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RESUMO

A estimativa da temperatura da superficie terrestre (LST) por sensoriamento remoto
no infravermelho termal (TIR) & dependente da realizacdo de uma corregcao
atmosférica apropriada que, em geral, necessita de perfis atmosféricos como dados
de entrada. Dados globais de reanalise sdo uma alternativa pratica para a obtengao
desses perfis, mas podem apresentar limitacbes. Nesse contexto, o presente estudo
teve como objetivo analisar a utilizagdo do modelo numérico Weather Research and
Forecasting (WRF) para gerar perfis verticais de alta resolugao, refinando dados de
reanalise, visando a correcao atmosférica no TIR para o célculo de valores de LST.
Para tal, foram realizadas simulagbées com o modelo WRF com dados de reanalise
do NCEP Climate Forecast System Version 2 (CFSv2) como condigdes iniciais e
utilizando duas grades aninhadas com resolugdes horizontais de 12 km (G12) e 3
km (GO03). Para estimar a LST, foram empregados: o método da inversao direta da
Equacédo de Transferéncia Radiativa (RTE), o modelo MODTRAN e valores de
radidncia da banda 10 do Landsat 8 TIRS. A pesquisa avaliou o desempenho do
modelo através dos perfis verticais, dos parametros atmosféricos de corregao
(transmitancia atmosférica e radiancias upwelling e downwelling) e dos valores de
LST, utilizando como referéncia dados de radiossondagens in situ, no sul do Brasil.
Adicionalmente, foi executada uma analise de sensibilidade a dois esquemas de
parametrizacdo de camada limite planetaria. Os resultados indicam que o modelo
WRF simula de maneira satisfatéria os perfis atmosféricos que, por consequéncia,
geram parametros de correcdao e LST com baixos erros. Contudo, nao existe
melhora significativa nas métricas estatisticas entre os perfis extraidos diretamente
da reanalise CFSv2 e os simulados pelo WRF. Em alguns casos, a utilizagdo de um
perfil de grade mais refinada resultou, até mesmo, em maiores erros. Os valores
gerais de RMSE para a LST foram: 0,55 K (CFSv2), 0,79 K (WRF G12) e 0,82 K
(WRF GO03). A escolha do esquema de camada limite mostrou-se caso-dependente.
Conclui-se que ndo ha necessidade especial de refinar a resolucdo dos perfis de

reanalise visando estimativa de LST, por meio do método da RTE.

Palavras-chave: Sensoriamento remoto. Temperatura de superficie. WRF.

Reanalise. Infravermelho termal.



ABSTRACT

The Land Surface Temperature (LST) retrieval from thermal infrared (TIR) remote
sensing depends on performing an appropriate atmospheric correction. In general,
this approach requires atmospheric profiles as input data. Global reanalysis data are
a practical alternative to obtain these profiles, but they may have limitations. In this
context, this study aimed to assess the use of the Weather Research and
Forecasting (WRF) numerical model to generate high-resolution vertical profiles,
downscaling reanalysis data, to be applied in TIR atmospheric correction for LST
retrieval. WRF simulations were carried out using NCEP Climate Forecast System
Version 2 (CFSv2) reanalysis as initial conditions and two nested grids with
horizontal resolutions of 12 km (G12) and 3 km (G03). To retrieve the LST, we used:
the Radiative Transfer Equation (RTE) based method, the MODTRAN model, and
radiance values from Landsat 8 TIRS10 band. This research evaluated the model
performance through vertical profiles, atmospheric correction parameters
(atmospheric transmittance and upwelling and downwelling radiances), and LST
values, using in situ radiosonde data (in Southern Brazil) as reference. Moreover, a
sensitivity analysis to two planetary boundary layer parameterization schemes was
performed. The results indicate that the WRF model satisfactorily simulates the
atmospheric profiles that, consequently, generate correction parameters and LST
with low errors. However, there is no significant improvement in statistical metrics
between profiles extracted directly from the CFSv2 reanalysis and those simulated by
WRF. In some cases, the use of a finer grid profile resulted even in larger errors. The
LST overall RMSE values were: 0.55 K (CFSv2), 0.79 K (WRF G12), and 0.82 K
(WRF GO03). The boundary layer scheme choice proved to be case-dependent. We
concluded that there is no special need to increase the resolution of reanalysis

profiles in order to retrieve LST using the RTE-based method.

Keywords: Remote sensing. Surface temperature. WRF. Reanalysis. Thermal

infrared
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1 INTRODUGAO

A temperatura da superficie terrestre (Land Surface Temperature — LST) € um
parametro-chave utilizado em variados estudos biogeofisicos (CAO et al., 2019; LI et
al., 2013c; SKOKOVIC; SOBRINO; JIMENEZ-MUNOZ, 2017; SOBRINO et al., 2016;
WENG, 2009) uma vez que esta intimamente conectada com o balango de energia
na superficie da Terra (ANDERSON et al., 2008; TARDY et al., 2016; WU et al.,
2021).

O sensoriamento remoto nos comprimentos de onda do Infravermelho Termal
(Thermal InfraRed — TIR) € um meio valioso de se obter informagdes de temperatura
da superficie em escala regional e global de maneira operacional e economicamente
viavel (COLL et al., 2012; LI et al., 2013c; MENG; CHENG, 2018; ROSAS;
HOUBORG; MCCABE, 2017). Contudo, os sensores TIR a bordo de satélites
registram a radiancia espectral no topo da atmosfera (Top Of the Atmosphere —
TOA), que ¢é influenciada, ndao somente pelos parametros da superficie
(emissividade e temperatura), como também pela composi¢cdo e pela estrutura da
atmosfera (vapor de agua, principalmente) ao longo do caminho entre a superficie e
o sensor (JIMENEZ-MUNOZ et al., 2010; LI et al., 2013c). Portanto, os efeitos
atmosféricos devem ser removidos para a correta utilizagdo dos dados termais de
sensoriamento remoto nas mais variadas aplicagdes (GALVE et al., 2018; TANG,; LI,
2014). Em termos gerais, realiza-se uma conversdo de dados do TOA para o nivel
do solo (ground-level, Bottom Of the Atmosphere — BOA). Esse processo é
conhecido como corregdo atmosférica e, se negligenciado, pode resultar em erros
sistematicos na estimativa de valores de LST (BARSI et al., 2005; JIMENEZ-MUNOZ
et al., 2010; TARDY et al., 2016).

Uma das maneiras mais consolidadas de se realizar a corre¢gao atmosférica é
por meio da Equagdo de Transferéncia Radiativa (Radiative Transfer Equation —
RTE) (PRICE, 1983). Essa abordagem envolve uma inversdo direta da RTE para
obtencdo da LST em uma banda (comprimento de onda) especifica, sendo,
teoricamente, o método mais apropriado para recuperacdo da LST a partir da
radiancia de uma unica banda TIR (JIMENEZ-MUNOZ et al., 2010; LI et al., 2013c).
O método da inversao da RTE necessita de perfis atmosféricos verticais
(temperatura, umidade, pressdo) como dados de entrada, os quais sdo inseridos em

modelos de transferéncia radiativa (Radiative Transfer Model — RTM) para calcular
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trés parametros atmosféricos necessarios para resolver a RTE: transmitancia
atmosférica e radiancias atmosféricas de trajetéria ascendente (upwelling) e
descendente (downwelling) (BARSI; BARKER; SCHOTT, 2003; COLL et al., 2012;
JIMENEZ-MUNOZ et al., 2010; MENG; CHENG, 2018).

Radiossondagens locais sincronizadas com a passagem do satélite sao
consideradas como a situagao ideal e a fonte mais fidedigna de perfis atmosféricos
(MENG; CHENG, 2018; SEKERTEKIN, 2019; SOBRINO; JIMENEZ-MUNOZ;
PAOLINI, 2004). Entretanto, na grande maioria dos estudos reais, radiossondagens
in situ nao estao disponiveis (COLL et al., 2012; LI et al., 2013a; MENG; CHENG,
2018; PEREZ-PLANELLS; GARCIA-SANTOS; CASELLES, 2015), devido ao alto
custo financeiro envolvido (JIMENEZ-MUNOZ et al., 2010; LI et al., 2013c). Existem
estacdes, com langamentos diarios de radiossondas, espalhadas ao redor do globo
terrestre (em aeroportos, por exemplo). Todavia, o registro desses dados pode nao
ser sincronizado com o horario de passagem do satélite ou a estagdo pode estar
demasiada distante da cena da area de estudo (MIRA et al., 2014; TARDY et al.,
2016). Dessa forma, estudos com radiossondagens ficam restritos a trabalhos de
validacao realizados em locais especificos (COLL et al., 2005; ROSAS; HOUBORG;
MCCABE, 2017).

Portanto, produtos de perfis atmosféricos provindos de diferentes fontes vém
sendo utilizados como alternativa as radiossondagens na correcdo atmosférica de
dados TIR, resultando em valores de LST com acuracias aceitaveis (BARSI et al.,
2005; DUAN et al., 2018; GALVE et al., 2018; MALAKAR et al., 2018; MATTAR et
al., 2015; MENG; CHENG, 2018; SKOKOVIC; SOBRINO; JIMENEZ-MUNOZ, 2017,
TARDY et al., 2016; VANHELLEMONT, 2020a). Perfis derivados de dados de
satélite (AUMANN et al., 2003; BORBAS; MENZEL, 2017; DIAO et al., 2013)
superam as limitacbes espaciais das radiossondas locais, uma vez que estdo
disponiveis na escala do pixel do satélite em questdo. Apesar de apresentarem uma
alta resolugao espacial, esses perfis podem ter seu uso comprometido pela baixa
resolucdo temporal (apenas no horario de passagem do satélite) (ROSAS;
HOUBORG; MCCABE, 2017; YANG et al., 2020). Os resultados podem, por
consequéncia, nao ser satisfatorios quando o satélite do sensor TIR de interesse
nao é o mesmo, ou ndo € sincronizado com a passagem, daquele que os perfis sao
derivados (COLL et al., 2012; GALVE et al., 2018). Para sobrepujar essa limitagéo
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temporal, perfis provindos de dados globais de reanadlise (DEE et al., 2011,
HERSBACH et al, 2020; KALNAY et al, 1996; KANAMITSU et al, 2002;
KOBAYASHI et al., 2015; NCEP et al., 2000; RIENECKER et al., 2011; SAHA et al.,
2010, 2014) proporcionam uma resolugao temporal flexivel (de 3 ou 6 horas,
tipicamente) e consistem em uma alternativa pratica as restricbes espaciais dos
dados de radiossondas (ROSAS; HOUBORG; MCCABE, 2017). Dados de reanalise
correspondem a séries temporais homogéneas distribuidas globalmente em pontos

de grade, isto &, sem lacunas temporais ou espaciais (ALGHAMDI, 2020).

Barsi et al. (2005) e Barsi, Barker e Schott (2003) propuseram uma Calculadora
de Paradmetros de Corregcdo Atmosférica (Atmospheric Correction Parameter
Calculation — ACPC), uma ferramenta online para as bandas termais dos Landsat 5,
7 e 8. A ACPC utiliza perfis de reanalise do National Center for Environmental
Prediction (NCEP) e o cédigo do modelo de transferéncia radiativa MODerate
resolution atmospheric TRANsmission (MODTRAN) (BERK et al., 2014) para
fornecer aos usuarios os trés parametros atmosféricos necessarios a correcgao.
Outros autores avaliaram e compararam a eficiéncia de diferentes fontes de perfis
atmosféricos (tanto de reanalise como derivados de satélite) para a corregcao
atmosférica/recuperagao de LST. Perfis provindos do NCEP (Reanalysis 1 (KALNAY
et al., 1996) e FNL (NCEP et al., 2000)) e do produto MODOQ7 do sensor Moderate
Resolution Radiometer (MODIS) (BORBAS; MENZEL, 2017) foram analisados em
diferentes areas na Espanha (JIMENEZ-MUNO?Z et al., 2010; PEREZ-PLANELLS;
GARCIA-SANTOS; CASELLES, 2015; SKOKOVIC; SOBRINO; JIMENEZ-MUNOZ,
2017) e na China (LI et al., 2013a) para os sensores TIR Landsat, ASTER e HJ-1B
IRS. Coll et al. (2012), também na Espanha, adicionaram na analise comparativa os
perfis de sondagens por satélite do Atmospheric Infrared Sounder (AIRS) (AUMANN
et al., 2003). Rosas, Houborg e McCabe (2017), por sua vez, incluiram o produto de
reanalise European Centre for Medium-Range Weather Forecasts (ECMWF) ERA-
Interim (DEE et al.,, 2011), juntamente com os perfis acima mencionados, para

estimar a LST na Arabia Saudita.

Recentemente, estudos incluindo um maior nimero de fontes de perfis
atmosféricos foram realizados. Meng e Cheng (2018) consideraram os perfis de
reandlise: Modern Era Retrospective-Analysis for Research and Applications
(MERRA) (RIENECKER et al., 2011) 1 e 2, ERA-Interim, NCEP FNL e NCEP
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Reanalysis 2 (R2) (KANAMITSU et al.,, 2002) e Japanese Reanalysis (JRA)-55
(KOBAYASHI et al., 2015). A validacéo incluiu perfis distribuidos ao redor do globo e
32 imagens Landsat 8 banda 10 sobre a China. Yang et al. (2020) avaliaram sete
fontes de perfis atmosféricos (AIRS, MODO07, ERA-Interim, MERRA2 e NCEP FNL,
R2, GFS) utilizando 17 estagdes de radiossondas na Europa e medidas in situ de
LST na China. Em geral, as acuracias na estimativa dos parametros atmosféricos e
da LST sdo menores quando sao utilizados perfis derivados de dados de satélite do
que quando sédo aplicados aqueles provindos de reanalises (COLL et al., 2012; LI et
al., 2013a; PEREZ-PLANELLS; GARCIA-SANTOS; CASELLES, 2015; SKOKOVIC;
SOBRINO; JIMENEZ-MUNOZ, 2017; YANG et al., 2020).

Entretanto, perfis de reanalise também possuem limitacbes. Sua resolucio
espacial de alguns graus (variando de acordo com o produto) pode ser considerada
baixa. A acuracia é, via de regra, inferior para regides com menor cobertura de
observatorios permanentes, como € o caso dos oceanos e de muitas zonas no
Hemisfério Sul (ALGHAMDI, 2020; CHEN; LIU, 2016; CHEN et al., 2014). A
descrigao de fendmenos meteorologicos em escalas de tempo variavel e subgrade
pode ser afetada, devido aos dados serem espagados em pontos de grade com
intervalos de tempo de comumente 6 horas (TONOOKA, 2001). Por outro lado,
modernos modelos numéricos de previsdo do tempo e pesquisa atmosférica
proporcionam desempenho computacional e parametrizagcdes de processos fisicos
para refinar dados de reandlise (EVANS; EKSTROM; JI, 2012; ONWUKWE;
JACKSON, 2020; PRASAD; SHERWOOD; BROGNIEZ, 2020). Modelos
atmosféricos de mesoescala utilizam modelos globais de (re)analise como condigdes
iniciais e de contorno para usos locais (HASSANLI; RAHIMZADEGAN, 2019; WEE et
al.,, 2012). Lee et al. (2020) aplicaram modelos de previsdo numérica do tempo
(Numerical Weather Prediction — NWP) de alta resolugéo (1,5 e 12 km), distribuidos
pela Korea Meteorological Administration (KMA), como dados atmosféricos de
entrada para a correcao atmosférica e estimativa de temperatura da superficie do
mar utilizando bandas do Visible Infrared Imaging Radiometer Suite (VIIRS). Esses
dados KMA de NWP s&o restritos a Asia Oriental, mas a abordagem adotada pelos
autores de utilizar modelos de NWP de alta resolugdo combinados com RTM
consiste em um background interessante para estudos relacionados com a corregao

atmosférica de dados de sensoriamento remoto no TIR.
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O modelo Weather Research and Forecasting (WRF) (SKAMAROCK et al.,
2019) é um sistema de modelagem atmosférica desenvolvido tanto para pesquisa
como para NWP. Atualmente, € o modelo de mesoescala mais utilizado no mundo
(POWERS et al., 2017). Nao-hidrostatico, gratuito, comunitario, de cédigo aberto e
com um amplo leque de opgbes de parametrizagdes, o0 modelo WRF proporciona
recursos para uma variedade de aplicagdes em ciéncias atmosféricas (POWERS et
al., 2017; SKAMAROCK et al., 2019; WANG et al., 2019). Diante disso, o WRF tem
sido amplamente empregado para estimar dados meteoroldgicos de alta resolugao
(EVANS; EKSTROM; JI, 2012; FEKIH; MOHAMED, 2019; GONZALEZ-ALONSO DE
LINAJE; MATTAR; BORVARAN, 2019; KIOUTSIOUKIS et al., 2016; MOYA-
ALVAREZ et al., 2020; MYLONAS et al., 2019; ONWUKWE; JACKSON, 2020;
PRASAD; SHERWOOD; BROGNIEZ, 2020).

Sendo assim, é de grande importancia analisar o potencial de utilizacdo do
modelo WRF em gerar perfis atmosféricos de alta resolugédo para, em conjunto com
um RTM, permitir a realizacdo de corre¢cdes atmosféricas e de estimativas de LST
mais precisas. Além disso, a maioria dos estudos que avaliam diferentes fontes de
perfis atmosféricos para recuperacdo de LST foi realizada em areas na Asia e na
Europa. N&o se tem o conhecimento de trabalhos com esse objetivo na América do
Sul. Existe também uma caréncia de estudos que utilizem sistemas de reanalise
mais atuais e precisos, como o ERA5 (HERSBACH et al., 2020) e o NCEP Climate
Forecast System Version 2 (CFSv2) (SAHA et al., 2014), para a corregéo
atmosférica/estimativa de LST (VANHELLEMONT, 2020a, 2020b).

Nesse contexto, o presente estudo tem como objetivo avaliar o desempenho do
modelo numérico WRF para simular perfis atmosféricos de alta resolucéo,
melhorando a resolugdo espacial, vertical e temporal de reanalises globais, em
especial do NCEP CFSv2. Assim, visa avaliar a aplicabilidade desses perfis na
correcao atmosférica de imagens termais e na recuperacdo da LST como uma
alternativa mais precisa a necessidade de uma radiossondagem. Espera-se que a
utilizacdo do modelo WRF para refinar os dados de reanalise resulte em perfis
atmosféricos mais proximos de uma radiossondagem local. Dessa forma, esse
estudo buscara analisar se esse refinamento implicara em menores erros na
corregao atmosférica e em estimativas de LST mais acuradas, em comparagao com

a utilizacao de perfis diretamente extraidos dos dados de reanalise.
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1.1 Objetivo geral

Este estudo tem como objetivo geral avaliar o desempenho do modelo
numeérico atmosférico WRF (Weather Research and Forecasting) na geragao de
perfis atmosféricos verticais para sua posterior aplicagdo em modelos de
transferéncia radiativa, em substituicdo a dados de radiossondagens, visando a

corregao atmosférica de dados de sensoriamento remoto no infravermelho termal.

1.2 Objetivos especificos

e Realizar simulagdes numéricas de perfis atmosféricos com o modelo WRF no
seu modo Advanced Research WRF (ARW) utilizando, como condigbes
iniciais e de contorno, dados de reanalise NCEP CFSv2. Testando dois
conjuntos de esquemas de parametrizagdes fisicas, contendo as duas
parametrizacdes de camada limite planetaria mais utilizadas na literatura:
Yonsei University e Mellor—Yamada—Janjic.

e Avaliar o desempenho do modelo WRF em descrever a distribuicdo vertical de
algumas varidveis meteorologicas, por meio da comparagdo de perfis
simulados com dados de campo provenientes do lancamento de
radiossondas na area de estudo.

e Analisar a aplicagdo dos perfis simulados pelo WRF na estimativa dos
parametros de corregao atmosférica (por meio de um RTM) e de valores de
LST (resolvendo a RTE, em conjunto com dados de radiancia do Landsat 8
TIRS). Utilizando como referéncia os valores calculados a partir de
radiossondagens in situ.

e Examinar o efeito do refinamento da resolugao horizontal dos perfis verticais
na correcao atmosférica e recuperacdo de LST. Comparando os resultados
dos perfis WRF com os da utilizacao de perfis diretamente extraidos de dados
de reanalise NCEP CFSv2 e da Calculadora de Parametros de Corregao
Atmosférica (ACPC).
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2 REFERENCIAL TEORICO

2.1 Sensoriamento Remoto no Infravermelho Termal

Todos os objetos com temperatura superior ao zero absoluto (0 K; -273,15 °C)
emitem radiacdo eletromagnética (REM) (KUENZER et al., 2013; LI et al., 2013c).
Portanto, todas as feigdes encontradas cotidianamente na paisagem terrestre, como
vegetacao, solo, rocha, agua e os seres vivos, emitem REM infravermelha termal na
porcdo correspondente do espectro (JENSEN, 2009). O infravermelho termal
estende-se de comprimentos de onda proximos a 3 um até cerca de 14 ym. Nessa
faixa espectral, 0 mapeamento da superficie terrestre é possivel devido as janelas
atmosféricas existentes nas faixas de 3 a 5 uym e de 8 a 14 ym (LILLESAND;
KIEFER; CHIPMAN, 2015; SABINS, 1986). Nessas janelas, a atmosfera permite que
uma porgao da energia infravermelha seja transmitida do terreno para os detectores
remotos. Os instrumentos de sensoriamento remoto podem ser projetados para
serem sensiveis apenas a energia infravermelha presente nas janelas atmosféricas.
No caso do TIR, os detectores eletrénicos podem ser sensiveis a fotons de energia
radiante infravermelha termal nas duas janelas mencionadas: 3 — 5 ym e 8 — 14 ym
(JENSEN, 2009; KUENZER et al., 2013; SCHMUGGE et al., 2002).

