ee ettt e e et eesaeessaesbeessbeeessssaeennssaeenssseenn 8
LiSta de Tabelas.......coueeuiieiieieeeee ettt 11
RESUIMIO. ...ttt ettt e e et e e s e b e e e s s e e sssssnnnee 12
AADSITACE ettt ettt et ettt et b et et s bt ettt sa et e e b e bt et e e st b et e et e nne e ane 13
Capitulo I: TNrOUGE0. ... ceeveeiieeieeite e ettt et et e et esteesaeessaeeveessaessseesssesnseessnessseesnnns 14
Capitulo I1: ODJELIVOS. ....ceeereeeiiieeiiieeriiteerieeerieeseteeeseeeesteeesseeesseeessaessseeessssssseeesensnnns 22
Capitulo ITT: Area de EStUAD. ......c.c.oveveieieeeeeeeeeeeeeeeeeeeee s sseeseseses s seesesssessesseseeena 23
Capitulo IV: Material @ MEtOdO0S. ......cccuerevierieriiienieeiiesieesteeie et et eseesreessreeesaneeenans 27
4.1 DAAOS...ccuteeuieiieieeteeit ettt sttt sttt ettt et sh et e et at e s bt e s beeebaeenaeeea 27
4.1.1 Dad0S A€ CAIMPO....ccccuierruiieeiieeeiiteeeieeeeiteesteeesteeesaeeesseeessseesssssneesessssseees 27

4.1.2 Dados de SAtELIte.......cccvueeruiiriieiieeieetee ettt ettt et 28

4.2 MELOUOS. ..ottt ettt sttt et ettt et s et et e b e s st e b e st esae e sesatesbeebesasenneas 28
4.2.1 COITeCan atmMOSTETICA. ...cccvvierierieerieenieeieerteeieesitesreeseeeesrteeessreeseseeesssnees 28

4.2.2 MALCHUPS.....eiiiiiieiieeeiteecteeete st e e st e e sve e e steessaae e ssaaeessaeeeaaeesssaaeeeesnnnsenens 30

4.2.3 Algoritmos de turbidez @ MPS.........cociiriiiiiiiieeieeeeeeee et 30

4.2.4 Convolugao e recalibragdo regional...........ccocceevuiiriiirnieniiennienieeieee e 33

4.2.5 Parametros eStatiStiCOS. ......ceeueeruerierierrierteniteieetesieeste ettt et et 34
Capitulo V: Artigo CientifiCO......cceerieeeiiieiieiieciecie ettt ettt re e sve e ae e e seaeeveeenes 37
Capitulo VI: Sintese da DiSCUSSA0.......cccuerrrureeeirreeriireeeteeesteeesreesssreessseeessseesssseeessseesaans 65
Capitulo VII: CONCIUSOES........eerveriieeieeiieeieeieesie et e st s seeesteesaeesre e s abaeessbeesssnseesssnns 68
Capitulo VIII: Referéncias Bibliograficas........cccceeeveiriiriienieiieenienieeseeeveeseee s 70

VII



Lista de Figuras

Figura 1. Lagoa dos Patos, com (a) distribui¢do espacial dos matchups para os trés
satélites (S2, S3 e L8) e duas variaveis (turbidez e MPS) e; (b, ¢) distribui¢des de
frequéncia da ocorréncia dos dados de campo, em diagramas de caixa (box plots) e

histogramas para as regides do Guaiba € do eStUATIO.........ccceevverieriiiieriienieeiceiceeeene 24

Figure 1. (a) Patos Lagoon (South Brazil) with in situ and satellite matchups for
turbidity and SPM. Satellites are shown in different colors (orange, blue, and green
indicate Sentinel-2 (S2), Sentinel-3 (S3), and Landsat-8 (L8), respectively), while SPM
and turbidity matchups are marked with circles and crosses, respectively. The in situ
data frequency distributions for (b) SPM and (c) turbidity are split into southern

(estuary, in orange) and northern (Guaiba, in blue) areas of the lagoon......................... 41

Figure 2. Radar plot with the selected statistical parameters (Kendall, MAE, MAPE, and
WR). The resultant polygon area (in blue), centroid (red circle), and distance between
the radar plot center and polygon centroid (dashed black line) are represented. The
goodness of fit (GoF) metric summarizes the algorithm performance and is given by the

product of the area and diStANCE..........ccueeeriiiiiiieeiie e 45

Figure 3. Heatmaps of the turbidity algorithm performance, given in FNU (RMSE,
MAE, and bias) or percentage (MAPE and WR) for satellites (a) L8, (b) S2, and (¢) S3.

The best (worst) performance is shown in green (red)..........cceeeeeriieiieeniieniieniieeniieeens 46

Figure 4. Heatmaps of the SPM algorithm performance, given in g.m” (RMSE, MAE,
and bias) or percentage (MAPE and WR) for satellites (a) L8, (b) S2, and (c) S3. The

best (worst) performance is shown in green (red).........ccceeveueerieeiiienieniieiiee e 47

Figure 5. Scatter plots showing the relationships between the measured and estimated
turbidity values for satellites (a,d) L8, (b,e) S2, and S3 (c,f), and atmospheric
corrections from (a—c) ACOLITE and POLYMER (d—f). For each satellite and
atmospheric correction, multiple algorithms (D15 and N09) and bands (665 and 865

NIM) AT€ SHOWL....iiiiiiiiiieee ettt ettt st e et e s bt e e eenbeeesnbeeesnbeeeenes 48

VIII



Figure 6. Scatter plots showing the relationships between the measured and estimated
SPM concentrations for satellites (a,d) L8, (b,e) S2, and S3 (c,f), and atmospheric
corrections from (a—c) ACOLITE and POLYMER (d—f). For each satellite and
atmospheric correction, multiple algorithms (N10, N17, and T20) and bands (665 and

865 NIM) AIC SNOWIN.......viiiiiiiiiiiie et e e e e e arae e e e e eaeneeas 48

Figure 7. Heatmaps of the performance of the turbidity NO9 algorithm using original
(O) and recalculated (R) coefficients for satellites (a) L8, (b) S2, and (c) S3. The results
are given in FNU (RMSE, MAE, and bias) or percentage (MAPE and WR). The best

(worst) performance is shown in @reen (red).........occverireiiierieriiienieeie e 49

Figure 8. Heatmaps of the SPM N10 algorithm performance using the original (O) and
recalculated (R) coefficients for satellites (a) L8, (b) S2, and (c) S3. The results are
given in g.m~ (RMSE, MAE, and bias) or percentage (MAPE and WR). The best

(worst) performance is shown in green (red).........cocueevieriieiieniieeriienie e 50

Figure 9. Scatter plots showing the relationships between the measured and estimated
turbidity values for satellites (a,d) L8, (b,e) S2, and (c,f) S3, and atmospheric
corrections from (a—c) ACOLITE and (d—f) POLYMER. For each satellite and
atmospheric correction, multiple algorithms (N09) and bands (665 and 865 nm) are

shown with the original (o) or recalibrated (r) coefficients............cccoecveeviienieenieenineenns 50

Figure 10. Scatter plots the relationships between the measured and estimated SPM
concentrations for satellites (a,d) L8, (b,e) S2, and (c,f) S3, and atmospheric corrections
from (a—c) ACOLITE and (d—f) POLYMER. For each satellite and atmospheric
correction, multiple algorithms (N10) and bands (665 and 865 nm) are shown with the

original (0) or recalibrated () COSTIICIENtS.......cccueeervieeeiiieeiieee e 51

Figure 11. Mean SPM concentration in the Patos Lagoon estuary based on S2 scenes,
ACOLITE atmospheric correction, the N10 algorithm, the 665 nm band, and (a) original

or (b) regionally recalibrated coOeffiCients...........c.ceeviriiieriiiiiiiiieceeece e 52

Figure 12. (a) Spatial distribution of in situ SPM data, along with the frequency
distributions for SPM concentrations measured in situ and satellite-derived using the
best combinations for each satellite (L8, S2, and S3) and recalibrated coefticients. The

distributions are given for all available data points shown in (a) (including those that are

IX



not matchups), divided into three parts of Patos Lagoon: (b) Guaiba, (c) center, and (d)
] 11 F: 1 ) 2SO PPRUPUPPURN 56

Figure A1. Time series of the sea surface temperature (SST) of Patos Lagoon based on

in situ measurements (SiMCosta buoys) and reanalysis data (SST CCI L4 product).....58

Figure A2. Optical saturation based on the NIR (x-axis) and red (y-axis) reflectance.

The red line denotes the fitted regression between these two bands (as in [32])............ 58

Figure A3. Radar plots of the statistical parameters for the turbidity estimates. The
number after each algorithm and band denotes the area of the associated polygon. The

best performance (smaller area) occurs closer to the center............ccoeceeviiiiieniieeennnnn. 59

Figure A4. Radar plots of the statistical parameters for the SPM estimates. The number
after each algorithm and band denotes the area of the associated polygon. The best

performance (smaller area) occurs closer to the center...........cccccveeeeieeieicciieee e, 59

Figure AS. Radar plots of the statistical parameters for the turbidity estimates using the
original (O) and recalibrated (R) coefficients. The number after each algorithm and band
denotes the area of the associated polygon. The best performance (smaller area) occurs

ClOSET T0 ThE COMEET ..o e e e e e e e et e e e e e e e e e e e e e e e e eeaanas 60

Figure A6. Radar plots of the statistical parameters for the SPM estimates generated
using the original (O) and recalibrated (R) coefficients. The number after each algorithm
and band denotes the area of the associated polygon. The best performance (smaller

area) 0CCUrS ClOSET t0 the CENLET......c.uiieiiieeiieeeiee ettt e eree e 60



Lista de Tabelas

Tabela 1. Parametros de entrada para o algoritmo T20 e satélites S3, S2 e L8............... 32
Table 1. Convoluted coefficients for the turbidity (N09) and SPM (N10) algorithms....44

Table 2. Best combinations of atmospheric correction (AC), algorithm (Alg), and band

for each satellite and product based on the GOF mMetric.........ccceceveeevveeecieeeecieeeeiieeeeee, 49

Table 3. Best combinations of atmospheric corrections (ACs), algorithms (Alg), bands,
and coefficients (A and C) for each satellite and product based on the GoF metric.

Regionally recalibrated coefficients are shown in bold font...........c.ccccoevieiniiininnncne 52

Table A1. Recalibrated A coefficients for turbidity (N09 algorithm) and SPM (N10
algorithm) for each combination of satellites (L8, S2, and S3), atmospheric corrections

(ACOLITE and POLYMER), and bands (665 and 865 nm)...........cccceerevveeerireeenineennnne. 57

XI



Resumo

O material particulado em suspensdao (MPS) e a turbidez sdo duas variaveis importantes
em ambientes costeiros, dado o seu papel na dindmica biogeoquimica desses ambientes.
Devido as alteragdes que causam na cor da agua, essas variaveis podem ser estudadas
por sensoriamento remoto. Destaca-se, porém, que inexiste uma metodologia (corregao
atmosférica e algoritmo) com desempenho superior as demais em todas as regides.
Assim, torna-se fundamental avaliar as estimativas em cada caso. O presente estudo
teve como objetivo trazer recomendacdes para o sensoriamento remoto da turbidez e do
MPS na Lagoa dos Patos (RS, Brasil). Estudos anteriores na area de estudo apontaram
que a regido possivelmente apresenta caracteristicas Opticas distintas ao longo de sua
extensdo. Aqui, foram utilizadas imagens de trés satélites (Sentinel-3, Sentinel-2 e
Landsat-8) e comparadas diferentes correcdes atmosféricas (ACOLITE e POLYMER),
algoritmos de turbidez e MPS (empiricos ou semi-analiticos; de banda Unica ou
multibanda) e bandas (vermelho ou infravermelho proximo). As estimativas utilizando
algoritmos estabelecidos na literatura, porém, apresentaram elevado viés, levando a
necessidade de recalibragdo regional desses algoritmos. Isso foi realizado utilizando
dados de campo de turbidez e MPS, aplicados a um método de ajuste de modelos
geofisicos (GeoCalVal). As estimativas originais e recalibradas foram, entdo,
classificadas com base em uma nova métrica (goodness of fit — GoF), que agrupa de
forma objetiva diversos parametros estatisticos (correlagdo, acuracia, viés e comparacao
dos residuos). Com base nessa métrica, recomenda-se a utilizagdo da seguinte
combinacdo para estimativas de turbidez na éarea de estudo: corre¢do atmosférica do
POLYMER, algoritmo de banda Unica, banda do infravermelho proéximo e coeficientes
originais. Para o MPS, a seguinte combinacdo ¢ recomendada: corre¢do atmosférica do
ACOLITE, algoritmo de banda unica, banda do infravermelho proximo e coeficientes
recalibrados. Como recomendagdes para futuros trabalhos, tem-se a utilizagao de dados
radiométricos de campo, aplicagdo de modelos de transferéncia radiativa e construgao

de séries temporais multissensores.

Palavras-Chave: correcdo atmosférica; cor da dgua; estuario; lagoa costeira; Landsat;

recalibracdo; Sentinel.
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Abstract

Suspended particulate matter (SPM) and turbidity are two important variables in coastal
environments, given their roles in the biogeochemical dynamics of these regions.
Changes in the color of the water associated with these variables make it possible to
study them by remote sensing. However, no methodology performs better than the
others for all regions. Therefore, it is fundamental to evaluate these estimates in each
case. The objective of the present study was to give recommendations for the remote
sensing of turbidity and SPM in Patos Lagoon (Brazil). Previous studies in this area
suggested that it has distinct optical properties throughout its extension. Here, we used
scenes from three satellites (Sentinel-3, Sentinel-2 e Landsat-8) and compared different
combinations of atmospheric correction (ACOLITE and POLYMER), algorithms
(empirical or semi-analytic; single or multi-band), and bands (red or near-infrared).
Turbidity and SPM estimates from established algorithms were highly biased, leading to
the need of recalibration of these algorithms regionally. The recalibration was
performed using in situ turbidity and SPM measurements applied to a calibration
method for geophysical models (GeoCalVal). Estimates using original and recalibrated
products were further analyzed based on a novel metric (goodness of fit —GoF), which
objectively gathers multiple statistical parameters (for correlation, accuracy, bias, and
residuals). Based on this new metric, the following setup for estimating turbidity in
Patos Lagoon is recommended: POLYMER atmospheric correction, single-band
algorithm, near-infrared band, and original coefficients. On the other hand, the
following setup for SPM is recommended: ACOLITE atmospheric correction, single-
band algorithm, near-infrared band, and recalibrated coefficients. In future studies, we
suggest the use of in situ radiometric data, the application of radiative transfer models,

and the building of multi-sensor time series.

Keywords: atmospheric correction; coastal lagoon; estuary; Landsat; ocean color;

recalibration; Sentinel.
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Capitulo I: Introducao

E stuarios sdo corpos de 4gua semifechados, conectados livremente ao oceano, nos

quais ocorre a mistura da dgua doce continental com a agua salgada do mar
[Pritchard 1967]. Essa defini¢do abrange diversos ambientes transicionais entre o
continente e o oceano, entre os quais se diferenciam as lagoas costeiras [Kjerfve 1994]:
corpos de dgua interiores, geralmente paralelos a linha de costa, separados do oceano
por uma barreira e conectadas a ele por um ou mais canais. E comum que particulas
organicas e inorganicas se mantenham em suspensao na coluna d'agua desses ambientes
[e.g. Tavora et al. 2019], constituindo o material particulado em suspensdo (MPS). O
MPS possui grande importancia para os processos biogeoquimicos, contribuindo para o
transporte de nutrientes e contaminantes, além do balango sedimentar de regides
costeiras [Turner & Millward 2002; Burchard et al. 2018].

