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RESUMO

FONSECA, Aymbiré Angeletti da, D.Sc., Universidade Federal de Vicosa, fevereiro de 2022.
Avancos no uso da espectroscopia no infravermelho-proximo para o monitoramento da
matéria organica do solo e suas fracoes. Orientadora: Emanuelle Mercés Barros Soares.
Coorientador: Celio Pasquini.

A espectroscopia na regido do infravermelho-préximo — NIR (Near-infrared) é uma técnica
analitica rdpida, ndo destrutiva, de facil uso, altamente reprodutiva e ambientalmente correta,
que pode ser utilizada para o monitoramento da matéria organica do solo, um atributo que pode
beneficiar diversos servigos ecossistémicos providos pelo solo. No presente trabalho, aspectos
metodolégicos que envolvem o uso de espectrofotdmetros NIR compactos para determinacao
de carbono organico do solo (COS) foram avaliados, assim como o potencial do uso da
espectroscopia NIR (NIRS) para a determinacdo de C, N, §'°C e §'N em fragdes da matéria
organica do solo (matéria organica particulada e matéria organica associada aos minerais). Os
resultados indicaram que o aumento da drea da amostra sondada pelo espectrofotometro NIR
compacto afeta positivamente a representatividade dos espectros de amostras de solo e
proporciona ganhos na acurdcia dos modelos de determinacdo de COS. O uso de um sistema de
movimentacdo automatico programado para mover, axial e radialmente, os frascos contendo as
amostras de solo sobre o feixe de sondagem o6tica de um instrumento compacto aumentou a
representatividade dos espectros do solo e resultou em ganhos de até 400 % na acurécia dos
modelos. Constatou-se ainda que a performance dos modelos de determinagao de COS,
desenvolvidos com instrumentos compactos e usando conjuntos de dados amplos e
heterogéneos, pode ser beneficiada pela moagem do solo. Contudo, nestas condi¢des, o uso de
modelos de regressdo local, construidos utilizando apenas as amostras do conjunto de
calibracao consideradas semelhantes a amostra que se deseja avaliar usando a NIRS, se mostrou
uma melhor alternativa. Quando os modelos locais foram construidos utilizando amostras de
solo secas em estufa e finamente moidas, foram obtidos os melhores resultados, sendo
observada reducdo no erro de predicao de até 15 %. Os resultados demonstraram também que
a NIRS pode ser utilizada para caracterizacio rdpida e ndo-destrutiva da matéria organica do

solo. Além de fornecer informacdes sobre os teores totais de C e N, foi possivel inferir os teores

de C, N e 8'°C na matéria organica particulada e na matéria organica associada aos minerais.



Palavras-chave: Espectrofotdometros NIR compactos. Modelos de regressio local. Pré-
processamento de amostras de solo. Matéria organica particulada. Matéria organica associada

a0s minerais.



ABSTRACT

FONSECA, Aymbiré Angeletti da, D.Sc., Universidade Federal de Vigosa, February, 2022.
Advances in the use of near-infrared spectroscopy for monitoring soil organic matter and
its fractions. Advisor: Emanuelle Mercés Barros Soares. Co-advisor: Celio Pasquini.

Near-infrared spectroscopy (NIR) is a rapid, non-destructive, easy-to-use, highly reproducible
and environmentally friendly analytical technique that can be used for monitoring soil organic
matter, an attribute that can benefit several ecosystem services provided by soil. In the present
work, methodological aspects involving the use of compact NIR spectrophotometers to
determine soil organic carbon (SOC) were evaluated, as well as the potential of using NIR
spectroscopy (NIRS) to determine C, N, §'°C and §'°N in fractions of soil organic matter
(particulate organic matter and mineral-associated organic matter). Through the results, it can
be observed that increasing the sample area probed by a compact NIR spectrophotometer
positively affects the representativeness of the soil sample spectra, which can increase the
accuracy of SOC determination models. Using an automatic system to move, axially and
radially, the flasks containing the soil samples over the optical probe beam during spectral data
acquisition increase the representativeness of the soil spectra acquired using a compact
spectrophotometer and has resulted in gains of up to 400 % in model accuracy. It was also found
that the performance of SOC determination models, developed with compact instruments and
using large and heterogeneous data sets, can be improved when ground soil samples are used.
However, when compact instruments are used under these conditions, the use of local
regression models, built using only the samples from the calibration set with similar spectra to
the sample being evaluated, has proven to be a better option. The best performance of compact
spectrophotometers was obtained using local calibration and finely ground oven-dried soil
samples. This protocol provided a reduction of up to 15% in the prediction error. The results
also demonstrated that NIRS can be used for rapid and non-destructive characterisation of soil
organic matter. In addition to providing information on total C and N contents, it was possible
to infer the C, N and §'3C contents in particulate organic matter and mineral-associated organic

matter.

Keywords: Compact NIR spectrophotometers. Local regression models. Soil sample pre-

processing. Particulate organic matter. Mineral-associated organic matter.
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Introducao geral

O solo representa o maior reservatorio terrestre de carbono (C), com estoques estimados
de aproximadamente 2770 Pg de C nos trés (3) metros superficiais (JACKSON et al., 2017).
Deste total, 1300-1500 Pg de C estaio na camada de 0-1 m de profundidade e,
consequentemente, estdo mais susceptiveis a rdpidas alteracdes em func¢do da atividade
antrépica (HARDEN et al., 2018). Aumentar os teores de C organico do solo (COS) é um dos
maiores desafios do século (MINASNY et al., 2017), dada a importancia deste constituinte para
diversos servicos ecossistémicos prestados pelo solo, dentre os quais se destacam o sequestro
de C e o fornecimento de alimentos (PROUT et al., 2020). Manejar o solo com o objetivo de
aumentar os teores de COS requer o monitoramento frequente deste atributo, o que, por sua
vez, requer métodos analiticos capazes de fornecer resultados de forma répida, facil e sem gerar
residuos nocivos ao ambiente (DEMATTE et al., 2019b).