Um conceito fundamental no sensoriamento remoto no TIR é o do corpo negro
— uma entidade tedrica hipotética que absorve e reemite toda a radiagao incidente
sobre ele (TANG,; LI, 2014). A radiagao emitida por um corpo negro é descrita pela
Lei de Planck (Equacédo 1), a um determinado comprimento de onda, em fungao da

temperatura absoluta do mesmo (PLANCK, 1901).

C1 1
B}\(T) = )\S(BCZ/XT _ 1) ( )

onde B, (T) é a radiancia espectral (W m? pm™ sr') de um corpo negro na
temperatura T (em Kelvin) e no comprimento de onda A (um); C; (1,19104 x 108 W

um*m=—=2sr)e C, (14387,7 um K) sdo constantes fisicas da radiag3o.

Todavia, como a maioria dos objetos naturais ndo sao corpos negros ideais, a
emissividade (¢) deve ser levada em consideragado. Essa é definida como a razéo

entre a radiancia de um objeto e a de um corpo negro a uma mesma temperatura. A
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radiancia desse objeto €, portanto, dada pela multiplicagdo de sua emissividade
espectral pela Lei de Planck (LI et al., 2013b, 2013c). O comprimento de onda do
pico de radiagdo monocromatica (comprimento de onda de maxima emissao, A,,4) a
uma determinada temperatura (T) € dado pela Lei do Deslocamento de Wien
(TANG; LI, 2014):

_ 2897,9 [K um] ()

max
T

De acordo com a Equacgao 2, para temperaturas entre 250 e 330 K (a superficie
terrestre apresenta uma temperatura média de 288 K, aproximadamente) o
comprimento de onda de maxima emissao varia de 11,6 a 8,8 ym. A faixa espectral
de 8 — 14 um coincide justamente com a janela atmosférica mencionada
anteriormente. Portanto, essa regido do espectro aplica-se ao monitoramento termal
de alvos como vegetagao, solos, agua e rochas, que apresentam temperaturas
nessa faixa (LI et al., 2013c). Contudo, o ozbnio presente na atmosfera terrestre
caracteriza-se como uma banda de absor¢do na regido de 9,2 — 10,2 um,
absorvendo grande parte da energia termal emitida da superficie terrestre nessa
faixa. Sendo assim, os sensores orbitais no infravermelho termal buscam evitar esta
banda de absorgao e, na pratica, acabam por registrar dados na regido de 10,5 —
12,5 ym (KUENZER et al.,, 2013). O sensor Landsat 8 TIRS (Thermal InfraRed
Sensor), por exemplo, possui bandas termais nas faixas de 10,60 — 11,19 ym e
11,50 — 12,51 pm (IHLEN; ZANTER, 2019; REUTER et al, 2015). Ja para
temperaturas mais elevadas, o pico de emissdo desloca-se para comprimentos de
onda menores. A regido de 3 — 5 ym é especialmente util para o monitoramento de
alvos de elevada temperatura, proximas a 800 K, como incéndios florestais e
atividades geotermais (LI et al., 2013c). Faz-se importante destacar que, no caso
das janelas atmosféricas na faixa de 3 — 5 ym, tem-se o empecilho de que a
radiacao solar refletida ainda pode contaminar o sinal emitido (TIR) (KUENZER et
al., 2013).

Um sensor TIR a bordo de um satélite imageando a superficie terrestre registra
a radiacdo da Terra e de sua atmosfera ao longo de uma linha de visada (LI et al.,

2013c). A partir dessa radiagdo mensurada, é possivel derivar valores de
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temperatura da superficie (LST). No sensoriamento remoto orbital, a LST pode ser
definida como a temperatura radiométrica da superficie correspondente ao campo
de visdo instantdneo do sensor (DASH et al., 2002; PRATA et al.,, 1995). A LST
representa o efeito integrado de um “conjunto” (ensemble) de objetos dentro de um
pixel, portanto também esta relacionada ao dispositivo de aquisicdo e sua resolugao
(BECKER; LI, 1995). Desse modo, faz-se importante diferenciar a LST de outras
definigdes de temperatura, como termodindmica ou cinética. Discussdes a respeito
de conceitos fisicos e nomenclaturas de temperatura podem ser encontradas em
Becker e Li (1995), Cao et al. (2019), Dash et al. (2002) e Norman e Becker (1995).

A radiancia registrada por sensores orbitais TIR € resultante ndo somente dos
parametros da superficie, mas também dos efeitos atmosféricos (LI et al., 2013c;
OTTLE; STOLL, 1993; PRATA et al., 1995). Sendo assim, a estimativa de LST a
partir de dados de sensoriamento remoto requer levar em consideragédo e
compensar efeitos atmosféricos, angulares e de emissividade (DASH et al., 2002). O
presente estudo tem foco na correcao atmosférica. Mais informacdes sobre efeitos
direcionais e calibragdo radiométrica podem ser encontradas em Cao et al. (2019) e
Tang e Li (2014), respectivamente, e de emissividade em Dash et al. (2002), Li et al.
(2013b, 2013c) e Sekertekin e Bonafoni (2020a).

2.2 Corregao atmosférica no TIR

Corrigir os efeitos da atmosfera no TIR, como ja mencionado, € um passo
essencial para a correta utilizagdo dos dados termais, uma vez que o sinal que deixa
um alvo na superficie é tanto atenuado como realgado pela atmosfera (BARSI et al.,
2005). Na regiao espectral de 8 — 14 um, o vapor de agua € o principal responsavel
pelos efeitos atmosféricos, ainda que haja uma banda de absor¢cdo de ozénio
proxima a 9,5 ym (DASH et al., 2002; JIMENEZ-MUNOZ et al., 2010; SOBRINO;
COLL; CASELLES, 1991). A absor¢cdao e o espalhamento por aerossdis sao
insignificantes e, em geral, desprezados (JIMENEZ-MUNOZ et al., 2010; PRATA et
al., 1995). A corregao atmosférica no TIR ndo é simples de ser implementada, uma
vez que, usualmente, requer o conhecimento da distribuicdo do vapor de agua e da
temperatura na atmosfera, e ambos apresentam ampla variabilidade espaco
temporal (DASH et al., 2002; LI et al., 2013c; PERRY; MORAN, 1994; SOBRINO;
COLL; CASELLES, 1991).
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Na grande maioria dos estudos, a corregdo atmosférica no termal ocorre com a
recuperacao de valores de LST da radiancia no TOA, acoplada com a compensagao
dos efeitos da emissividade (JIMENEZ-MUNOZ et al., 2010). Nos ultimos anos,
muitos autores propuseram algoritmos para recuperar a LST com essa abordagem
(BECKER; LI, 1990; CRISTOBAL et al., 2018; DU et al., 2015; GILLESPIE et al.,
1998; JIMENEZ-MUNOZ et al., 2003; JIMENEZ-MUNOZ et al., 2009; MAO et al.,
2005; MENG et al., 2019; PRICE, 1983; QIN; KARNIELI; BERLINER, 2001; YU,
GUO; WU, 2014). Essas metodologias consideram as especificidades de varios
sensores a bordo de diferentes satélites e se utilizam de variadas aproximacoes
para a equacao de transferéncia radiativa e para estimar a emissividade (LI et al.,
2013c).

De acordo com Sekertekin e Bonafoni (2020a), os algoritmos de recuperagao
de LST podem ser, simplificadamente, classificados de acordo com o numero de
bandas TIR que utilizam. Os algoritmos de canal unico (single-channel ou mono-
window) utilizam apenas uma banda TIR, enquanto os multicanais (multi-channel),
em que estdo incluidos os métodos split-window, utilizam mais de uma banda TIR. Li
et al. (2013c) apresentam uma importante revisdo dos métodos de recuperagao de
LST, enquanto outros autores compararam muitos desses algoritmos em diferentes
regides e condi¢cdes atmosféricas e com diferentes resultados (ARABI ALIABAD;
ZARE; GHAFARIAN MALAMIRI, 2021; GARCIA-SANTOS et al., 2018; HIDALGO
GARCIA; ARCO DIAZ, 2021; JIMENEZ-MUNOZ et al., 2010; KAFER et al., 2020a,
2020b; SAJIB; WANG, 2020; SEKERTEKIN; BONAFONI, 2020a, 2020b; WANG; LU;
YAO, 2019; WINDAHL; BEURS, 2016; YU; GUO; WU, 2014). De maneira geral, os
algoritmos split-window s&o bastante populares devido ao seu bom equilibrio entre
simplicidade e desempenho — ndo necessitam de uma alta precisdo nos dados
atmosféricos de entrada (ARABI ALIABAD; ZARE; GHAFARIAN MALAMIRI, 2021;
CHEN et al., 2017; KAFER et al., 2020b). Essas técnicas utilizam duas bandas TIR
(comumente entre 10 e 12 ym) e partem da premissa de que a atenuagdo da
radidncia pela absorcdo atmosférica é proporcional a diferenca entre as medi¢des
simultaneas de radiancia nos dois comprimentos de onda, sendo cada uma sujeita a
diferentes quantidades de absorcdo atmosférica (JIMENEZ-MUNOZ et al., 2014;
MCMILLIN, 1975). Por outro lado, os métodos single-channel possuem metodologias

e teorias, baseadas na fisica, mais robustas, podendo apresentar performance
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superior quando se dispbe de dados precisos do estado da atmosfera (DASH et al.,
2002; JIMENEZ-MUNOZ et al., 2009; KAFER et al., 2020b; YU; GUO; WU, 2014). A
inversdo direta da equacido de transferéncia radiativa, que também pode ser
considerada um método single-channel, € inclusive constantemente aplicada como
referéncia em comparacdes e validacdes (JIMENEZ-MUNOZ et al., 2009, 2014;
SOBRINO; JIMENEZ-MUNOZ; PAOLINI, 2004).

2.2.1 Recuperacédo de LST baseada na RTE

A solucéo inversa da Equacgao de Transferéncia Radiativa (RTE) (PRICE, 1983)
€ um meio direto e, a priori, 0 procedimento mais adequado para recuperagao da
LST utilizando uma unica banda termal (JIMENEZ-MUNOZ et al., 2009). Assumindo
uma atmosfera sob condigdes de céu claro e em equilibrio termodinamico local e a
superficie terrestre como um refletor Lambertiano (DASH et al., 2002; SUSSKIND;
ROSENFIELD; REUTER, 1983), a RTE, aplicada a uma banda/comprimento de

onda (A) em particular, pode ser simplificada conforme a Equacao 3:

L5 = [exBa(Ty) + (1 — &)Ly |ty + L} (3)

onde L5 (W-m™2-sr'’-um™') é a radiancia espectral para a banda TIR
correspondente medida pelo sensor no TOA, ¢, se refere a emissividade da
superficie (adimensional), B, (W-m™2-sr'-um™') é a radiancia do corpo negro, T,
(Kelvin) representa a LST, L} e L} (W-m=2-sr'-um~") sdo referentes as radiancias
atmosféricas de trajetéria descendente (downwelling) e ascendente (upwelling),
respectivamente, e 7, € a transmitédncia atmosférica (adimensional). Assim, a
radiancia emitida por um corpo negro a temperatura T; é dada pela inversdo da

Equacao 3:

= 13— - e
B?\(Ts) =

(4)
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A temperatura da superficie pode ser entdo obtida substituindo e invertendo a

Lei de Planck (Equagao 1) na Equagéao 4-:

-1
1, =2 m( b " 1\ (5)
x )

1sen _ 1 1—¢
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\)\ l ET) ( 1Y ) LA

Quando a RTE ¢é aplicada a uma banda de um sensor especifico, as
magnitudes espectrais sdo calculadas de acordo com a fungao espectral de resposta
dessa banda (JIMENEZ-MUNOZ et al., 2010). Daqui em diante, a notagdo do
comprimento de onda/banda (1) nesses termos espectrais pode ser suprimida por
conveniéncia, uma vez que esta se trabalhando com uma unica banda. Nota-se que
a Equacdo 5 inclui tanto a correcéo dos efeitos atmosféricos (z, L' e L') como de
emissividade da superficie (). A estimativa da LST com base na inversao da RTE
requer conhecimento prévio dos parametros atmosféricos e da emissividade, como

abordado nas sec¢bes a seguir.

2.2.2 Estimativa de parametros atmosféricos com um RTM

Os parametros atmosféricos (z, L' e L') podem ser calculados por meio de um
modelo de transferéncia radiativa (RTM) como os das séries MODTRAN (BERK et
al.,, 2014), 4A/OP (CHAUMAT et al., 2012), 6S (KOTCHENOVA et al., 2006;
KOTCHENOVA; VERMOTE, 2007), libRadtran (EMDE et al., 2016). Dentre esses, o
modelo MODTRAN é amplamente aplicado para a corregao atmosférica no TIR. (LI
et al., 2013c; MALAKAR et al., 2018).

O MODTRAN é um modelo comercial desenvolvido pela Forca Aérea dos
Estados Unidos e pela empresa Spectral Sciences Incorporated. Esse RTM requer
como inputs perfis atmosféricos de temperatura do ar, umidade relativa e pressao
(Segao 2.2.3). As saidas do MODTRAN sao fornecidas na resolugao espectral do

modelo. Portanto, uma integracédo precisa ser realizada entre os limites definidos
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pela curva de resposta espectral da banda do sensor de interesse (TARDY et al.,

2016), como mostra a Equacao 6:

rma yar ()R (W)dA
var (1;) = —== (6)

}\i max
J Ximin Rs()dA

onde R, é a resposta espectral do sensor no comprimento de onda central A; de uma
banda com uma janela espectral de 2; ., — Ajmax- POr sua vez, var refere-se ao

valor do parametro atmosférico (transmitancia, upwelling ou downwelling).

2.2.3 Alternativas de perfis atmosféricos

Perfis verticais atmosféricos sdo essenciais como dados de entrada em RTMs
para a corregao atmosférica de dados TIR. Como mencionado anteriormente, esses
dados sao, em geral, derivados de medigdes com radiossondas, sondagens por
satélite, ou ainda dados globais assimilados em um modelo numérico — reanalises
(DUAN et al., 2018; TONOOKA, 2001; YANG et al, 2020). Perfis de
radiossondagens podem ser considerados a situagdo ideal, uma vez que
caracterizam o estado da atmosfera, em coordenadas especificas, com elevada
precisdo. Contudo, esses perfis estdo disponiveis em locais e horarios limitados (DE
ROSA; DI GIROLAMO; SUMMA, 2020; FILIOGLOU et al., 2017; RAJA et al., 2008).
Sendo assim, alternativas acabam por ser frequentemente utilizadas (MENG;
CHENG, 2018; ROSAS; HOUBORG; MCCABE, 2017).

Dentre as fontes de perfis atmosféricos derivados de dados de satélites,
destacam-se o Atmospheric Infrared Sounder (AIRS) (AUMANN et al., 2003; DIAO et
al., 2013) e os produtos MODO7 (MODIS atmospheric profiles product) (BORBAS;
MENZEL, 2017). Ja no que se refere aos dados de reandlise de sistemas globais de
previsao, sao alternativas frequentes a substituicido de dados de radiossondagem:
NCEP/NCAR (National Center for Atmospheric Research’s) Reanalysis 1 (R1)
(KALNAY et al., 1996) e NCEP/DOE (United States Department of Energy)
Reanalysis 2 (R2) (KANAMITSU et al., 2002), NCEP Final Operational Model Global
Tropospheric Analyses (NCEP FNL) (NCEP et al., 2000), NCEP Global Forecast



26

System (GFS) (NCEP et al., 2007), NCEP Climate Forecast System Reanalysis
(CFSR) (SAHA et al., 2010) e Climate Forecast System Version 2 (CFSv2) (SAHA et
al., 2014), European Centre for Medium-Range Weather Forecasts (ECMWF) Re-
Analysis (ERA-Interim) (DEE et al., 2011) e ERAS5 (HERSBACH et al., 2020), Modern
Era Retrospective-Analysis for Research and Applications (MERRA) (RIENECKER et
al., 2011), e Japanese Reanalysis (JRA) (KOBAYASHI et al., 2015). A Tabela 1

apresenta as principais caracteristicas desses produtos de perfis atmosféricos.

Tabela 1 — Resumo das caracteristicas de diferentes fontes de perfis atmosféricos
aplicados na correcéo atmosférica de dados TIR.

Tipo de Fonte Disponibilidade Resolugao Resolugao Resolugao
dado do dado dos dados temporal espacial vertical
Perfis AIRS 2002 — presente 2 vezesdia 1,0°x1,0° 24 niveis

derivados

de dados

de MODO7 2000 — presente 2 vezes dia S k;nmx S 20 niveis
satélite
NCEPR/Q\ICAR 1948 — presente 6 horas 2,5°x2,5° 28 niveis
NCEgéDOE 1979 — presente 6 horas 2,5°x2,5° 28 niveis
NCEP FNL 1999 — presente 6 horas 1,0°x 1,0° 26 niveis
NCEP GFS 2007 — presente 6 horas 0,5°x0,5° 31 niveis
Perfis NCEP CFSR 1979 — 2011 6 horas 0,5°x0,5° 37 niveis
derivados NCEP _ 0 0 oo
de CESV2 2011 — presente 6 horas 0,5°x0,5 37 niveis
reanalise  ERA-Interim 1979 — 2019 6horas  0,7°x0,7° 37 niveis
0,25° x .
ERAS5 1950 — presente 1 hora 0 250 37 niveis
MERRA 1979 — 2016 3eb6horas 0,5°x0,5° 42 niveis
(o]
MERRAZ2 1980 — presente 3 e 6 horas (())5661( 42 niveis
1,25° x .
JRA-55 1958 — presente 6 horas 1 250 27 niveis

Fonte: Elaboragéo propria.

Barsi; Barker e Schott (2003) propuseram a Calculadora de Parametros de

Corregao Atmosférica (Atmospheric Correction Parameter Calculation — ACPC), uma

ferramenta de acesso publico na web que fornece os trés parametros atmosféricos
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necessarios para a correcdo das bandas termais dos sensores Landsat 5 TM,
Landsat 7 ETM+ e Landsat 8 TIRS (banda 10). A ACPC utiliza perfis globais
atmosféricos interpolados do NCEP FNL para data, hora e local especificos,
fornecidos pelo usuario, como entrada para o cédigo do MODTRAN. Espera-se que
a ACPC possibilite a recuperagao de valores de LST, globalmente, com viés de +2K,
onde a atmosfera é relativamente clara (BARSI et al., 2005). Adicionalmente, a

Calculadora também disponibiliza os perfis verticais interpolados.

Mattar et al. (2015) apresentaram uma base de dados, denominada Global
Atmospheric Profiles derived from Reanalysis Information (GAPRI), que compila
perfis verticais derivados de reanalises com o objetivo especifico de atender a
necessidade desses na estimativa de LST. A base de dados GAPRI inclui 8324
perfis atmosféricos derivados do ERA-Interim, extraidos no ano de 2011, em
condicbes de céu claro e distribuidos ao redor do globo. Os perfis sao
disponibilizados no formato apropriado para serem inseridos no MODTRAN. Ja
Tardy et al. (2016) desenvolveram uma ferramenta em linguagem Python para
estimar LST a partir de imagens termais Landsat, utilizando perfis atmosféricos do
ERA-Interim e o cédigo do MOTRAN. A validagao feita pelos autores indicou valores
de raiz do erro quadratico médio (Root Mean Square Error — RMSE) de 2,55 K e

1,84 K para areas na Franca e na Tunisia, respectivamente.

Adicionalmente, estudos vém sendo apresentados comparando o desempenho
de diferentes fontes de perfis verticais na correcdo atmosférica de dados de
sensoriamento remoto no TIR. Jiménez-Munoz et al. (2010) compararam trés
diferentes fontes de perfis atmosféricos com radiossondagens locais (lancadas
proximas a passagem do sensor). MODO7, NCEP FNL (gerados pela ACPC) e
NCEP/NCAR R1 (modificado). Em termos de valores recuperados de LST, todos os
produtos de perfis apresentaram resultados satisfatéorios em comparacdo aos
obtidos a partir de radiossondagens locais. Os maiores erros foram de 2 K com os

perfis da ACPC para dados do Landsat 5 em uma area agricola na Espanha.

Coll et al. (2012) analisaram a eficiéncia dos perfis de reanalise NCEP
FNL/ACPC e dos provindos de sondagens por satélite AIRS e MODO07, em
comparagao com radiossondagens, para recuperacao de valores de LST em uma
area na Espanha e com dados dos sensores Landsat 7 ETM+, ASTER, MODIS e

AATSR. Os resultados mostraram valores de RMSE de aproximadamente 1 K
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quando utilizados os perfis NCEP FNL/ACPC e MODO07 e entre -1 K e -2 K para os
perfis AIRS. Ja Li et al. (2013a) avaliaram os produtos de perfis verticais NCEP FNL
e MODOQ7 na recuperacao de LST, através de medidas de campo na China e com
dados do sensor HJ-1B Infrared Scanner (IRS). Ambos os produtos de perfis
resultaram em valores de LST em concordancia com as medidas de campo, com
RMSE de 1,16 Ke 1,21 K ao utilizar NCEP FNL e MODOQ7, respectivamente.