A dinamica de MPS nesses ambientes ¢ governada pelos processos de advecgao,
decantacdo e ressuspensdo, além de processos ndo-conservativos, como os de producio
e destruicdo da matéria organica [Burchard ef al. 2018]. Em situagdo de equilibrio, a
distribuicao vertical do MPS depende do balanco entre a acdo da gravidade e o
transporte difusivo turbulento dos sedimentos, com um aumento exponencial da
concentragdo em direcdo ao fundo [Rouse 1937; Boudreau & Hill 2020]. A coesividade
dos sedimentos finos e a associacdo com a matéria organica aumentam a complexidade

dessa dinamica, levando a formac¢ao de flocos ¢ alterando a velocidade de decantagao
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[Maggi 2013; Fall et al. 2021]. Tais condigdes de equilibrio, porém, podem ser
perturbadas pelo aporte fluvial, com formagao de plumas e aumento das concentragdes
superficiais de MPS, principalmente em periodos de alta descarga [Zavialov et al. 2018;
Bortolin et al. 2022].

Os processos de transporte e aprisionamento de MPS estdo relacionados a
formacao de zonas de maxima turbidez, criadas pelo transporte convergente de MPS
que ocorre no ambiente estuarino [Burchard ef al. 2018]. A relagdo entre concentragao
de MPS e turbidez se da pela capacidade das particulas absorverem e espalharem a luz,
o que depende das caracteristicas das particulas (distribuicdo de tamanhos, composicao
e formato) e da geometria da observagao (angulos de iluminacao e de visada) [Kitchener
et al. 2017]. Essa relagdo pode sofrer influéncia da absor¢ao pela matéria organica
dissolvida na agua (colored dissolved organic matter — CDOM), o que ¢ relevante em
comprimentos de ondas mais curtos (como o azul), porém desprezivel em comprimentos
mais longos (como o infravermelho préximo, near-infrared — NIR) [Hongve &
Akesson 1998]. Em geral, uma relacdo linear entre turbidez e concentracio de MPS é
observada [e.g. Andrade Neto et al. 2012; Novoa et al. 2017] e a turbidez atua como um
dos principais controladores do metabolismo aquatico de algumas regides, reduzindo a
disponibilidade de luz para a fotossintese [Bordin et al. 2023].

A dinamica de MPS e da turbidez em ambientes costeiros ¢ afetada pela
atividade antropica. Intervencdes de engenharia costeira podem causar desequilibrios
hidrolégicos e sedimentares, levando a problemas erosivos ou de sedimentagao intensa,
alteragdes na distribuicao espacial da salinidade e mudangas ecologicas [Duck & Silva
2012]. O surgimento de estuarios hipertirbidos na Europa demonstra essa influéncia
[Winterwerp & Wang 2013]: o aprofundamento e estreitamento dos canais navegaveis
aumentou os fluxos de entrada de MPS (pela maré) ao mesmo tempo que diminuiu os
fluxos de saida, levando ao aumento da turbidez. Somam-se a essas intervengdes as
mudancas climaticas, que impde um risco crescente aos ambientes costeiros [Cloern et
al. 2016]. Lagoas costeiras, por exemplo, sdo sensiveis as elevagdes do nivel do mar,
que, junto ao aporte de sedimentos em suspensao, estdo relacionadas ao preenchimento
ou inundacao dessas regides [Carrasco et al. 2016].

Por esses motivos, ¢ necessario estudar e monitorar estuarios e lagoas costeiras,
especialmente quando ja afetados pela atividade antrdpica. Abordagens convencionais
para o estudo da qualidade da dgua utilizam amostragens em campo, com coletas de

agua e analise gravimétrica para o MPS [Strickland & Parsons 1972; Neukermans ef al.
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2012] e utiliza¢ao de turbidimetros para a medicao da turbidez [Kitchener ez al. 2017].
Tais métodos, porém, possuem suas limitacdes, associadas principalmente a cobertura
espacial e temporal, analise laboratorial e custos envolvidos. Metodologias alternativas
podem ser utilizadas para preencher as lacunas deixadas por essas abordagens. Em rios,
por exemplo, curvas-chave entre a concentracdo de MPS e descarga liquida sdo uma
ferramenta simples, eficiente e de baixo custo [Jung ef al. 2020]. Para estuarios, séries
temporais da distribui¢do vertical de sedimentos em suspensao podem ser obtidas por
meio de dados de ADCP (Acoustic Doppler Current Profiler) fundeado [Avila et al.
2021]. Além disso, novas abordagens (como a filmagem submarina) permitem medi¢des
in situ das propriedades das particulas em suspensao [Fall et al. 2021].

Dentre as possibilidades, destaca-se o sensoriamento remoto optico por satélites,
unica ferramenta capaz de medir de maneira sindptica a biogeoquimica superficial dos
oceanos [Cael et al. 2023]. Estudar o MPS por satélites ¢ possivel pela alteragdo que
este causa na cor da agua, devido ao espalhamento e absorcao da luz. Deve se ter em
mente, porém, que o sensoriamento remoto também possui suas dificuldades, como as
limitagdes impostas pela cobertura de nuvens, limitagio a camada superficial e
incertezas associadas as estimativas [Pahlevan ef al. 2021]. Além disso, nem toda a luz
que chega ao sensor do satélite tem origem na agua. Os gases e particulas na atmosfera
absorvem e espalham a luz, levando a necessidade da corre¢ao atmosférica. Em geral, a
reflectancia obtida no topo da atmosfera (p,), tal qual obtida por um sensor orbital, pode

ser decomposta em [Gordon 1997; Salama et al. 2012a]:

pt:Tg(pR+pa+Tvpg+Tva) 1

Em que pr, p., pe € pw sd0 as reflectancias associadas ao espalhamento Rayleigh,
espalhamento por aerossois, espalhamento especular da luz na superficie do mar (sun
glint) e a coluna d'dgua (nossa varidvel de interesse). Os termos 7, e T, correspondem a
transmitincia gasosa e a transmitancia difusa de visada, decorrentes da passagem da luz
pela atmosfera da superficie da dgua até o sensor. Parte dos termos da equagdo 1 pode
ser resolvida sem grandes diferencas entre as metodologias existentes de correcao
atmosférica, a fim de obter a p,, [Mobley et al. 2016]. Esse processamento pode ser
entendido em duas etapas [Pahlevan ef al. 2021]: (i) correcdo do espalhamento Rayleigh

e absorcao gasosa; e (ii) estimativa da contribui¢do dos aerossais.
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O espalhamento Rayleigh (pr) € ocasionado pelas moléculas dos gases e depende
do numero de moléculas no caminho percorrido pela luz, podendo ser estimado com
base na pressao atmosférica e na geometria de iluminacao e visada [Gordon et al. 1988;
Bodhaine et al. 1999]. A transmitancia gasosa (7,) estd muito associada aos gases
absorvedores presentes na atmosfera, como ¢ o caso do vapor de dgua, do ozonio (Os3),
do oxigénio (O,) e do dioxido de nitrogénio (NO,) [Mobley et al. 2016]. Dados
auxiliares de concentracao desses gases na atmosfera (por satélites meteoroldgicos ou
produtos de reandlise) sdo utilizados para estimar 7, [Salama et al. 2004; Salama et al.
2012a; Mobley et al. 2016]. Por outro lado, a transmitancia difusa de visada (7)) esta
relacionada a concentragdo e caracteristicas dos aerossois, incorporando tanto a
atenuagao da luz quanto o ganho pelo espalhamento de areas adjacentes (contribuigdo
difusa) [Salama et al. 2004; Mobley ef al. 2016]. Alternativas para estimar 7, envolvem
a utilizagdo de valores tabelados, gerados com base em modelos de transferéncia
radiativa [Mobley et al. 2016], e a utilizagdo de modelos analiticos [Wang 1999].

Por sua vez, a contribui¢do dos aerossois (p,) apresenta um ponto de distingao
importante entre as corre¢des atmosféricas. Em aguas oceanicas, a consideracdo do
pixel escuro pode ser utilizada: a p, medida na regido do NIR corresponde (apds demais
corregdes, como as do efeito Rayleigh) a p,, pois a 4gua possui alta absor¢do nessa
regido do espectro [Gordon & Wang 1994]. Em aguas costeiras, porém, a presenca de
MPS na agua faz com que a p,, no NIR seja significativa, podendo corresponder a 89%
da p, [Luo et al. 2020].

As correcOes atmosféricas para regides costeiras incluem alternativas a
consideragdo do pixel escuro, envolvendo: (i) modelos iterativos para estimar a p,, no
NIR [Bailey et al. 2010]; (ii) utiliza¢do do ajuste de espectro escuro, com a identifica¢do
de pixeis e bandas com reflectancia desprezivel [Vanhellemont & Ruddick 2018]; (iii)
métodos de aprendizado de maquina, como no caso de redes neurais [Doerffer &
Schiller 2007; Brockmann et al. 2016] e; (iv) extrapolacdo da contribuicao de
comprimento de onda mais longos (como o NIR ou shortwave-infrared — SWIR) para
comprimentos de onda mais curtos (como azul, verde e vermelho), seguindo o espetro
de similaridade [Ruddick et al. 2006; Salama et al. 2012a; Vanhellemont & Ruddick
2014] e; (v) modelos de transferéncia radiativa, que realizam simulagdes para um amplo
intervalo de condi¢des atmosféricas [Vermote et al. 1997].

O ultimo termo restante ¢ o espalhamento especular pela superficie do mar (py).

Sua contribui¢do pode ser estimada com base na geometria da luz e na velocidade do
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vento, aplicados as equagdes de Cox & Munk [1954] para estimar a rugosidade da
superficie do mar e as equacdes de Fresnel para estimar a reflectancia correspondente
[Bréon 1993], como em Bréon & Henriot [2006]. Essa correcdo, porém, depende de
dados de velocidade e dire¢do do vento com resolucdo adequada, que podem ndo estar
disponiveis. Por esse motivo, algumas correcdes atmosféricas ndo estimam p, por
padrdo, mas utilizam valores limites de reflectincia em algumas bandas, marcando os
pixeis como invalidos caso esse limite seja ultrapassado [e.g. Vanhellemont & Ruddick
2018]. Uma alternativa ¢ apresentada por Steinmetz et al. [2011], que fazem um ajuste
espectral de um polindmio a um modelo bio-Optico para estimar as contribui¢cdes dos
aerossois (pg) € do espalhamento especular (p;) de maneira conjunta.

Corrigidos os efeitos atmosféricos, tem-se a varidvel de interesse para a
aplicacdo de algoritmos de MPS e turbidez, a reflectancia da agua (p.). Alteracdes em
pw podem ser parametrizadas com base nos coeficientes de retroespalhamento (b5) e de
absor¢do (a) da luz, tidos como propriedades Opticas inerentes (POI) da agua do mar
[Gordon et al. 1988; Nechad et al. 2010]:

' 5

=aR -
Pu=T Q a+b,

Em que R representa a reflexdo e refragdo da luz na superficie da agua e a razao
170 representa os efeitos bidirecionais da reflectancia, ja que p, varia com os angulos de
iluminacdo e de visada [Loisel & Morel 2001]. Por sua vez, os coeficientes a e b, sdo
dados em fungdo das constituintes opticamente ativas (COA) da agua do mar
(pigmentos fitoplanctonicos, CDOM e particulas nao-algais). A dindmica desses
constituintes estd associada a producdo e destrui¢do da matéria organica, efeitos de
fotobranquemento e fotodegradacdo e dinamica de sedimentos em suspensio
[Vantrepotte ef al. 2013; Aurin ef al. 2018; Bonelli et al. 2021]. A contribuicao de cada
constituinte para a absorcao e espalhamento da luz pode ser dada como (modificado de

Maritorena et al. [2002]):

a:aw+aphy+aCDOM+ap 3

bb:bbw+bbp 4

Em que os subscritos w, phy, CDOM e p correspondem a propria dgua, aos

pigmentos fitoplanctonicos, ao CDOM e as particulas. Os coeficientes associados ao
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material particulado (a, e by,) sdo de interesse para o sensoriamento remoto da turbidez
e do MPS, estando linearmente relacionados a essas variaveis [Nechad et al. 2009,

2010]:

a,=a, X 5

b,,=b;, X 6

Em que X representa a varidvel de interesse (turbidez ou concentracdo de MPS)

e a

, € by, representam os coeficientes especificos de absor¢do por particulas e

retroespalhamento por particulas, respectivamente. Com base nessas parametrizagdes, ¢
possivel tragar relacdes entre p,, as POI e turbidez ou concentragdo de MPS [Nechad et
al. 2009, 2010; Shen et al. 2010]. Apesar disso, deve se ter em mente que a grande
variabilidade Optica encontrada em dguas costeiras [Mélin & Vantrepotte 2015] gera
alteragdes em a, e b,, [Babin et al 2003a, 2003b]. O b;, estd relacionado ao
tamanho, formato e composi¢ao das particulas [Babin et al. 2003a]. Processos como o0s
de formacdo e destruicdo de flocos, por exemplo, sdo capazes de alterar as
caracteristicas do MPS e, assim, modificar o valor de b,, [Bowers & Binding 2006].

Em alguns casos, como em Mabit et al. [2022], esse coeficiente pode ndo apresentar
relacdo significativa com a concentracdo de MPS, indicando que alteracdes na
concentragdo foram acompanhadas de mudancas nas caracteristicas das particulas (teor
de matéria organica, por exemplo), o que inviabiliza estudos por sensoriamento remoto.

A influéncia de outras COA também nao deve ser ignorada. A presenga de
matéria organica particulada pode afetar a formacdo dos flocos [Fall et al 2021],

reduzindo o valor de by, , modificando a distribuigdo de tamanho das particulas e se

relacionando com producdo do fitoplancton [Reynolds et al. 2016]. Na sua forma
dissolvida, a matéria organica pode aumentar as incertezas nas estimativas, apesar de
acpom ser comumente ignorado em comprimentos de onda mais longos [Nechad et al.
2009, 2010]. Mabit et al. [2022] encontraram aumento (diminui¢do) da absorcao por
CDOM associado a subestimativas (superestimativas) da concentragdo de MPS. Vale
notar que, na proximidade dos continentes, 0 CDOM possui fontes tanto autdctones
(como pela remineralizagdo da matéria organica) quanto aloctones (aporte fluvial), o
que diminui sua covariagdo com os pigmentos fitoplanctonicos e aumenta a

complexidade Optica das regides costeiras [Aurin et al. 2018; Bonelli ef al. 2021].
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Ademais, tem-se que a relagdo entre reflectancia e turbidez ou concentragao de
MPS nado ¢ sempre linear [Nechad et al. 2009, 2010; Shen et al. 2010]. Em &aguas
tarbidas, a reflectincia tende assintoticamente a um valor maximo, em um efeito
conhecido como saturagdo Optica [Bowers et al. 1998]. A saturacdo ocorre quando o
espalhamento e absor¢ao da luz s3o dominados pelas particulas, fazendo com que p,,
deixe de responder as variagdes na turbidez ou concentragao de MPS [Luo ef al. 2018].
Em regides turbidas, ¢ comum que o espalhamento seja dominado pelas particulas
(como considerado no algoritmo de Nechad et al. [2009, 2010]), porém a absor¢do pela
agua ¢ relevante e aumenta com o comprimento de onda [e.g. Pope & Fry 1997]. Isso
faz com que comprimentos de onda mais longos (como o NIR) estejam menos sujeitos a
saturacdo e sejam indicados para condi¢des de alta turbidez, enquanto comprimentos de
onda mais curtos (como o verde e vermelho) saturem mais facilmente e sejam indicados
para baixa turbidez [Ody er al. 2022]. Isso levou ao surgimento de algoritmos
multibanda, que utilizam diferentes comprimentos de onda para quantificar os diferentes
intervalos de turbidez ou concentragdo de MPS [Dogliotti ef al. 2015; Han et al. 2016;
Novoa et al. 2017].