O método padrao de determinagdo de COS € a combustdo seca. Porém, a determinagao
por Walkley-Black é atualmente o método mais utilizado nos laboratérios de andlise de solo
(VISCARRA ROSSEL et al., 2016), por nao demandar instrumentos especificos e de alto valor
aquisitivo. A oxidagdo via imida proposta por Walkley-Black consiste na oxidagao do COS
pela adicdo de uma solucdo de K>Cr207 (0,167 mol L) e H.SO4 concentrado (WALKLEY;
BLACK, 1934). Apenas no Brasil, 4 milhdes de determinacdes de COS sao feitas todos os anos
(SANTANA; SOUZA; POPPI, 2019). Supondo que 75 % destas determinacdes sdo feitas por
Walkley-Black, e considerando que a cada amostra de solo analisada por este método sdo
gerados 150 mL de residuos imidos contendo cromo (SANTANA; SOUZA; POPPI, 2019),
aproximadamente 450.000 L ano™! de residuos téxicos sdo gerados apenas nesta determinagio.
Globalmente, este volume pode chegar a 67.500.000 L ano™!, dado que mais de 600 milhdes de
amostras de solo sdo analisadas anualmente (DEMATTE et al., 2019b). Além de gerar este
grande volume de residuos nocivos ao ambiente, a oxida¢do via umida, assim como outros
métodos comumente utilizados nos laboratorios de rotina, possuem limitacdes que podem
prejudicar a repetibilidade e reprodutibilidade dos resultados analiticos, tais como, varia¢des na
qualidade dos reagentes utilizados e vulnerabilidade a erros operacionais devido ao elevado
nimero de amostras avaliadas simultaneamente (O’ROURKE; HOLDEN, 2011).

O uso de técnicas espectroscopicas por reflectancia difusa na Ciéncia do Solo tem
crescido exponencialmente nas utltimas décadas, principalmente por serem métodos analiticos

nao destrutivos, rapidos, altamente reprodutivos, de facil uso e com baixo custo operacional
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(GUERRERO; ROSSEL; MOUAZEN, 2010; LI; VISCARRA ROSSEL; WEBSTER, 2022).
Entre estes métodos, a espectroscopia na regido do infravermelho-préximo — NIRS (near-
infrared spectroscopy), associada ou ndao a regido do visivel (Vis-NIRS e NIRS,
respectivamente), ¢ a que vem demonstrando maior potencial para ser implementada nos
laboratdrios de andlise de solo como uma alternativa para determinacdo dos teores de COS
(AHMADI et al., 2021; DEMATTE et al., 2019a; LI; VISCARRA ROSSEL; WEBSTER,
2022; VISCARRA ROSSEL et al., 2016), principalmente por fornecer bons resultados e por
demandar apenas um preparo minimo das amostras de solo (LI; VISCARRA ROSSEL;
WEBSTER, 2022). Contudo, o valor de aquisicao destes espectrofotometros ainda € alto (em
geral, maiores que US$ 40,000.00), o que pode limitar a adocdo desta técnica nos laboratérios
de rotina e em pequenos grupos de pesquisa.

Os avangos recentes no desenvolvimento de dispositivos eletronicos e computadores
miniaturizados t€m possibilitado a produgdo de diferentes tipos de espectrofotometros NIR
compactos (BEC et al., 2020; PASQUINI, 2018). Embora fornecam informagdes em uma faixa
espectral menor do que a de espectrofotdmetros NIR convencionais e Vis-NIR, os instrumentos
compactos também podem ser utilizados para quantificar os teores de COS de forma acurada
(BARTHES et al., 2019; KARYOTIS et al., 2021; MURA et al., 2019; SHARIFIFAR et al.,
2019a; SORIANO-DISLA et al.,, 2017), sendo o baixo custo de aquisi¢do destes
espectrofotometros um importante diferencial para a sua escolha, mesmo quando se deseja
trabalhar em condicdes de laboratério (BARTHES et al., 2019). No entanto, os equipamentos
compactos apresentam diferencas importantes em relacdo aos espectrofotdmetros
convencionais, assim, para implementar o uso destes instrumentos nos laboratérios de anélise
de solo € necessdrio definir, primeiramente, os aspectos metodolégicos de seu uso.

Uma das maiores dificuldades que podem ser encontradas no uso de espectrofotometros
NIR compactos em matrizes complexas, tal como solo, é a sua reduzida capacidade de sondar
a amostra durante a aquisi¢do dos espectros (SANTOS et al., 2013). Esta limitagdo, intrinseca
aos equipamentos compactos, pode prejudicar a representatividade dos dados espectrais
adquiridos e, consequentemente, a performance dos modelos de predicio (PASQUINI;
HESPANHOL, 2021). Uma maneira efetiva, de baixo custo e rdpida de aumentar a
representatividade dos espectros adquiridos com espectrofotdmetros NIR compactos € o uso de
sistemas automatizados capazes de mover os frascos contendo as amostras sobre o feixe de
sondagem Otica durante as medi¢oes (PASQUINI; HESPANHOL, 2021). Considerando que

este sistema proporciona um aumento na drea escaneada pelos equipamentos compactos, o seu
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uso pode aumentar a representatividade e a reprodutibilidade dos espectros adquiridos, o que,
por sua vez, pode melhorar o desempenho dos espectrofotometros compactos na determinagao
de COS.