Pérez-Planells; Garcia-Santos e Caselles (2015), por sua vez, buscaram
comparar os perfis NCEP FNL (obtidos com a ACPC) e MODO7 com
radiossondagens locais. Neste caso, a analise deu-se por meio da comparagao dos
parametros atmosféricos necessarios para a corregao: upwelling, downwelling e
transmiténcia. O estudo foi realizado em trés estagdes meteoroldgicas na Espanha e
para as bandas 29, 31 e 32 do sensor MODIS. Os resultados da comparag¢ao das
trés fontes de perfis atmosféricos mostraram que os perfis NCEP FNL/ACPC
caracterizaram a atmosfera de maneira mais eficiente do que os perfis MODO7. Os
valores médios dos RMSEs resultantes foram: +0,2 W-m=2 ym~"' sr™! para a radiancia
upwelling; +0,3 W-m=2 uym™' sr™! para a radiancia downwelling; e +0,03 para a
transmitancia atmosférica. Em termos de valores simulados de LST, os erros

produziram um desvio de +0,9 K.

Rosas, Houborg e Mccabe (2017) também avaliaram o impacto de diferentes
perfis verticais na correcao atmosférica e na estimativa da LST. Para tal, utilizaram
perfis derivados de um banco de dados de radiossondagens, de produtos globais de
reanalises (NCEP/NCAR R1 e ERA-Interim) e de sondagens por satélite (AIRS e
MODO7). Sobre uma area agricola em uma zona arida na Arabia Saudita, os
resultados apresentaram um range absoluto médio entre 1,2 K e 1,8 K para solo
exposto e entre 3,3 K e 3,8 K para areas de cultivo de alfafa — com os perfis AIRS
proporcionando as melhores estimativas para a regidao estudada. Meng e Cheng
(2018) compararam oito produtos globais de reanalise (NCEP FNL; NCEP/DOE R2;
MERRA-3h; MERRA-6h; MERRA2-3h; MERRA2-6h; JRA-55; e ERA-Interim) quando
aplicados na correcdo atmosférica de dados da banda 10 do Landsat 8 TIRS. Para
validacdo, foram utilizadas observagbes globais de radiossondagens de 163
estacdes e 32 imagens Landsat 8 TIRS10 sobre a China. Os resultados gerados
com os produtos ERA-Interim e MERRA-6h foram os mais acurados em diferentes

niveis de conteudo de vapor de agua na atmosfera e elevagbes da superficie. Os
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valores globais de viés e RMSE, para LST, foram inferiores a 0,2 K e 1,09 K,

respectivamente.

Recentemente, Yang et al. (2020) analisaram sete fontes de perfis verticais,
contendo tanto dados de reanalise (ERA-Interim, MERRA2, NCEP FNL, NCEP/DOE
R2 e NCEP GFS) como dados derivados de satélites (AIRS e MODO07). O estudo
levou em consideracéo 17 estagcbes de radiossondas na Europa, imagens Landsat 8
TIRS e medidas in situ de LST na China. Os resultados dos autores indicaram
melhores desempenhos, na recuperacédo da LST, quando foram utilizados os perfis
ECMWF, MERRA2, NCEP GFS e NCEP FNL — com valores de RMSE préximos a 1
K para LST, quando comparada com medidas de campo. De maneira geral, os
estudos comparativos mostram um desempenho superior dos perfis de reanalise
quando comparados aqueles provindos de dados de satélites, tanto na estimativa
dos trés parametros atmosféricos como na da LST. A excecédo fica no artigo de
Rosas, Houborg e Mccabe (2017). Esses resultados sao explicados devido a
dificuldade de se sincronizar os dados AIRS e MODO7 com as observacdes globais
de radiossondas e com a passagem de muitos sensores TIR (COLL et al., 2012;
GALVE et al., 2018; MENG; CHENG, 2018).

Ademais, Vanhellemont (2020a, 2020b) utilizou sistemas de reanalise mais
modernos e refinados — CFSv2 e ERAS — para a corregdo atmosférica e estimativa
de LST. Lee et al. (2020), por sua vez, propuseram uma abordagem utilizando
modelos de NWP de alta resolucdo para extrair os dados atmosféricos a serem
aplicados no MODTRAN, com resultados competitivos. Apesar de os autores
utilizarem modelos e dados de NWP disponiveis apenas para a Asia Oriental, esse
recente estudo constitui um passo interessante no que diz respeito a geragédo de
perfis atmosféricos de alta resolugéo, utilizando modelos numéricos, visando o

calculo da LST por sensoriamento remoto.

2.3 Estimativa da Emissividade da Superficie Terrestre a partir do NDVI

A Emissividade da Superficie Terrestre (Land Surface Emissivity — LSE) € um
dos parametros essenciais para calcular a LST a partir de dados de sensoriamento
remoto. Essa &, por definicdo, uma medida da capacidade intrinseca da superficie

de converter a energia térmica em energia radiante. A LSE é uma funcédo da
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composi¢ao, rugosidade e umidade da superficie e também das condigbes de
observacdo da mesma (LI et al, 2013b; SEKERTEKIN; BONAFONI, 2020a;
SOBRINO; RAISSOUNI; LI, 2001). Li et al. (2013b) apresentam uma revisdo e uma
discussao detalhada dos métodos de estimativa de LSE a partir de dados de satélite.
Ja Sekertekin e Bonafoni (2020a) trazem uma tabela contendo uma atualizagao da
revisao do trabalho anterior, mostrando o estado da arte dos métodos de calculo da

LSE, suas categorias e 0s sensores para os quais sao aplicados.

Dentre esses métodos, os baseados no indice de Vegetacdo por Diferenca
Normalizada (Normalized Difference Vegetation Index — NDVI) destacam-se por
serem operacionais e apresentarem resultados satisfatérios (KAFER et al., 2019; LI;
JIANG, 2018; SOBRINO et al., 2008; SOBRINO; RAISSOUNI; LI, 2001; VALOR,;
CASELLES, 1996; VAN DE GRIEND; OWE, 1993; YU; GUO; WU, 2014). Essas
metodologias sdo baseadas na alta correlagao, relatada por Van de Griend e Owe

(1993), entre a LSE e o logaritmo natural do NDVI para uma banda na faixa de 8 —

14 ym:
€ = a+ bIn(NDVI) (7)
sendo,
PNIR — PR
NDV[ = —— 8
PNIR T PR (8)

onde a e b sdo constantes derivadas por analise de regressao para uma area de
estudo (LI et al., 2013b). Japy;r € pr S@0 as reflectdncias das bandas do

infravermelho préximo (Near-InfraRed — NIR) e do vermelho, respectivamente.

Inspirados nos trabalhos de Van de Griend e Owe (1993) e Valor e Caselles
(1996), Sobrino e Raissouni (2000) e Sobrino et al. (2008) propuseram o NDVI
THresholds Method (NDVIT™MM). Essa metodologia utiliza certos valores de NDVI
(thresholds = limiares) para distinguir pixels entre: solo exposto (NDVI < NDVIs),
vegetados (NDVI > NDVIy) e pixels compostos tanto por solo como por vegetagao
(NDVIs < NDVI < NDVIyv). Sendo assim, a LSE dos pixels de uma imagem, de uma

determinada banda (1), é estimada de acordo com os seguintes critérios:
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@, + bypr NDVI < NDVI,
& = 1Py +ea(l—Py) +de, NDVIg < NDVI < NDVI, (9)
Eva + dé‘)\ NDVI > NDVIV

onde a, e b, sao coeficientes obtidos por regressdao e dependentes da banda
utilizada, NDVIs e NDVIv sdo os valores de NDVI limiares adotados para pixels de
solo exposto e completamente vegetados, respectivamente. Esses limiares podem
ser estimados através do histograma de toda cena ou adotados valores globais de
referéncia (em geral, NDVIs = 0,2 e NDVI\y = 0,5) (DASH et al., 2005; LI et al., 2013b;
SEKERTEKIN; BONAFONI, 2020a; SOBRINO et al., 2008; SOBRINO; JIMENEZ-
MUNOZ; PAOLINI, 2004; SOBRINO; RAISSOUNI, 2000).&, € &, Sdo as
emissividades, em um comprimento de onda especifico, atribuidas a vegetacao e ao
solo, respectivamente, e ambas podem ser obtidas de medidas de campo ou de
bibliotecas espectrais (LI et al., 2013b). Py € a proporgao de vegetacao (ou fragao de
cobertura) e pode ser obtido a partir do NDVI (CARLSON; RIPLEY, 1997):

NDVI — NDVI; 1?
NDVI, — NDVI,

P = | (10)

de, € um termo que leva em consideragdao o “efeito de cavidade” (SOBRINO;
CASELLES; BECKER, 1990; VALOR; CASELLES, 1996) devido a rugosidade da
superficie (de; = 0, para uma superficie plana). Pode ser calculado baseado na
geometria da superficie, utilizando o modelo proposto por Sobrino; Caselles e
Becker (1990):

dey = e (1—e)enF (1—-Py) (11)

onde F' é um fator geométrico que varia de 0 a 1, dependendo da distribuicdo da
geometria da superficie. Por nao poder ser estimado por sensoriamento remoto
(visivel, NIR e TIR), frequentemente o valor médio de 0,55 é adotado (SOBRINO et
al., 2008; SOBRINO; JIMENEZ-MUNOZ; PAOLINI, 2004; SOBRINO; RAISSOUNI,
2000).
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Devido a sua simplicidade e operacionalidade, o NDVI™™ vem sendo
amplamente aplicado com variados sensores orbitais. Sobrino et al. (2008)
destacam que o método, por trabalhar apenas com bandas do visivel e do NIR
(VNIR), possibilita: sua aplicagdo, na recuperacao de LST, em sensores com apenas
uma banda na regido do TIR e, também, o mapeamento da emissividade com uma
resolucao refinada, uma vez que as bandas no VNIR apresentam, em geral, maior
resolucdo espacial que as do TIR. E ainda ndo é necessaria uma correcao
atmosférica acurada das bandas VNIR para estimar os valores de Py. Jiménez-
Mufioz et al. (2009) testaram essa sensibilidade a correcdo atmosférica no calculo
da Py e concluiram nao haver grandes necessidades de realizar corregdes
atmosféricas e radiométricas para a estimativa da Py a partir de valores de NDVI

escalonados (Equacao 10) — no que se refere a recuperagdo de LST como obijetivo.

Os fatores limitantes do NDVI™™M residem, principalmente, no conhecimento da
emissividade dos solos, que em alguns casos pode se fazer necessaria, e na
impossibilidade de sua aplicagdo em algumas superficies como agua, neve, gelo e
rochas (SOBRINO et al.,, 2008). Ademais, a estimativa de LSE por satélite sobre
areas urbanas ainda é um desafio e, portanto, invariavelmente, os diversos métodos
existentes, incluindo aqueles baseados no NDVI, irdo apresentar erros nesses
ambientes (OLTRA-CARRIO et al., 2012). Por outro lado, estudos recentes
constataram que estimativas mais precisas de LSE nao resultam em um aumento na
acuracia da LST recuperada (NEINAVAZ; SKIDMORE; DARVISHZADEH, 2020) e
que bons resultados no calculo da LST podem ser obtidos até mesmo fixando a
emissividade como 1 (VANHELLEMONT, 2020b). Por fim, é interessante destacar a
analise comparativa realizada por Sekertekin e Bonafoni (2020a, 2020b), na qual os
autores estudam seis métodos de estimativa de LSE baseados no NDVI para

bandas termais Landsat.

2.4 Dados de satélite: Landsat 8

2.4.1 Viséo geral

A missao Landsat vem proporcionando dados de observacdo da superficie

terrestre, em resolugdo espacial moderada, por quase 50 anos. O Landsat 8,
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lancado em fevereiro de 2013, € o mais recente satélite operacional da série. Esse
possui dois sensores: o Operational Land Imager (OLI), que coleta dados em oito
bandas no espectro refletido (VNIR e infravermelho de ondas curtas (Short
Wavelength InfraRed — SWIR)) com resolugdo especial de 30 m, além de uma
banda pancromatica com resolugéo de 15 m; e o Thermal InfraRed Sensor (TIRS),
com duas bandas nos comprimentos de onda do termal com resolugcao espacial de
100 m, reamostradas e disponibilizadas em 30 m para serem consistentes com as
bandas OLI (IHLEN; ZANTER, 2019; ROY et al., 2014). O periodo de revisita do
Landsat 8 € de aproximadamente 16 dias. A Tabela 2 traz um resumo das

caracteristicas das bandas do Landsat 8.

Tabela 2 — Principais caracteristicas das bandas do satélite Landsat 8.

Sensor Numero da “Nome” da Comprimento de Resol_ugéo
banda banda onda (um) espacial (m)

1 Costa/aerossol 0,43-0,45 30

2 Azul 0,45-0,51 30

3 Verde 0,53-0,59 30

4 Vermelho 0,64 - 0,67 30

OLI 5 NIR 0,85-0,88 30

6 SWIR 1 1,57 — 1,65 30

7 SWIR 2 2,11-2,29 30

8 Pancromatica 0,50-0,68 15

9 Cirrus 1,36 — 1,38 30

10 TIRS 1 10,60 — 11,19 100

TIRS
11 TIRS 2 11,50 — 12,51 100

Fonte: Elaboragéo propria. Adaptado de lhlen e Zanter (2019).

2.4.2 O sensor TIRS

Em termos de dados termais, a série Landsat oferece uma oportunidade
interessante para recuperagdo de LST devido a sua disponibilidade de dados (de
1984, com o Landsat 4, até o presente) e resolugao (YU; GUO; WU, 2014). Assim,

as imagens TIR da missdo vém sendo amplamente aplicadas em estudos de
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balanco de energia, ilhas de calor, agricultura, desastres naturais, atividades
geotermais e gestdo de recursos hidricos (ANDERSON et al., 2012; GEMITZI;
DALAMPAKIS; FALALAKIS, 2021; KHANAL; FULTON; SHEARER, 2017; LEMUS-
CANOVAS et al., 2020; ROCHA et al., 2020; SOBRINO et al., 2016; TAVARES et
al., 2020; WANG et al., 2015).

Como mencionado anteriormente, o sensor TIRS do Landsat 8 conta com duas
bandas termais (10 e 11, Figura 1). Todavia, em novembro de 2013, a equipe de
calibragdo do Landsat alertou sobre o problema de Stray Light no sensor, que
resultava em um erro consideravel de calibracdo radiométrica absoluta para as
imagens TIRS (BARSI et al., 2014; MONTANARO et al., 2014a, 2014b; REUTER et
al., 2015). Essa imprecisdo na calibracdo afetava em especial a banda 11,
dificultando a aplicacdo de métodos split-window. Portanto, o United States
Geological Survey (USGS) passou a recomendar o uso de algoritmos single-
channel, utilizando a banda 10, para recuperar LST (CRISTOBAL et al., 2018; GUO
et al., 2020; SEKERTEKIN; BONAFONI, 2020b). Além disso, a banda 10 esta
localizada em uma regido de menor absor¢cdo atmosférica (altos valores de
transmitancia), o que torna o seu uso preferivel para os métodos de canal unico
(JIMENEZ-MUNOZ et al., 2014).

Figura 1 — Funcao resposta espectral das bandas do sensor TIRS do Landsat 8.
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9 10 1 12 13 14
Comprimento de onda [um]

Fonte: Elaboragéo prépria.
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Cabe destacar que estudos visando calibragao e correcao dos erros devido ao
Stray Light continuaram em progresso, com algoritmos sendo propostos (GERACE;
MONTANARO, 2017; MONTANARO; GERACE; ROHRBACH, 2015), e a ultima
atualizacdo do USGS nesse sentido € de dezembro de 2019 (usgs.gov/core-science-
systems/nli/landsat/landsat-8-oli-and-tirs-calibration-notices). ~ Analises  recentes
dessa recalibragdo das bandas do sensor TIRS e da corregcao do efeito Stray Light

podem ser encontradas em Guo et al. (2020) e Niclos et al. (2021).

2.5 O Modelo WRF

Como o préprio nome indica, o WRF € um sistema de simulagdo atmosférica
desenvolvido tanto para aplicagdes operacionais (NWP) como para pesquisa.
Disponibilizado para o publico em 2000, o WRF é um modelo de mesoescala de
ultima geracédo, sendo, atualmente, o modelo atmosférico mais utilizado no mundo.
Ainda que oficialmente seja mantido pelo NCAR, o WRF recebe contribuicées de
uma base mundial de usuarios, o que o torna um legitimo modelo comunitario.
Dessa forma, estda em constate aperfeicoamento e oferece uma variedade de
recursos para uma ampla gama de aplicagées na previsdo/simulagdo de sistemas
terrestres como hidrologia, poluigdo atmosférica, furacdes, energia solar e edlica,
incéndios florestais, simulagdes climaticas e meteorologia urbana (POWERS et al.,
2017; SKAMAROCK et al., 2019).

O processo de realizacdo das simulacbes atmosféricas no WRF se divide,
basicamente, em trés etapas: a primeira, destina-se a configurar os dominios do
modelo, isto é, inserir os dados de entrada e preparar as condigdes iniciais e de
contorno; ja a segunda consiste na execugao do modelo numérico propriamente dito;
e a terceira etapa € a de pos-processamento e visualizacdo dos dados. As
simulagdes iniciam com o sistema de pré-processamento do WRF - o WRF
Preprocessing System (WPS). Primeiramente, o WPS extrai informagdes
geograficas (como topografia e uso do solo) para os dominios configurados pelo
usuario. Em seguida, incorpora, reformata e interpola os dados atmosféricos
necessarios para serem utilizados como condigdes iniciais no modelo (por exemplo,
os dados de (re)analise de um modelo global), também de acordo com os dominios
configurados para a simulacdo (POWERS et al., 2017; SKAMAROCK et al., 2019).
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Esses inputs s&o distribuidos nos niveis verticais do modelo e as condigbes de
contorno laterais sdo geradas. O modelo WRF esta entdo pronto para ser
executado. Isso é feito pelo componente de previsdo que contém o nucleo
solucionador dindmico e os pacotes de parametrizagdes fisicas para processos
atmosféricos que nao podem ser representados explicitamente pelo modelo
numérico (ver Seg¢ao 2.5.1). Existem dois nucleos dindmicos na estrutura de
software do WRF: o nucleo de Pesquisas Avangadas (Advanced Research WRF —
ARW), desenvolvido primeiramente no NCAR, e o Nonhydrostatic Mesoscale Model
(NMM), desenvolvido pelo NCEP. Por fim, apds serem realizadas as simulagoes
numeéricas, ocorre o poés-processamento das informacdes, isto €, a extragdo dos
dados de interesse, sua leitura, verificacdo e disponibilizacdo para uma ferramenta
grafica de visualizagao, para que, entdo, sejam realizadas a geragao e a analise de
resultados (POWERS et al., 2017; SKAMAROCK et al., 2019; WANG et al., 2019).

A Figura 2 apresenta um fluxograma do sistema de modelagem do WRF-ARW,
onde as etapas utilizadas no presente estudo estdo destacadas pelas células
coloridas em tons de verde. Cabe salientar que o WRF apresenta também: a
possibilidade de ser configurado para simulagdes idealizadas; um sistema de
assimilacao de dados — o WRF Data Assimilation System (WRFDA); e modelos
acoplados especializados, como o WRF-Chem (quimica atmosférica), o WRF-Hydro
(modelagem hidrologica) e o WRF-Fire (modelagem de incéndios florestais). Mais
detalhes a respeito dos componentes e operacdo do WRF, além das equacdes
governantes do modelo, podem ser encontrados em Skamarock et al. (2019) e
Wang et al. (2019).
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Figura 2 — Fluxograma do sistema de modelagem do WRF-ARW. As etapas que
foram utilizadas neste projeto estdo destacas nas células coloridas do fluxograma.
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Fonte: Elaboragao propria. Adaptado de Wang et al. (2019).

2.5.1 Parametrizacdo de camada limite atmosférica no WRF

Muitos processos fisicos importantes da atmosfera ndo podem ser resolvidos
completamente por um modelo numérico e, por tanto, precisam ser parametrizados.
Os esquemas de parametrizacao descrevem a contribuicdo desses fenbmenos “nao
resolvidos” em termos de variaveis resolvidas na grade discreta do modelo
(GARCIA-DIEZ et al., 2013; STENSRUD, 2007; XIE et al., 2012). Dentre esses
processos, a parametrizacédo de camada limite planetaria (Planetary Boundary Layer
— PBL) é crucial para a simulagdo de variaveis meteorolégicas (HU; NIELSEN-
GAMMON; ZHANG, 2010; JIA; ZHANG, 2020). A PBL ¢é a por¢ao da troposfera mais
préxima da superficie, sendo caracterizada pelo atrito e mistura turbulenta (STULL,
2017). Essa camada desempenha um importante papel no transporte de energia
para os niveis superiores da atmosfera e atua como um mecanismo de feedback na

circulagao atmosférica.



38

Os esquemas de parametrizagdo de PBL s&o responsaveis pela representacéo
da transferéncia de calor, umidade e momento entre a superficie e a atmosfera, pelo
mecanismo dominante — fluxos turbulentos, que néo é resolvido explicitamente pelos
modelos numéricos (HOLT; RAMAN, 1988; STENSRUD, 2007; STULL, 2017). A
espessura e a estrutura da camada limite sdo determinadas pelas propriedades
fisicas e térmicas da superficie subjacente, juntamente com a dindmica e a
termodinamica da baixa atmosfera (BOADH et al., 2016; GARRATT, 1994; MADALA;
SATYANARAYANA; RAO, 2014).