Algoritmos de turbidez ou MPS, sejam eles de banda unica ou multibanda,
podem ser ainda divididos em relacdo a abordagem utilizada. Os algoritmos que se
baseiam nas POI sdo conhecidos como analiticos (quando resolvem analiticamente as
equacdes) [e.g. Salama & Verhoef 2015] ou semi-analiticos (quando fazem uso de
aproximacdes empiricas) [e.g. Nechad et al. 2009, 2010; Dogliotti et al. 2015; Tavora et
al. 2020a]. Tais algoritmos oferecem como vantagem a utilizagdo de coeficientes que
possuem um significado fisico [Shen et al. 2010] e sdo vistos como uma abordagem
mais global. Apesar disso, esses algoritmos podem nao ser 6timos para todos os casos
[Mabit er al. 2022]. Algoritmos empiricos, por outro lado, se baseiam em relagdes
estatisticas entre p,, e a variavel de interesse, podendo apresentar desempenho superior
em escala regional ou local, sem buscar uma cobertura global [Novoa et al. 2017; Mabit
et al. 2022; Theenathayalan et al. 2022].

A diversidade de corre¢des atmosféricas e algoritmos de turbidez e MPS
disponiveis faz com que definir uma metodologia a ser aplicada para uma regido
especifica ndo seja uma tarefa trivial, especialmente considerando que nenhuma
metodologia existente supera as demais de maneira absoluta [Pahlevan et al. 2021].
Diferentes combina¢des de correcdo atmosférica e algoritmo podem apresentar

diferentes desempenhos dependendo do local, banda, variavel de interesse e tipo Optico
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da agua [Renosh et al. 2020; Vanhellemont & Ruddick 2021; Mabit et al. 2022;
Theenathayalan et al. 2022; Hieronymi et al. 2023]. Dessa forma, torna-se fundamental

avaliar as metodologias para cada caso.
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Capitulo II: Objetivos

O objetivo geral do presente estudo ¢ trazer recomendagdes para o sensoriamento
remoto da turbidez e do MPS na Lagoa dos Patos. Para alcangar esse objetivo

geral, foram definidos os seguintes objetivos especificos:

I. Avaliar os erros associados a diferentes combinagdes de corre¢do atmosférica e

algoritmo de turbidez ou MPS;

II. Avaliar a contribuicdo da recalibracdo regional das estimativas de turbidez e

MPS;

III. Determinar a melhor combinacdo de correcdo atmosférica e algoritmo para a

area de estudo.
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Capitulo III: Area de Estudo

A Lagoa dos Patos (Fig. 1) possui cerca de 10.000 km? e ¢ considerada a maior

lagoa costeira do tipo estrangulado do mundo [Kjerfve 1986]. Com cerca de
250 km de comprimento ¢ 40 km de largura, conecta-se ao oceano por um Unico €
estreito canal (700 m de largura), que canal atua como um filtro passa-baixa, atenuando
a propagacdo de oscilagdes do nivel do mar [Fernandes ef al. 2004]. Assim, a maré,
mista e com predominancia diurna, possui influéncia restrita ao baixo estudrio da Lagoa
dos Patos [Fernandes et al. 2004].

Do ponto de vista hidrodindmico, a Ponta da Feitoria (Fig. 1) marca o limite
teorico da regido estuarina, na qual observam-se a influéncia da mar¢, da descarga
fluvial e dos efeitos local ¢ ndo-local do vento [Moller et al. 2001; Fernandes et al.
2004]. Por outro lado, o restante da Lagoa dos Patos possui maior influéncia da
descarga fluvial e da agdo local do vento [Moller et al. 2001]. Em ambos os casos,
ventos de quadrante Sul geram uma depressdo do nivel do mar no limite estuarino
(Ponta da Feitoria), promovendo entrada de dguas salinas no interior da lagoa [Moller et
al. 2001]. Ventos de quadrante Norte geram o efeito oposto, com elevacao do nivel do
mar na regido estuarina e fluxos da lagoa para o oceano [Moller et al. 2001]. Além
disso, o efeito ndo-local do vento faz com ventos de quadrante Sul levem a um aumento
do nivel da agua na regido costeira, ao passo que vento de quadrante Norte levam a

diminuicao desse nivel [Moller et al. 2001].
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A descarga fluvial também contribui para a hidrodinamica da Lagoa dos Patos
modulando seu nivel e gerando um fluxo médio em direcdo ao oceano [Moller et al.
2001; Fernandes et al. 2002]. Tal descarga se da pelos trés principais tributdrios na
regido [Vaz et al. 2006]: Rio Guaiba, Rio Camaqua e Canal Sao Gongalo. Dentre estes,
o Guaiba ¢ o principal tributario, tendo como principais afluentes os rios Jacui, Taquari,
Cai, Sinos e Gravatai [Vaz et al. 2006; Andrade Neto ef al. 2012]. Por outro lado, o rio
Camaqua apresenta uma menor bacia de drenagem, tornando-o mais susceptivel a
rapidas mudangas de descarga [Bortolin ef al. 2022]. Ja o Canal Sa3o Gongalo conecta a
Lagoa dos Patos a Lagoa Mirim, com um fluxo geralmente unidirecional (em direcdo a
Lagoa dos Patos) controlado pela diferenca de nivel entre as lagoas [Oliveira et al.

2015, 2019].
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Figura 1. Lagoa dos Patos, com (a) distribuicdo espacial dos matchups para os trés
satélites (S2, S3 e L8) e duas variaveis (turbidez e MPS) e; (b, ¢) distribuigcdes de
frequéncia da ocorréncia dos dados de campo, em diagramas de caixa (box plots) e

histogramas para as regides do Guaiba e do estuario.

Ventos e descarga fluvial apresentam variabilidade sazonal, interanual [Moller et

al. 2001; Bitencourt et al. 2020; Tavora et al. 2020b] e interdecadal [Bortolin et al.
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2022] na regido. A agdo do vento ¢ preponderante em periodos em que a soma das
vazoes dos tributdrios da Lagoa dos Patos ¢ inferior a 2000 m?/s, o que ocorre
principalmente nas estagdes de verdo e outono ¢ em ciclos de La Nina [Moller et al.
2001; Bitencourt et al. 2020]. Ventos de quadrante Sul sdo predominantes nos meses de
inverno, enquanto ventos de quadrante Norte sdo predominantes nos meses de verdao
[Moller et al. 2001]. Quando a soma das vazdes dos tributarios € superior a 2000 m?/s, a
acdo da descarga fluvial se sobrepde ao vento, favorecendo o gradiente de pressao que
promove a saida de dgua da lagoa [Moller et al. 2001; Fernandes ef al. 2002; Bitencourt
et al. 2020]. Esses periodos de maior descarga ocorrem principalmente no final do
inverno e na primavera, assim como em fases de El Nifio [Vaz ef al. 2006; Bortolin et
al. 2022]. Além disso, os ciclos de El Nifio/La Nifia possuem uma variabilidade
interdecadal, levando a fases mais intensas ou ndo, o que reflete na descarga fluvial e na
dindmica do MPS na regido [Bortolin et al. 2022].

A dindmica da turbidez e MPS na Lagoa dos Patos segue as mesmas forgantes da
hidrodinamica (ventos e descarga fluvial) [Tavora et al. 2019; Bortolin et al. 2022]. Em
geral, as concentracdes de MPS diminuem a jusante da lagoa, com valores em torno de
38 g.m” em sua por¢do mais interna e em torno de 10 g.m™ na regido do baixo estuario
[Tavora et al. 2019]. J& para a turbidez, os valores geralmente ficam abaixo de 100
NTU, mas podem ultrapassar os 300 NTU em algumas situacdes (Fig. 1). Turbidez e
MPS na regido estdo diretamente relacionados, sendo comumente encontrada uma
relagdo linear entre essas variaveis [e.g. Andrade Neto er al. 2012; Avila et al. 2021].
Essas varidveis alteram a atenuagdo da luz na coluna d'dgua, estando entre os principais
controladores da produgdo primaria e do metabolismo aquatico na regido [Bordin ef al.
2023].

O MPS adentra na Lagoa dos Patos por seus trés principais tributarios (Guaiba,
Rio Camaqua e Canal Sao Gongalo), que dividem a dindmica desse material em duas
situagoes distintas [Bortolin ez al. 2022]: (i) Periodos de alta descarga, que apresentam
maiores concentracdes de MPS, com plumas fluviais mais pronunciadas e toda a regido
se tornando turbida; (ii) periodos de baixa descarga, nos quais sdo observadas
concentracdes mais baixas de MPS e as plumas dos tributarios ficam restritas as suas
desembocaduras.

Assim como para a descarga liquida, o Guaiba possui a maior contribui¢do, com
aporte anual de cerca de 1,1x10% toneladas de MPS [Andrade Neto et al. 2012].

Camaqua e Sao Gongalo também possuem influéncia nas concentracdes desse material
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[Jung et al. 2020], especialmente em escala episddica [e.g. Hartmann & Harkot 1990].
Soma-se a descarga a influéncia dos ventos, que depende de sua direcao e intensidade
[Tavora et al. 2019]: ventos de quadrante Sul geram fluxos de MPS em direcdo ao
interior da lagoa, enquanto ventos de quadrante Norte promovem fluxos em dire¢cao ao
oceano. Assim, parte do MPS que adentra a Lagoa dos Patos se deposita em seu interior
[Bortolin et al. 2020] e parte é transportado pelo canal que a conecta ao oceano [Avila
et al. 2021]. Nesse ultimo caso, tem-se a ocorréncia de plumas costeiras, cuja formacao
e distribuicao horizontal ¢ governada pela descarga fluvial e padrao de ventos [Marques
et al. 2009], contribuindo para o padrdo de deposi¢ao de sedimentos finos na regido

costeira adjacente [Marques ef al. 2010].
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Capitulo I'V: Material e Métodos

4.1 Dados

4.1.1 Dados de campo

Dados in situ de turbidez foram obtidos pelas boias RS1, RS2 e RS4 do Sistema

de Monitoramento da Costa Brasileira (SiMCosta; simcosta.furg.br/home), localizadas

na regido estuarina da Lagoa dos Patos (Fig. 1). As boias realizam as medicdes de
turbidez utilizando o comprimento de onda de 700 nm. Os dados foram obtidos para o
periodo entre 2016 a 2021 e passaram por controles de qualidade do SiMCosta
[Bushnell et al. 2020]: (1) gross range test, que confere os limites de leitura do
equipamento; (i1) spike test, que verifica picos na série temporal; (iil) rate of change
test, que verifica a variabilidade em uma janela de tempo; (iv) flat line test, que verifica
medigdes repetidas. Além dos dados das boias, também foram utilizadas medic¢des
realizadas em diferentes projetos na Lagoa dos Patos, que estdo sendo organizadas em
um banco de dados para futura publicagdo [Moller et al. in prep.].

Os dados de MPS foram obtidos do compéndio organizado por Tavora et al.
[2021]. O conjunto de dados retine medi¢des realizadas na Lagoa dos Patos utilizando
diferentes metodologias, de 1979 a 2019. Os autores realizaram o pré-processamento

(para garantir a consisténcia entre unidades e remover dados com informagdes faltando)
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e agrupamento (com remocdo de dados duplicados) desses dados, seguindo Valente et
al. [2016]. Para o presente trabalho, somente foram utilizadas medic¢des realizadas in
situ (o compéndio também inclui dados de satélite) e em superficie (menos de 1 m de

profundidade).

4.1.2 Dados de satélite

Foram utilizadas imagens de trés satélites/sensores, que apresentam diferentes
caracteristicas: Sentinel-3, Sentinel-2 ¢ Landsat-8, referidos no restante do texto como
S3, S2 e L8, respectivamente. O S3 conta com dois satélites (S3A e S3B, langados em
2016 e 2018, respectivamente) equipados com o mesmo sensor (Ocean and Land Color
Instrument — OLCI), que possuem resolu¢do espacial de 300 m e, combinados,
resolucdo temporal de 1 dia. O S2 também conta com dois satélites (S2A e S2B,
langados em 2015 e 2017, respectivamente) equipados com o mesmo sensor
(Multispectral Intrument — MSI), com resolucdo espacial entre 10 e 60 m (dependendo
da banda utilizada) e resolu¢do temporal combinada de 5 dias. O L8 foi lancado em
2013 e ¢ equipado com o sensor Operational Land Imager (OLI), contando com
resolugdo espacial de 30 m e resolugdo temporal de 16 dias.

Imagens do S3 e S2 entre 2016 e 2022 foram baixadas pelo application
programming interface (API) do Copernicus (dataspace.copernicus.eu/), acessada com o

Earth Observation Data Access Gateway (EODAG; eodag.readthedocs.io/en/stable/).

Somente foram consideradas imagens do S3 que cobrissem toda a area de estudo (entre
30,00°S e 52,75°0, e 32.75°S e 50.30°0). Para o S2, somente foram consideradas
imagens com cobertura de nuvens inferior a 10% e que apresentassem medigdes in situ
na mesma data e regido. Todas as imagens do L8 entre 2013 e 2022 para a area de
estudo foram baixadas, utilizando a API do Servico Geoldgico dos Estados Unidos

(United States Geological Survey — USGS; m2m.cr.usgs.gov/).

4.2 Métodos

4.2.1 Correcao atmosférica

Foram comparados dois métodos para a correcdo dos efeitos atmosféricos:
ACOLITE Dark Spetral Fitting (DSF; versao 20221114.0) e POLYMER (versao 4.13).

Ambos os métodos ja foram comparados em outras regides [e.g. Theenathayalan et al.
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2022; Barreneche et al. 2023] e também aplicados a Lagoa dos Patos [Bortolin et al.
2020; Tavora et al. 2020b, 2023a]. A distingao fundamental entre os métodos esta na
forma com que estimam a contribui¢ao dos aerossois (p,) € o espalhamento especular da
superficie do mar (p,), apresentados na equagao 1.

O ACOLITE DSF foi desenvolvido por Vanhellemont & Ruddick [2018] e se
fundamenta na consideragao de que a p,, € desprezivel em ao menos um pixel e banda na
imagem. Assim, removidos os demais efeitos atmosféricos, pode-se considerar que a
reflectdncia nesse pixel e banda ¢ decorrente unicamente do espalhamento por aerossois
(p.). Na pratica, o método busca os menores valores de reflectancia em cada banda e
relaciona esses valores a profundidade Optica de aerossois (variavel que envolve a
atenuagao da luz pelos aerossois). O menor valor da profundidade optica ¢ mantido e
utilizado para estimar a contribui¢do dos aerossois, com base em um modelo de
transferéncia radiativa [Vermote et al. 1997]. Sdo marcados nas flags de qualidade do
ACOLITE os pixeis com alta reflectancia na banda do SWIR (1), nuvens do tipo Cirrus
(2), alta reflectancia de topo da atmosfera (4), reflectancias negativas (8) e pixeis fora da
cena do satélite (16). Por padrdo, o ACOLITE ndo realiza a corre¢cdo para o
espalhamento especular (p,), identificando esses casos pela alta reflectancia e marcando
os pixeis como invalidos (apesar de possuir uma op¢ao adicional para essa corre¢do, nao
utilizada aqui). No presente trabalho, foram tratados como invalidos todos os pixeis
marcados por alguma flag do ACOLITE (isto €, somente foram aceitos pixeis com flag
=0).

O POLYMER foi desenvolvido por Steinmetz ef al. [2011] e modificado por
Steinmetz & Ramon [2018], com a proposta de correcdo atmosférica mesmo em
condi¢des de sun glint. Para isso, o método utiliza um polindmio e um modelo bio-
optico [Park & Ruddick 2005]. O polindmio inclui termos que ndo variam com
comprimento de onda (para o espalhamento especular) ou que variam inversamente com
o comprimento de onda (para os aerossois). Ja o modelo bio-Optico, utiliza termos para
a concentragdo de clorofila-a e para o retroespalhamento por particulas (bs,). Apds
aplicadas as corre¢des iniciais, o algoritmo ajusta simultaneamente o polinomio e o
modelo, alterando os parametros livres em ambos a fim de minimizar uma func¢do de
custo. Os coeficientes finais aplicados ao polindmio correspondem, entdo, a soma de p,
e pe. As flags de qualidade do POLYMER envolvem 11 categorias, que se aplicam a
pixeis invalidos, inconsistentes ou de aguas costeiras (dguas de Caso 2). No presente

trabalho, foram tratados como invalidos os pixeis marcados por alguma flag do
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POLYMER, com excec¢do da flag para aguas de Caso 2 (ou seja, somente foram aceitos

pixeis com flag = 0 ou flag = 1024).