Embora o uso do sistema de movimentacdo de amostras possa melhorar a qualidade dos
espectros adquiridos, para implementar o uso da NIRS nos laboratérios de rotina € necessario
construir modelos regionais, que contemplem diversos tipos de solo. Este processo ndo é
simples, mesmo com o uso de espectrofotdmetros convencionais. O solo é uma matriz
complexa, gerando espectros que variam amplamente em funcdo da sua constituicdo
mineraldgica e de suas caracteristicas fisicas (BARTHES et al., 2006; FANG et al., 2018;
MILTZ; DON, 2012; VISCARRA ROSSEL; BEHRENS, 2010). Em conjuntos de dados
amplos e heterogé€neos, estas variacdes dificultam a modelagem das informacdes espectrais
relacionadas ao COS (HONG et al., 2018), prejudicando a acurdcia dos modelos desenvolvidos
(LIU et al., 2019). As principais estratégias que podem ser utilizadas para melhorar o
desempenho da NIRS nestas condi¢des é o preparo do solo antes da aquisi¢ao dos espectros e
a estratificacdao do conjunto de dados para o desenvolvimento de modelos locais.

Idealmente, os espectros NIR sdo adquiridos usando um processamento minimo das
amostras de solo, utilizando amostras secas ao ar e peneiradas a 2 mm. No entanto, o preparo
das amostras antes da aquisicdo dos espectros, feito através da secagem e moagem do solo,
reduz a heterogeneidade fisica e quimica do material € minimiza a dominancia da dgua nos
espectros NIR (BARTHES et al., 2006; MILTZ; DON, 2012; TAMBURINI et al., 2017).
Embora os efeitos deste processo ainda sejam controversos, no que diz respeito a performance
de modelos desenvolvidos com espectrofotdmetros convencionais (BARTHES et al., 2006;
MILTZ; DON, 2012; TAMBURINI et al.,, 2017), a capacidade de sondagem destes
instrumentos, assim como a sua resolucdo espectral, € superior a de espectrofotdmetros
compactos. Considerando as limitacdes intrinsecas aos equipamentos compactos, € provavel
que os beneficios do processamento do solo sejam mais evidentes nos modelos desenvolvidos
com o uso destes espectrofotometros.

Outra estratégia que pode ser utilizada para melhorar a performance da NIRS na
determinacdo de COS, em escala regional, € o uso de modelos locais, desenvolvidos a partir da
estratificacdo dos espectros do conjunto de calibragao (JACONI; DON; FREIBAUER, 2017;
LIU et al., 2019; MOURA-BUENO et al., 2019). A acurécia dos modelos de determinacdo de
COS reduz com o aumento da heterogeneidade do banco de dados utilizado (HONG et al.,

2018; VISCARRA ROSSEL et al., 2016), portanto, o uso de modelos locais, desenvolvidos
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utilizando apenas o grupo de amostras do conjunto de calibracdo que apresentam maior
similaridade com a amostra que se deseja avaliar, pode proporcionar melhores resultados do
que o uso de modelos “globais”, desenvolvidos com o uso de todas as amostras do conjunto de
calibracao (JACONI; DON; FREIBAUER, 2017; LIU et al., 2019; MOURA-BUENO et al.,
2019). Diferentes critérios de similaridade vém sendo propostos, sempre proporcionando
ganhos importantes na acurdcia dos modelos de predi¢do de COS desenvolvidos com
instrumentos convencionais (JACONI; DON; FREIBAUER, 2017; LIU et al., 2019; MOURA -
BUENO et al., 2019), mas, até o presente momento, ndo existem trabalhos que reportem os
efeitos desta prética na performance dos modelos desenvolvidos usando espectrofotometros
NIR compactos.

A definic@o de todos estes aspectos metodoldgicos que estdo relacionados a otimizagao
do uso de espectrofotdometros NIR compactos, além de melhorar o desempenho destes
equipamentos na determinacdo de COS, podem expandir as aplicagdes da NIRS em estudos
relacionados a matéria organica do solo (MOS). A exemplo disto, a quantificacdo dos teores de
C e nitrogénio (N), bem como a composiciio isotopica destes elementos (8'°C and §'°N,
respectivamente), na matéria organica particulada — POM (particulate fraction of MOS) e na
matéria organica associada aos minerais — MAOM (mineral-associated fraction of MOS), pode
contribuir para o melhor entendimento das transformagdes destes elementos no solo
(LAVALLEE; SOONG; COTRUFO, 2019). No entanto, os métodos analiticos atualmente
utilizados nestas determinagdes sdo laboriosos e demorados, o que, por muitas vezes, limita o
seu uso em aplicagdes de larga escala. A NIRS pode ser utilizada para mensurar diferentes
atributos do solo simultaneamente (AHMADI et al., 2021). Portanto, o mesmo espectro
utilizado para estimar os teores de COS pode ser utilizado para quantificar o C, N, §!°C e §'°N
nas diferentes fracoes da MOS, desde que exista uma correlagdo consistente entre estes atributos
e os espectros NIR (MCBRIDE, 2021). Na literatura, existem alguns trabalhos com o uso da
NIRS na determina¢do de C e N na POM e MAOM (BARTHES et al., 2008; JACONI et al.,
2019; ST. LUCE et al., 2014) e de §"3C e §""'N na MOS (FUENTES et al., 2012; KANG; GAO;
YU, 2017; WINOWIECKI et al., 2017). No entanto, ndo foram encontrados trabalhos que
relatem as informagdes espectrais que podem respaldar o uso da NIRS nestas determinagdes, o
que € necessario para demonstrar que existe um fundamento quimico na aplicabilidade deste
método analitico proposto (MCBRIDE, 2021). Assim, para avaliar o potencial dos
espectrofotdmetros NIR compactos na quantificacio de C, N, §'°C e §'°N em fragdes da MOS

€ necessdrio, primeiramente, encontrar € entender as regides dos espectros NIR que estdo
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relacionadas as variagdes destes atributos no solo e que podem dar suporte e significancia aos
modelos de regressao.