Uma simulagdo acurada da estrutura da PBL é fundamental para pesquisas
atmosféricas, NWP e estudos ambientais. Perfis verticais de temperatura e vapor de
agua, por exemplo, podem apresentar variagdes entre os esquemas de PBL dentro
da mesma e, em consequéncia, ao longo de toda coluna atmosférica e todo dominio
do modelo (CHAOUCH et al., 2017; CUCHIARA et al., 2014; HARIPRASAD et al.,
2014; HU; NIELSEN-GAMMON; ZHANG, 2010; XIE et al., 2012). Além disso, € na
camada limite que estao localizadas as maiores concentragdes de vapor de agua da
atmosfera, o que reforca a importancia dessa camada para a corregcao atmosférica
de imagens TIR (JIMENEZ-MUNOZ et al., 2010; SOBRINO; COLL; CASELLES,
1991).

O Modelo WRF apresenta uma variedade de opgdes de esquemas de
parametrizagoes fisicas, e ndo é diferente para os esquemas de PBL. Esses podem
ser classificados em dois grupos principais: esquemas de fechamento local e nao-
local. Nos esquemas de fechamento local, apenas os niveis verticais imediatamente
adjacentes a um dado ponto influenciam diretamente a estimativa das variaveis
nesse ponto. Ja os esquemas de fechamento n&o-local, podem utilizar multiplos
niveis verticais para estimar variaveis em um dado ponto (COHEN et al., 2015;
ONWUKWE; JACKSON, 2020). Estudos analisando a sensibilidade do WRF a
diferentes esquemas de parametrizagdo de PBL vém sendo realizados ao longo dos
anos (BANKS et al., 2016; CONIGLIO et al., 2013; CUCHIARA et al., 2014; FEKIH;
MOHAMED, 2019; HARIPRASAD et al., 2014; HU; NIELSEN-GAMMON; ZHANG,
2010; MADALA; SATYANARAYANA; RAO, 2014; ONWUKWE; JACKSON, 2020;
SHIN; HONG, 2011; TYAGI et al., 2018; XIE et al., 2012, 2013). De maneira geral,
diferentes resultados foram reportados e as conclusdes tém dependéncia local,
sazonal, temporal e da variavel analisada (DE LANGE et al., 2021; GARCIA-DIEZ et
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al., 2013). Portanto, a realizacdo de estudos locais € de suma importancia
(CHAOUCH et al., 2017).

Nesse trabalho, foram avaliados os dois esquemas de parametrizagcdo de PBL
mais utilizados pela comunidade cientifica — um de fechamento local e outro de
fechamento nao-local. Nas seg¢des a seguir, € apresentada uma breve descrigdo
desses esquemas. Cohen et al. (2015) e Jia e Zhang (2020) proporcionam revisdes
sobre os esquemas de camada limite disponiveis no modelo WRF. Mais informacdes
sobre as opg¢des de parametrizacbes de PBL no WRF podem ser encontradas
nesses estudos, bem como nos manuais do modelo (SKAMAROCK et al., 2019;
WANG et al., 2019).

2.5.2 Os esquemas de PBL Yonsei University e Mellor—Yamada—Janjic

O esquema Yonsei University (YSU) (HONG; NOH; DUDHIA, 2006) € um
esquema de primeira-ordem, de fechamento nao-local, com um tratamento explicito
do topo da camada limite (SIUTA; WEST; STULL, 2017). Esse esquema veio como
uma evolugdo do esquema Medium-Range Forecast Model (MRF) (HONG; PAN,
1996). O esquema YSU geralmente trabalha melhor sob condigbes atmosféricas
instaveis/convectivas. O oposto ocorre para condigdes estaveis, uma vez que essa
configuracdo tende a subestimar a razdo de mistura do vapor de agua devido a
grande quantidade de mistura vertical provinda dos grandes turbilhes (CHAOUCH
et al.,, 2017; SHIN; HONG, 2011). Em camadas limites convectivas diurnas, pode vir
a produzir condigdes muito quentes e secas na PBL, resultantes do overmixing
(CONIGLIO et al., 2013). O esquema YSU ¢é considerado o esquema de
parametrizacao de PBL mais utilizado na literatura (JIA; ZHANG, 2020).

Por sua vez, o esquema Mellor—Yamada—Janjic (MYJ) (JANJIC, 1994) é de
fechamento local e de “uma ordem e meia” (“1.5-order”). O fechamento local implica
que apenas pequenas contribuicdbes sejam consideradas para a distribuicdo da
energia cinética turbulenta (equagao prognéstica), uma vez que esse néo considera
os impactos dos efeitos nao-locais (JIA; ZHANG, 2020; SIUTA; WEST; STULL,
2017). Tradicionalmente, a utilizacdo do esquema MYJ gera bons resultados em
atmosferas estaveis, mas, por outro lado, tende a gerar condi¢des muito frias e
umidas proximas a superficie para camadas limites convectivas diurnas — resultado

da pouca mistura na camada (CONIGLIO et al., 2013). Devido ao seu baixo custo
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computacional em relagdo a outros esquemas de PBL, o MYJ & amplamente
aplicado. Pode ser considerado o mais popular entre os esquemas locais, ficando
atras apenas do YSU, quando considerados todos os tipos de fechamentos (JIA;
ZHANG, 2020). As equacgdes envolvidas nos dois esquemas de PBL aqui
apresentados podem ser encontradas nos artigos de referéncia dos mesmos
(HONG; NOH; DUDHIA, 2006; JANJIC, 1994).
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3 RESULTADOS E DISCUSSOES
3.1 Artigo 1: Reanalysis profile downscaling with WRF model and sensitivity to

PBL parameterization schemes over a subtropical station

Artigo publicado no periddico “Journal of Atmospheric and Solar-Terrestrial
Physics” e que visa atender os dois primeiros objetivos especificos da presente

dissertacao.

DIAZ, L. R. et al. Reanalysis profile downscaling with WRF model and sensitivity
to PBL parameterization schemes over a subtropical station. Journal of
Atmospheric and Solar-Terrestrial Physics, v. 222, p. 105724, 2021.
Disponivel em: https://linkinghub.elsevier.com/retrieve/pii/S1364682621001784.
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Atmospheric profiles are essential in weather prediction, atmospheric research, and satellite data calibration. In
this study, we assess the use of the Weather Research and Forecasting (WRF) model to downscaling NCEP
Climate Forecast System Version 2 (CFSv2) reanalysis atmospheric profiles. Moreover, a sensitivity analysis was
conducted to Yonsei University (YSU) and Mellor-Yamada—Janjic (MYJ) Planetary Boundary Layer (PBL)
parameterization schemes. WRF simulations were carried out using two nested grids with horizontal resolutions
of 12 and 3 km. Simulated profiles were evaluated against radiosonde observations in Southern Brazil. Results
indicate that WRF can skillfully simulate vertical profiles of water vapor mixing ratio (q) and potential tem-
perature (). The entire profile comparison yielded high correlation coefficients (mostly higher than 0.9), low
moist and cold average biases, and overall RMSE (MAE) of 0.84 (0.44) g/Kg and 2.30 (1.61) K for g and 6,
respectively. In the lower troposphere (0-3 km), errors are larger for g and lower for . Statistically, there is no
significant difference in the retrieved profiles on increasing the horizontal resolution. The setting choice is a
compromise between spatial detail needs and computational cost. Furthermore, the overall results did not
indicate any particular PBL scheme that stands out in all case days. The performance depends on the meteo-
rological conditions that prevail in the different cases. The WRF model and even data directly from NCEP CFSv2
reanalysis are useful to represent the vertical structure of the atmosphere when local radiosondes are not
available.

1. Introduction profiles are required for Numerical Weather Prediction (NWP) (Naakka
et al., 2019; Turner et al., 2000; Zhao et al., 2020) and in the atmo-
spheric correction of optical satellite imagery (Jiménez-Munoz et al.,

2010).

The vertical distribution of atmospheric parameters is crucial to
understand global atmospheric circulation, hydrologic cycle, and local

dynamic processes (Chang et al., 2020; Hassanli and Rahimzadegan,
2019; Sobrino et al., 2015). Accurate monitoring on global and regional
scales of temperature and water vapor is essential for assessing climate
changes (Chang et al., 2020; Hersbach et al., 2020; Rao et al., 2020;
Sobrino et al., 2015) These parameters play a key role in Earth’s energy
balance and thermodynamic state of the atmosphere (De Rosa et al.,
2020; Held and Soden, 2000; Jiang et al., 2019; Sherwood et al., 2010;
Thorne et al., 2005). Moreover, temperature and water vapor vertical

* Corresponding author.

Radiosonde profiles characterize the atmospheric conditions at a
specific location with high accuracy. Nevertheless, they are available
only in limited sites (mostly in or near urban settlements) and times
(typically 00:00 and 12:00 UTC) (De Rosa et al., 2020; Filioglou et al.,
2017; Raja et al., 2008). Radiosondes are also high in cost and their
observational networks are geographically sparse in South America
(Chang et al., 2020; Diaz et al., 2020; Li et al., 2003; Xu et al., 2015).
Thus, radiosonde-recorded data are particularly regarded as the truth
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value in atmospheric research and for calibration and validation of
satellite data (Divakarla et al., 2006; Meng and Cheng, 2018; Rao et al.,
2020; Zhao et al., 2020). Reanalysis profiles from global NWP models
supply a practical alternative to the radiosondes spatial constraint and
provide a flexible temporal resolution that can match the applications
demands (Rosas et al., 2017). These datasets are global gridded with an
extended homogeneous time series, i.e., no spatial and temporal gaps
(Alghamdi, 2020; Chen and Liu, 2016; Dee et al., 2011). They are
delivered at low spatial resolution (several degrees) each 1, 3, or 6 h,
varying for each product (Wang and Zeng, 2012; Yang et al., 2020). To
this end, NWP outputs, data assimilation techniques, and observations
from several variables and sources are integrated (Alghamdi, 2020;
Mooney et al., 2011).

A remarkable application of reanalysis profiles is in the atmospheric
correction of remote sensing data (from visible to thermal infrared
spectral regions) to retrieve accurate bio-geophysical parameters from
the Earth surface. Regarding the TIR range, the water vapor is the main
constituent involved in the signal atmospheric perturbation
(Jiménez-Munoz et al., 2010; Li et al., 2013). Thermal infrared (TIR)
remote sensing is a singular way of estimating the land surface tem-
perature (LST) from different scales (Meng and Cheng, 2018; Rosas
et al., 2017) and this variable is a key element connected to the surface
energy exchange (Tardy et al., 2016). Consequently, LST is a powerful
tool in studies of evapotranspiration (Rocha et al., 2020), geothermal
activity (Chan et al., 2018), forest fire detection (Maffei et al., 2018),
drought monitoring (Khanal et al., 2017), urban heat islands (Lemus--
Canovas et al., 2020), and natural disasters (Sekertekin et al., 2020).

Even though global reanalysis data are largely applied in scientific
research, their precision is usually lower for regions with poor perma-
nent observatories coverage, such as the oceans and many Southern
Hemisphere countries (Alghamdi, 2020; Chen and Liu, 2016; Chen et al.,
2014; Tonooka, 2001). Their accuracy of meteorological phenomena on
a sub-grid or variable time scale can be affected since they are spaced at
grid points with time intervals of typically 6 h (Tonooka, 2001). Addi-
tionally, due to differences mainly in local atmospheric processes and
topography, reanalysis data efficiency is local, time, and weather
dependent (Alghamdi, 2020; Mooney et al., 2011; Schafer et al., 2003).
Thus, most studies assessing reanalysis sources performance have not
demonstrated broad conclusions due to varied regional climatic condi-
tions (Alghamdi, 2020; Bao and Zhang, 2013, 2019). Chen et al. (2014)
pointed out that reanalysis datasets may have uncertainties at a regional
scale and care should be taken when using these data for specific sites.
Therefore, coarse global reanalysis may not be appropriate for local
studies (Hassanli and Rahimzadegan, 2019).

Contemporary numerical weather models own greater computer
capabilities and physical processes parameterizations to refine the res-
olution of reanalysis data. Using global models outputs as initial and
boundary conditions, mesoscale atmospheric models are applied for
local research and forecast purposes (Hassanli and Rahimzadegan, 2019;
Wee et al., 2012). The Weather Research and Forecasting (WRF) model
(Skamarock et al., 2019) is a next-generation atmospheric modeling
system designed for both NWP and meteorological research.
Non-hydrostatic, open-source, free, and community-based, the WRF
model supply specialized assets for a diversity of applications in Earth
systems (Powers et al., 2017).

The WRF is among the most employed mesoscale models for simu-
lating high-resolution meteorological data (Fekih and Mohamed, 2019;
Hassanli and Rahimzadegan, 2019; Knievel et al., 2007; Powers et al.,
2017). However, many atmospheric phenomena cannot be completely
resolved by the numerical model and need to be parameterized.
Parameterization schemes represent the contribution of these unre-
solved physical processes in terms of variables resolved at the model
discrete grid (Garcia-Diez et al., 2013; Stensrud, 2007; Xie et al., 2012).
Among them, the Planetary Boundary Layer (PBL) parameterization is
crucial to the simulation of meteorological properties (Hu et al., 2010;
Jia and Zhang, 2020; Xie et al., 2012). PBL is the portion of the
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troposphere closest to the ground level, characterized by friction and
turbulent mixing (Stull, 2017). It plays a key role in the transportation of
energy (momentum, heat, moisture) into the upper layers of the atmo-
sphere and acts as a feedback mechanism in atmospheric circulation
(Boadh et al., 2016; Garratt, 1994; Madala et al., 2014; Stull, 2017).
Vertical profiles of water vapor and temperature may display variations
among the PBL schemes across the boundary layer depth and subse-
quently the entire atmospheric column and the whole model domain
(Chaouch et al., 2017; Cuchiara et al., 2014; Hariprasad et al., 2014; Hu
et al., 2010; Xie et al., 2012). Furthermore, the largest concentrations of
atmospheric water vapor are in the PBL, which reinforces its importance
for TIR satellite imagery atmospheric correction (Jiménez-Munoz et al.,
2010; Sobrino et al., 1991).

The WRF model has a wide range of physical parameterization op-
tions, including the boundary layer ones. A number of sensitivity studies
to PBL schemes have been carried out with WRF (Banks et al., 2016;
Coniglio et al., 2013; Cuchiara et al., 2014; de Lange et al., 2021; Fekih
and Mohamed, 2019; Hariprasad et al., 2014; Hu et al., 2010; Madala
et al., 2014; Onwukwe and Jackson, 2020; Shin and Hong, 2011; Tyagi
et al., 2018; Xie et al, 2012, 2013). In general, different results were
reported and conclusions are site-specific. Thus, local studies should be
performed for a precise evaluation (Chaouch et al., 2017). Additionally,
Garcia-Diez et al. (2013) demonstrated that the WRF performance using
different PBL parameterizations is influenced by the distinct atmo-
spheric conditions at different times of day and seasons of the year.

Most of these studies evaluating PBL schemes (as well as for the other
physical parameterizations) are basically distributed in North America,
Europe, and Asia (Jia and Zhang, 2020). There is a general lack of
sensitivity studies on the effect of different PBL parameterization
schemes over South America (Gonzalez-Alonso de Linaje et al., 2019;
Moya—AlvareZ et al., 2020; Ruiz et al., 2010; Santos and Nascimento,
2016). Besides, the majority of these works analyze surface parameters
(e.g., temperature, relative humidity, and wind speed/direction), PBL
height, turbulent diffusion coefficients, and vertical profiles of potential
temperature, water vapor mixing ratio, and wind speed within PBL
depth. Few papers look over the influence of PBL schemes in the entire
atmospheric profile (Chaouch et al., 2017; Prasad et al., 2020).

This work aims to evaluate the potential of the WRF as a tool to
downscaling reanalysis atmospheric profiles to their use in future as-
sessments for atmospheric correction of TIR remote sensing images. We
expect to generate high-resolution vertical profiles as an alternative to
the need for a radiosonde. This study conducts WRF simulations using as
initial and boundary conditions the National Centers for Environmental
Prediction (NCEP) Climate Forecast System Version 2 (CFSv2) (Saha
et al., 2014) reanalysis data. In addition, a sensitivity analysis was car-
ried out with the two widely used PBL schemes: the nonlocal Yonsei
University (YSU) (Hong et al., 2006) and the local Mel-
lor-Yamada-Janjic (MYJ) (Janji¢, 1994). Since each PBL scheme is tied
to a particular surface-layer scheme, Revised MM5 (Jiménez et al.,
2012) and Eta Similarity (Janji¢, 1994, 1996, 2002; Monin and Obu-
khov, 1954) schemes were used, respectively. The model simulations
were evaluated with available radiosonde observations at a station in
Southern Brazil. We analyzed water vapor and temperature profiles in
the lower troposphere and throughout the entire model atmospheric
column.

2. Study area and case days

In this study, the radiosonde station of the Porto Alegre International
Airport, Rio Grande do Sul State, Brazil was selected as the study area.
The station is located at 30.00° S and 51.18° W, with a 3.0 m elevation
above mean sea level. The station’s global identifier name is SBPA and
its number is 83971. The local climate is subtropical humid with hot
summers (Cfa), in Koppen’s climate classification (Alvares et al., 2013),
with a mean annual air temperature of 19.6 °C, annual precipitation
around 1397 mm, and mean annual relative humidity of 76.1%
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(Matzenauer et al., 2011). Fig. 1 shows the location of the SBPA station.
In this station, radiosondes are launched twice a day, at 00:00 and 12:00
UTC.

As we are particularly interested in the performance of high-
resolution vertical profiles for atmospheric correction of TIR remote
sensing data purposes, the study is developed only for dates coinciding
with the Landsat 8 overpass and under clear-sky conditions. Table 1
shows the dates used in this paper, i.e., the 27 days when clear-sky
Landsat 8 images were available from 2013 to 2019.

3. Data and methods
3.1. In situ radiosonde observations

Radiosonde consists of sensors (temperature, pressure, and humidi-
ty) integrated into a light structure, which is released into the atmo-
sphere by a meteorological helium balloon. The meteorological
variables are measured and transmitted to the surface by radio signals
with the aid of a ground station. The radiosonde launch allows charac-
terizing the vertical structure of the atmosphere with profiles of air
temperature, pressure, humidity. Here, radiosonde data of SBPA were
obtained from the University of Wyoming website (http://weather.uw
yo.edu/upperair/sounding.html) for the 27 days presented in Table 1.
This dataset features profiles with up to 99 vertical levels. We used the
12:00 UTC radiosonde profiles, once it is the closest time to the Landsat
8 crossing time over the study area (~13 UTC). The radiosonde obser-
vations were used as the ground truth for evaluating the simulations.

3.2. Reanalysis data

Reanalysis data from the NCEP Climate Forecast System Version 2
(CFSv2) (Saha et al., 2014) 6-hourly product were used as initial and
boundary conditions for the simulations. CFSv2 is produced using the

Rio,Grande/doSul!
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Table 1
Dates used to perform the study.

Year Day and Month (Case Day)
2013 18 Nov 04 Dec
@® @
2014 06 Feb 20 Oct 07 Dec
3 ()] 5)
2015 24 Jan 25 Feb 08 Nov
O] @ ©)]
2016 15 Mar 22 Aug 12 Dec
(©)] (10) (11)
2017 03 Apr 22 Jun 24 Jul 25 Aug 13 Nov 15 Dec
12) (13) a4) 15) (16) a7)
2018 17 Feb 22 Apr 09 Jun 28 Aug 29 Sep 16 Nov
18) 19 (20) @21 22) (23)
2019 24 Mar 09 Apr 15 Aug 19 Nov
24 (25) (26) 27)

NCEP Global Forecasting System (GFS) atmospheric model and the Grid
point  Statistical Interpolation (GSI) analysis system with
three-dimensional variational data assimilation (3D-Var). These data are
arranged in grids with a horizontal resolution of 0.5° x 0.5° and in 37
vertical (pressure) levels (1000-1 mbar), 0.205° for surface parameters.
The CFSv2 has also been included in the profiles intercomparison, to
assess the WRF downscaling performance. The NCEP CFSv2 reanalysis is
suitable, providing all variables needed to drive WRF, and frequently
employed for WRF simulations (de Lange et al., 2021; Li et al., 2017; Ma
et al., 2020; Siegmund et al., 2015). However, it is still underexplored
for remote sensing atmospheric correction (Vanhellemont, 2020).

3.3. WRF model configuration and PBL schemes

The numerical simulations were performed using the WRF Model
version 4.1.2 with the Advanced Research WRF (ARW) dynamical solver
(Skamarock et al., 2019; Wang et al., 2019). The model domains were

29°59'S

30°0's

51°11'W 51°10'W

N Legend
A @ SBPA radiosonde station
[ ] Brazil

[ Rio Grande do Sul

Meters

0 215 430 860

1.290 1.720

Fig. 1. Location of the study area: Porto Alegre Airport (SBPA) radiosonde station, Southern Brazil.
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configured with two nested grids centered at SBPA station, with hori-
zontal resolutions of 12 km (G12) and 3 km (G03) (4:1 parent grid ratio),
in one-way mode, and 33 sigma vertical levels with 50 hPa top pressure
value. Fig. 2 shows these grids and also an asterisk that indicates where
the simulation results were extracted, it refers to the grid point closest to
the SBPA station.

The geographical static data such as land use, albedo, reflectance,
and topography are introduced to the modeling using the land use cat-
egories of the United States Geological Survey (USGS). The time step
used for the outermost domain was 72s with a 4:1 parent ratio. The
common physics options chosen included: Purdue Lin microphysics
parameterization (Chen and Sun, 2002); Betts-Miller-Janjic (BMJ)
cumulus scheme (Janji¢, 1994); Dudhia shortwave radiation (Dudhia,
1989); Rapid Radiative Transfer Model (RRTM) longwave radiation
option (Mlawer et al., 1997); and Unified NOAH Land-Surface Model
(LSM) scheme (Tewari et al., 2004). This set of schemes was used while a
sensitivity experiment was conducted by changing the PBL and the
surface-layer schemes. The Yonsei University (YSU) PBL scheme (Hong
et al., 2006) was used tied to the Revised MM5 surface-layer scheme
(Jiménez et al., 2012), and Mellor-Yamada—Janjic (MYJ) (Janjic, 1994)
combined with Eta Similarity (Janjic, 1994, 1996, 2002; Monin and
Obukhov, 1954). Similar choices of parameterization schemes were
used in Santos and Nascimento (2016). The WRF model set ups are
resumed in Table 2.