4.2.2 Matchups

A avaliagdo das estimativas de turbidez e concentracdo de MPS depende de
medicdes in situ temporal e espacialmente proximas da passagem do satélite,
comumente chamadas de matchups. Para a turbidez, foram considerados matchups com
medicdes realizadas dentre 30 minutos da passagem do satélite. Para o MPS, foram
consideradas coletas no mesmo dia da passagem, ja que o compéndio de Tavora et al.
[2021] ndo traz o horario das medicdes. Foram extraidas das imagens de satélite janelas
de 3 por 3 pixeis ao redor das coordenadas com medigdes in situ.

Os valores extraidos passaram por um controle de qualidade, de forma que ndo
foram considerados pixeis: (i) com valores negativos de p,; (i) marcados como
invalidos pela corre¢ao atmosférica (em fungdo de nuvens, sun glint, proximidade com
o continente, etc.); (iii) com valores do quality water index polynomial (QWIP)
superiores a 0,3 ou inferiores a -0,3. O QWIP [Dierssen et al. 2022] utiliza uma relagio
entre a média harmonica dos comprimentos de onda [Vandermeulen et al. 2020] e uma
razao normalizada de bandas (entre azul e vermelho), tendo sido desenvolvido com base
em aguas com diferentes caracteristicas Opticas. Assim, € possivel estimar o qudo
distante um espectro de p, estd do esperado pela relacdo, oferecendo uma medida da
qualidade desse espectro. Ap6s os pixeis, um controle de qualidade foi aplicado as
janelas extraidas, seguindo as recomendacdes do [International Ocean Colour
Coordinating Group — 10CCG [2019]. Assim, foram excluidas janelas com menos de
50% de pixeis validos (menos de 5 pixeis) ou com coeficiente de variacdo (razdo entre
desvio padrao e média) superior a 0,2. A mediana das p,, das janelas que passaram pelo

controle de qualidade foram utilizadas para os algoritmos de turbidez e MPS.

4.2.3 Algoritmos de turbidez e MPS

A escolha dos algoritmos se deu de maneira a englobar métodos baseados em
relagdes empiricas e semi-analiticas, € que utilizassem uma tnica ou multiplas bandas.
Para turbidez, foram comparados os algoritmos de [Nechad et al. 2009] e [Dogliotti et

al. 2015], referidos no restante do texto com NO09 e D15, respectivamente. O algoritmo
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NO9 utiliza uma abordagem semi-analitica, que se fundamenta nos coeficientes de
absor¢do e espalhamento por particulas para tragar uma relacdo entre p, e turbidez,

conforme a equagao 6.

A
T APy
1-p,/C

Em que T ¢ a turbidez (dada em FNU) e 4 e C sdo coeficientes empiricos
definidos pelos autores. O coeficiente A foi calibrado por [Nechad et al. 2009] com base
em medicdes simultineas de p, e de turbidez, representando a relacdo linear da relacao.
O coeficiente C foi obtido pelos autores com base em valores tipicos de a, e by,

[Babin et al. 2003ab], definindo o valor da reflectincia de saturagdo. Juntos, os
coeficientes 4 e C levam a uma relacdo logaritmica entre p,, e turbidez. Para o presente
trabalho, foram utilizados os coeficientes fornecidos pelos autores para as bandas do
vermelho (~665 nm para S3 e S2; ~655 nm para L8) e NIR (~865 nm) [Nechad et al.
2009], convolucionados para cada sensor (se¢ao seguinte).

A relacao logaritmica existente entre as variaveis faz com que a sensibilidade da
pw & turbidez diminua conforme se aproxima da saturagdo [e.g. Ody et al. 2022]. Para
contornar isso, o algoritmo de D15 aplica a mesma relagdo semi-analitica (Eq. 6), mas
traz um mecanismo de troca de bandas. A banda do vermelho ¢ utilizada para valores
baixos ¢ moderados de reflectancia (p,<0,05), enquanto a banda do NIR ¢ utilizada para
alta reflectancia (p,>0,07). Para valores de p, entre 0,05 e 0,07, as bandas sdo
combinadas com pesos (entre 0 e 1) que variam linearmente dentro desse intervalo.

Para o MPS, foram comparados os algoritmos de Nechad et al. [2010], Tavora et
al. [2020a] e Novoa et al. [2017], referidos no restante do texto como N10, T20 ¢ N17,
respectivamente. O algoritmo N10 se baseia na mesma relagdo da equacdo 6 para
estimar a concentragdo de MPS. Novamente, foram utilizadas as bandas do vermelho ¢
NIR e coeficientes fornecidos pelos autores [Nechad et al. 2010], convolucionados para
cada sensor (se¢do seguinte).

J& o algoritmo T20 traz uma aplicacdo multibanda da relagdo semi-analitica de
N10, mas sem um mecanismo de troca. Por padrao, T20 utiliza todos os comprimentos
de onda mais longos que 600 nm (com excecao da regido entre 670 e 700, devido ao
sinal de fluorescéncia da clorofila-a). Para o presente trabalho, somente foram

consideradas as bandas entre 630 ¢ 670 nm e entre 700 e 885 nm, com os parametros de
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entrada mostrados na Tabela 1. Além disso, o algoritmo considera intervalos de valores
para as POI, em vez de valores fixos. Os valores de shape (S e gamma) sdo utilizados
por T20 para extrapolar os valores das POI de um comprimento de onda de referéncia
para os demais. Os valores para esses comprimentos de onda de referéncia sao dados
pelos intervalos de a’nap (443 nm), a’yap (750 nm) e b, (700 nm), que representam os
coeficientes especificos de absorcao por particulas nao-algais (em 443 e 750 nm) e de

retroespalhamento por particulas (em 700 nm).

Tabela 1. Parametros de entrada para o algoritmo T20 e satélites S3, S2 e LS.

S3 S2 L8
Comprimento de onda 665; 674; 681; 709; 665; 705; 740; 783; 655: 865
(nm) 754; 767; 779; 865; 885 842; 865 ’
10;7,5;7,5;10; 7,5;  30; 15;15; 20; 115; )
Largura de banda (nm) 2.5: 15: 20: 10 20 30; 30
1553; 1336; 1326; ) Con. )
Razao sinal-ruido 1423; 1128; 559; 1513; 142, 111772’ 8792’ 105; 227; 204
1238; 819 ’
A . : [0,004;
Parametro de shape () [0,004; 0,016] [0,004; 0,016] 0.016]
Parametro de shape ) ) )
(camma) [0; 1.8] [0; 1,8] [0; 1.8]
a’nap (443 nm) [0,01; 0,06] [0,01; 0,06] [0,01; 0,06]
a n4r (750 nm) [0,013; 0,015] [0,013; 0,015] [0,013;
0,015]
b+, (700 nm) [0,002; 0,021] [0,002; 0,021] [(?’(?20 12];

Em cada comprimento de onda, a concentragdo de MPS por T20 ¢ dada pela
mediana das estimativas, utilizando os intervalos de valores para as POI. O valor final ¢
calculado com base na média dessas estimativas em todos os comprimentos de onda
utilizados, ponderada pela incerteza das medi¢des. No caso de estimativas por satélite, a
incerteza pode ser dada pelo menor valor entre a razdo sinal-ruido do sensor e o desvio
padrao da janela extraida.

Além disso, o algoritmo T20 também necessita da temperatura da agua como

entrada, utilizada para estimar a absorc¢ao pela dgua (a.). A temperatura da superficie do
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mar foi obtida do Climate Change Initiative (CCI,
cds-beta.climate.copernicus.eu/datasets/satellite-sea-surface-temperature) [Merchant et
al. 2019], conjunto de dados de reanalise que utiliza medigdes por diferentes satélites,
com dados didrios e resolu¢do espacial de 0,05°x0,05°. Esses dados foram comparados
com médias diarias da temperatura medida pelas boias RS1 e RS2 do SiMCosta,
mostrando um bom ajuste para a area de estudo (MAE=1,02 °C; MAPE=5,0%; Bias=-
0,57 °C; Kendall=0,82).

Por ultimo, o N17 ¢ um algoritmo empirico multibanda, desenvolvido para o
estuario de Gironde e ja aplicado a outras regides [e.g. Tavora et al. 2020b; Ody et al.
2022]. O N17 estima a concentracdo com base em trés bandas (Eq. 7, 8 € 9): para
valores baixos de reflectancia (p,<0,007), o algoritmo utiliza uma relagao linear entre a
banda do verde (~560 nm) e a concentracio de MPS; para valores intermediarios
(p>0,016 e p,<0,08), utiliza uma relacdo linear com a banda do vermelho (~665 nm);
para alta reflectancia (p,.>0,12), aplica um polindmio a banda do NIR (~865 nm). Entre
esses casos, sao aplicados pesos a cada banda, definidos considerando a relagao entre as
reflectancias. Como a saturacdo Optica ocorre mais facilmente em comprimentos de
onda mais curtos, a relacao entre as reflectancias do verde e vermelho ¢ entre vermelho
e NIR segue uma curva logaritmica. Pesos variaveis para cada banda sdo definidos
utilizando os valores de p,, € os pontos em que essa curva apresenta uma inclinagdo de
45°. Isso promove uma transi¢do suave e maximiza a sensibilidade de cada banda, como

demonstrado em Ody et al. [2022].

MPS(verde)=130,1 p, (verde) 7
MPS(vermelho)=531,5 p,, (vermelho) 8
MPS(NIR)=37,150p, (NIR)*+1751p, ( NIR) 9

4.2.4 Convolugio e recalibracio regional

Os coeficientes dos algoritmos N09 e N10 foram obtidos pelos autores por meio
de medig¢des radiométricas de campo. O sensor utilizado, porém, possui caracteristicas
espectrais (nimero e largura das bandas, por exemplo) distintas das caracteristicas dos
sensores dos satélites. Para o presente trabalho os coeficientes de N0O9 e N10 foram

ajustados utilizando o método de convolugdo espectral, seguindo Tavora et al. [2023b]

(https://github.com/julianatavora/High-resolution-satellites-primer-codes/tree/main/
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spectral conv). A convolugdo espectral considera a resposta espectral relativa (relative
spectral response — RSR), que descreve a sensibilidade do sensor dos satélites em cada
comprimento de onda. Para cada banda, o valor ajustado do coeficiente ¢ dado pela
média dos valores entre o comprimento de onda minimo e maximo da banda,
ponderados pela RSR.

Mesmo ap6s a convolucdo, os coeficientes de N09 e N10 podem levar a
resultados aquém do esperado [e.g. Theenathayalan et al. 2022]. No presente trabalho,
uma recalibragdo regional do coeficiente 4 (Eq. 6) de N0O9 e NI10 foi realizada,
utilizando os dados disponiveis de campo (turbidez e MPS) e de satélite (p,,). Para o
coeficiente C, foram adotados os valores convolucionados (sem recalibracdo), ja que
nao foi observada saturagdo completa nos dados. O método GeoCalVal [Salama et al.
2012b] foi escolhido para a recalibragdo, combinando dois métodos de amostragem
aleatéria (jackknife e bootstraping) para criar um grande numero de conjuntos de
calibracao e validagao. O modelo fornece como resultado os valores do coeficiente
calibrado e dos parametros estatisticos para cada par de calibracdo e validagdao. Vale
notar que o GeoCalVal foi desenvolvido para o ajuste de modelos geofisicos lineares e,
assim, sua aplicacdo ndo se restringe ao MPS e a turbidez. No presente trabalho, o
método foi adaptado para a equacao 6, com ajuste ndo-linear pelo método de minimos
quadrados. Foram utilizadas as medianas dos coeficientes calibrados e dos parametros
estatisticos de validacdo (se¢do seguinte). Como excecdo, o win rate (WR) foi calculado

apos o processamento, considerando todo o conjunto de dados.

4.2.5 Parametros estatisticos

Quantificar os erros das estimativas por sensoriamento remoto depende da
utilizacdo de pardmetros estatisticos [e.g. Pahlevan et al. 2021]. Para o presente
trabalho, seis parametros foram utilizados para comparar dados medidos e estimados
(Eq. 10 a 15), seguindo as recomendagdes de Seegers et al. [2018]: (i) o coeficiente tau
de Kendall, que fornece uma medida ndo-paramétrica de correlacdo entre os dados; (ii)
raiz quadrada do erro quadratico médio (root mean-square error — RMSE), como uma
medida de acuracia adequada a residuos normalmente distribuidos [Willmott et al.
2017]; (iii) erro absoluto médio (mean absolute error — MAE), outra medida de
acuracia, porém que independente da distribui¢do dos residuos; (iv) erro absoluto médio

percentual (mean absolute percentage error — MAPE), que normaliza 0 MAE com
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base nos valores medidos; (v) viés (Bias), que indica se as estimativas estdo sub ou
superestimadas; (vi) taxa de vitoria (win rate — WR) [Broomell et al. 2011], que
verifica o percentual de vezes em que um algoritmo supera (em termos de residuo) cada
um dos demais e, ao final, calcula o percentual médio. Ao contrario do realizado por
Seegers et al. [2018], os parametros estatisticos ndo utilizaram a transformacgdo
logaritmica. Assim, seus valores sdo dados nas unidades de cada varidvel (FNU para
turbidez e g.m™ para MPS), como valores absolutos (para o Kendall) ou como

percentuais (para MAPE e WR).

Kendall=(P—Q)/\(P+Q+T)*(P+Q+U) 10
RMSE:%Z(YI-—%)Q 1
i=1
15
MAE=-2 .1~ y)| 12
i=1
MAPE(%) 1002|y1 y| 3
Bias:ll:n Vi — 14
nizlyl' Yi
1 < 100 §° (1, seresiduo, <resid
WR (%) ~ . Z _g seresi LlOA resiauog 5

0,seresiduo,, ; >reSIduoB ;

Em y e y sdo os valores medido e estimado de turbidez ou concentracdo de MPS
e n ¢ o numero de matchups. Para o WR, 4 e B representam combinacdes de corregao
atmosférica e algoritmo, m é o niimero de algoritmos disponiveis e C. . da o niimero de
combinagdes que incluem A. O residuo ¢ dado pelo valor absoluto da diferenca entre
cada estimativa e medi¢dao. Para o coeficiente fau de Kendall, os dados medidos e
previstos sdo organizados em ordem crescente com base em apenas um desses
conjuntos. Para o conjunto restante, o valor de P (Q) corresponde a concordancia
(discordancia), dada pelo somatério do nimero de vezes em que cada valor € superior
(inferior) aos valores seguintes. Os valores de T e Q sdo dados pelo nimero de valores
repetidos em cada conjunto de dados (mas que ndo estdo repetidos em ambos, ainda

considerando a posi¢do de cada valor no conjunto de dados).
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A utilizacdo de varios parametros estatisticos possibilita a andlise do erro em
diferentes formas, mas dificulta a tarefa de identificar o melhor desempenho. Uma
forma de combinar esses diferentes parametros se da pela utilizagdao de graficos do tipo
radar, como sugerido por [Seegers et al. 2018]. Esses graficos utilizam coordenadas
polares, em que cada parametro assume um eixo. Ligando os pontos de cada eixo,
formam-se areas, que podem ser utilizadas como uma medida de desempenho [Tran et
al. 2023]. No presente trabalho, uma nova métrica foi proposta com base em graficos
radar, chamada de goodness of fit (GoF). O valor de GoF ¢ dado pelo produto entre a
area do poligono gerado no grafico e a distancia entre o centroide do poligono e o centro
da figura. Nesse sentido, a métrica pode ser vista como o volume de um prisma, cuja
base ¢ o poligono e a altura ¢ dada pela distancia entre centroide e centro. Os
parametros escolhidos para o GoF foram: Kendall, MAE, MAPE, Bias ¢ WR. Assim,
tem-se métricas de correlagdo, acurdcia (absoluta e percentual), viés e comparagdo
direta dos residuos. O calculo de GoF ¢ sensivel aos valores dos parametros, que foram
padronizados entre 0 (melhor desempenho) e 10 (pior desempenho). Os intervalos de
valores maximos e minimos utilizados para a padronizacdo foram: Kendall = [0, 1],
MAE = [0, 60], MAPE = [0, 800], bias = [0, 60] ¢ WR = [0, 100]. Nesse formato,
menores (maiores) valores de GoF indicam melhores (piores) desempenhos de cada
combinacdo de correcdo atmosférica e algoritmo de turbidez ou MPS. Ademais, a
aplicagdo do GoF pode ser feita diretamente para outras regides e variaveis, ja que o

método se estende para qualquer comparagao entre dados medidos e estimados.
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Capitulo V: Artigo Cientifico