Considerando todo o contexto apresentado, os objetivos do presente trabalho foram: (i)
entender como o aumento da drea sondada pelos espectrofotometros NIR compactos pode
influenciar a representatividade dos espectros de amostras de solo e qual € a implicacdo disto
para a performance destes instrumentos na determinacido dos teores de COS; (ii) avaliar os
efeitos do tipo de preparo da amostra de solo antes da aquisi¢do dos espectros NIR e do uso de
modelos de regressao local no desempenho de dois espectrofotometros NIR compactos, que
trabalham em diferentes faixas do espectro NIR, na determinacdo dos teores de COS; (iii)
construir modelos de regressdo, baseados nos espectros NIR, para determinar os teores de C,
N, 8'3C e §'°N nas fracdes POM e MAOM da MOS e identificar as informagdes espectrais que
suportam estes modelos. Para atingir estes objetivos, trés estudos foram desenvolvidos em
paralelo e os seus resultados sdo apresentados em trés capitulos. Capitulo 1: Efeito da
representatividade na medicdo da amostra na determinacdo de carbono do solo usando
espectrofotometros no infravermelho-préximo compactos (Effect of the sample measurement
representativeness on soil carbon determination using near-infrared compact
spectrophotometers); Capitulo 2: Performance de espectrofotometros NIR compactos na
determinagdo de COS em escala regional: Efeitos do pré-processamento das amostras e uso de
modelos locais; Capitulo 3: Informagdes espectrais que suportam o uso da espectroscopia no
infravermelho-préximo para determinar C, N, §'3C e §'°N nas fracdes da matéria organica do
solo (Spectral information supporting near-infrared spectroscopy to estimate C, N, 6"°C and

0"°N in soil organic matter fractions).
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Capitulo 1

Effect of the sample measurement representativeness on soil carbon determination using

near-infrared compact spectrophotometers

Abstract

Compact or miniaturized near-infrared (NIR) spectrophotometers are inexpensive instruments
that can boost the use of NIR spectroscopy (NIRS) for determining soil organic carbon (SOC).
Nevertheless, these instruments are deficient concerning the probing capability due the small
area of the sample assessed in spectra measurement. Protocols normally used during spectral
data acquisition can be insufficient to obtain representative spectra, which can affect the
performance of the models to estimate SOC. This paper aimed to understand how the
representativeness of soil spectra is affected by increasing the area probed during spectra
acquisition and determine its effect on the performance of multivariate regression models
constructed using compact NIR spectrophotometers for SOC determination. Four measurement
modes of the flask containing the soil sample were evaluated using a compact FT-NIR.
Measurement modes I (full radial and axial scanning of sample flask) and II (full radial scanning
in a fixed axial line of sample flask) were performed using a rotational-linear sample probing
device to move the sample flask over the optical probing beam during spectral data acquisition.
Measurement modes III and IV, in turn, were performed in static mode. Using the measurement
mode III, the spectral data were acquired at variable points of the sample flask, and using the
measurement mode IV, the spectral data were acquired at a single fixed point in the sample
flask. The study was developed in two stages. Firstly, five spectra of three soil samples (selected
according to their carbon content) were acquired using the measurement modes. The
repeatability and representativeness of the spectral data were then evaluated using principal
component analysis (PCA). Partial least square regression (PLSR) models were constructed to
determine the quantitative effects of the representativeness of the four measurement modes used
to acquire the spectral data set. The calibration and independent validation sets were composed
of 49 and 20 soil samples, respectively. The increase in the sample area probed using the a
rotational-linear sample probing device resulted in more representative and reproducible
spectral data, which improves the performance of compact spectrophotometer in SOC
determination. Significant enhancements in SOC determination ranged from 146 to 400 % were

found, considering the most (mode I) over less representative measurement modes. These
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results were verified by a comparative randomization test between models’ prediction
performances. In this context, using a rotational-linear sample probing device is recommended

for SOC determinations using compact NIR spectrophotometers.

Keywords: Soil near-infrared spectra representativeness; rotational-linear sample probing
device; compact near-infrared FT spectrophotometer; soil organic matter determination; Near-

infrared (NIR) spectroscopy; NIRS.

1. Introduction

Increasing soil organic carbon (SOC) stocks have been considered a possible solution to
mitigate global climate changes (MINASNY et al., 2017). Soil organic matter is responsible for
the functionality of several ecosystem services and can act as a source or sink of carbon (C),
which can impact the concentration of carbon dioxide in the atmosphere (BUNEMANN et al.,
2018; MINASNY et al., 2017; SANDERMAN; HENGL; FISKE, 2017). Managing SOC
requires characterizing this soil attribute more extensively. The method predominantly used in
soil analysis laboratories to determine SOC (dichromate oxidation) is laborious, time-
consuming, and generates large amounts of hazardous wastes (DEMATTE et al., 2019b;
SANTANA; SOUZA; POPPI, 2019). In contrast, near-infrared (NIR) spectroscopy (NIRS) is
a fast and environmental-friendly analytical technique (PASQUINI, 2018) that has proven to
be a valuable technique to determine SOC content (BELTRAME et al., 2016; DEMATTE et
al., 2019b; SANTANA; SOUZA; POPPI, 2019). Nevertheless, purchasing a conventional NIR
spectrophotometer remains rather expensive (BARTHES et al., 2019), mainly for small
laboratories.  Recently, several types of low-cost, compact/miniaturized NIR
spectrophotometers were developed (BEC et al., 2020; BEC; GRABSKA; HUCK, 2021;
CROCOMBE, 2018; PASQUINI, 2018). These compact instruments may spread the use of
NIRS by soil researchers and in soil analysis laboratories. However, factors that can affect their
performance in SOC determinations need to be better understood to effectively achieve this
goal.