The study consisted of 54 runs of 24-h duration for the 27 selected
dates in Table 1: a simulation with YSU and another with MJY PBL
option for each of the days. Mohan and Sati (2016) reported that smaller
time split simulations show significant improvement in the perfor-
mance. The resulting profiles were extracted at 12:00 UTC, to match
with the in situ radiosonde observations. Thus, the first 12 h of the
simulation were considered for spin up time. The model output for each
grid was stored every half hour.

PBL schemes work to represent unresolved turbulent vertical fluxes’

EQ

5S 1

108 1

15S 1

20S A
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Fig. 2. WRF nested grids used in the study, with horizontal resolutions of 12

km (light gray) and 3 km (dark gray). The asterisk indicates the point where the
results were extracted.
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Table 2
Overview of WRF model configuration.

WRF Model Configuration

Version 4.1.2
Dynamical solver ARW

Initial and boundary conditions NCEP CFSv2
Map projection Lambert

Grid size Domain 1: (119 x 116) x 33
Domain 2: (169 x 165) x 33
Domain 1: 12 km

Domain 2: 3 km

Horizontal resolution

Nesting One-way
Time step 72s
Static geographical data USGS
Cloud Microphysics Purdue Lin
PBL 1) YSU
2) MYJ
Cumulus BMJ (Domain 1 only)
Shortwave Radiation Dudhia
Longwave Radiation RRTM
LSM Unified NOAH

1) Revised MM5
2) Eta Similarity

Surface-layer

contribution in the boundary layer and through all over the atmospheric
column. A closure scheme is required to connect turbulent fluxes of heat,
momentum, and moisture with mean quantities (Holt and Raman, 1988;
Hu et al., 2010). PBL parameterization can be mainly grouped in local
closure or nonlocal closure schemes. In local closure schemes, only the
immediately adjacent vertical levels to a given point directly influence
variables at that point. Differently, nonlocal closure schemes can use
multiple vertical levels to estimate variables at a given point (Cohen
et al., 2015; Onwukwe and Jackson, 2020). Cohen et al. (2015) and Jia
and Zhang (2020) provide reviews and explanations about the PBL
parameterization schemes available for the WRF model. In this work, we
tested the most used PBL parameterization scheme of each closure
group. Below we present a brief description of the PBL schemes used in
the present study.

3.3.1. Yonsei University (YSU) PBL scheme

The Yonsei University scheme (Hong et al., 2006) is a first-order,
nonlocal eddy-diffusivity (K theory) approach with an explicit treat-
ment of the boundary layer top (Siuta et al., 2017). It comes after
modifications from the Medium-Range Forecast Model (MRF) scheme
(Hong and Pan, 1996). A parabolic K-profile in an unstable mixed layer
with the addition of an explicit term is used to treat the entrainment
layer at the PBL top (Banks et al., 2016; Tyagi et al., 2018). It is
controlled by the level at that minimum turbulent flux exists (mo-
mentum, heat, moisture) (Siuta et al., 2017). The YSU scheme usually
works better under unstable/convective conditions and does not
perform well in stable conditions, because it underpredicts the vapor
mixing ratio due to the high amount of vertical mixing from the large
eddies (Chaouch et al., 2017; Shin and Hong, 2011). In day-time
convective boundary layers, it can produce conditions that are too
warm and dry in the PBL resulting from overmixing (Coniglio et al.,
2013). The YSU can be considered the most commonly used PBL scheme
(Jia and Zhang, 2020).

3.3.2. Mellor-Yamada-Janjic (MYJ) PBL scheme

The Mellor-Yamada-Janjic scheme (Janji¢, 1994) is a local mixing
one-and-a-half order (“1.5-order”) closure scheme, with a prognostic
equation for Turbulent Kinetic Energy (TKE). The TKE vertical distri-
bution is regulated by a master mixing length, used in the TKE budget
equation. The local closure implies that only small turbulent eddy con-
tributions are considered to the TKE distribution. It does not consider the
impact of the nonlocal effects (Jia and Zhang, 2020; Siuta et al., 2017).
Traditionally, this scheme produces conditions that are too cool and
moist near the ground in day-time convective boundary layers, resulting
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from too little mixing (Coniglio et al., 2013), while prevails during stable
and very stable conditions. Many researchers choose to utilize this
scheme, as it does not have particularly large computational expenses.
Thus, MYJ is the most widely used among local schemes (Jia and Zhang,
2020).

3.4. Model evaluation, sensitivity analysis, and statistics

To evaluate the accuracy of the model simulations and the impact of
the PBL schemes, we considered vertical profiles of water vapor mixing
ratio (q) and potential temperature (). A point validation technique was
used (Onwukwe and Jackson, 2020). Atmospheric profiles for model
grid point corresponding to the ground location of the SBPA station
(Fig. 2) were retrieved, at 12 UTC. Namely, the WRF resulting profiles of
q and 0 for G12 and GO3, and with both YSU and MYJ schemes were
intercompared against SBPA observational profiles. In addition, profiles
retrieved directly from the CFSv2 product were included in the
comparative analysis to assess the performance of the WRF in down-
scaling reanalysis profiles. To analyze the atmospheric stability and the
PBL height are beyond the scope of this paper.

Vertical interpolation for a comparison of model output to observa-
tions is imperative since the height and pressure of model (sigma) levels
can vary both spatially and temporally in the model domain (Cogan,
2017). Therefore, the WRF output data were interpolated from the
model to the radiosondes vertical levels. The interpolation was carried
out through a weighted linear one (Santos and Nascimento, 2016),
Equation (1):

D(h) = {d[hl] x {1 7%] } + {d[hﬂ % {1 ’%] } @

where D(h) is the interpolated value at the observed level h, and [h] is the
simulated value at the two neighboring model levels h; and hy (Santos
and Nascimento, 2016).

The statistical criteria used in this paper are Pearson’s correlation
coefficient (R), bias (mean error), Mean Absolute Error (MAE), and Root
Mean Square Error (RMSE). These statistical metrics are widely used for
evaluating the efficiency of models and were selected to reflect a mix of
accuracy measurements (Chai and Draxler, 2014; Onwukwe and Jack-
son, 2020; Sekertekin, 2019; Wilks, 2006; Willmott and Matsuura,
2005). The metrics were computed according to:

R Z?:o (pi —P)(0i —0)

- 2 2 (2)
Vo= P Sg(oi— )
bias=1 3 p 0, ®
i=1
MAE:% Z‘Pi — o “@

_ Iy 2
RMSE = ;;(pi_oi) %)

where p; and o; are pairs of modeled and observed values, respectively, n
is the number of pairs, and overbars represent the mean values of the
respective terms.

Bias, MAE, and RMSE are in the parameter of interest units and are
negatively oriented indices, i.e., values closer to zero are better. Bias is
useful in determining if the model is underestimating (bias < 0) or
overestimating (bias > 0) the observed variables. MAE is the average of
the absolute difference between the simulations and the observations,
regardless of model overestimation or underestimation. RMSE repre-
sents the deviation between modeled and observed values and is more
sensitive to outliers once the errors are squared before summing. While
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R, the scores range from —1 to 1, and values approaching 1 indicate a
strong correlation.

The assessment of the WRF performance and the identification of the
most suitable parameterization scheme set are checked per statistical
measurements in the lowest 3 km of the atmosphere, to target the PBL
depth, and also for the entire model atmospheric profile. The lowest 3
km averaged 17 of the 33 WRF model levels.

4. Results and discussion
4.1. Overall comparison results of the entire model profile

Fig. 3 shows an example of the vertical distribution of g and 6 for the
case day 9. The performance of the different atmospheric profiles was
analyzed by extracting the profiles from the grid point closest to the
SBPA station at 12 UTC. The general agreement of q and 6 profiles with
the model and radiosonde is clearly good. It indicates a consistency of
obtained profiles for both CFSv2 reanalysis and all WRF settings (see the
supplementary material to check each profile).

Figs. 4 and 5 illustrate the statistical comparison of the studied
profiles throughout each case day for q and 6, respectively. Table 3
presents the average metrics of profiles comparison for all evaluated
days. The CFSv2 and all WRF profiles showed high correlation coeftfi-
cient values for the vertical distribution of both ¢ (0.96) and ¢ (0.99). In
general terms, the g profiles showed a mean tendency to overestimate
the observations, with CFSv2 showing the highest bias (0.10 g/kg). The
q bias of G12 grids (0.04 g/kg) was slightly higher than the GO3 ones
(0.03 g/kg). In contrast, the WRF configurations tend to underestimate
the 0 vertical distribution, while CFSv2 reanalysis tends to overestimate
it (Fig. 5a). The CFSv2 6 bias was the largest (0.50 K). There was no
significant difference between the overall biases of WRF YSU and MYJ.
The WRF MYJ had the highest MAE for q (0.44 g/kg), with a small
variation in comparison to WRF YSU and CFSv2 (0.43 g/kg). The § MAE
of the WRF profiles was faintly larger (1.60 K against 1.57 K of the
CFSv2). Concerning the RMSEs, all the WRF configurations presented
the same value, which was slightly worse than the CFSv2 (see Table 3).

Despite RMSE and MAE overall values of the WRF simulations being
a bit higher in comparison to NCEP CFSv2, when taking into account
each individual case day, the WRF model overcomes the CFSv2 rean-
alysis in more days than vice versa for water vapor mixing ratio profiles.
We have found WRF settings with the best RMSE in 14 of the 27 case
days and with the best MAE in 19. Among the WRF configurations, WRF
YSU GO3 and WRF MYJ GO3 showed superior ¢ RMSE and MAE,
respectively, in more days (6). On the other hand, the WRF settings
overcome the CFSv2 in 13 of the 27 case days, for potential temperature.
The WRF YSU G12 setting slightly stands out at this point, with the best §
MAE in 5 case days. In particular, case day 10 was found as the one with
the largest discrepancy with observations regarding the vertical evolu-
tion of #: RMSEs around 4.6 K. While in case day 17, e.g., the WRF model
notably improved the high 0 errors from the NCEP CFSv2 reanalysis.

Statistically, no significant differences are shown between the WRF
grids G12 and GO3, for both parameterization schemes sets. In some
cases, a finer grid even increases errors. This kind of remark has already
been mentioned in other studies (Diaz et al., 2020; Hassanli and
Rahimzadegan, 2019; Lin et al., 2018; Mohan and Sati, 2016;
Pérez-Jordan et al., 2015). It suggests that computation costs can be
saved by using a coarse horizontal resolution grid, mean-while effi-
ciently simulate the vertical profile. Lin et al. (2018) simulated water
vapor transport with horizontal resolutions of 30, 10, and 2 km. They
inferred that a significant difference was found when the model reso-
lution is changed from 30 to 10 km so that a resolution around 10 km
represented a good compromise between a spatially detailed simulation
and computational time in their study. In this research, in at least 12 of
the 27 case days, we have found an improvement in statistical metrics
when the model went from 12 km to 3 km horizontal resolution.
Pérez-Jordan et al. (2015) improved the resolution from a coarse to 3 km
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Fig. 3. Vertical profiles of (a) water vapor mixing ratio and (b) potential temperature for the case 9 (15-03-2016).
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and achieved better results in 8 of 23 water vapor profiles. Thereby, the
authors recommended the use of this fine grid spacing for
high-resolution operational needs.

The above-mentioned results indicate that no same particular PBL
parameterization outperformed the other in all cases analyzed. The best
set varied over the case days. We did not observe large differences be-
tween the schemes in the vertical distribution of the meteorological
variables analyzed. Results in which no single best PBL configuration is
identified are common (de Lange et al., 2021). Researchers have already
reported this for studies in the United Arab Emirates, the United States,
India, Peru, South Africa, and some countries in Europe (Chaouch et al.,
2017; Cuchiara et al., 2014; de Lange et al., 2021; Hariprasad et al.,

2014; Kioutsioukis et al., 2016; Moya-Alvarez et al., 2020; Tyagi et al.,
2018). These findings are in line and corroborate with the conclusions of
Garcia-Diez et al. (2013). The authors outlined that the performance of
WRF model different settings frequently depends on the seasonal and
daily cycles, and therefore on the different atmospheric conditions that
prevail on the different seasons and times of the day. de Lange et al.
(2021) showed that it is also variable-specific. The next sections assess
the dependence of the WRF model and PBL schemes performance on
meteorological conditions.
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Table 3
Statistical comparison of all ¢ and ¢ model profiles against SBPA radiosonde
observations.

CFSv2 WRF YSU WRF YSU WRF MYJ WRF MYJ
G12 Go3 G12 G03
Rgq 0.96 0.96 0.96 0.96 0.96
bias q [g/ 0.10 0.04 0.03 0.04 0.03
kgl
MAEq([g/ 043 0.43 0.43 0.44 0.44
kgl
RMSE g [g/  0.82 0.84 0.84 0.84 0.84
kg]
RO 0.99 0.99 0.99 0.99 0.99
bias 6 [K] 0.50 ~0.20 ~0.20 —0.20 —0.21
MAE 6 [K] 1.57 1.61 1.61 1.61 1.61
RMSE 0 [K] 222 2.30 2.30 2.30 2.30

4.2. Seasonal and meteorological conditions dependence

RMSEs were computed for the profiles evaluated in seasons and
specific meteorological conditions. The meteorological conditions of
each case day can be found in the supplementary material. Fig. 6 shows
the RMSEs of g and 0 profiles by the warm (spring and summer) and cold
(winter and autumn) seasons, Precipitable Water Vapor (PWV) for the
entire observed radiosonde column, and observed wind speed at the
SBPA station level.

For both q and 6, the WRF model generates overall better profiles
during the warm seasons. Unlike, in cold ones, the model shows larger
RMSEs than the profiles retrieved directly from reanalysis. In warm
seasons the YSU scheme performed slightly greater, and MYJ showed
smaller errors in cold seasons. Regarding the observed water vapor
content in the atmosphere, WRF simulated ¢ profiles in better accor-
dance with the radiosondes in PWV below 10 mm and between 20 and
30 mm. In the 20-30 mm range, the YSU scheme showed a bit low
RMSE. For 6, the WRF forecasted results were superior in intermediate

ranges, while for NCEP CFSv2 were in low and high water vapor content
situations. Except for the high PWV range, we found slightly lower 6
RMSE values for the MYJ scheme in other PWV contents. In case days
when the wind speed was low (at 12 UTC), the WRF was not well at
downscaling the reanalysis g profile. Its capability was superior at wind
speeds higher than 6 m/s. The WRF generated 6 profiles finer than the
reanalysis in the 6-12 m/s range. Theoretically, the YSU PBL scheme
works better under unstable/convective conditions, while the MYJ PBL
scheme prevails under stable atmospheric conditions (Chaouch et al.,
2017; Hariprasad et al., 2014; Jia and Zhang, 2020; Kioutsioukis et al.,
20165 Shin and Hong, 2011). Our results show that YSU clearly stood out
when the wind speeds are higher (Fig. 6¢), whereas MYJ overcame a
little when it is below 6 m/s. It may suggest an alignment with these
previous evaluation studies. A deeper stability analysis exceeds the
scope of this paper.

4.3. Vertical distribution of errors

In this section, we assess the vertical distribution of errors in q and 6
profiles. For this, we calculate the average RMSE at every 3 m of alti-
tude. Fig. 7 shows q and 6 heatmaps with this RMSE vertical distribution.
The biggest q errors are located in the first 3 km of the atmosphere. This
is clearly related to the water vapor concentration in the atmosphere.
Where the amount of water vapor (q) is close to zero, so are the errors in
its estimate. This fact contributes to reducing overall errors throughout
the entire profile. The NCEP CFSv2 g profiles are in better agreement
with the SBPA radiosondes in the first 3 km of the atmosphere, while the
WRF ones show better RMSE values in the other layers. Concerning 6
profiles, the overall RMSEs are larger in elevated heights (15-18.5 km).
In this layer, the WRF errors are lower compared to CFSv2. In the other
heights analyzed, the CFSv2 presented better results.

4.4. Lowest 3 km (PBL) comparison results

Due to the PBL importance in our study and the fact that the biggest
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errors in the g estimate are in the first kilometers of the atmosphere (as
can be seen in the previous section), is essential to pay special attention
to the evaluation of the WRF model in this layer. We performed a sta-
tistical analysis similar to section 4.1 but considering exclusively the
lowest 3 km of the troposphere, aiming to englobe and target the PBL
depth. In Fig. 8, examples of 0-3 km vertical profiles are shown (all PBL
limited profiles plots are in the supplementary material). Mainly for
water vapor mixing ratio, the greater discrepancy of the simulated
profiles in the first levels of the atmosphere is visually evident. Table 4
shows the overall metrics and Figs. 9 and 10 the distribution of the
statistical metrics along the case days.

The R values are lower than when considering the entire column
atmosphere, mainly for q. However, these R values still indicate a strong
correlation. The q profiles retrieved from the CFSv2 reanalysis tend to
overestimate the reference, while the WRF simulated profiles tend to
underestimate it. Li et al. (2019) also recorded that WRF simulations
using YSU and MYJ PBL schemes underpredict g near the surface, over
the Baltimore-Washington region in the United States. For 6, the ten-
dency is to underestimate the observations for NCEP CFSv2 and WRF
settings. Hu et al. (2010) reported that WRF simulations including local
and nonlocal PBL schemes under predict temperature profiles near the
surface, with the use of the local MYJ producing the largest bias. Santos
and Nascimento (2016) related the most negative bias in the
lower-tropospheric 0 profiles using MYJ, this over the SBPA station. Our
results are in agreement with this cold bias in the WRF simulation of the
lower 3 km 6 profile and with MYJ producing the largest bias. The MYJ
scheme is expected to represent a cooler and moister PBL than the YSU
scheme, as the turbulent mixing of the first is smaller and it does not
consider the impact of nonlocal effects (Jia and Zhang, 2020). Fig. 10a
evidence that most case day biases are negative and most of these biases
already come from the CFSv2 initial conditions. Prasad et al. (2020)
mentioned that the biases of their WRF simulations derive mainly from
the biases of the driving reanalysis.

The reanalysis average MAE values are better than the WRF simu-
lated ones. Moreover, G03 domains bring slightly larger MAEs
comparing to G12. YSU performs a bit better for ¢ and MYJ for 6.
However, in 15 of the 27 case days, one of the WRF simulated profiles
overcomes the CFSv2 reanalysis in terms of MAE g, and 16 in terms of
MAE 6. The overall MAEs for q are larger than those computed for the
entire atmospheric column. And for 6, the overall MAEs are lower than
for the entire column. As mentioned above, errors in the estimation of g
are higher in the first kilometers of atmosphere, and in the highest model

Table 4

Statistical comparison of all ¢ and 6 model profiles against SBPA radiosonde
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observations in the lowest 3 km of the atmosphere.

(a) 15-03-2016 (9)
25+ \\
\\
= 3
= S
k=
T N
1.0
05
0.0
0 2 4 6 8 10 12

Water Vapor Mixing Ratio g [g/kg]

CFSv2  WRF YSU WRF YSU WRF MYJ WRF MYJ
G12 GO3 G12 G03

Rq 0.89 0.87 0.87 0.88 0.88

bias q [g/ 0.17 -0.08 -0.09 -0.07 -0.10
kgl

MAE q [g/ 1.13 1.17 1.18 1.18 1.19
kgl

RMSE g [g/  1.43 1.48 1.50 1.49 1.50
kg]

RO 0.97 0.98 0.98 0.98 0.98

bias 6 [K] -0.43  —0.50 -0.53 -0.51 —0.55

MAE ¢ [K] 1.10 1.19 1.20 1.15 1.17

RMSE 6 [K]  1.38 1.46 1.47 1.39 1.41

levels for 6.

Regarding the found RMSE values, in 13 (and 16) of the 27 case days,
one of the WRF settings overcomes in the simulation of the lowest 3 km
profile, for g (for 6). Highlighting that for 0 the MJY had better average
RMSE results. In contrast, Santos and Nascimento (2016) noticed that
the YSU scheme displayed slightly better results in the representation of
the potential temperature profile (lowest 3 km) over the same radio-
sonde station used here. It is important to mention that the authors were
studying a specific situation of Low-Level Jet Stream (LLJS) with strong
synoptic forcing.

Fig. 11 shows RMSEs of g and 8 0-3 km profiles distributed by sea-
sons, observed PWV, and observed wind speed. For this atmosphere
layer, errors are lower in the Autumn-Winter and Spring-Summer sea-
sons, for ¢ and 6 respectively. Profiles from NCEP CFSv2 produced
average lower ¢ RMSE values in both seasons. Among the WRF config-
urations, YSU G12 showed slightly better RMSE in warm seasons and
MYJ G12 in cold ones. Regarding 6, WRF simulated profiles are in better
agreement with observations than CFSv2 in warm seasons, mainly the
MYJ PBL scheme. This scheme also has lower RMSEs than the YSU in
cold seasons. Though evaluating surface temperature and humidity, de
Lange et al. (2021) highlighted that local PBL schemes are preferred
during winter periods for a Southern Africa region, which is situated in
the subtropic as well. Other authors (Garcia-Diez et al., 2013; Hu et al.,
2010) also pointed out that the YSU scheme seems to be an advanta-
geous option for research focused on summer periods, while the MYJ
model would be more appropriate for winter periods. The behavior of g

(b) 15-03-2016 (9)
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Fig. 8. Lowest 3 km vertical profiles of (a) water vapor mixing ratio and (b) potential temperature for the case 9 (15-03-2016).
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in different PWV conditions is quite similar to when the entire column is
considered, but with higher RMSE values. In terms of 6, the errors are
overall small in moist conditions, with WRF MYJ overcoming when the
PWV is higher than 30 mm. YSU performs better at wind speeds greater

10

than 6 m/s and MYJ stood out at speeds below that. As in section 4.2,
this may be an indicator of the relationship between the PBL scheme
results and the turbulence. Differently, in the lower troposphere, the
smallest average RMSEs are produced by CFSv2. WRF has an average
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best RMSE just for 0 profiles at the lowest wind speed range with MYJ
G12.