P ara a obtencdo do titulo de Mestre pelo Programa de Po6s-Graduagdo em
Oceanologia, ¢ requerido que o discente realize a submissao de pelo menos um
artigo cientifico como primeiro autor em periddico com corpo indexado. Desse modo,
os resultados da pesquisa desenvolvida durante o periodo de mestrado e a discussdo dos
resultados serdo apresentados em forma de artigo neste Capitulo. O primeiro
manuscrito, de autoria de Rafael Simao, Juliana Téavora, Mhd. Suhyb Salama e Elisa
Fernandes, ¢ intitulado “Optimizing Optical Coastal Remote-Sensing Products:
Recommendations for Regional Algorithm Calibration” e foi publicado no periddico

“Remote Sensing” (disponivel em doi.org/10.3390/rs16091497).
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Abstract: The remote sensing of turbidity and suspended particulate matter (SPM) relies on atmo-
spheric corrections and bio-optical algorithms, but there is no one method that has better accuracy
than the others for all satellites, bands, study areas, and purposes. Here, we evaluated different
combinations of satellites (Landsat-8, Sentinel-2, and Sentinel-3), atmospheric corrections (ACOLITE
and POLYMER), algorithms (single- and multiband; empirical and semi-analytical), and bands (665
and 865 nm) to estimate turbidity and SPM in Patos Lagoon (Brazil). The region is suitable for
a case study of the regionality of remote-sensing algorithms, which we addressed by regionally
recalibrating the coefficients of the algorithms using a method for geophysical observation models
(GeoCalVal). Additionally, we examined the results associated with the use of different statistical
parameters for classifying algorithms and introduced a new metric (GoF) that reflects performance.
The best performance was achieved via POLYMER atmospheric correction and the use of single-band
algorithms. Regarding SPM, the recalibrated coefficients yielded a better performance, but, for
turbidity, a tradeoff between two statistical parameters occurred. Therefore, the uncertainties in the
atmospheric corrections and algorithms used were analyzed based on previous studies. In the future,
we suggest the use of in situ radiometric data to better evaluate atmospheric corrections, radiative
transfer modeling to bridge data gaps, and multisensor data merging for compiling climate records.

Keywords: ACOLITE; atmospheric correction; coastal water; Landsat-8/OLIL; ocean color; perfor-
mance assessment; POLYMER; remote sensing; Sentinel-2/MSI; Sentinel-3/OLCI

1. Introduction

Estuaries and coastal lagoons are two types of coastal inland water bodies that share
similarities and differences in terms of their formation processes and oceanographic charac-
teristics [1]. However, both environments contain suspended particulate matter (SPM) [2,3],
which is relevant to their water quality, biogeochemistry, and bottom morphology [4].

The attenuation of light throughout the water column and the consequent limitation
of biological production [5] can be linked to the relationship between SPM and turbidity.
Turbidity is an optical property that reflects the attenuation (commonly scattering) of light
and depends not only on the concentration and characteristics of SPM (shape, size, and
sediment type) but also on the incident light field and the absorption of colored dissolved
organic matter (CDOM) [6]. If turbidity is considered a measure of light attenuation (such
as for turbidimetry), then CDOM could enhance turbidity, as attenuation is the result of
both scattering and absorption [6]. In contrast, if it is considered a measure of scattering
(such as for nephelometry), then CDOM could reduce turbidity (as it absorbs light, with
less light available for scattering), especially at shorter visible wavelengths [6,7]. However,
at longer wavelengths, CDOM imposes a negligible influence.

Turbidity and SPM, often interchangeably employed, are considerably different in
terms of how they are measured: SPM concentrations are determined gravimetrically [8],

Remote Sens. 2024, 16, 1497. https:/ /doi.org/10.3390/rs16091497

https:/ /www.mdpi.com/journal /remotesensing

38



Remote Sens. 2024, 16, 1497

2 0f 27

whereas turbidity is commonly measured via the side scattering of red (or near-infrared
(NIR)) wavelengths using a turbidimeter [6,9]. The negligible impact of CDOM absorption
within the red-NIR spectral region renders turbidity measurements a reliable proxy for SPM
concentration. This relationship is often effectively described through a linear model [2];
however, exceptions apply.

Traditional approaches for quantifying these parameters rely on in situ measurements
of turbidity or SPM and usually involve costly, laborious, and time-consuming processes,
limiting the study of the spatiotemporal variability in large areas and revealing associated
uncertainties [8]. Since turbidity and SPM are associated with light scattering, however,
they can be studied using remote sensing [10]. This alternative provides several advantages,
allowing a synoptic view of large areas and frequent revisits at a low cost. However, various
combinations of atmospheric corrections and algorithms could lead to different results,
making the selection of the best combination for each study area and purpose a nontrivial
task [11].

The initial challenge in applying satellite turbidity and SPM algorithms lies in the
necessary atmospheric correction of remote-sensing products. The complete correction
of atmospheric effects (considering both Rayleigh and aerosol scattering) is fundamental
for remote-sensing estimations of these variables [12]. Traditional approaches have been
developed for oceanic regions where the NIR water reflectance is negligible, and this part
of the spectrum can be used to estimate the contribution of aerosols [13]. However, in
coastal regions, up to 89% of the top-of-atmosphere reflectance in the NIR region may
originate from in-water constituents [12]. In this case, the reflectance is not only due to
aerosols but also due to SPM, and this requires a different approach [14-16]. Atmospheric
corrections for coastal waters can be divided into several approaches, including dark
spectral fitting [17], NIR (or shortwave infrared (SWIR) [14]) similarity spectrum [18],
neural networks [19,20], radiative transfer modeling (as described by [21]), and spectral
matching [16]. The advantages and disadvantages of all these methods have been described
in the literature [20,22]. For example, ACOLITE [17] relies on dark spectral fitting (DSF) as
a default option (alternatively, ACOLITE can use the SWIR similarity spectrum [14]) and
exhibits lower spatial noise in Rw and derived products [22], while POLYMER [16] is based
on a bio-optical model and spectral matching, providing the advantage of correcting sun
glint and adjacency effects [23]. These differences introduce specificity into the application
of atmospheric corrections [11]. Thus, the same correction can be identified as yielding a
better or worse performance depending on the region studied, band used, or final product
derived [20,22,24-26].

In addition, remote-sensing algorithms for turbidity and SPM data exhibit certain
assumptions and limitations [9,27]. Algorithms can be generically divided into (i) empirical
algorithms based on the relationship between the satellite reflectance and the variable of
interest [28] and (ii) analytical and semi-analytical algorithms relying on the inherent optical
properties of seawater and (for semi-analytical algorithms) a certain degree of empirical
approximation [29,30]. Analytical or semi-analytical algorithms often consider standard
optical properties and are, therefore, regarded as a more global approach. Empirical
algorithms, however, could yield better results when adjusted to the area of interest [25] but
should not be applied in regions other than those used in calibration [9,27]. The adjusting
of algorithms requires in situ radiometric data that do not contain uncertainties resulting
from atmospheric correction and might not be available for the study area. Therefore, an
evaluation of turbidity /SPM satellite estimates is necessary because these estimates are
more realistic (as the combination of atmospheric corrections and algorithms is evaluated)
and because more accessible data (such as in situ turbidity and SPM data) are easier to
obtain than reflectance data.

Both empirical and semi-analytical algorithms fail in regions with optical properties
different from those used during calibration, which can be associated with the effect of other
optical properties (such as CDOM [24]) and changes in specific scattering coefficients [31].
Moreover, reflectance becomes saturated in highly turbid waters, and the saturation inter-
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val is defined by the characteristics of the suspended particles (mass-specific absorption
and scattering coefficients) and by the wavelength (saturation occurs first at shorter wave-
lengths) [32]. To avoid saturation, some algorithms use a band-switching scheme that
applies shorter wavelengths (red) for low reflectance and longer wavelengths (NIR) for
high reflectance [2,33].

The regional calibration of algorithms is an alternative [10,34], combining the advan-
tages of two distinct methodologies—a global and semi-analytical relationship between the
reflectance and the variable of interest—combined with empirical adjustments to account
for the specificity of the study area (related, for example, to the mass-specific coefficient [32]).
Recalibration can be performed using satellite reflectance data, potentially improving the
algorithm performance in regions with limited in situ radiometric data, with the disad-
vantage of adding uncertainty associated with the atmospheric correction process [10,34].
Additionally, spectral convolution is an important step when applying remote-sensing
algorithms due to the spectral differences between hyperspectral (commonly used for algo-
rithm development) and multispectral (most satellites) sensors [10]. Spectrally convoluted
coefficients are specific to each satellite sensor [35].

The objective of this work was to explore the advantages and limitations of this
combination (atmospheric corrections and algorithms for turbidity /SPM) and to provide
tools for the accurate regional calibration of derived remote-sensing products. The study
area is the Patos Lagoon (Brazil). The initial step of this evaluation was conducted by
Tavora et al. [36] using the Aqua/MODIS satellite, a single atmospheric correction [37],
and three SPM algorithms [2,27,38]. Here, we expanded this assessment to other satellites,
atmospheric corrections, and algorithms, providing valuable information on the uncertainty
in each method and facilitating knowledge-based decisions for future studies. The task of
identifying the best performance is sometimes subjective, as it depends on the statistical
parameter used to rank the algorithms. To address this issue, we present a new metric (GoF)
that summarizes multiple statistical parameters. Tavora et al. also suggested that Patos
Lagoon exhibits optical properties that differ from those considered in the semi-analytical
algorithm of Nechad et al. [27]. Thus, the study area could serve as a case study for the
regionality of turbidity and SPM estimates, which was addressed in previous works [10,34]
by regionally recalibrating the coefficients of the turbidity algorithm for Landsat 5, 7, and
8. Therefore, we also provided regionally recalibrated coefficients specific to the study
area, expanding this work to include SPM and other satellites, applying a more robust
recalibration method, and examining the improvements and limitations associated with
this approach.

2. Materials and Methods
2.1. Study Area

Patos Lagoon (Figure 1) is located on the southern coast of Brazil and is considered the
world’s largest choked coastal lagoon [39]. It is approximately 250 km long and 40 km wide
and connected to the South Atlantic Ocean through a single narrow channel (width <700 m).
Circulation is driven by winds and river discharge, as the channel functions as a lowpass
filter, attenuating tides [40]. At high river discharge (>2000 m3-s~1), the dynamics are con-
trolled by the discharge, favoring freshwater flushing [41]. Atlow discharge (<2000 m3.s71),
the circulation is mainly controlled by winds. South quadrant winds generate saline water
inflow, while north-quadrant winds generate outflow [41].

SPM enters the system through three main tributaries: the Guaiba River, Camaqua
River, and Sao Gongalo Channel (which connects Patos Lagoon to Mirim Lagoon) [42].
High-input periods (common in winter and spring, as well as in El Nifio years) lead to
higher SPM concentrations, with the entire lagoon becoming turbid [36,42]. Low-input
periods (common in summer and autumn and in La Nifa years) lead to lower SPM
concentrations, with river plumes restricted to the mouths of tributaries [36,42]. The mean
SPM concentrations are approximately 38 g-m~2 in the innermost portion of the lagoon
and approximately 10 g'-m~3 in the lower estuary [3].
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Figure 1. (a) Patos Lagoon (South Brazil) with in situ and satellite matchups for turbidity and SPM.
Satellites are shown in different colors (orange, blue, and green indicate Sentinel-2 (S2), Sentinel-3 (S3),
and Landsat-8 (L8), respectively), while SPM and turbidity matchups are marked with circles and
crosses, respectively. The in situ data frequency distributions for (b) SPM and (c) turbidity are split
into southern (estuary, in orange) and northern (Guaiba, in blue) areas of the lagoon.

Turbidity is one of the most important parameters for aquatic metabolism in the
lagoon, altering light penetration and, thus, primary production [5]. A direct and linear
relationship between turbidity and SPM has been observed in the region [43], allowing the
use of turbidity as a proxy for SPM concentration. Furthermore, turbidity can be used to
delimit Patos Lagoon coastal plumes using remote sensing [34]. Turbidity values in the
Patos Lagoon estuarine zone usually range from 0 to 100 NTU but can exceed 300 NTU
(Figure 1).

2.2. Data
2.2.1. In Situ Data

The in situ turbidity and SPM data for Patos Lagoon and the spatial and frequency
distributions of the data are shown in Figure 1. In situ turbidity data were obtained from
Brazilian Coast Monitoring System (SiMCosta; simcosta.furg.br/home) buoys RS1, RS2,
and RS4 between 2016 and 2021. The buoys are located in the estuarine region of Patos
Lagoon, and the 700 nm wavelength is used for measuring turbidity. Only data that passed
the quality control tests (gross range test, spike test, rate of change test, and flat line test)
were considered. This dataset was complemented by in situ turbidity measurements from
various research projects in Patos Lagoon described in [44] (in preparation).

In situ SPM data were obtained from Tavora et al. [45]. The database includes mea-
surements conducted during different research projects between 1978 and 2019, covering
the entire length of Patos Lagoon. The data passed quality tests [46], ensuring consistency.
In this work, only measurements conducted in situ and close to the surface (depths up to
1 m) were considered.

2.2.2. Remote-Sensing Data

Scenes from satellites /sensors Landsat-8/Operational Land Imager (OLI), Sentinel-2
Multispectral Instrument (MSI), and Sentinel-3 Ocean and Land Color Instrument (OLCI),
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hereinafter referred to as L8, 52, and S3, respectively, were obtained for the study area
(swaths between 30.00°S and 52.75°W and 32.75°S and 50.30°W), covering the 20132022,
2016-2022, and 2016-2022 periods, respectively. For S2, only scenes with cloud coverage
lower than 10% and tiles containing matchups with in situ data were considered. For S3,
only scenes that covered the entire study area were considered. For L8, all available scenes
were used.

2.3. Methods
2.3.1. Atmospheric Correction

Satellite scenes were further processed for atmospheric correction using two distinct
methods, namely, POLYMER [16] and ACOLITE dark spectral fitting (DSF) [17]. This
choice was based on previous comparisons of these two methods, showing that they have
distinct spectral uncertainties [11] and performances for different final products [25]. In
Patos Lagoon, previous works have applied ACOLITE [10,42] and POLYMER [34], but
without a direct comparison of these methods. Additionally, [10] lists the advantages and
limitations of each correction. Both methods were developed for coastal regions, and the
main difference is the approach used for estimating the aerosol contribution. While POLY-
MER uses spectral matching between a polynomial and bio-optical model [47], ACOLITE
identifies pixels and bands with negligible water reflectance (Rw) values. Additionally,
POLYMER can perform atmospheric correction even with sun glint. A 20 m resolution was
used for S2 in both atmospheric correction methods.

2.3.2. Matchups

Regarding turbidity, matchups were selected based on a maximum time difference of
30 min between the satellite overpass and in situ data acquisition times. Regarding SPM,
data obtained on the same day were considered matchups, as the database does not provide
temporal information. For each matchup, a 3 x 3 pixel window was extracted near the
coordinates of in situ measurements. Pixels marked as invalid using atmospheric correction
flags, negative reflectance values, or quality water index polynomial (QWIP) scores >+0.3
were removed. The QWIP was developed by Dierssen et al. [48] and provides a metric
for quality control of water reflectance data based on the apparent visible wavelength
(AVW) [49] of diverse optical water types. Windows with a coefficient of variation (ratio of
the standard deviation to the mean) greater than 0.2 and with less than 50% valid pixels (in
this case, less than 5 pixels) were also excluded, following IOCCG recommendations [50].
The remaining windows were aggregated by the median, and the results were used in
the turbidity and SPM algorithms. The number of available matchups depends on the
atmospheric correction, algorithm, and band, ranging from 37 to 346 and from 18 to 101 for
turbidity and SPM, respectively. The exact number of matchups for each combination is
shown in Section 3.