Near-infrared spectroscopy is an analytical technique based on the interaction between
radiation and matter (PASQUINI, 2003, 2018). When NIRS is used to analyze soil samples
spectral information is usually acquired through diffuse reflectance (GUERRERO; ROSSEL;
MOUAZEN, 2010). Thus, the optical beam is impinged on the grounded sample and, depending
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on its composition, the radiant energy can be selectively and partially absorbed in the NIR
wavelength range by different vibrational modes of the chemical bonds and reemitted
(reflected) towards the instrument detector (BURNS; CIURCZAK, 2007). Conventional NIR
spectrophotometers probe relatively large areas of solid samples to produce a single spectrum
that may represent their average composition (SILVA; PASQUINI, 2015). On the other hand,
compact NIR spectrophotometers typically have a small optical window. Thus, they only probe
a few millimeters squared of grounded solid samples to produce the final spectrum
(PASQUINI; HESPANHOL, 2021; SANTOS et al., 2013). This intrinsic limitation of the
compact instruments can affect the representativeness of the spectral data acquired, mainly
when heterogeneous samples are analyzed (PASQUINI; HESPANHOL, 2021; REEVES,
1996).

Soil samples present high physical and chemical heterogeneity, so, even when
spectrophotometers with higher probing capability are used, the spectral data acquired may not
represent the average composition of the laboratory sample, which harms the performance of
multivariate regression models usually employed to determine SOC (MILTZ; DON, 2012;
TAMBURINI et al., 2017).

Two strategies usually are adopted to increase the representativeness of the final
spectrum: (i) reduction of the heterogeneity of the sample by intensive grinding (MILTZ; DON,
2012; TAMBURINI et al., 2017), which is a laborious and time/energy-consuming process; or
(ii) use of average spectra obtained from many scans collected over a more significant fraction
of the heterogeneous sample (JACONI et al., 2019; LIN et al., 2017; SANTANA; SOUZA;
POPPI, 2019; THOMSEN et al., 2009). To estimate soil properties using compact
spectrophotometers it is usual to scan up to three points on the sample to obtain the final average
spectra (Table 1). However, the use of this protocol can still result in the acquisition of poorly
representative spectra, as demonstrated in this work. The acquisition of average spectra can be
improved by rotating devices used to move the samples over the optical probing beam during
scanning (PASQUINI; HESPANHOL, 2021). There were no rotation devices specifically
designed to work with compact instruments; however, nowadays, a new rotational-linear
sample probing device (RLSPD) capable of accommodating different types of compact NIR
instruments is available (PASQUINI; HESPANHOL, 2021). This device can be built easily
using low-cost components, as shown in Pasquini and Hespanhol (2021) where a detailed
schematic of this device can be found. Considering that the RLSPD can probe the sample flask

in an axial and radial direction, it is hypothesized that this device could increase the
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representativeness of soil NIR spectra and improve the performance of compact NIR

spectrophotometers in SOC determination.

Table 1. Spectral data acquisition protocols using portable spectrophotometers on soil samples

Soil

Spectral data acquisition protocol Reference
granulometry

0.2 mm Measurement performed on a single point (BARTHES et al., 2019)
of the soil sample
2mm Two measurements in different positions (MURA et al., 2019)

of the petri dishes with soil samples

2 mm Three measurements in different positions (AHMAD JANI et al., 2021;
of the petri dishes with soil samples KARYOTIS et al., 2021;
SHARIFIFAR et al., 2019b)
2 mm Four measurements in different positions (SORIANO-DISLA et al.,
of the petri dishes with soil samples 2017)
2 mm Five measurements in different positions (SUT et al., 2012)

of the petri dishes with soil samples

The main objective of this work was to understand: (i) how the representativeness of soil
NIR spectra is altered by increasing the sample area probed by a compact spectrophotometer
during spectral data acquisition by different measurement protocols; and (ii) how the
representativeness of soil spectra impacts the performance of a compact NIR spectrophotometer

in SOC determination using multivariate models.

2. Materials and Methods

2.1. Soil samples

This study used two sets of topsoil samples, a calibration set, and a validation set, both
obtained from a field experiment conducted in a post-mining area, in which different
management practices were employed to increase SOC levels. This experiment was conducted
over a total area comprising 2 km?, and the soil is classified as a Clay Ferralsol (IUSS
WORKING GROUP WRB, 2014). A complete description of the experiment can be found in
(COSTA, 2020).
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The calibration set comprised 49 soil samples (air-dried and sieved at an average grain
size of 2 mm) selected according to their SOC content previously determined. Values of SOC
in this sample set varied in the range 0.65 - 3.46 % (m/m). In a second moment, other 20
independent soil samples (validation set), air-dried and sieved at 2 mm, were randomly selected
from the same field experiment, and used to validate the SOC multivariate regression models
constructed based on the NIR spectral data. Values of SOC in the validation set were in the

range 0.90 - 3.39 % (m/m) ensuring models interpolation.