5. Conclusions

Assessing downscaled meteorological data is of great importance to
diagnose model errors that can propagate to the end application,
including the atmospheric correction of optical satellite data. In this
paper, the WRF model simulated well the vertical profiles of water vapor
mixing ratio and potential temperature. Its resulting profiles yielded
high correlation coefficients, very small biases, and relatively low values
of RMSE and MAE. However, there is no significant difference in sta-
tistical overall results of profiles from WRF varying the horizontal grid
resolution from 12 to 3 km, and also with those retrieved directly from
NCEP CFSv2 reanalysis. In some cases, increasing the settings resolution
even resulted in greater differences compared to the observed profiles.
These results indicate that increasing the horizontal resolution did not
improve significantly the quality of the simulated atmospheric profile.
Therefore, our findings suggest that there is no special need to increase
the spatial resolution for applications related to average site atmosphere

11

characterization. Particularly because it adds computational cost
without expressive improvement of the simulated profiles. We recom-
mend the use of grid spacing finer than 3 km for specific high-resolution
local usages. With the lower impact of the horizontal resolution in mind,
we encourage a focus on increasing the vertical resolution in the profile
simulations.

The sensitivity analysis of the vertical profile simulation to YSU and
MYJ PBL parameterization revealed that no particular scheme stands
out in both meteorological variables evaluated for all the case days.
These results emphasized that the optimal parameterization scheme set
varies with meteorological conditions, season, and variable. Moreover,
the overall entire model profile statistical metrics are quite comparable.
Thus, choosing one of these PBL schemes over the other may not be
pivotal to the depiction of general atmospheric profiles.

The present study advocates that the WRF model is a useful tool in
the simulation of water vapor and temperature atmospheric profiles.
The application of both WRF and also NCEP CFSv2 profiles in the at-
mospheric correction of remote sensing images is promising and addi-
tional research is currently ongoing with this aim. An assessment using
different reanalysis products will also be addressed in a future study.
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Finally, note that the presented results are related to a specific site under
clear-sky conditions. Supplemental analyses are required to expand and
corroborate the conclusions over other environments.
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1. Vertical profiles analyzed in the study
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Fig. S1. Vertical profiles of water vapor mixing ratio (¢g) for each case day.
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Fig. S2. Vertical profiles of potential temperature (6) for each case day.
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2. Vertical profiles limited to the lowest 3 km of the atmosphere
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Fig. S3. Lowest 3 km vertical profiles of water vapor mixing ratio (¢) for each case day.
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Fig. S4. Lowest 3 km vertical profiles of potential temperature (6) for each case day.
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3. Meteorological conditions on case days

Table S1. Meteorological conditions on case days measured in SBPA station at 12 UTC.

Case Day Date Season Air T [°C] PWV [mm] Wind Speed [m/s]
1 18-Nov-13 spring 23.0 15.71 9.72
2 4-Dec-13 spring 21.0 2431 7.78
3 6-Feb-14 summer 31.0 41.00 11.66
4 20-Oct-14 spring 19.8 11.77 7.78
5 7-Dec-14 spring 26.6 19.94 13.61
6 24-Jan-15 summer 24.4 26.56 7.78
7 25-Feb-15 summer 24.6 32.59 5.83
8 8-Nov-15 spring 24.4 27.94 15.55
9 15-Mar-16 summer 22.8 22.33 9.72
10 22-Aug-16 winter 9.4 9.11 11.66
11 12-Dec-16 summer 234 32.65 17.49
12 3-Apr-17 autumn 22.0 33.12 11.66
13 22-Jun-17 winter 10.6 18.49 5.83
14 24-Jul-17 winter 13.4 19.32 1.94
15 25-Aug-17 winter 22.2 28.23 5.83
16 13-Nov-17 spring 20.0 18.28 11.66
17 15-Dec-17 spring 25.2 31.74 5.83
18 17-Feb-18 summer 234 23.63 17.49
19 22-Apr-18 autumn 19.0 32.63 3.89

20 9-Jun-18 autumn 6.6 8.43 0.00
21 28-Aug-18 winter 9.4 6.03 5.83
22 29-Sep-18 spring 23.0 35.96 9.72
23 16-Nov-18 spring 23.6 17.40 9.72
24 24-Mar-19 autumn 25.8 25.28 7.78
25 9-Apr-19 autumn 19.6 17.23 3.89
26 15-Aug-19 winter 10.8 10.82 5.83
27 19-Nov-19 spring 24.8 23.32 3.89
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3.2 Artigo 2: Land Surface Temperature retrieval using high-resolution vertical

profiles simulated by WRF model

Artigo submetido para avaliacdo e que contempla os dois ultimos objetivos

especificos desta dissertacéo.

DIAZ, Lucas Ribeiro et al. Land Surface Temperature retrieval using high-

resolution vertical profiles simulated by WRF model. 2021.
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Land Surface Temperature retrieval using high-resolution vertical
profiles simulated by WRF model

Abstract: This work gives a first insight into the potential of the Weather Research and Forecasting
(WRF) model to provide high-resolution vertical profiles for Land Surface Temperature (LST)
retrieval from Thermal infrared (TIR) remote sensing. WRF numerical simulations were conducted to
downscaling NCEP Climate Forecast System Version 2 (CFSv2) reanalysis profiles, using two nested
grids with horizontal resolutions of 12 km (G12) and 3 km (G03). We investigated the utility of these
profiles in the atmospheric correction of TIR data and LST estimation. For that, the MODerate
resolution atmospheric TRANsmission (MODTRAN) model and Landsat 8 TIRS10 band were used.
The accuracy evaluation was performed using in situ radiosondes in Southern Brazil. We included in
the comparative analysis the NASA’s Atmospheric Correction Parameter Calculator (ACPC) web-tool
and profiles directly from the NCEP CFSv2 reanalysis. The atmospheric parameters from ACPC,
followed by CFSv2, were in better agreement with those calculated using in situ radiosondes. When
applied into the Radiative Transfer Equation (RTE) to retrieve LST, the best results (RMSE) were, in
descending order: CFSv2 (0.55 K), ACPC (0.56 K), WRF G12 (0.79 K), and WRF GO03 (0.82 K). Our
findings suggest that there is no special need to increase the horizontal resolution of reanalysis profiles
aiming at RTE-based LST retrieval. However, the WRF results are yet satisfactory and promising,
encouraging further assessments. We endorse the use of the well-known ACPC and recommend the
NCEP CFSv2 profiles for TIR remote sensing atmospheric correction and LST single-channel
retrieval.

Keywords: Thermal infrared (TIR); Reanalysis; Landsat; Radiative Transfer Equation (RTE); NCEP
CFSv2; Numerical Weather Prediction (NWP).

1. Introduction

Land Surface Temperature (LST) is one of the Essential Climate Variables (ECVs) of
the Global Climate Observation System (GCOS) (Cao et al., 2019; WMO, 2016). It is closely
connected to Earth-atmosphere interactions, playing a pivotal role in surface energy and water
balances at both local and global scales (Anderson et al., 2008; Tardy et al., 2016; Wu et al.,
2021). Therefore, LST is a key parameter in a wide range of environmental applications
(Sobrino et al., 2016): urban heat islands studies (Montaner-Ferndndez et al., 2020);
numerical weather prediction (Candy et al., 2017); agricultural, forests, and drought
monitoring (Hu et al., 2019; Jiménez-Muioz et al., 2016; Magarreiro et al., 2019); monitoring
of geothermal activities and natural hazards (Gemitzi et al., 2021; Pavlidou et al., 2019);
evapotranspiration estimation (Anderson et al., 2021; Rocha et al., 2020); fire detection
(Maffei et al., 2018; Singh et al., 2020); water resource management (Anderson et al., 2012;
Tavares et al., 2020). It is worth mentioning that the LST should not be confused with the
near-surface air temperature (typically measured by meteorological/in situ stations), the LST
refers to the so-called “skin temperature” (Jiménez-Muioz et al., 2016).
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Thermal infrared (TIR) remote sensing is a one-off way of obtaining the LST at
regional and global scales (Meng and Cheng, 2018; Rosas et al., 2017). However, the spectral
radiance measured by TIR sensors onboard satellites is influenced not only by the surface
parameters (emissivity and temperature) but also by the composition and structure of the
atmosphere (mainly water vapor) (Jiménez-Muioz et al., 2010; Z.-L. Li et al., 2013). Thus,
these atmospheric effects must be removed to the appropriate use of TIR remote sensing data
in temperature research applications (Galve et al., 2018; Tang and Li, 2014; Tardy et al.,
2016). In general terms, the conversion of the Top Of the Atmosphere (TOA) measurements
to the ground-level. This process is referred to as Atmospheric Correction (AC) and its
neglect results in systematic errors in the estimation of the LST for any atmosphere (Barsi et
al., 2005; Jiménez-Mufioz et al., 2010).

One of the widely applied methodologies to AC and LST retrieval is the physics-based
Radiative Transfer Equation (RTE) method (Price, 1983). It involves a simple inversion of the
RTE for a particular channel and can provide theoretically accurate LST retrieval (Z.-L. Li et
al., 2013). The RTE approach requires vertical atmospheric profiles. This information is
introduced into a Radiative Transfer Model (RTM) to calculate the three atmospheric
parameters necessary for AC: atmospheric transmittance, upwelling atmospheric radiance,
and downwelling atmospheric radiance (Barsi et al., 2003; Jiménez-Muioz et al., 2010). In
situ radiosonde profiles launched simultaneously with the satellite overpass are ideal for AC
(Sekertekin, 2019; Sobrino et al., 2004). Nevertheless, this kind of profile is unavailable under
the most realistic conditions (Coll et al., 2012; Meng and Cheng, 2018; Pérez-Planells et al.,
2015), as local radiosonde launching has a significant financial cost (Jiménez-Muiioz et al.,
2010; Z.-L. Li et al., 2013). There are radiosonde stations with atmospheric profiles databases,
launched daily around the globe (e.g., in airports). But these data may be either non-
synchronously or too far away from the scene footprint (Mira et al., 2014; Tardy et al., 2016).
Hence, local radiosondes became suitable only for particular local studies and validation at
specific sites mainly (Coll et al., 2005; Rosas et al., 2017).

Therefore, atmospheric profile products from different sources have been used to
surrogate radiosondes in TIR atmospheric correction, resulting in LSTs with acceptable
accuracy (Duan et al., 2018; Galve et al., 2018; Malakar et al., 2018; Mattar et al., 2015;
Tardy et al.,, 2016; Vanhellemont, 2020a). Satellite-derived profiles overcome the spatial
limitations of local radiosondes. These are available at the satellite pixel scale, providing a
large spatial extent. Even though have a high spatial resolution, the satellite-derived profiles
can be compromised by low temporal ones (only at the satellite overpassing time) (Rosas et
al., 2017; Yang et al., 2020). Thus, the results may not be desirable when the sensor of
interest is not (or concurrent with) the one witch the profiles are derived (Coll et al., 2012;
Galve et al., 2018). Surpassing this temporal limitation, profiles from global reanalysis data
provide a flexible temporal resolution (typically 3 and 6 hourly) and are a practical alternative
to the radiosondes spatial constraint (Rosas et al., 2017). Reanalysis datasets are global
gridded extended homogeneous time series, with no spatial nor temporal gaps (Alghamdi,
2020).
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Barsi et al. (2005, 2003) proposed an atmospheric web-based correction tool
(Atmospheric Correction Parameter Calculator — ACPC) for Landsat 5, 7, and 8 thermal
bands. It uses reanalysis profiles from the National Center for Environmental Prediction
(NCEP) and the code of the MODerate resolution atmospheric TRANsmission (MODTRAN)
model (Berk et al., 2014) to directly provide the three atmospheric parameters for AC.
Additionally, researchers have evaluated and compared the efficacy of different reanalysis
and satellite-based profile products for AC/LST retrieval. NCEP reanalysis (Reanalysis 1
(Kalnay et al., 1996) and FNL (NCEP et al., 2000)) and Moderate Resolution Radiometer
(MODIS) atmospheric profiles product (MODO07) (Borbas and Menzel, 2017) were analyzed
for different sites in Spain (Jiménez-Mufioz et al., 2010; Pérez-Planells et al., 2015; Skokovic
et al., 2017) and in China (H. Li et al., 2013) for TIR sensors as Landsat, ASTER, and HJ-1B
IRS. Coll et al. (2012), also in Spain, added the satellite-based profiles from Atmospheric
Infrared Sounder (AIRS) (Aumann et al., 2003) in the comparison. Rosas et al. (2017) in its
turn included the European Centre for Medium-Range Weather Forecasts (ECMWF) ERA-
Interim reanalysis product (Dee et al., 2011) along with previous profiles for Landsat 8 LST
estimates in Saudi Arabia. More recently, assessments with a greater number of different
profile products were carried out. Meng and Cheng (2018) evaluated reanalysis products from
Modern Era Retrospective-Analysis for Research and Applications (MERRA) (Rienecker et
al.,, 2011) 1 and 2, ERA-Interim, NCEP FNL and NCEP Reanalysis 2 (Kanamitsu et al.,
2002), and Japanese Reanalysis (JRA)-55 (Kobayashi et al., 2015). Their validation included
profiles distributed around the globe and 32 Landsat 8 band 10 images over China. Yang et al.
(2020) assessed seven profiles source (AIRS, MODO07, ERA-Interim, MERRA 2, and NCEP
FNL, Reanalysis 2, GFS) using 17 radiosonde stations over Europe and in situ LST
measurements in China. Overall, the accuracies of AC parameters and retrieved LST using
satellite-derived profiles are lower than that using reanalysis ones (Coll et al., 2012; H. Li et
al., 2013; Pérez-Planells et al., 2015; Skokovic et al., 2017; Yang et al., 2020).

However, reanalysis profiles also have their disadvantages. The spatial resolution with
several degrees (varying for each product) can be considered low. The accuracy is usually
poorer for regions with less coverage of permanent observatories, like the oceans and many
Southern Hemisphere zones (Alghamdi, 2020; Chen and Liu, 2016; Chen et al., 2014). Since
the data is spaced at grid points with time intervals of commonly 6 h, the description of
meteorological phenomena on a sub-grid or variable time scale may be affected (Tonooka,
2001). On the other hand, modern numerical weather models benefit from computing
performance and physical processes parameterization to downscaling the reanalysis data.
Mesoscale atmospheric models use global (re)analysis models as initial and boundary
conditions for local applications (Hassanli and Rahimzadegan, 2019; Wee et al., 2012). Lee et
al., (2020) employed high-resolution (1.5 and 12 km) Numerical Weather Prediction (NWP)
models distributed by the Korea Meteorological Administration (KMA) as input atmospheric
data for AC and sea surface temperature estimation with Visible Infrared Imaging Radiometer
Suite (VIIRS) bands. Their KMA NWP dataset is restricted to eastern Asia, but the approach
of high-resolution NWP models combined with RTM is an interesting background for studies
of TIR remote sensing atmospheric correction.
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The Weather Research and Forecasting (WRF) model (Skamarock et al., 2019) is an
atmospheric modeling system designed for both research and NWP. It is a state-of-the-art
mesoscale model and the world’s most widely used. Non-hydrostatic, open-source, free,
community-based, and with a wide range of parameterization options, the WRF model
provides a spectrum of capabilities for a variety of applications in atmospheric science and
weather prediction (Powers et al., 2017). From that, the WRF model has been extensively
employed for estimating high-resolution meteorological data (Fekih and Mohamed, 2019;
Kioutsioukis et al., 2016; Moya-Alvarez et al., 2020; Mylonas et al., 2019; Onwukwe and
Jackson, 2020).

It is imperative to assess the reasonableness of using the WRF model to generate high-
resolution atmospheric vertical profiles to, in conjunction with an RTM, have a higher
AC/LST retrieval accuracy. Moreover, almost all studies that evaluated different profile
sources for LST retrieval were performed over Asia and Europe. To the best of our
knowledge, no paper has carried out such an assessment in South America. There is also a
lack of studies using newer and finer reanalysis profiles (e.g., ERAS (Hersbach et al., 2020)
and NCEP Climate Forecast System Version 2 (CFSv2) (Saha et al., 2014)) for AC and LST
estimation (Vanhellemont, 2020a, 2020b).

This study conducts simulations with the WRF Model using NCEP CFSv2 reanalysis
data as initial and boundary conditions. Its objective is to generate high-resolution vertical
profiles, improving the spatial, temporal, and vertical resolutions of the global reanalysis. We
intend to investigate the utility of these profiles in TIR atmospheric correction and LST
retrieval, in relation to the ACPC web-tool and profiles extracted directly from the NCEP
CFSv2 reanalysis. We take Landsat 8 TIRS band 10 as an example to retrieve LST values,
through an RTE inversion-based algorithm in conjunction with the MODTRAN radiative
transfer model. The accuracy assessment was performed using local radiosonde observation in
Southern Brazil.

2. Materials and Methods
2.1. Study area and in situ radiosonde data

The Porto Alegre International Airport (SBPA), Rio Grande do Sul State, Brazil was
selected as the study area. The airport includes a radiosonde station, which made this site a
useful environment for studies that aim to evaluate atmospheric profiles. The selected area
covers the official limits of the Anchieta district (Porto Alegre City Hall, 2016), with an area
of around 9.2 km? (Fig. 1). According to K&ppen’s climate classification, the local climate is
subtropical humid with hot summers (Cfa) (Alvares et al., 2013), with a mean annual air
temperature of 19.6 °C, mean annual relative humidity of 76.1 %, and mean annual
precipitation of 1397 mm (Matzenauer et al., 2011).
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Fig. 1. Map of the study area showing the Porto Alegre Airport (SBPA) radiosonde station, Southern Brazil.

The SBPA station is located at 30.00° S and 51.18° W, 3.0 m above mean sea level,
and its identifier number is 83971. In this station, radiosondes are launched twice a day, at
00:00 and 12:00 UTC. In this paper, we used the 12:00 UTC radiosonde profiles, as this is the
closest time to the Landsat 8 crossing time over the study site (~13 UTC). Data were obtained
from the University of Wyoming website (http://weather.uwyo.edu/upperair/sounding.html).
This dataset allows characterizing the vertical structure of the atmosphere with profiles of air
temperature, pressure, humidity with up to 99 vertical levels. The radiosonde observations, as
well as the parameters calculated from them, are considered as ground truth for the
assessments in this study.

2.2. Landsat 8 satellite data and case days

The Landsat mission has been providing moderate-resolution space-based surface
observations for almost 50 years. Landsat 8 is the most recent operational satellite of the
series and was launched in February 2013. It carries a two-sensor payload: the Operational
Land Imager (OLI) thas has nine reflective (visible, near-infrared, and short-wave infrared)
bands with 30-m spatial resolution and the Thermal Infrared Sensor (TIRS) with two bands in
the TIR region. The TIRS bands have a 100-m spatial resolution but it is resampled and
provided at 30-m by the United States Geological Survey (USGS) to be consistent with the
OLI bands (Roy et al., 2014; Sekertekin and Bonafoni, 2020a).
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In this study, we acquired all Landsat 8 images (Collection 1) available under daily
clear-sky conditions over the study area from 2013 to 2019. Which resulted in a total of 27
scenes at Path-Row 221-81, with acquisition scene center time around 13:20 UTC. The full
swath Landsat data were subset to a 10,184 pixels region covering the study area of Fig. 1.
Table 1 presents the specifications of Landsat 8 data utilized in the study, as well as the case
days that henceforward will be used to refer to each one. Seeking to illustrate the
meteorological conditions near the acquisition time, we also bring in Table 1 the air
temperature and the water vapor content in the atmosphere, through the Precipitable Water
Vapor (PWYV) for the entire radiosonde column measured by the SBPA station. The TIRS
band 10 (10.60—11.19 um) is used for RTE-based LST retrieval (Section 2.6.2) and OLI
bands 4 — red (0.64—0.67 um) and 5 — near-infrared (0.85-0.88 um) for land surface
emissivity estimation (Section 2.5).

Table 1. Information about Landsat 8 data used in the paper (27 images from 2013 to 2019, Path-Row 221-81).
The last columns present meteorological conditions measured by the SBPA station.