2.3.3. Turbidity and SPM Algorithms

The turbidity algorithms used include those of Nechad et al. [9] and Dogliotti et al. [33]
(hereafter referred to as N09 and D15, respectively), applied to the red (~665 nm for S2 and
S3 and ~655 nm for L8) and near-infrared (~865 nm for the three satellites) bands. These
algorithms were selected because they are widely applied in coastal regions and represent
two distinct approaches: N09 is a single-band algorithm that may struggle with reflectance
saturation, while D15 aims to contour saturation by switching between two bands (red and
NIR). The N09 algorithm can be expressed as follows:

A-Rw

T=1"Rw/c

@

where T is the turbidity (in FNU), Rw is the water reflectance, and A and C are empirical
coefficients defined by the author. The A coefficient is largely calibrated based on in situ
measurements and controls the linear relationship between the reflectance and turbidity,
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while the C coefficient is generally calculated based on standard optical properties and
defines the saturation limit without impacting the linear regime. Spectrally convoluted
coefficients for each satellite sensor were used (Section 2.3.4).

The D15 algorithm is based on the same equation but uses a switching mechanism.
For Rw values lower than 0.05, the algorithm uses the red band, while for Rw values higher
than 0.07, the infrared band is used. Between these values, both bands are used, applying a
linear weighting function within the reflectance range. The original coefficients provided
by the authors were used.

To estimate the SPM concentration, the algorithms employed were those of Nechad
etal. [27], Novoa et al. [2], and Tavora et al. [29], which are hereafter referred to as N10, N17,
and T20, respectively. The N10 and N09 algorithms use the same equation (Equation (1)) but
with different values for the A and C coefficients (again, spectrally convoluted coefficients
were used). The N17 algorithm was developed for the Gironde Estuary (France) and
contains a switching mechanism. It uses a linear model with the green band for low
reflectance values, a linear model with the red band for intermediate reflectance values, and
a polynomial with the near-infrared band for high reflectance values. Each band receives
varying weights depending on the water reflectance and saturation interval.

Finally, the T20 algorithm is also based on Equation (1) but considers all available
bands above 600 nm (except for the range between 670 and 700 nm, due to the chlorophyll
fluorescence signal). In addition to the SPM concentration, the uncertainties in the SPM
estimates are provided. In this work, only the bands between 630 and 850 nm were used,
as these bands improved the algorithm performance. T20 also requires the sea surface
temperature (SST) as input. Data from other instruments of the same satellites could be
used (such as the Thermal Infrared Sensor, TIRS, for L8), but they are not available for all
satellites used (S2 does not provide an SST product). Therefore, the SST was obtained from
the Climate Change Initiative (SST CCI) L4 product. The SST CCI product was developed
by Merchant et al. [51] and provides SST data obtained from different satellite sensors. The
L4 product has a spatial resolution of 0.05° x 0.05° with daily coverage, and it showed
favorable agreement with the in situ SST data for Patos Lagoon (Figure A1). Because the
spatial resolution of these images is coarser than that of the satellite sensors, the SST values
for each pixel were assigned based on the closest value to the SST CCI data.

2.3.4. Convolution and Regional Recalibration Methods

The A and C coefficients (Equation (1)) provided for N09 and N10 [9,27] were con-
voluted through the relative spectral response (RSR) of the satellite sensors based on the
protocol of Tavora et al. [10] (https:/ /github.com/julianatavora/High-resolution-satellites-
primer-codes/tree/main/spectral_conv, accessed on 21 August 2023). This is an important
step in adjusting the obtained coefficients via in situ radiometry to match the spectral
characteristics of each satellite sensor.

Furthermore, to reduce the bias and better adjust the turbidity and SPM estimates
for Patos Lagoon, a regional recalibration of the N09 and N10 coefficients was performed.
Recalibration was performed using the GeoCalVal method [52], adapted for nonlinear mod-
els (Equation (1)). GeoCalVal allows calibration/validation datasets to be split objectively,
creating different combinations of sets by using bootstrapping and jackknife sampling
methods. As a result, the model provides the frequency distributions of the calibrated
coefficients and validation metrics for different combinations of sets. The method was
developed for the calibration and validation of geophysical observation models, and its
applicability is not limited to the variables used here (SPM and turbidity) but extends to
other cases (for example, to chlorophyll-a absorption and soil moisture, as in the paper that
introduces the method [52]).

The median value of coefficient A (Equation (1)) and the statistical parameters
(Section 2.3.5) were calculated. The C parameter in Equation (1) was fixed at the convolved
value for the S3A satellite (Table 1). Fixing the C value has been shown to improve
performance. This could be explained by the fact that this coefficient controls the saturation
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limit, as we did not observe a complete saturation curve in our data (Figure A2). To allow
before-and-after comparison, the N09 and N10 algorithms using the original coefficients
were also evaluated following the same method (i.e., using the same validation sets).
The win rate (shown below) was calculated after calibration and validation using the
entire dataset.

Table 1. Convoluted coefficients for the turbidity (N09) and SPM (N10) algorithms.

Satellite Algorithm Wavelength (nm) A C

655 24227 0.1682

s NO9 865 2108.56 0.2115
N1 655 304.30 0.1682

865 2974.41 02115

665 268.52 01725

oA NO9 865 2107.81 0.2115
N1 665 347.18 0.1725

865 2974.24 02115

665 27020 01726

- NO9 864 2098.48 0.2115
N1 665 349.33 0.1726

864 2961.96 02115

665 281.95 0.1729

. N9 865 2116.68 0.2115
N1 665 358.57 0.1729

865 2986.40 0.2115

665 281.49 0.1729

. NO9 865 2114.65 02115
N1 665 357.753 0.1729

865 2983.70 0.2115

2.3.5. Statistical Parameters

Based on Seegers et al. [53], five statistical parameters were used to evaluate the
performance of the different combinations of atmospheric corrections and turbidity /SPM
algorithms: Kendall’s tau correlation coefficient, root-mean-square error (RMSE), mean
absolute error (MAE), mean absolute percentage error (MAPE), and bias.

1 i=n .
RMSE = - 3 (5 — i) o
noi3
1 i=n
i=1
MAPE(%) — 120y Wi = vi) W
noia (i)
Bias = l.i:n 0. — 1 ©)
Tn Yyi—Vyi

where 7 is the number of matchups for each algorithm and y and § are the measured and
estimated variables (turbidity or SPM), respectively.

The win rate (WR) was also used as a statistical parameter because it directly compares
residuals and provides a way of classifying algorithm performance [53,54]. For each pair of
algorithms, the winning percentage was calculated (one algorithm receives a win when
its residual is lower than that of the other). This process was performed for all algorithm
combinations. Finally, the WR of each algorithm was obtained as the average winning
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percentage between all combinations. For a given Algorithm A, WR can be expressed
as follows:

1 mo100/=" (1 if residual 5 ; < residualp
%) = . - 4 +] Zi
WRA (%) C;}’z 153';}4 n j:l{ 0, if residual 5 ; > residualp ©)

where Cﬁ,z is the number of combinations with two elements that contain Algorithm A,
m is the number of algorithms, A and B are two different algorithms, n is the number of
simultaneous matchups between A and B, and the residual is the difference between the
algorithm estimate and in situ measurement.

Given the diversity of metrics and ways to rank the performance, a robust alternative
is to use radar plots to calculate the area associated with each approach [55]. Here, we
adopted the product between the radar plot area and the distance between the centroid and
plot center as a metric of the goodness of fit (GoF), as shown in Figure 2. This new metric
(hereafter referred to as GoF) favors both the best overall performance (smallest area) and
the most balanced performance (the centroid is closest to the center). The selected statistical
parameters considered by GoF provide metrics for correlation (nonparametric Kendall
correlation coefficient), accuracy (MAE and MAPE, given absolute and relative errors,
respectively), bias (allowing identification of over- or underestimation), and comparative
performance (WR, pairwise comparison of the residuals). The RMSE was not considered,
to avoid redundancy with the MAE, because it is not designed for nonnormal statistical
distributions [53]. All the parameters were scaled between 0 (best performance) and 10
(worst performance) based on values close to the minimum and maximum (Kendall = [0, 1],
MAE = [0, 60], MAPE = [0, 800], bias = [0, 60], and WR = [0, 100]). Thus, the lowest GoF
values indicate the best combination of atmospheric correction and algorithm for each
remote-sensing product. The specific formulas applied to calculate GoF are those of the
statistical parameters (Equations (3)-(6)), the area and centroid of a polygon, and the feature
scaling of the parameters. Thus, GoF can be applied to any comparison between measured
and estimated data (including other optical remote-sensing products and chlorophyll-a
and CDOM). The Supplementary Material provides a Python script to estimate GoF using
some example data.

Area
® Centroid Kendall
=== Distance

GoF = Area * Distance

WR MAE

Figure 2. Radar plot with the selected statistical parameters (Kendall, MAE, MAPE, and WR). The
resultant polygon area (in blue), centroid (red circle), and distance between the radar plot center and
polygon centroid (dashed black line) are represented. The goodness of fit (GoF) metric summarizes
the algorithm performance and is given by the product of the area and distance.
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3. Results
3.1. Performance of the Different Combinations of Atmospheric Corrections and Algorithms

The spectral convoluted coefficients from N09 and N10 for the L8, 52, and S3 satellites
and the red and NIR bands are provided in Table 1.

The statistical parameters for each of the satellites, atmospheric corrections, and
turbidity algorithms are shown in Figure 3 (the radar plots are shown in Figure A3). The
best performance was associated with percentage uncertainties (measured via MAPE)
between 27% and 42%, with MAE values between 10 and 11 FNU. The MAPE allows us to
rank the algorithms based on the normalized accuracy, which does not occur with the MAE.
In cases with higher (lower) in situ concentrations, it is expected that the errors measured
by the MAE will also be greater (less). For the three satellites, the best combination of
atmospheric correction and algorithm (according to MAPE) was POLYMER and N09,
differing only in the band used (655 nm for L8 and 865 nm for S2 and S3).

Best

Worst

(b)

Figure 3. Heatmaps of the turbidity algorithm performance, given in FNU (RMSE, MAE, and bias) or
percentage (MAPE and WR) for satellites (a) L8, (b) S2, and (c) S3. The best (worst) performance is
shown in green (red).

The performance of the SPM algorithms is shown in Figure 4 (refer to Figure A4 for
the radar plots) and was, in general, not as satisfactory as that of the turbidity algorithms.
The lower MAPE for each satellite varied between 68% and 81%, with MAE values between
10 and 12 gom~3. Again, the best combination (according to MAPE) was POLYMER
atmospheric correction and a single-band algorithm (N10, with the 865 nm band for L8, the
665 nm band for S3, and the same performance for the S2 bands).

The win rate (WR) offers another way to rank the performance (as in Pahlevan
et al. [11]) through the direct comparison of the residuals. Regarding turbidity and SPM,
the best WR was assigned to the same combination as for the MAPE (POLYMER and N09;
POLYMER and N10). As an exception, the best performance changed for S2, from N09 and
N10 to D15 and N17, respectively. Additionally, the best band for S3 ranged from 665 to
865 nm, corresponding to the same WR values as those for D15 and N17. The differences
between the best performance values of MAPE and WR reflect the distinction between
comparing the algorithms with all the estimates (as via MAPE) and only in cases where
both have valid results (as via WR). WR does not consider the amplitude of the residuals,
so a high WR value can be related to a high MAPE value in cases where the algorithm
performs well in most cases but fails and exhibits large errors in a few cases. For S2 and
53, the high WR for the band-switching algorithms (D15 and N17) indicates the efficiency
of this mechanism in choosing the ideal band for each reflectance interval in most cases,
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as it aims to avoid saturation and benefits from the better sensibility of shorter (longer)
wavelengths to lower (higher) turbidity and SPM values [56]. Additionally, this advantage
may be more notable in cases with higher turbidity and SPM variability, as observed in the
Patos Lagoon estuary, which constitutes most of the matchups for S2 and S3 (Figure 1).

n- 99 Best
Kendall - 0.49
RMSE - 38
MAE - 34
MAPE - 173

Bias - 34

Worst

Figure 4. Heatmaps of the SPM algorithm performance, given in g-m~2 (RMSE, MAE, and bias) or
percentage (MAPE and WR) for satellites (a) L8, (b) S2, and (c) S3. The best (worst) performance is
shown in green (red).

In addition to the MAPE and WR, it is important to measure the degree of under- or
overestimation by the bias. The algorithms using POLYMER underestimated turbidity
(negative bias), while the algorithms using ACOLITE overestimated turbidity (positive
bias, except for S3), as shown in Figure 5, where the estimates using POLYMER (ACOLITE)
are usually below (above) the 45° line. This pattern was not clearly observed for the
SPM algorithms (Figure 6), which may reflect the theoretical differences between these
two variables, as turbidity does not depend only on the SPM concentration but also on
the size, composition, and shape of particles. Figure 6¢,f also show large errors for SPM
estimates using the S3 satellite and N10, N17, and T20 algorithms. This is possibly caused
by the adjacency of land pixels and the sensor’s lower spatial resolution, as discussed in
Section 4.2.

Regarding T20, almost all the metrics showed high uncertainty when using ACOL-
ITE (Figure 4), with the SPM concentration overestimated when using this atmospheric
correction (Figure 6). This could be attributed to the broader range of bands used by T20
to estimate SPM, as the spectral uncertainty in the atmospheric correction procedure can
propagate and lead to unrealistic results when algorithms that depend on several bands
are applied (as in the classification of optical water types [20]). POLYMER and ACOLITE
represent two distinct approaches (spectral matching and dark spectral fitting, respectively)
that may lead to different atmospheric correction spectral errors (as described by [22]). For
Patos Lagoon, the results obtained using POLYMER and T20 (Figure 4) suggest that this
atmospheric correction provides more realistic spectra, with lower uncertainty in Rw and
better SPM estimates than those of ACOLITE.

The different statistical parameters led to different interpretations of the best combi-
nation of atmospheric correction, algorithm, and band (Figures 3 and 4). This task was
simplified by analyzing the GoF metric, which provides a summary of the selected pa-
rameters (Figure 2). Table 2 lists the best combinations for estimating turbidity and SPM
based on GoF; these combinations were mostly associated with POLYMER, except for SPM
estimates using S2.
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Figure 5. Scatter plots showing the relationships between the measured and estimated turbidity
values for satellites (a,d) L8, (b,e) S2, and S3 (c,£), and atmospheric corrections from (a-c) ACOLITE
and POLYMER (d-f). For each satellite and atmospheric correction, multiple algorithms (D15 and

N09) and bands (665 and 865 nm) are shown.
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Figure 6. Scatter plots showing the relationships between the measured and estimated SPM concen-
trations for satellites (a,d) L8, (b,e) S2, and S3 (c,f), and atmospheric corrections from (a—c) ACOLITE
and POLYMER (d—f). For each satellite and atmospheric correction, multiple algorithms (N10, N17,
and T20) and bands (665 and 865 nm) are shown.
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Table 2. Best combinations of atmospheric correction (AC), algorithm (Alg), and band for each
satellite and product based on the GoF metric.