2.2. Reference values of soil organic carbon
Subsamples of soil (< 2 mm) with 10 g were crushed in ball mill until their entire mass
passed through a 0.2 mm sieve. Then, the reference values of SOC were determined by the

dichromate oxidation method (YEOMANS; BREMNER, 1988).

2.3. NIR spectrophotometer

Spectral data were acquired using a NeoSpectra micro-FT instrument (Si-Ware, Egypt).
This compact/miniaturized FT-NIR, manufactured by Si-Ware Systems, operates in the 1350-
2500 nm wavelength range with a spectral resolution of 16 nm at 1550 nm. Spectra were
composed by 257 points (wavelengths) after Fourier transformation of the mean interferogram.
The integration time used per scan was 20 s. Although no specific information on the number
of spectra acquired per second is available, the manufacturer mentions that within this

integration time, thousands of spectra are scanned to calculate the final average spectrum.

2.4. Sample Measurement Device

The spectrophotometer was accommodated in the RLSPD. This device consists of an
acrylic box with mechanical components and electronics employed to move the sample flask
during spectrum acquisition by diffuse reflectance. Soil samples were transferred to cylindrical
glass vials with 20 mL volume (Sigma-Aldrich, ref. DWK986541-500EA). A complete
description of the RLSPD components and information on the device's operating mode can be

found in Pasquini and Hespanhol (2021).

2.5. Data acquisition and data processing
Four spectral data acquisition modes were evaluated: (I) full radial and axial scanning

(six revolutions and a simultaneous complete 4 cm long linear movement) using the RLSPD to
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move the samples over the optical probing beam during a measurement cycle (20 s); (II) full
radial scanning (six revolution in a fixed axial line of the flask) using RLSPD to move the
samples over the optical probing beam during a measurement cycle (20 s); (III) scanning at
variable random points (20 s each) of the sample flask, performed in static mode; (IV) scanning
at a single fixed point (20 s) of the sample flask, also performed in static mode. All measurement
modes produce average spectra resulted from the same number of scans, ensuring the same
instrumental signal to noise ratio.

Each measurement mode was performed using the sample packing in two forms. In the
first form (A), the total volume of the flasks was filled with soil (particle size <2 mm), so the
soil particles remained static inside of the flask when it was moved during the spectral
acquisition. In the second form (B), only two-thirds of the flask volume was filled with soil
(particle size < 2 mm), thus, when rotation is employed (modes I and II), the soil particles can
move radially inside the flask during measurement.

Data sets were processed using the Unscrambler 11.0 software (CAMO Analytics,
Norway). The randomization test (VOET, 1994), used to statistically compare the accuracy of
the multivariate models, was processed using the Matlab 2000 rev.12 software, using 20,000

iterations to improve the robustness of the calculation of the p-value.

2.6. Evaluation of reproducibility and representativeness

A preliminary qualitative test was carried out using three soil samples selected from the
calibration set (section 2.1), according to their SOC content (low SOC content - 0.65 %,
medium SOC content - 1.77 % and high SOC content - 3.46 %) to assess the reproducibility
and representativeness of the NIR spectra collected using the different proposed measurement
modes (I, II, III, TV).

Firstly, twelve spectra (20 s integration time) of each soil sample were acquired using full
radial and axial scanning (mode I) to obtain an average spectrum that best represents the soil
sample composition (the expected best representative spectrum). Secondly, five individual
spectra (20 s integration time) of each sample were acquired using the four measurement modes.
This procedure was performed using a fully packed flask and a 2/3-packed flask. As a reference
of 100 % reflectance, a flask fully packed with Spectralon® was scanned every five consecutive
measurements.

The spectral data was pre-processed to minimize the effect of radiation scattering. The

Second-derivative using the Savitzky-Golay algorithm with a window size of 15 data points
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was used, 2™-degree polynomial (SAVITZKY; GOLAY, 1964). In addition, the spectral
regions between 1350-1365 nm and 2470-2500 nm, showing lower signal-to-noise ratio after
transformation by second derivative, were removed for further processing.

Principal components analysis (PCA) was used to evaluate the reproducibility of the five
NIR spectra collected from samples measured using modes I, II, III, and IV, using fully and 2/3
packed flasks. The PCA was also used to assess the similarity among NIR spectra, collected by

the different measurement modes and the most representative spectrum of each soil sample.

2.7. Soil carbon determination by NIRS

The 49 calibration samples were used to construct the soil models to determine SOC from
spectra collected using the proposed measurement modes (I, II, III, and IV). The 20 soil
independent samples of the second dataset (validation set), in turn, were used to validate the
models. The sample’s measurement was conducted in a random order. The final spectra of each
soil sample used for model development and validation were the average of three scans (20 s
integration time each) to ensure better repeatability. The flask fully packed with Spectralon®
was scanned every five samples (15 measurements) to produce a fresh reference, minimizing
possible instrumental drift.