Scene ID Acquisition Date Case Day Season AirT [°C] PWYV [g/cm?]
LC82210812013322LGNO1 18-Nov-13 1 spring 23 1.57
LC82210812013338LGNO1 04-Dec-13 2 spring 21 2.43
LC82210812014037LGNO1 06-Feb-14 3 summer 31 4.10
LC82210812014293LGNO1 20-Oct-14 4 spring 19.8 1.18
LC82210812014341LGNO1 07-Dec-14 5 spring 26.6 1.99
LC82210812015024LGNO1 24-Jan-15 6 summer 24.4 2.66
LC82210812015056LGNO1 25-Feb-15 7 summer 24.6 3.26
LC82210812015312LGNO1 08-Nov-15 8 spring 24.4 2.79
LC82210812016075LGNO1 15-Mar-16 9 summer 22.8 2.23
LC82210812016235LGN02 22-Aug-16 10 winter 9.4 0.91
LC82210812016347LGNO1 12-Dec-16 11 summer 234 3.27
LC82210812017093LGNO1 03-Apr-17 12 autumn 22 3.31
LC82210812017173LGNO0O 22-Jun-17 13 winter 10.6 1.85
LC82210812017205LGNO0 24-Jul-17 14 winter 13.4 1.93
LC82210812017237LGNO0 25-Aug-17 15 winter 22.2 2.82
LC82210812017317LGNO0O 13-Nov-17 16 spring 20 1.83
LC82210812017349LGNO0 15-Dec-17 17 spring 25.2 3.17
LC82210812018048LGNO0 17-Feb-18 18 summer 23.4 2.36
LC82210812018112LGNO0O 22-Apr-18 19 autumn 19 3.26
LC82210812018160LGNO0O 09-Jun-18 20 autumn 6.6 0.84
LC82210812018240LGNO0 28-Aug-18 21 winter 9.4 0.60
LC82210812018272LGNO0 29-Sep-18 22 spring 23 3.60
LC82210812018320LGNO0 16-Nov-18 23 spring 23.6 1.74
LC82210812019083LGNO0 24-Mar-19 24 autumn 25.8 2.53
LC82210812019099LGNO0 09-Apr-19 25 autumn 19.6 1.72
LC82210812019227LGNO0 15-Aug-19 26 winter 10.8 1.08
LC82210812019323LGNO0 19-Nov-19 27 spring 24.8 2.33
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2.3. Reanalysis data

NCEP Climate Forecast System Version 2 (CFSv2) (Saha et al., 2014) reanalysis data
is produced using the NCEP Global Forecasting System (GFS) atmospheric model and the
Grid point Statistical Interpolation (GSI) analysis system with three-dimensional variational
data assimilation (3D-Var). It is arranged in grids with a horizontal resolution of 0.5° x 0.5°
and in 37 vertical (pressure) levels (1000 — 1 mbar), and 0.205° for surface parameters. We
used CFSv2 reanalysis data from the 6-hourly product as initial and boundary conditions for
the WRF simulations. In addition, profiles retrieved directly from NCEP CFSv2 were
included in the analysis, to assess the WRF model downscaling performance. These profiles
were extracted from the grid point closest to the SBPA station.

2.4. WRF Model configuration

The WRF Model version 4.1.2 with the Advanced Research WRF (ARW) dynamical
solver (Skamarock et al., 2019; Wang et al., 2019) was used to perform high-resolution
numerical simulations. We configured the WRF domains with two nested grids, in one-way
mode, centered at SBPA station, with horizontal resolutions of 12 km (G12) and 3 km (GO03)
(4:1 parent grid ratio), and 33 sigma vertical levels with 50 hPa top pressure value. Fig. 2
exhibits the grids and also an asterisk that indicates where the profiles resulted from
simulations were extracted, it refers to the grid point closest to the SBPA station. The time
step used for the outermost domain was 72s with a 4:1 parent ratio. Geographical static data
such as land use, topography, albedo, and reflectance, are inserted into the modeling process
by the land use categories of USGS.

EQ

80W 70W 60W 50W 40W

Fig. 2. WRF nested grids used in the study: G12 (shades of green) and GO3 (gray). The asterisk indicates the
point where the results were retrieved.
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Some atmospheric physical processes cannot be directly resolved by the numerical
model and so need to be parameterized. Parametrization schemes represent the contribution of
unresolved, but important, phenomena in terms of variables resolved at the model discrete
grid (Garcia-Diez et al., 2013; Stensrud, 2007; Xie et al., 2012). The WRF model has a vast
range of parameterization scheme options. The physics parameterization chosen for our
simulations included: Purdue Lin microphysics parametrization (Chen and Sun, 2002);
Yonsei University (YSU) Planetary Boundary Layer (PBL) scheme (Hong et al., 2006);
Betts—Miller—Janjic (BMJ) cumulus scheme (Janji¢, 1994); Dudhia shortwave radiation
(Dudhia, 1989); Rapid Radiative Transfer Model (RRTM) longwave radiation option
(Mlawer et al., 1997); Unified NOAH Land-Surface Model (LSM) (Tewari et al., 2004); and
Revised MMS5 surface-layer scheme (Jiménez et al., 2012). In our previous paper (Diaz et al.,
2021), we tested some parametrization options for the same SBPA area and the set used here
is based on its results and in those of Santos and Nascimento (2016). The WRF configurations
are summarized in Table 2.

Table 2. Overview of WRF model setting.

WRF Model Configuration

Version 4.1.2

Dynamical solver ARW

Initial and boundary conditions NCEP CFSv2

Map projection Lambert

Grid size Domain 1: (119 x 116) x 33
Domain 2: (169 x 165) x 33

Horizontal resolution Domain 1: 12 km

Domain 2: 3 km

Nesting One-way

Time step 72s

Static geographical data USGS

Cloud Microphysics Purdue Lin

PBL YSU

Cumulus BMJ (Domain 1 only)

Shortwave Radiation Dudhia

Longwave Radiation RRTM

LSM Unified NOAH

Surface-layer Revised MM5

The WRF model was run in the above configurations for each of the case days in
Table 1. We conduct simulations of 24-h duration and the resulting profiles were extracted at
12:00 UTC, to match with the local radiosonde observations. Hence, the first 12 h of the
simulation was considered for spin up time. The model output for each domain was stored
every 30 minutes.

2.5. Land Surface Emissivity Estimation

Land Surface Emissivity (LSE) is one of the key parameters to retrieve LST from
remote sensing data. It is a measure of the surface intrinsic ability in converting heat energy
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into radiant energy. LSE is a function of the composition, roughness, and moisture of the
surface and the observation conditions (Z. L. Li et al., 2013; Sekertekin and Bonafoni, 2020a;
Sobrino et al., 2001). Among the methods for LSE retrieval from space, Normalized
Difference Vegetation Index (NDVI)-based ones are operational and the most applied, with
satisfactory results (Kifer et al., 2019; Li and Jiang, 2018; Sobrino et al., 2001, 2008; Valor
and Caselles, 1996; Van de Griend and Owe, 1993; Yu et al., 2014). Sekertekin and Bonafoni
(2020a, 2020b) examined the influence of six NDVI-based LSE models on the performance
of LST retrieval. Based on their results, we opted to use the NDVI threshold method
(NDVI™M) of Sobrino et al. (2008). The LSE estimation from satellites inevitably has errors
and NDVI-based methods also have their limitations, especially in urban environments (Oltra-
Carri6 et al., 2012). On the other hand, a recent study (Harod et al., 2021) reported that the use
of LSE estimated by different methods resulted in no significant variations in the LST
accuracy. Anyway, assessing the LSE estimation is beyond the scope of this paper.

To calculate NDVI from Landsat 8 data, the first step is to convert Digital Number
(DN) values of bands 4 (red) and 5 (near-infrared — NIR) to reflectance using Equation (1).
And then, NDVI is obtained from Equation (2) (Ihlen and Zanter, 2019; Sekertekin and
Bonafoni, 2020b). It is not necessary to correct atmospheric effects in red and NIR bands to
estimate LSE (Jiménez-Mufioz et al., 2009).

My - Qca+ A
gy = MG p (1)
sin Ogg

where p; is the reflectance of the corresponding band, M), is the multiplicative rescaling
factor of the corresponding band, Q4; is the calibrated and quantized standard product pixel
values (DNs), A, is the additive rescaling factor of the corresponding band, and 6gg is the

local sun elevation angle.

PNIR — PR )
PNIR T PR

NDVI =

where py;r 1s the reflectance of the NIR band and pg the reflectance of the red one.

From NDVI it is possible to calculate the Fractional Vegetation Cover (P,) from
Equation (3) (Carlson and Ripley, 1997). The Py is an important factor in the LSE estimation.

b NDVI — NDVIn ]2 3)
V= INDVL,,4, — NDVI;,

where NDVI,,,;,, = 0.2 and NDVI,,,, = 0.5 in a global context (Sobrino et al., 2008, 2004;
Sobrino and Raissouni, 2000).

The NDVI™M proposed by (Sobrino et al., 2008) estimates LSE considering three
different cases as presented in Equation (4), for Landsat 8 (Sekertekin and Bonafoni, 2020a).
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For NDVI < 0.2, the pixel is considered as bare soil, and the emissivity is calculated using the
reflectance of the red band. In the second case (0.2 < NDVI < 0.5), the pixel is considered
composed of a mixture of bare soil and vegetation and the LSE depends on the P, value. The
pixels with NDVI values higher than 0.5 are considered as fully vegetated areas and the
emissivity is assumed as 0.99.

0.979 — 0.035p; NDVI < 0.2
e=10.004P, + 0986 0.2 < NDVI < 0.5 (4)
0.99 NDVI > 0.5

where ¢ is the Land Surface Emissivity (LSE).

2.6. Atmospheric correction and LST Retrieval
2.6.1. Atmospheric parameters calculation with MODTRAN and ACPC

The MODTRAN (MODerate resolution atmospheric TRANsmission) is a commercial
and widely employed atmospheric RTM developed by the U.S. Air Force and the Spectral
Sciences Inc. (Berk et al., 2014). The present study used the MODTRAN4 v3rl (Berk et al.,
2003) to estimate the three atmospheric correction parameters (i.e., atmospheric
transmittance, upwelling atmospheric radiance, and downwelling atmospheric radiance) in the
Landsat TIR spectrum. We introduced into the MODTRAN as input vertical profiles of
pressure, air temperature, and relative humidity from: (i) SBPA radiosonde; (i1) NCEP CFSv2
reanalysis; (iil) WRF G12; and (iv) WRF GO03. The atmospheric parameters calculated from
SBPA profiles are treated as ground truth data.

The methodology of Barsi et al. (2003) to fulfill the profiles was adopted. To predict
space-reaching atmospheric parameters, the MODTRAN requires atmospheric profiles
reaching “space”, or 100 km above sea level. Since the radiosondes and NCEP CFSv2 are
from the surface to about 30 and 50 km, respectively, the upper atmosphere layers (to 100
km) are extracted from the MODTRAN standard atmospheres and pasted onto our site-
specific profiles. We take on the standard mid-latitude summer profile for case days in hot
seasons (spring and summer) and the mid-latitude winter profile for those in cold seasons
(autumn and winter). This results in surface-to-space vertical profiles of air temperature,
pressure, and water vapor. These completed profiles are those that are inserted into a
MODTRAN input file and then processed (Barsi et al., 2005, 2003).

MODTRAN outputs are provided in the model's spectral resolution, so an integration
has to be performed between the bounds defined by the spectral response curve of the sensors
band (Equation (5)) (Tardy et al., 2016). In this case, the Landsat 8 TIRS band 10 (TIRS10).

[1me par (A)Rs(A)dA
var (4;) = —"5¢ (%)
frimax Ry (A)dA

i,
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where R; is the spectral response of the sensor at the center wavelength 4; of a band with a
spectral window of A;nin — A;max. var alternatively denotes the atmospheric parameter
(transmittance, upwelling, or downwelling radiance) value extracted from the MODTRAN
output file, between the edges wavelengths.

Additionally, we include in the comparative analysis the atmospheric parameters
estimated by the well-established NASA’s Atmospheric Correction Parameter Calculator
(ACPC) web-tool (Barsi et al., 2005, 2003). As mentioned above, the ACPC uses NCEP
reanalysis profiles (with 1°x1° horizontal resolution and 28 vertical levels), MODTRAN
code, and a suite of integration algorithms to provide the AC parameters for a particular date,
time, and location inputted. The option of using the atmospheric profile from the closest
integer coordinate to the inputted location (SBPA station) was set. The mid-latitude standard
upper profiles varied according to the season of each case day.

2.6.2. Radiative Transfer Equation (RTE) based LST Retrieval method

The inverse solution of RTE (Price, 1983) is a direct and a priori the most appropriate
procedure for LST retrieval using a single TIR band (Jiménez-Muioz et al., 2009). The RTE
applied to a particular TIR band/wavelength (1) can be simplified and given by:

L5™ = [eBA(Ts) + (1 — ) L] ey + L} (6)

where L™ (W-m 2-sr '-um™) is the at-sensor (TOA) spectral radiance of the corresponding
TIR band (in this paper, TIRS10), &, refers to the LSE (dimensionless), By (W-m 2-sr '-um™")
is the blackbody radiance, T (Kelvin) represents the LST, L%k and Lg\ (W-m2-sr - um™) refer
to the downwelling and upwelling radiances, respectively, and 7, is the atmospheric
transmittance (dimensionless). So the emitted radiance for a black body at a temperature T is
given by the inversion of Equation (6):

L — 1) — (1 — el 7)
Taér

BA(TS) =

the L5°" of Landsat 8 TIRS10 is obtained converting the DN values (Q¢4;) applying Equation
(8) (Ihlen and Zanter, 2019):

L¥" = My Qcar + AL (®)
where M; and A; are the multiplicative and additive rescaling factors of the corresponding
band (TIRS10). In addition, B, comes from Planck’s law:

C
B\(T) = )\S(BCZ/;T e ©)
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where C; = 1.19104 x 10®* W-um*m™2-sr™! and C, = 14387.7 um-K are Planck’s radiation
constants. Thus, the T; is calculated by inverting Planck’s law in Equation (7):

-1

C C
=% : 1 (10)

A L — LY 1—g
l )\SI E\TA _( & )LA J

finally, Equation (10) can be simplified and the LST (T§) from Landsat 8 TIRS10 is estimated
as:

K
LST = 2

K; +1 (11)
Lsem — LN — (1 — )L
THAEL

In

where K; and K, refers to calibration constants, whose values for the Landsat 8 TIRS10 are
774.89 W-m %-sr '-um! and 1321.08 K, respectively (Ihlen and Zanter, 2019). Henceforth,
the spectral notation (1) will be omitted, since here only a single TIR band is used.

The aforementioned procedure was applied with t, L', and L' calculated using profiles
from:

(1) SBPA local radiosonde;
(2) NCEP CFSv2 reanalysis;
(3) WRF G12;

(4) WRF GO3;

(5) ACPC.

The LST images retrieved using atmospheric parameters from SBPA radiosondes are
considered as a “ground truth”, and LST retrievals considering the other cases have been
compared to it. As detailed in the next section.

2.7. Metrics for performance evaluation

To evaluate the performance of the WRF model and other profiles we take into
account the atmospheric parameters (t, L', and L') and LST images. The SBPA radiosondes
are the available in situ observations. Hence, the AC parameters and LSTs calculated using
SBPA profiles are considered our references. To perform the comparative assessment,
Pearson’s correlation coefficient (R), bias (mean error), Mean Absolute Error (MAE), and
Root Mean Square Error (RMSE) were used as statistical criteria. These metrics are widely
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employed to evaluate and compare models (Chai and Draxler, 2014; Sekertekin, 2019;
Willmott and Matsuura, 2005). The metrics’ equations are given as follows:

R = Z?:l(pi - ﬁ)(oi - 5) (12)
VI (P — P)? X (0; — 0)?

where p; and o; are pairwise predicted and observed values, respectively, n is the number of
pairs, and terms with overbars are respective mean values. R scores range from -1 to 1, and
values approaching 1 indicate stronger correlations.

n
1
bi :_Z o (13)
ias n.lpl 0;
i=

bias is useful in determining if the model is underestimating (bias < 0) or overestimating (bias
> 0) the observed values.

n
1
i=1

is the average of the absolute difference between the predictions and the observations, despite
model overestimation or underestimation. It is a negatively oriented index (values closer to
zero are better).

n
1
RMSE = ;Z(pi —0;)? (15)
i=1

RMSE is also negatively oriented. It indicates the deviation between modeled and observed
values and is more sensitive to outliers as the errors are squared before summing.

3. Results and discussion
3.1. Evaluation of atmospheric parameters
3.1.1. Overall results

The AC parameters (t, L', and L") calculated with different sources of estimated
vertical profiles (CFSv2, WRF G12, WRF G03, and ACPC) were compared against those
using observational SBPA radiosondes (Fig. 3). In Table 3, the accuracy of atmospheric
parameters estimations is presented. All the profile sources provide AC parameters with high
correlation coefficients, all greater than 0.9, in relation to the reference (SBPA). The R values
of ACPC, followed by CFSv2, are slightly better. There is a general but small tendency of
overestimating the transmittance values. On the other hand, the atmospheric radiances tend to
be underestimated, except for ACPC downwelling. The smallest biases were from the WRF
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for all three parameters. The largest ones were from CFSv2. Concerning MAE and RMSE,
the best results were from ACPC followed by CFSv2. The biggest RMSE value founded was
0.43 W-m2-sr !-pm™! of the downwelling calculated with WRF GO03 profiles.
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Fig. 3. Comparison of (a) atmospheric transmittance, (b) upwelling radiance, and (c) downwelling radiance
calculated with SBPA in situ radiosondes and estimated profile sources. The dashed line represents the “1:1
line”.

Table 3. Statistical metrics of atmospheric parameters estimated from different atmospheric profiles. Bias, MAE,
and RMSE are in the parameter of interest units, i.e., W-m 2-sr !-um™' for atmospheric radiances and the
transmittance is dimensionless.

CFSv2 WRF G12 WRF G03 ACPC
S R 0.96 0.93 0.93 0.97
£ bias 0.01 ~0.00 ~0.00 0.01
: MAE 0.02 0.03 0.03 0.02
E RMSE 0.03 0.04 0.04 0.03
N R 0.97 0.94 0.94 0.98
= bias -0.12 -0.04 -0.02 -0.06
3 MAE 0.21 0.24 0.24 0.16
> RMSE 0.27 0.33 0.34 0.20
o0 R 0.97 0.95 0.95 0.98
'?; bias 0.15 20.05 20.03 0.08
2 MAE 0.28 0.30 0.30 0.21
a RMSE 0.35 0.42 0.43 0.27

The higher negative bias of the atmospheric radiances with NCEP CFSv2 in our
findings may be due to these reanalysis profiles have the lowest level at 1000 hPa, which
means around 60 — 250 m for SBPA station in our case days. So the lowest layer of the
atmosphere (which typically present the largest water vapor content and warmest temperature)
is neglected in these profiles. This fact was indicated by Coll et al. (2012) and Meng and
Cheng (2018). We had tried to reduce this limitation by downscaling the CFSv2 reanalysis
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profiles with the WRF model. The WREF profiles bring the first level at around 1 m above the
surface.

Fig. 4 illustrates the performance of the AC parameters from the different profile
sources through Taylor diagrams (Taylor, 2001). Those quantify the agreement of the
modeled profiles with the observational ones in terms of the graphical representations of three
statistics combined: standard deviation, Root Mean Squared Deviation (RMSD, same as
RMSE), and correlation coefficient. Fig. 4 corroborates the results shown in Table 3. It
indicates that ACPC obtained better results than the other profiles for all 3 atmospheric
parameters. After, comes the CFSv2 reanalysis profiles. The diagrams clearly point out that
the profiles from WRF G12 and GO03 had very similar accuracies. Actually, no significant
statistical differences were found between the parameters from the WRF grids G12 and GO3.
It suggests that computation costs can be saved by using profiles from a WRF domain with
coarse horizontal resolution. Despite other aims, scholars have already reported this kind of
result with WRF model grids (Hassanli and Rahimzadegan, 2019; Lin et al., 2018; Mohan and
Sati, 2016; Pérez-Jordan et al., 2015).

(a) 0 01 g3 (b)
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SBPA SBPA
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Downwelling

Fig. 4. Taylor diagrams of (a) atmospheric transmittance, (b) upwelling radiance, and (c) downwelling radiance.
The parameters calculated with SBPA radiosondes are the references. The black dashed lines represent the
correlation coefficient (R), blue dash-dot lines represent the standard deviation, and the magenta dotted lines
represent the root mean squared deviation (RMSD = RMSE).

Our RMSE range is in agreement with those findings for reanalysis profiles in Meng
and Cheng (2018) for the 3 parameters. The authors analyzed 30,715 atmospheric profiles in
163 stations around the globe. The RMSE values of Yang et al., (2020) were overall slightly
lower than ours. But their assessment just includes profiles from Europe. In our previous work
(Diaz et al., 2021), we compared the vertical distribution of air temperature and water vapor
of the SBPA radiosondes, CFSv2 reanalysis, and WRF (G12 and GO3) profiles. The
evaluation of the profiles themselves shows that both CFSv2 and WRF model skillfully
represent the vertical profiles of temperature and water vapor. Nevertheless, the statistical
metrics indicated that increasing the horizontal resolution did not improve significantly the
quality of the simulated atmospheric profile. This is in line with the above results of the
atmospheric parameters comparison.
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3.1.2. Analysis by meteorological conditions

The errors in the estimation of atmospheric parameters for each case day are shown in
Fig. 5. It points out that despite ACPC presented the best overall metrics, none of the profile
sources outperformed in all cases. For instance, in 8 of the case days, one of the WRF profiles
had the best results in calculating the downwelling radiance. In case day 23, the WRF model
plainly produced the largest errors, whereas in cases such as 26 the model successfully
reduced the largest error of the driving reanalysis data. Therefore, it is pertinent to assess the
dependence of meteorological conditions on the different profile sources performance.
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Fig. 5. Errors in the estimation of (a) atmospheric transmittance, (b) upwelling radiance, and (c¢) downwelling
radiance from the different profiles for each case day.