Sat Product AC Alg Band Strengths Pitfalls
Turbidity POLYMER N09 655 MAPE, WR RMSE, Bias
L8 SPM POLYMER N10 865 All -
Turbidity POLYMER NO09 865 Kendall, MAPE RMSE, Bias
52 SPM ACOLITE N17 All -
Turbidity POLYMER NO09 865 Kendall, MAPE, WR RMSE, Bias
53 SPM POLYMER N10 865 RMSE, MAE, WR Kendall

3.2. Regional Recalibration of Coefficients

The validation statistical parameters for turbidity and SPM are shown in Figures 7 and 8,
respectively (the radar plots are shown in Figures A5 and A6, respectively). The recalibrated
A coefficients for all satellites (L8, S2, and S3), atmospheric corrections (ACOLITE and
POLYMER) and bands (665 and 865 nm) are listed in Table A1.

The turbidity test results indicated that for five of the cases, recalibration led to better
performance (lower GoF value in Figure 7). In general, this improvement was not followed
by a change in the accuracy (RMSE, MAE, and MAPE) of the algorithms but rather a
reduction in bias. This phenomenon is shown in Figure 9, where the estimates (especially
those using POLYMER) are closer to the 1:1 line.

Best

0.69 051 0.51

Worst

Figure 7. Heatmaps of the performance of the turbidity NO09 algorithm using original (O) and
recalculated (R) coefficients for satellites (a) L8, (b) S2, and (c) S3. The results are given in FNU
(RMSE, MAE, and bias) or percentage (MAPE and WR). The best (worst) performance is shown in
green (red).
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Figure 8. Heatmaps of the SPM N10 algorithm performance using the original (O) and recalculated
(R) coefficients for satellites (a) L8, (b) S2, and (c) S3. The results are given in g'm’3 (RMSE, MAE,
and bias) or percentage (MAPE and WR). The best (worst) performance is shown in green (red).
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Figure 9. Scatter plots showing the relationships between the measured and estimated turbidity
values for satellites (a,d) L8, (b,e) S2, and (c,f) S3, and atmospheric corrections from (a-c) ACOLITE
and (d—f) POLYMER. For each satellite and atmospheric correction, multiple algorithms (N09) and
bands (665 and 865 nm) are shown with the original (o) or recalibrated (r) coefficients.

However, for seven of the combinations, the GoF metric shown in Figure 7 increases
after recalibration, which could be attributed to a better fit for high- or low-turbidity data
points. As the GeoCalVal method samples from the full range and the lowest values
represent most of the data (refer to the data points with a turbidity lower than 40 FNU in
Figure 9), an expected result is that the final coefficient is better suited for estimating the
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lowest values. This led to a worsening in the estimates of the highest turbidities, causing the
GoF value to increase for the S3-ACOLITE-N09-865 nm combination (Figure 7). However,
this was not the case for most combinations because the high turbidity data points pushed
the least square fit toward higher coefficients. In this way, the performance decreased at
the lowest turbidities but improved at the highest turbidities. As a result, for most of the
cases shown in Figure 7, the GoF metric increases after recalibration, indicating that this
approach was ineffective at improving the turbidity estimates in these cases.

However, with regard to the SPM estimates, recalibration led to improvements in the
performance of most of the algorithms (Figure 8) and the estimates were closer to the 1:1
line (Figure 10). As an exception, the S3-POLYMER-N10-665 nm combination did not yield
an improvement. Nevertheless, in this case, the performance was the same as that before
recalibration. This is associated with the same pattern described previously, with a better
fit at low SPM concentrations.
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Figure 10. Scatter plots showing the relationships between the measured and estimated SPM concen-
trations for satellites (a,d) L8, (b,e) S2, and (c,f) S3, and atmospheric corrections from (a-c) ACOLITE
and (d—f) POLYMER. For each satellite and atmospheric correction, multiple algorithms (N10) and
bands (665 and 865 nm) are shown with the original (o) or recalibrated (r) coefficients.

Table 3 lists the recommended combinations of atmospheric corrections, bands, and
coefficients for estimating turbidity and SPM in Patos Lagoon. The SPM algorithm provided
an encouraging result in terms of recalibration: the regionally recalibrated coefficients
(shown in bold font in Table 3) provided better results than the original coefficients in all
the cases. Despite the better performance of N17 for S2 (Table 2), the N09 algorithm was
recommended (Table 3) because it provided similar values for the statistical parameters but
a lower MAPE value.

Figure 11 shows the mean SPM concentration in the Patos Lagoon estuary based
on all S2 scenes, ACOLITE atmospheric correction, the N10 algorithm, and the red band
(665 nm). The concentrations obtained using the original coefficients (Figure 11a) were
consistently higher than those obtained with the recalibrated coefficients (Figure 11b). If we
consider an optical depth of 1 m for the red band (as in [56]), then the total SPM mass (sum
of the concentration of all pixels multiplied by the pixel volume) is 2.78 x 10* tons and
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2.33 x 10* tons for the original and recalibrated coefficients, respectively. This resulted in a
difference of 4.53 x 10° tons, illustrating the impact caused by not regionally calibrating
the coefficients, especially considering the importance of SPM in coastal management.

Table 3. Best combinations of atmospheric corrections (ACs), algorithms (Alg), bands, and coefficients
(A and C) for each satellite and product based on the GoF metric. Regionally recalibrated coefficients
are shown in bold font.

Sat Product AC Alg Band A C Strengths Pitfalls
Turbidity POLYMER NO09 865 6435.35 0.2115 All -
L8 SPM ACOLITE N10 655 136.11 0.1729 RMSE, MAE, MAPE, WR Kendall
POLYMER N10 865 2272.39 0.2115 All -
o 2107.81 (S2A) .
Turbidity POLYMER N09 865 —————— 02115 RMSE, Bias Kendall, MAPE
S2 2098.48 (S2B)
SPM ACOLITE N10 665 292.43 0.1729 All N
2116.68 (S3A,
Turbidity POLYMER NO09 865 OSSN 0.2115 Bias, RMSE Kendall, MAPE, WR
S3 2114.65 (S3B)
SPM ACOLITE N10 865 1033.23 0.2115 All -
(@) (b)

—31.8 A

—32.0 A

—32.2 A

-52.5

40

—-52.3 -52.1 -52.5 =52.3 -52.1

Figure 11. Mean SPM concentration in the Patos Lagoon estuary based on S2 scenes, ACOLITE
atmospheric correction, the N10 algorithm, the 665 nm band, and (a) original or (b) regionally
recalibrated coefficients.

4. Discussion
4.1. Previous Studies of Patos Lagoon and Results without Regional Recalibration

Previous studies on turbidity in Patos Lagoon based on remote sensing focused on
applying algorithms to study the plume [34,57] and water quality in the region [10]. For
the L8 and S2 satellites, POLYMER atmospheric correction and N09-recalibrated coeffi-
cients [34] achieved better performance in the NIR band (based on Kendall’s tau correlation
coefficient). Compared to [10], who used Landsat 5, 7, 8, and 9 satellites and ACOLITE at-
mospheric correction, the results of [34] indicated that POLYMER yields better performance
for Patos Lagoon. In this study, the GoF metric was applied and the best performance for
estimating turbidity was associated with POLYMER atmospheric correction and the NIR
band, following these studies.

Regarding SPM, previous works focused mainly on its dynamics in the region, in-
vestigating its variability as a function of circulation [58], wind and river discharge [3],
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interannual variability associated with ENSO cycles [36], and input from tributaries [42].
Two of these studies focused on evaluating SPM algorithms for the region.

Bortolin et al. [42] evaluated the performance of SPM estimates using Landsat 5, 7, and
8 satellites, ACOLITE atmospheric correction, and the T20 algorithm. Based on the same
database used in this study [45], the authors obtained RMSE = —37 g-m*3 and MAPE = 79.
This performance was better than that obtained in this study for L8 (RMSE = 60 g-m~3,
MAPE = 305%), showing underestimation of the SPM concentration (in contrast to the
overestimation found here). This could be explained by the methodological differences
involved, especially the larger number of matchups used here (1 = 98 vs. n = 47 for
Bortolin et al.), which led to greater (and more realistic) optical and SPM variability, a more
challenging estimate, and, thus, poorer performance. Additionally, differences between
the studies regarding the versions of ACOLITE, sources of sea surface temperature data
(important to the T20 algorithm for estimating water absorption), and sensors may cause
these differences.

Tévora et al. [36] used the Aqua/MODIS satellite and compared three SPM algo-
rithms (N10, N16, and HAN16 [38]), with atmospheric correction from [37]. Their results
indicated that the best performance was associated with switching the band algorithms
(N17 and HAN16). Among the multiband algorithms, N17 was identified as the best
(RMSE = 14.6 g'm~3 and MAPE = 36.9%). In this study, the N17 algorithm was identified
as the algorithm with the best performance for S2 using ACOLITE. However, Tavora et al.
reported a better performance than that obtained in this study using S3, which has spa-
tial and temporal resolutions closer to those of Aqua/MODIS (RMSE = 22 g-m~2 and
MAPE = 95%) for the S3-POLYMER-N17 combination. Tavora et al. used a much larger
dataset (1 = 1241 against n = 69 used here), which was mainly obtained from turbidity in
situ measurements and converted into SPM. As turbidity can be more easily estimated
(compared to SPM, Figures 3 and 4), this difference may explain the better performance.
Again, differences related to the atmospheric correction, sensors, temporal coverage, and
matchup selection (especially the window size and maximum time and distance difference
allowed) may also have contributed to the findings.

Moreover, the spatial variability in the algorithm performance cannot be overlooked.
Both Bortolin et al. [42] and Tédvora et al. [36] reported higher accuracy (lower RMSE and
MAPE) for the Guaiba region. Tavora et al. [36] showed that different algorithms performed
better in the estuarine (HAN16) and Guaiba (N17) regions, with larger differences between
the algorithms in the central part of the lagoon (reaching approximately 10 g-m~3). The
central region of Patos Lagoon represents a data gap in this study (Figure 1). The lack of
information is one of the issues in the study area, with a large number of studies focusing
on the estuarine region but only a few focusing on the limnic portion [59].

4.2. Regional Recalibration and Sources of Uncertainty

The results before recalibration showed an unsatisfactory performance for the algo-
rithms in the study area. We addressed this poor performance by regionally recalibrating
the empirical coefficients of N09 and N10, leading to bias reduction, although a trade-off
between MAE and bias was observed. The need for recalibrating coefficients may be
associated with uncertainties in atmospheric correction (as orbital data were used here)
and the optical properties of Patos Lagoon (which may differ from those used during the
calibration of the original coefficients).

Adjacency effects are associated with surfaces with contrasting reflectance, where
photons from the higher reflectance surface (usually the land) are scattered into the in-
stantaneous field of view (IFOV) of the sensor, mixing with the signal from the lower
reflectance surface (usually water) [60]. This effect depends upon the characteristics of
the atmosphere (aerosol optical depth), the target (water reflectance), and the background
(land cover’s albedo) [60-62]. Paulino et al. [62] evaluated adjacency effects on Brazilian
inland waters, showing that this effect is relevant for distances between 0.1 and 2 km from
land. On the other hand, Bulgarelli and Zibordi [61] observed adjacency effects up to a
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few tens of kilometers from the coast. According to them, adjacency introduces a bias into
remote-sensing reflectance, with a magnitude that depends on the atmospheric correction
applied. For ACOLITE, adjacency effects could cause an overestimation of the SPM con-
centration, as already observed by Renosh et al. [26] for the Gironde Estuary due to the
proximity between land pixels and automated turbidity stations. This approach is relevant
considering the narrow channel that connects Patos Lagoon to the Atlantic Ocean (Figure 1).
Regarding POLYMER, the atmospheric correction is based on the residual between Rw
(given by a bio-optical model) and the Rayleigh-corrected reflectance [16]. This approach
aims to correct for sun glint, but adjacency effects are also included in the residual and
can thus be corrected via POLYMER [23]. In contrast, the underestimation of turbidity
and SPM by POLYMER may reflect the restriction imposed by its bio-optical model [22].
In the present work, turbidity and SPM estimates using the NIR band (865 nm) were not
systematically overestimated, as would be expected in the presence of adjacency effects [62].
Hence, one may consider that adjacency did not significantly affect the estimates.

Nevertheless, Figure 6¢,f showed large errors for SPM estimates using the S3 satellite
and N10, N17, and T20 algorithms. Most of the under- or overestimated points in Figure 6c,f
are from the channel that connects Patos Lagoon to the ocean (Figure 1), suggesting that
these points may be affected by the adjacency of land pixels. The S3 spatial resolution
(300 m) contributes to this explanation, given that the narrowest part of the channel is
500 m wide and the matchups were extracted using a 3 x 3-pixel window. This effect was
less evident for the POLYMER atmospheric correction (Figure 6f), for which two possible
reasons arose: (i) POLYMER might have corrected for adjacency effects [23]; (ii) some of
the matchups using POLYMER were excluded based on the quality control flags (invalid
pixels, large window variability, negative water reflectance, and QWIP).

The effect of the sensors’ spatial resolutions (20, 30, and 300 m, respectively, for S2,
L8, and S3) on the accuracy of the estimates was not investigated here, as it would involve
isolating the effect of spatial sampling. The study of Pahlevan et al. [63], for example,
found differences of up to 18% in the reflectance obtained from sensors with distinct spatial
resolutions (OLI, MODIS, and VIIRS). According to the authors, this can be attributed to
the footprint size (and associated sensor viewing angle) and to in-water variability. Dorji
and Fearns [64] studied turbid waters in northern Western Australia and found that the in-
water variability may cause an underestimation of SPM concentration by lower resolution
sensors (such as MODIS) due to intrapixel variability. On the other hand, Luo et al. [12]
found overestimated turbidity estimates in lower-resolution sensors in the Gironde Estuary,
caused by pixel contamination by land and muddy shallow waters. These results show that
the bias introduced by the spatial resolution differences depends on the target’s background
(i.e., the water variability around the in situ measurements).

The atmospheric corrections with a better performance were not always the same for
the red and NIR bands, which could be explained by the spectral errors of each method [22].
This introduces additional complexity to the choice of the best atmospheric correction,
especially for band-switching algorithms (D15 and N17). Renosh et al. [26] faced the same
problem in the Gironde Estuary, obtaining a better performance associated with different
corrections for the red and NIR bands for S3. The authors used the N17 algorithm and
chose the atmospheric correction with better performance in the NIR band, since most of
the SPM range in the study area was estimated using this band.

Regarding optical properties, algorithms commonly assume a fixed value for specific
backscattering coefficients [9,27]. However, this coefficient varies according to the size,
shape, and composition of particles [31]. In some cases, as observed by Mabit et al. [24]
in Québec coastal waters, there may be an inverse relationship between the mass-specific
coefficient and SPM concentration, rendering remote-sensing estimates of SPM unfeasible.
For Patos Lagoon, this variability is probably associated with differences in the charac-
teristics of the material supplied by its tributaries. This explains the spatial variability in
the algorithm performance observed in previous studies. Variability in the structure of
phytoplankton communities [65] and in the production of particulate material by these
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organisms [66] may also be relevant factors. Organic particles, for example, have been asso-
ciated with lower backscattering coefficients in other regions (e.g., in the Artic Ocean [67]).
The influence of CDOM on SPM estimates should also be considered. Although its effect at
longer wavelengths is often considered negligible [27], Mabit et al. [24] reported a positive
correlation between the residuals of an SPM algorithm and CDOM absorption, with an
increase (decrease) in CDOM absorption associated with an underestimation (overesti-
mation) of the SPM concentration. However, their study revealed a case with a low SPM
concentration (mostly less than 10 mg-L~1), and CDOM optically dominated waters.

The saturation of Rw at high turbidity and SPM concentrations is another challenge
facing algorithms [32]. In theory, the absence of saturation in the data (Figure A2) favors the
use of single-band algorithms (as in [24]), while moderate SPM concentrations (between 10
and 60 g-m~3; Figure 1) favor the use of the red band (the ideal bands for each concentration
interval are reported in [56], a study of the Rhone River and its plume). In this study, the
best performance was obtained with single-band algorithms (N09 and N10). However, the
red band did not perform better than the NIR band, possibly revealing the influence of
high turbidity and SPM values on statistical parameters.