As in the reproducibility and representativeness test, the spectral data set was transformed
by second-derivative using Savitzky-Golay as described before, and the noisy regions between
1350-1365 nm and 2470-2500 nm were removed from the transformed spectra. Partial least
square regression (PLSR) was performed using the leave-one-out cross-validation technique to
calibrate the models. Outliers in calibration and validation sets were identified using Hoteling
statistics and spectral residuals. Just one spectral outlier was identified in calibration set and
there were no outliers detected in validation set. The variables producing the more stable
regression coefficients were identified by the Jack-knife algorithm of the Unscrambler
(WESTAD; MARTENS, 2000). The root means square error (RMSE) of cross-validation
(RMSECYV) and prediction (RMSEP, using the validation set), the coefficient of determination
(R?), and bias were used to assess the models' performance (Table 2) (BELLON-MAUREL et
al., 2010; OLIVIERI, 2018).
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Table 2. Metrics used to assess the performance of the models

Metrics Formula?
i=n(g. _ 4.)2
Root means square error (RMSE) RMSE (%) = \[ it —y0)
n
=ng. _ 4.)2
Coefficient of determination (R?) R? =1- Zli;ln(Yl }il)z
it —9)
1 i=n
Bias Bias = — Z @i —»)
n i=1
4y; = predicted values; y; = reference values; y = mean of reference values; n is the number of
samples.
3. Results

3.1. NIR spectra reproducibility and representativeness

The five NIR spectra acquired using the measurement modes I (A and B), II (A and B),
III (A and B), and IV (A and B), as well as their 2"-derivative, showed similar qualitative
features for soils with low, medium, and high SOC contents (Figures 1-6). The spectra acquired
using the RLSPD (modes I and II) were similar, and only minor variations were observed
among them. In contrast, when the RLSPD was not used (modes III and I'V), visible differences
among the features of the five acquired spectra can be observed. Variations among the five
spectra acquired at different points on the sample flask (measurement mode III) were observed
in several wavelengths of the NIR region. On the other hand, when mode IV (scanning at a
fixed point of the sample flask) was used, the main difference among the spectra occurred close
to 1940 nm.

The variability of the five NIR spectra collected using the different measurement modes
(I, IL, I, and IV) was evaluated using PCA (Figure 7). When considered together, the first two
principal components capture at least 88% of the variance present in the 2™ derivative spectra
sets. Regardless of the SOC content in the sample, the scores of the spectra collected using the
measurement modes III and IV showed higher dispersion, which indicates a more deficient
measurement reproducibility and/or representativeness. The score plot for the first two principal
components also showed that the five spectra acquired using measurement modes I and II

present a lower dispersion (Figure 7) compared to measurement modes I and I'V. Although no
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visible differences can be noted among the features of the spectra measured using full flask (A)
and 2/3-filled flask (B), the PCA scores evidence a lower dispersion of the spectral data when
full flasks are used (Figure 7).
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Figure 1. The raw absorbance spectra of the soil sample with low SOC content (0.65 %). The
spectral data were acquired by: full radial and axial scanning (using A-full packing mode and
B-2/3 packing mode); full radial scanning (using C-full packing mode and D-2/3 packing
mode); scanning at variable points (using E-full packing mode and F-2/3 packing mode);

scanning at a fixed point (using G-full packing mode and H-2/3 packing mode).
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Figure 2. Second derivative spectra of the soil sample with low SOC content (0.65 %). The
spectral data were acquired by: full radial and axial scanning (using A-full packing mode and
B-2/3 packing mode); full radial scanning (using C-full packing mode and D-2/3 packing
mode); scanning at variable points (using E-full packing mode and F-2/3 packing mode);

scanning at a fixed point (using G-full packing mode and H-2/3 packing mode).
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Figure 3. The raw absorbance spectra of the soil sample with medium SOC content (1.77 %).
The spectral data were acquired by: full radial and axial scanning (using A-full packing mode
and B-2/3 packing mode); full radial scanning (using C-full packing mode and D-2/3 packing
mode); scanning at variable points (using E-full packing mode and F-2/3 packing mode);

scanning at a fixed point (using G-full packing mode and H-2/3 packing mode).
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Figure 4. Second derivative spectra of the soil sample with medium SOC content (1.77 %).

The spectral data were acquired by: full radial and axial scanning (using A-full packing mode

and B-2/3 packing mode); full radial scanning (using C-full packing mode and D-2/3 packing

mode); scanning at variable points (using E-full packing mode and F-2/3 packing mode);

scanning at a fixed point (using G-full packing mode and H-2/3 packing mode).
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Figure 5. The raw absorbance spectra of the soil sample with high SOC content (3.46 %). The
spectral data were acquired by: full radial and axial scanning (using A-full packing mode and
B-2/3 packing mode); full radial scanning (using C-full packing mode and D-2/3 packing
mode); scanning at variable points (using E-full packing mode and F-2/3 packing mode);

scanning at a fixed point (using G-full packing mode and H-2/3 packing mode).
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Figure 6. Second derivative spectra of the soil sample with high SOC content (3.46 %). The

spectral data were acquired by: full radial and axial scanning (using A-full packing mode and

B-2/3 packing mode); full radial scanning (using C-full packing mode and D-2/3 packing

mode); scanning at variable points (using E-full packing mode and F-2/3 packing mode);

scanning at a fixed point (using G-full packing mode and H-2/3 packing mode).
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Figure 7. PCA score plots showing the distribution of the spectra acquired from soil samples

with low (using A-full packing mode and B-2/3 packing), medium (using C-full packing and

D-2/3 packing mode), and high (using E-full packing and F-2/3 packing mode) SOC content.

These spectral data were obtained using different measurement modes: [-full radial and axial

scanning, II-full radial scanning, III-scanning at variable points, IV-scanning at a fixed point.

The most representative spectrum of the sample corresponds to the average of 12 spectra

acquired using full radial and axial scanning. The cross-lines locate the most representative

average.
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The representativeness of the NIR spectra acquired using measurement modes I, II, III,
and IV was also evaluated using the PCA scores (Figure 7). The spectral data acquired using
the RLSPD (modes I and II) were clustered close to the most representative average spectrum
of the samples (Figure 7), which indicated high similarity among them and, consequently, high
representativeness. On the other hand, spectra collected using measurement modes III and IV
formed two clusters distant from the most representative spectrum (Figure 7).