Fig. 6 brings RMSE values of the AC parameters calculated taking into account
specific ranges of Precipitable Water Vapor (PWV) for the entire atmospheric column
(measured by SBPA radiosondes) and air temperature observed at the SBPA station (Table 1).
The WRF model performs better under dry and cold conditions. It overcomes the other profile
sources in the range of 2-3 g/cm? PWV. Under almost all moisture and temperature
conditions, the profiles ACPC presented better results than the NCEP CFSv2 ones. All the
different profiles presented minor errors in the situations of the lowest water vapor and air
temperature. However, it is important to mention that the number of case days under these
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conditions was less than under the other ranges. This is consistent with the research of Meng
and Cheng (2018), which noticed the best global RMSEs for profiles under water vapor
content lower than 1 g/cm?. Furthermore, they indicated that the largest RMSEs occur when
the water vapor is between 3 and 4 g/cm?. Concerning the air temperature, our results suggest
that errors in estimating the atmospheric parameters are higher on warmer days.
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Fig. 6. Atmospheric parameters RMSE values calculated by specific ranges of observed Precipitable Water
Vapor (PWV) (a-b) and air temperature (d-f).

3.2. Application to RTE-based LST retrieval

To further assess the different atmospheric profiles, the retrieved LSTs by RTE
inversion with atmospheric parameters, Landsat 8 TIRS10 radiance, and NDVI'™™ emissivity
were intercompared. Once more, the LST images that used SBPA profiles were assumed as
reference data. Except for the atmospheric parameters calculated from the different profile
sources, the other variables in Equation (11) were the same for each pixel of the scenes.
Therefore, the differences in LST values that were retrieved with SBPA profiles and the other
sources are due to the discrepancies among the profiles (Yang et al., 2020). Fig. 7 illustrates
an example (case day 25) of the LST spatial distribution in the study area. Note that the
hottest pixels are over the airstrip and adjacent buildings of the airport.
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Fig. 7. LST images retrieved with atmospheric parameters from (a) SBPA, (b) CFSv2, (¢) WRF G12, (d) WRF
G03, and (e) ACPC, for the case day 25 (09-Apr-19).

Histograms of LST errors take in all the 10,184 pixels in the study area of the 27 case
days are shown in Fig. 8. These represent the frequency distribution of the errors in the
retrieval of LST using the different atmospheric profile sources. For all profiles, more than 50
% of the errors are of = 1 K. Yang et al. (2020) also found most of LST differences in this
range, using different reanalysis and satellite-derived profiles. The histograms in Fig. 8b and
8c indicate that WRF profiles tend to overestimate the LST. Whereas ACPC tends to
underestimate it (Fig. 8d). Using WRF profiles, LST errors can reach more than 4 K, although
in a very small number of cases. For ACPC and both WRF grids, the error range that occurs
most often is between 0 and -1 K. The distribution of CFSv2 LST errors is more symmetrical
than in the other profiles.
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Fig. 8. Normalized histograms of the LST error using profiles from (a) CFSv2, (b) WRF G12, (c) WRF GO03, and
(d) ACPC.

Table 4 summarizes the metrics of the LST retrieval comparative analysis. Overall, the
LST values of the four profile sources analyzed in this study were found in good agreement
with the reference. All of them showed a very strong correlation and relatively low bias,
MAE, and RMSE values. CFSv2, WRF G12, and WRF GO03 presented an average positive
bias and ACPC a negative one. This corroborates with the histogram analysis in Fig. 8. The
mean error criteria (MAE and RMSE) indicate that the profiles with the best performance in
the AC and RTE-based LST retrieval are, in descending order: CFSv2, ACPC, WRF G12, and
WRF GO03. The differences between CFSv2 and ACPC overall MAE and RMSE values were
very small. The same for WRF G12 and GO3.

Table 4. Statistical metrics of Land Surface Temperature (LST) retrieved using atmospheric parameters from
different profile sources. The LST values calculated with SBPA parameters were considered as references.

CFSv2 WRF G12 WRF G03 ACPC

R 0.99 0.99 0.99 0.99

i bias 0.23 0.32 0.36 2038
cZ) MAE 0.54 0.79 0.81 0.56

RMSE 0.55 0.79 0.82 0.56
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Comparing with previous studies that evaluated the application of different
atmospheric profiles in the LST retrieval, Meng and Cheng (2018) reported overall LST
RMSE values higher than ours for eight different reanalysis profile sources analyzed around
the globe. All their eight average RMSEs were largest than 1 K. The authors mention that
ERA-Interim and MERRA (6-hour product) showed the lowest RMSEs, 1.09 K and 1.07 K
respectively. They also indicate an average tendency to overestimate the LST, except for the
JRA-55. In Yang et al. (2020) study, RMSEs were smaller than 0.6 K using profiles from
ERA-Interim, MERRA2, NCEP GFS, and NCEP FNL, over Europe. Their worst accuracy
(RMSE of 1 K) was obtained using MODO07 satellite-based profiles. Retrieving LST from
three MODIS thermal bands, Pérez-Planells et al. (2015) showed RMSEs between 0.6 and 0.9
K using ACPC/NCEP and between 1.3 and 3 K for MODO07 profiles, depending on the band
and the altitude of the study sites in Spain.

Fig. 9 displays the distribution of LST bias and RMSE along the case days. Fig. 9a
evidences the ACPC and WREF settings average tendency of under and overestimate the LST,
respectively. We found better RMSE values using CFSv2 in 11 of the 27 cases days, and in 8
using ACPC. Although the metrics of mean errors are greater for WRF profiles, in 11 case
days the model improves the results of the reanalysis. Besides, the finer grid (G03) succeeded
in downscaling the G12 11 times. The fact is that the largest errors were achieved when using
the WRF model (e.g., case days 23, 19, and 17), and it contributes to the higher overall RMSE
values. In general, the days with larger errors in atmospheric parameters (Fig. 5) are the days
with larger LST RMSEs, as evinces the case 23. Conversely, in case 22, the errors in
atmospheric parameters using ACPC are less than those using WRF profiles, but the highest
LST RMSE on this day is with ACPC. Jiménez-Mufioz et al. (2010) advocate that cases like
this may be explained due to compensation among AC parameters errors. For instance, a
significant positive difference in transmittance and significant but negative differences in the
atmospheric radiances. Fig. 10 endorses how errors in the atmospheric parameters propagate
to the retrieved LST. The sensitivity analysis of Sekertekin and Bonafoni (2020a) reports that
an uncertainty of +0.01 in atmospheric transmittance impacts +£0.97 K on RTE-based LST
retrieval. For upwelling and dowelling uncertainties of +10 % led to +1.82 K and +0.07 K
error in LST, respectively. Rosas et al. (2017) mentioned that an introduced uncertainty of 20
% 1n relative humidity profile can result in LST errors as large as 1.5 K in arid environments.
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Fig. 10. Relation of daily LST bias with errors in (a) transmittance, (b) upwelling, and (c) downwelling radiances
in each case day. The gray line represents the linear regression for all data.

In summary, the essay of downscaling the horizontal resolution of reanalysis data from
0.5° (~56 km) to 12 km and so to 3 km, aiming to reduce errors in the calculation of
atmospheric parameters and hence in LST retrieval, did not perform as theoretically expected.
With WRF simulations we also improved the vertical resolution in the lowest atmospheric
levels. However, no significant improvement was found using the WRF profiles in the AC. In
some cases, using a finer grid resolution profile even resulted in greater differences in
atmospheric parameters and LST estimation. Rosas et al. (2017) reported that the higher
vertical resolution of NCEP and ECMWEF profiles in their study did not seem to play a
significant role in the atmospheric correction. Even if naturally data with higher resolution
tend to better represent the atmosphere parameters, it is not a strictly direct relationship (Meng
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and Cheng, 2018; Yang et al., 2020). Furthermore, the ACPC that uses profiles with 1°x1°
(~111 km) horizontal resolution showed good results. Although these profiles have a coarser
horizontal resolution, previous studies have been finding satisfactory results using the ACPC,
even surpassing other methods (Coll et al., 2010; Garcia-Santos et al., 2018; Jiménez-Mufioz
et al., 2010; Kifer et al., 2020; Sekertekin, 2019; Skokovic et al., 2017; Tavares et al., 2019;
Windahl and Beurs, 2016; Yu et al., 2014). It is important to note that in this study the WRF
resulting profiles were extracted at 12 UTC to match with the available radiosonde data.
Nevertheless, it could be set for the exact time of the satellite overpass. In ACPC and, in
general, for reanalysis profiles, this time synchronization is done through linear interpolation.
Which may not be the most appropriate strategy for sampling weather fronts and diurnal
heating cycles (Barsi et al., 2005, 2003; Meng and Cheng, 2018).

4. Conclusions

Vertical atmospheric profiles are key inputs in the atmospheric correction for
estimating LST using the RTE inversion single-channel approach. This study evaluated the
use of the WRF numerical model to simulate high-resolution profiles improving horizontal,
temporal, and vertical resolutions of NCEP CFSv2 reanalysis data. The profiles were
incorporated in the MODTRAN RTM to compute the atmospheric correction parameters,
which were then applied in the RTE to retrieve LST values from Landsat 8 TIRS10 data. We
included in the comparison analysis: in situ radiosondes observations as ground truth (SBPA);
vertical profiles from two grids of the WRF model with horizontal resolutions of 12 km
(WRF G12) and 3 km (WRF GO03); NCEP CFSv2 reanalysis data; and the wide applied
ACPC web-tool. The assessment took into account 27 clear-sky Landsat 8 scenes over a
radiosonde station in Southern Brazil.

The obtained results showed that for the three atmospheric parameters (atmospheric
transmittance, upwelling, and downwelling radiances) the ACPC provided parameters in
better agreement with those calculated using the radiosondes. The seconds-lowest
uncertainties were using CFSv2 profiles. No significant statistical differences were found
between the parameters from the two WRF grids. None of the profile sources outperformed in
all case days analyzed. The overall metrics of WRF profiles were influenced by some cases
with large errors. There is a tendency of overestimating the transmittance and underestimating
the upwelling and the downwelling (except for ACPC). As a whole, the assessed profile
sources better represent the atmosphere in dry and cold conditions. The RMSEs ranged
between 0.03 and 0.04 for transmittance, 0.20 and 0.34 W-m2-sr '-um™' for upwelling
radiance, and from 0.27 to 0.43 W-m %-sr '-um™! for downwelling radiance. Concerning
retrieved LST values, using those calculated by SBPA profile as reference, CFSv2 had the
best results. With an RMSE of 0.55 K, it was slightly accurate than ACPC (RMSE of 0.56 K).
WRF G12 and G03 showed RMSE values of 0.79 and 0.82 K, respectively. Both WRF grids
and CFSv2 generated a positive LST bias, while ACPC generated a negative one. On balance,
all the profile sources presented relatively good results in estimating the LST.

From the above findings, our main conclusion is that there is no special need to
increase the horizontal resolution of reanalysis profiles aiming at general RTE-based LST
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retrieval. We recommend the use of NCEP CFSv2 profiles for these applications. Moreover,
our results reinforce the ACPC validity and feasibility, which is free of charge. Even though
the overall statistical metrics for WRF profiles were inferior, their results were satisfactory.
Both in the estimation of atmospheric parameters and LST values. Despite some studies used
the WRF model to simulate the skin temperature (Wang et al., 2021, 2020), to the best of our
knowledge, this paper is the first effort applying the WRF model to aid the atmospheric
correction of thermal remote sensing data. Its use showed potential and our findings
encourage further validations. Our proposal joins the background for studies combing TIR
satellite images and high-resolution NWP models.
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4 CONCLUSOES

Perfis atmosféricos verticais sao inputs essenciais para a corregao atmosférica
de dados de sensoriamento remoto no infravermelho termal e estimativa de
temperatura da superficie (LST). O presente trabalho propbés-se a analisar a
utilizacdo do modelo WRF na geragcdo de perfis atmosféricos de alta resolugao,
refinando dados globais de reanadlise, e a aplicagdo dos mesmos na corregao
atmosférica/calculo de LST, por meio da inversdo direta da Equacdo de

Transferéncia Radiativa (RTE).

Nesse processo, avaliar a performance do modelo na simulagdo dos perfis
verticais propriamente ditos é de grande importancia, uma vez que erros nessa
modelagem podem propagar-se para a aplicagao final, neste caso a recuperagéo de
LST. Sendo assim, a primeira parte dessa dissertacdo buscou examinar o
desempenho do WRF na representacdo da distribuicdo vertical, na coluna
atmosférica, da razdo de mistura do vapor de agua (q) e da temperatura potencial
(6). Uma série de simulagdes foram realizadas utilizando dados de reanalise do
NCEP CFSv2 como condigdes iniciais e configurando o modelo com duas grades
aninhadas com resolugbes horizontais de 12 km (G12) e 3 km (GO03).
Adicionalmente, devido a importancia da camada limite (PBL) na concentragdo do
vapor de agua atmosférico, o principal responsavel pela perturbagcdo do sinal no
sensoriamento remoto no TIR, foi realizada uma analise de sensibilidade do modelo
a dois esquemas de parametrizacdo de PBL: YSU (ndo-local) e MYJ (local). A
validacao dos perfis de g e 6 deu-se utilizando radiossondagens locais, langadas no

Aeroporto Internacional de Porto Alegre (SBPA), no sul do Brasil.

Os resultados indicaram que o modelo WRF simulou de maneira satisfatoria os
perfis verticais de razdo de mistura do vapor de agua e temperatura potencial. A
comparagao estatistica desses com dados in situ resultou em altos valores de
coeficiente de correlagdo, vieses significativamente pequenos e valores
relativamente baixos de RMSE e erro médio absoluto (Mean Absolute Error — MAE).
Todavia, ndo foram encontradas diferencas significativas nas métricas gerais dos
perfis do WRF ao variar a resolugéo horizontal da grade do modelo de 12 para 3 km
e também com relagdo aos perfis extraidos diretamente dos dados de reanalise

NCEP CFSv2. Em alguns casos, o aumento da resolugéo resultou, até mesmo, em
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maiores discrepancias na comparagdo com os perfis observados. Esses resultados
indicam que o aumento da resolugao horizontal ndo melhorou significativamente a
qualidade do perfil atmosférico simulado. Portanto, € possivel concluir que ndo ha
uma necessidade especial de aumentar a resolugcdo espacial para aplicagdes que
visem uma caracterizagado geral de atmosferas locais. Uma vez que, nesses casos,
isso acrescenta um custo computacional significativo sem uma melhora expressiva
dos perfis simulados. Recomenda-se o uso de um espagamento de grade menor
que 3 km apenas para estudos locais especificos em que haja a necessidade de tal
resolugcdo. E ainda, devido a constatagdo do menor impacto da resolugao horizontal
na simulacdo do perfil atmosférico, esse estudo encoraja uma atencdo para o

aumento da resolugao vertical em trabalhos futuros.

A analise de sensibilidade, aos esquemas de parametrizacido de PBL YSU e
MYJ, revelou que nenhum dos esquemas destacou-se amplamente em todos os
casos analisados. A configuracdo com melhor resultado variou ao longo das datas
estudadas. Essa constatacdo enfatiza que a definichio do esquema de
parametrizacdo de PBL mais apropriado é dependente de condicdes sazonais e
meteorologicas e da variavel que esta sendo analisada. Ademais, as medidas
estatisticas obtidas com os diferentes esquemas de parametrizacdo sao analogas.
Desse modo, esse trabalho mostra que a escolha entre um desses esquemas de
PBL, um local e outro nao-local, pode nao ser fundamental para uma representacao
satisfatéria de perfis atmosféricos de temperatura e vapor de agua. Mais estudos

Sao necessarios para corroborar essa hipoétese.

A segunda parte da presente dissertacao refere-se a aplicagdo dos perfis
simulados utilizando o WRF na correcao atmosférica para estimativa de LST. Para
tal, os perfis foram incorporados, como dados de entrada, no modelo de
transferéncia radiativa MODTRAN — que possibilita o calculo dos trés parametros de
correcao atmosférica: transmitancia, upwelling e downwelling. Esses parametros
foram entdo inseridos na RTE para a recuperagcao de valores de LST, a partir de
dados de radiancia da banda 10 do sensor Landsat 8 TIRS. Foram incluidos na
analise comparativa: radiossondagens in situ (SBPA), perfis simulados pelo WRF
nas grades G12 e GO3 (optou-se pela utilizagdo do esquema YSU nesta etapa),
perfis extraidos diretamente da reanalise NCEP CSFv2 e, ainda, a amplamente

utilizada Calculadora de Parametros de Corregcédo Atmosférica da NASA (ACPC). As
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fontes de perfis atmosféricos foram avaliadas por meio da comparagao tanto dos
parametros atmosféricos como da LST — essa calculada para os pixels de 27 cenas
Landsat 8 TIRS10 sobre a estacdo SBPA e em condigdes de céu claro. Os valores
assumidos como verdade de campo foram aqueles calculados utilizando os perfis de

radiossonda observados.

Os resultados obtidos mostraram que a ACPC, quando comparada com as
demais fontes de perfis verticais, forneceu parametros atmosféricos em melhor
concordancia com aqueles calculados a partir das radiossondagens. A segunda
menor diferenga geral foi encontrada utilizando os perfis CFSv2. Ainda nao foram
identificadas diferencgas significativas entre os parametros obtidos a partir dos perfis
das duas grades do WRF. Nenhuma mesma fonte de perfis atmosféricos superou as
demais em todos os dias estudados. As métricas gerais dos perfis WRF foram
influenciadas por alguns casos que apresentaram notadamente grandes erros. Foi
identificada uma tendéncia de superestimar a transmitancia e subestimar as
radiagdes upwelling e downwelling (com excegdo da ACPC). Além disso, as fontes
de perfis analisadas, como um todo, descrevem melhor a coluna atmosférica em
condicbes frias e de baixa umidade. Os RMSEs encontrados nessa pesquisa
variaram entre: 0,03 e 0,04 para transmitancia; 0,20 e 0,34 W-m=2-sr'-um™' para

upwelling; 0,27 e 0,43 W-m™2-sr-'-um~" para downwelling.

No que diz respeito aos valores calculados de LST, a utilizagdo dos perfis de
reanalise NCEP CFSv2 mostrou os melhores resultados, em relagdo a referéncia
(LST calculadas com os perfis SBPA). Esses dados com um RMSE de 0,55 K foram
ligeiramente mais acurados que os recuperados utilizando a ACPC (RMSE de 0,56
K). Ja o uso dos perfis WRF G12 e GO3 resultaram em valores de RMSE de 0,79 e
0,82 K, respectivamente. Ambas as grades do WRF e a reanalise CFSv2 geraram
um viés positivo para a LST, enquanto a calculadora da NASA apresentou viés geral
negativo. Em suma, todas as fontes de perfis atmosféricos analisadas apresentaram

bons resultados na estimativa da LST.

Entretanto, a hipétese de melhorar a resolugdo horizontal dos dados de
reanalise de 0,5° (~56 km) para 12 km e entdo para 3 km, com o objetivo de reduzir
os erros no calculo dos parametros atmosféricos e, por consequéncia, na estimativa
de LST — nao ocorreu como o pressuposto. Com as simulagdes no WRF, também foi

incrementada a resolucao vertical dos perfis nos niveis mais proximos da superficie.
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No entanto, nenhuma melhora significativa foi demonstrada utilizando os perfis
gerados pelo WRF na correcdo atmosférica no TIR. Em alguns casos, 0 uso de um
perfil de uma grade mais refinada, inclusive, resultou em maiores incertezas nos
parametros atmosféricos e na LST, assim como constatado na avaliagao direta dos
perfis verticais. Além disso, a ACPC, que utiliza perfis de reanalise com resolugao
horizontal de 1° (~111 km), apresentou resultados bastante satisfatérios. Por outro
lado, € importante notar que, neste estudo, os perfis resultantes das simulagbes com
o modelo WRF foram extraidos para as 12 UTC, para corresponder com os dados
de radiossondagem disponiveis. Esses poderiam, todavia, ser extraidos para o
horario exato de passagem do satélite sobre a area de estudo. Na ACPC e, em
geral, para perfis de reanalise, essa sincronizacdo € feita por meio de uma
interpolacao linear — o que pode ndo ser a estratégia mais adequada para amostrar

frentes meteoroldgicas e ciclos diarios de aquecimento.

Diante do exposto, a principal conclusao dessa dissertacdo € de que nao ha
uma necessidade particular de refinar a resolugao horizontal dos perfis de reanalise
visando a recuperacdo de LST, baseada no método de canal unico de inversao da
RTE. Os achados dessa pesquisa recomendam o uso de perfis de reanalise NCEP
CFSv2 para essa aplicagdao. Também, se reforca a utilidade da ja estabelecida
ACPC, que é acessivel e gratuita. Embora as métricas estatisticas gerais obtidas
com os perfis simulados pelo WRF tenham sido inferiores, seus resultados sao
considerados satisfatérios. Tanto na simulagdo dos perfis verticais propriamente
ditos, como para o calculo dos parametros de correcdo atmosférica e da LST. Esse
fato estimula a realizacdo de estudos adicionais, testando diferentes configuracdes
do modelo com, por exemplo, outros dominios (com variadas resolugdes horizontais
e verticais) e outras opgdes de parametrizagdes fisicas. Ainda sobre trabalhos
futuros, sugere-se a validagdo com dados de campo de temperatura de superficie,
aléem da inclusdo de outras areas de estudo, para que as conclusdes aqui
estabelecidas possam ser extrapoladas e corroboradas para diferentes ambientes e

atmosferas.

Por fim, essa pesquisa contribui para o background de estudos que se utilizam
de modelos numéricos atmosféricos para realizar a correcdo atmosférica de dados
de sensoriamento remoto termais — inovando ao constituir, até onde se sabe, a

primeira tentativa de se testar o modelo WRF para essa aplicacao.
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