Within this context, the RMSE values were consistently greater than the MAE values.
The RMSE is not recommended for cases where the data are not normally distributed,
which may lead to an underestimation of the algorithm performance [53,68]. Regarding the
S3 turbidity estimates (Figures 3 and 5), a group of data points with high turbidity and low
reflectance amplified the negative bias of the N09 algorithm estimates, causing an increase
in the values of several parameters (RMSE, MAE, and MAPE). Additionally, the various
statistical parameters led to different results for the best performers for each satellite. A
novel GoF metric (Figure 2) was proposed here and was shown to be a reliable answer
to this problem, allowing objective classification of the performance. Thus, this metric
is recommended for future studies and can be directly applied to other algorithms and
regions. Attention must be given to the normalization of statistical parameters (maximum
and minimum values considered), as the resultant polygon is sensitive to these values.

We also highlighted the importance of using the GeoCalVal method. Regarding S2
and SPM, only a few matchups were available. A simple calibration approach (randomly
splitting the data into fractions of 70% and 30% as calibration and validation datasets,
respectively) could lead to high uncertainty in the calibrated coefficients (different datasets
could yield different results). GeoCalVal, however, provides the opportunity to analyze
all combinations. For N09 and N10, the statistical parameters obtained using the entire
dataset (Figures 3 and 4, respectively) were very close to those obtained using GeoCalVal
(Figures 7 and 8, respectively), indicating the robustness of the method.

However, there are still uncertainties that remain unidentified. An ideal scenario
would be to use in situ radiometric data to directly evaluate atmospheric corrections and
measure optical properties in the study area. Theenathayalan et al. [25] studied Vembanad
Lake and suggested the following possible path: the low availability of field data was
overcome by using a simulated reflectance dataset for the study area based on a radiative
transfer model. The data were used to develop regional algorithms for chlorophyll-a and
SPM concentrations, which outperformed previously established algorithms. Unfortu-
nately, this approach relies on in situ reflectance and optical property data (absorption and
scattering) to calibrate the radiative transfer model, which were unavailable in this study.

Differences in the performances of SPM algorithms between Patos Lagoon’s South
and North parts (Guaiba and Estuary in Figure 1, respectively) had already been observed
in previous works (as discussed in Section 4.1); they affect the regional recalibration of the
coefficients. Figure 12 shows the SPM frequency distribution of all available in situ and
satellite derived data (including those that are not matchups), estimated using the best
combination for each satellite (Table 3). For optimally adjusted estimates, the distributions
should show a similar pattern (e.g., [10]). However, the distributions in Figure 12 do
not match exactly, indicating differences regarding the characteristics of the particulate
matter throughout Patos Lagoon. A robust alternative would be to locally recalibrate the

55



Remote Sens. 2024, 16, 1497

19 of 27

coefficients, treating the Guaiba and estuarine regions (Figure 1) independently, but the
number of available matchups in the present work is insufficient (0 to 94 for the Guaiba, and
7 to 59 for the estuary). For the central portion, all available in situ SPM data are from before
2013 and, therefore, before the satellites were launched (2013 for L8, 2015 for S2A, and 2016
for S3A). Patos Lagoon is part of a long-term monitoring project [69], and the SiMCosta
program provides measurements taken by moored buoys, but these data are limited to
the estuary and the number of measurements synchronous to the satellites” overpasses
is still small. This limitation could be overcome by continuous and spatially distributed
monitoring along the lagoon continuum. The Gironde Estuary is a positive example, with
high-frequency water quality measurements taken by the MAGEST program [70] being
useful for ocean color studies [12]. Automated stations for radiometric data acquisition
(such as the AERONET-OC [71]) and global in situ datasets (such as GLORIA [72]) are
also alternatives, but some regions (including Patos Lagoon) might be undersampled.
Moreover, the large dimensions of Patos Lagoon (about 250 km long) and the financial
difficulties found in developing countries currently limit a more complete evaluation of
remote-sensing estimates.

SPM In Situ Guaiba Center Estuary
0.0 Estuary 501 =1 spMinsitu (b) | = sPMin situ (c) | = seminsitu (d)
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Figure 12. (a) Spatial distribution of in situ SPM data, along with the frequency distributions for
SPM concentrations measured in situ and satellite-derived using the best combinations for each
satellite (L8, 52, and S3) and recalibrated coefficients. The distributions are given for all available data
points shown in (a) (including those that are not matchups), divided into three parts of Patos Lagoon:
(b) Guaiba, (c) center, and (d) estuary.

Although multiple sensors were used (L8/OLI, S2/MSI, and S3/OLCI), an integration
and intercomparison exercise was not one of our goals. Several approaches exist for data
merging to reduce the systematic bias between sensors [73], which is fundamental for
building climate records [74]. A simple and effective method is to match the cumulative
distribution function (CDF) of satellite and in situ data, as used for satellite soil moisture
estimates [75]. This is another possible future step for Patos Lagoon, especially considering
the potential impact of climate change on coastal environments [76].

5. Conclusions

In this work, different combinations of atmospheric corrections and bio-optical algo-
rithms for turbidity and SPM in Patos Lagoon were evaluated. The main conclusions are
as follows:

e  Based on the newly proposed GoF metric, the best algorithm performance was gen-
erally linked to POLYMER atmospheric correction, single-band algorithms (N09 and
N10), and the NIR band (865 nm), with percentage errors (MAPEs) between 27% and
42% for turbidity and between 68% and 81% for SPM;
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e Regional recalibration of the empirical coefficients for N09 and N10 led to a reduction
in bias. We recommend the use of recalibrated coefficients for estimating the SPM con-
centration in Patos Lagoon via remote sensing. For turbidity, the original coefficients
yielded a better performance for S2 and S3;

e  The method used for recalibrating the coefficients (GeoCalVal) and the metric used
to rank the performances (GoF) can be directly applied to other regions and optical
remote-sensing products;

Future studies should focus on using field radiometric data, allowing the direct
evaluation of atmospheric corrections and a better understanding of the optical variability
of Patos Lagoon. The use of radiative transfer models is also a suitable alternative for filling
these gaps, and merging data from multisensor climate records may provide important
information on the impact of climate change in the region.

Supplementary Materials: The following Supplementary Material is available online from https:
/ /github.com/rafael-simao/GoF: a Jupyter Notebook with code in Python to estimate the goodness
of fit (GoF) metric using some example data.
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Appendix A. Additional Plots and Tables

Table Al. Recalibrated A coefficients for turbidity (N09 algorithm) and SPM (N10 algorithm) for each
combination of satellites (L8, S2, and S3), atmospheric corrections (ACOLITE and POLYMER), and
bands (665 and 865 nm).

L8 S2 S3
AC ACOLITE POLYMER ACOLITE POLYMER ACOLITE POLYMER
Band 655 655 865 665 865 665 865 665 865 665 865
Turbidity — 283.43 700.11 643535 247.24 141896 440.81 4636.58 27142 1751.17 44748 3826.15
SPM 136.11 219.57 227239 29243 172403 551.38 5213.88 236.63 1033.23 298.97 2062.85
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Figure Al. Time series of the sea surface temperature (SST) of Patos Lagoon based on in situ

measurements (SiMCosta buoys) and reanalysis data (SST CCI L4 product).
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Figure A2. Optical saturation based on the NIR (x-axis) and red (y-axis) reflectance. The red line
denotes the fitted regression between these two bands (as in [32]).
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Figure A3. Radar plots of the statistical parameters for the turbidity estimates. The number after each
algorithm and band denotes the area of the associated polygon. The best performance (smaller area)
occurs closer to the center.
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Figure A4. Radar plots of the statistical parameters for the SPM estimates. The number after each
algorithm and band denotes the area of the associated polygon. The best performance (smaller area)
occurs closer to the center.
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associated polygon. The best performance (smaller area) occurs closer to the center.
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the associated polygon. The best performance (smaller area) occurs closer to the center.
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Capitulo VI: Sintese da Discussao

E studos da turbidez por sensoriamento remoto na Lagoa dos Patos envolvem a

delimitagdo de plumas (como nos algoritmos de Costi et al. [2017] e Tavora et
al. [2023a]) e a avaliagdo da qualidade da agua [Tavora et al 2023b].
Comparativamente, os estudos de [Tavora et al. 2023ab] indicam que a melhor
combinagdo para a area de estudo envolve correcdo atmosférica do POLYMER,
algoritmo de N0O9 (com necessidade de recalibragdo dos coeficientes) e banda do NIR,
em concordancia com o presente trabalho.

O sensoriamento remoto do MPS na érea de estudo envolve um nimero maior
de aplicagdes, que investigam a variabilidade espaco-temporal deste parametro na lagoa
e em seus tributarios [Pagot et al. 2007; Téavora et al. 2019; Tavora et al. 2020b;
Bortolin et al. 2022]. O trabalho de [Bortolin et al. 2022] traz uma avaliacdo de
estimativas de MPS utilizando corre¢do atmosférica do ACOLITE, algoritmo T20 e
satélites Landsat 5, 7 e 8, com desempenho superior ao encontrado no presente trabalho
para o L8. J& o trabalho de Tavora et al. [2020b] comparou o desempenho de trés
algoritmos (N10, N17 e H16 [Han et al. 2016]), com corre¢dao atmosférica de Wang &
Shi [2007] e satélite/sensor Aqua/Moderate Resolution Imaging Spectroradiometer
(MODIS). Novamente, foi observado um desempenho superior ao do presente trabalho

em relacdo ao S3, que possui resolucdo espacial semelhante ao MODIS.
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As diferencas nos desempenhos em relagdo aos trabalhos anteriores podem ser
explicadas com base: nas fontes de dados (de MPS ou de temperatura, para o algoritmo
T20), na selecao dos matchups (maxima diferenca espacial e temporal permitida), nos
satélites escolhidos (alguns ndo utilizados aqui), nas corre¢cdes atmosféricas (incluindo
diferentes versdes do ACOLITE) e nos algoritmos de MPS (como nos parametros de
entrada para o T20).

O viés observado nas estimativas de turbidez e MPS levou a necessidade de
recalibrar regionalmente os algoritmos N09 e N10, o que pode ser atribuido a erros nas
correcdes atmosféricas e as POI da area de estudo. Efeitos de adjacéncia podem
contribuir para esses erros € ocorrem na proximidade com o continente, fazendo com
que a luz vinda de areas proximas seja espalhada para o campo de visada do sensor
[Tanre et al. 1981; Bulgarelli & Zibordi 2018; Paulino et al. 2022]. Isso pode ser
relevante, especialmente considerando o canal que conecta a Lagoa dos Patos ao oceano
e as partes mais internas do Guaiba (Fig. 1), pontos que apresentaram os maiores erros
nas estimativas de MPS. Os erros foram maiores para o satélite com menor resolugao
espacial (S3), o que pode estar associado a maior area e, consequentemente, maior
variabilidade Optica de cada pixel [Pahlevan et al. 2016; Dorji & Fearns 2017; Luo et al.
2020]. Além disso, esses erros foram menores para a correcdo atmosférica do
POLYMER, que tem a capacidade de corrigir os efeitos de adjacéncia [Steinmetz &
Ramon 2018]. Por outro lado, o POLYMER subestimou a turbidez ¢ a concentracao de
MPS, o que possivelmente reflete limitagdes do modelo bio-Optico utilizado por essa
correcao atmosférica [ Vanhellemont & Ruddick 2021].

Ademais, as caracteristicas opticas da Lagoa dos Patos podem ser distintas das
encontradas nas regides utilizadas para o desenvolvimento de NO09 e N10. Tais
caracteristicas estdo relacionadas, principalmente, aos coeficientes especificos de
absor¢do (a,) e retroespalhamento ( by, ), que variam com as caracteristicas das
particulas [Babin er al. 2003ab; Mabit et al. 2022]. Mudancas relacionadas ao
fitoplancton [Abreu et al. 1994; Haraguchi et al. 2015] e na absor¢do por CDOM
[Mabit et al. 2022] também ajudam a explicar os erros encontrados no presente
trabalho.

A saturacdo Optica esta relacionada as caracteristicas Opticas das particulas e
demais constituintes opticamente ativas, além do comprimento de onda [Luo et al
2018], fazendo com que a banda ideal seja diferente para cada caso [Ody et al. 2022].

Para o presente trabalho, os melhores desempenhos foram obtidos por algoritmos de
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banda tnica com a banda do NIR, indicando que mecanismos de troca ndo levaram a
resultados superiores e que valores elevados de turbidez e concentragio de MPS
apresentaram grande influéncia nos erros.

Sobre a metodologia utilizada na recalibra¢do, destaca-se a importincia do
método GeoCalVal [Salama et al. 2012b], que possibilitou o ajuste dos dados de
maneira mais objetiva que técnicas tradicionais (com um Unico par de calibragdo e
validacao). A nova métrica proposta para a classificacdo dos desempenhos (GoF)
também se mostrou relevante, combinando de maneira robusta diferentes pardmetros
estatisticos (correlacdo, acuracia, viés e comparacdo de residuos). Apesar de a
recalibracdo nao ter melhorado o desempenho em todos os casos, as melhores
estimativas, em geral, foram obtidas com os coeficientes recalibrados (principalmente
para o MPS).

Se disponiveis, a utilizagdo de dados radiométricos poderia beneficiar o trabalho,
com uma avaliagdo direta das correcdes atmosféricas e uma melhor compreensdo da
variabilidade optica da regido. Além disso, recalibrar os coeficientes para porgdes da
Lagoa dos Patos (como para o Guaiba e para o estudrio separadamente) poderia levar a
um melhor desempenho, mas o numero de matchups era insuficiente para essa
abordagem local. Outros estudos apresentam passos a serem seguidos, como a utilizacao
de modelos de transferéncia radiativa [Theenathayalan et al. 2022], estagcdes para
aquisi¢do automatica de dados radiométricos [Zibordi et al. 2009], aplicacdo de
conjuntos de dados globais [Lehmann et al. 2023] e construcio de registros climaticos
multissensores [Sathyendranath e al. 2019]. Ainda assim, destacam-se os esforgos para
medi¢cdes em campo na area de estudo, como pelo SiMCosta e pela Projeto Pesquisa
Ecoldgica de Longa Duragdo no Estudrio da Lagoa dos Patos (PELD - ELPA) [Cordeiro
et al. 2022].
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O

Capitulo VII: Conclusoes

presente trabalho apresentou avaliagdes e recomendagdes para o sensoriamento

remoto de turbidez e concentragdo de MPS na Lagoa dos Patos, considerando

diferentes correcdes atmosféricas e algoritmos. Seguindo os objetivos especificos do

trabalho, destaca-se que:

II.

I1I.

Diferentes conclusdes sobre os erros nas estimativas podem ser tiradas com base
no parametro estatistico escolhido, o que dificulta uma andlise comparativa.
Assim, uma nova métrica foi proposta (GoF), que fornece uma abordagem mais
objetiva dos varios parametros e pode ser diretamente aplicada a outras regides e

variaveis;

Diante do elevado viés nas estimativas de turbidez e MPS, optou-se pela
recalibracdo regional dos algoritmos N09 e N10. A recalibragdo reduziu o viés
(Bias) das estimativas, mas ndo promoveu uma melhora na acuridcia (MAE) em
todos os casos. Ainda, assim, a maioria dos melhores desempenhos esteve

associado a coeficientes recalibrados;

Para a turbidez, as melhores combinagdes foram obtidas com corregao

atmosférica do POLYMER, algoritmo N09, banda do NIR e coeficientes
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originais (exceto para L8). Ja para o MPS, a melhor combinacdo foi dada por

ACOLITE, algoritmo N10, banda do NIR e coeficientes recalibrados.

Para futuros trabalhos, ficam como recomendagdes: (i) utilizagdo de dados
radiométricos in situ para avaliagcdo direta das corre¢des atmosféricas e das POI da area
de estudo; (i1) aplicacdo de métodos de transferéncia radiativa, que permitem uma
melhor compreensdo das POI e a criagdo de conjuntos de dados para a calibragdo de
algoritmos regionais; (ii1) integracdo de dados de diferentes sensores para estudos de

mudancas climaticas e eventos extremos na regiao.
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