The PCA scores also evidenced that the sample packing form can affect the soil NIR
spectra (Figure 7). According to the results shown in Figure 7, when the total volume of the
flasks was filled with the soil sample (Figure 7A), the dispersion of spectra acquired using

measurement modes I and II was lower (Figure 7).

3.2. Soil carbon determination by NIRS

The raw absorbance spectra of the calibration set are presented in Figure 8. After pre-
processing the spectral data sets by 2"-derivative, it was possible to visualize better the
differences among the spectra acquired using measurement modes I, II, III, and IV (Figure 9).
Spectra collected using the measurement mode IV (Figure 9A and 9B) presented wide
fluctuations throughout the scanned NIR region (Figure 9G and 9H). The spectral variability is
considerably reduced (Figure 9E and 9F) using the measurement mode III and when the RLSPD
was used for data acquisition (Figure 9A, 9B, 9C and 9D).

The statistics obtained by the PLSR models constructed to determine the SOC content are
presented in Table 3. The RLSPD improved the performance of NeoSpectra for SOC
determination, which is yet more evidenced considering the external validation results. When
measurement mode I (full axial and radial scanning) was used, the SOC prediction (RMSEP)
improved by up to 146 and 185 % over the measurement modes IV and III, respectively (Table
3). Using the RLSPD programmed to move the sample flask in the radial direction at a fixed
axial line (measurement mode II) also reduced the prediction error compared to the
measurement modes I and IV; however, the RMSEP of this model was 54 and 21 % higher
compared to measurement modes I-A and I-B, respectively (Table 3).

The models developed for SOC determination using spectral data acquired using the
measurement mode III (obtained through three sample scans) presented low prediction error in
cross-validation (RMSECYV). However, when the models were used in independent samples,

the RMSEP increased substantially (Table 3). The models developed using spectral data
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acquired at a fixed point on the sample presented higher cross-validation and external validation

errors (Table 3).
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Figure 8. NIR spectra sets of soil samples after the spectral data transformation to absorbance.

The spectral data were acquired by: full radial and axial scanning (using A-full packing mode

and B-2/3 packing mode); full radial scanning (using C-full packing mode and D-2/3 packing

mode); scanning at variable points (using E-full packing mode and F-2/3 packing mode);

scanning at a fixed point (using G-full packing mode and H-2/3 packing mode).

Regardless of the measurement mode used, when the spectral data were acquired using

full packing mode, a small number of latent variables were required for the PLSR models, and
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the error during external validation (RMSEP) was smaller (Table 3). The models developed
with data collected using the 2/3-filled flask presented acceptable RMSECV; however, when
these models were used to determine SOC content in independent samples (validation set), their
RMSEP increased considerably (Table 3). In general, the low predictive performance of the
models generated using the 2/3-filled flask was associated with high bias values, which did not

occur when the full packing was used (Table 3).
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Figure 9. NIR spectra of soil samples after second derivative application using Savitzky-Golay
algorithm with a window size of 15 data points and 2nd-degree polynomial. The spectral data
were acquired by: full radial and axial scanning (using A-full packing mode and B-2/3 packing
mode); full radial scanning (using C-full packing mode and D-2/3 packing mode); scanning at
variable points (using E-full packing mode and F-2/3 packing mode); scanning at a fixed point

(using G-full packing mode and H-2/3 packing mode).
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Table 3- Indicators of model performance using cross-validation (calibration set) and

independent validation (validation set)

Measurement Calibration set Validation set
mode* n’ LV¢ Bias RMSECV! R n  Bias RMSEP® R

Data acquisition using the full-packing mode

I 48 2 0.01 0,22 0,921 20  0.03 0,13 0,947

II 48 1 -0.01 0,27 0,880 20 0.07 0,20 0,884

I 48 4 0.01 0,22 0,915 20 0.13 0,37 0,614

v 48 3 -0.01 0,31 0,842 20 0.07 0,32 0,710
Data acquisition using the 2/3-packing mode

I 48 5 -0.01 0,21 0,925 20 0.23 0,28 0,777

II 48 5 -0.01 0,23 0,912 20 0.32 0,34 0,663

I 48 6 -0.01 0,19 0,941 20 041 0,52 0,226

v 48 5 0.06 0,46 0,645 20 -0.16 0,39 0,560

A, full radial and axial scanning; II, full radial scanning in a fixed axial line of the sample flask;
III, measurement at three different points of the sample; IV, measurement at a fixed point of
the sample. ®Only one outlier sample was detected and removed from the Calibration set.
“Latent variables used by PLSR. ‘Root means square error of cross-validation (%, m/m). ‘Root

means square error of prediction (%, m/m).

Table 4 summarizes the results obtained for the accuracy comparison between selected
models using the randomization test. Models showing preferentially similar RMSEP values
were compared. The p-values are low enough to reject the null hypothesis, which anticipates
no significant difference among the results, with a confidence of at least 86%.

The regression coefficients of the models developed using the different measurement
modes are presented in Figure 10. In general, the highest regression coefficients occurred at
wavelengths near 1900 nm. This spectral region produced stable regression coefficients

regardless of the measurement mode used (Figure 10).
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Table 4. Results for accuracy comparison between selected models using the randomization

test.

Measurement modes RMSEP?
P-value
X1 Xo X1 X2
I-A II-A 0.13 0.20 0.145
I-A II-A 0.13 0.37 0.050
I-A IV-A 0.13 0.32 0.041
I-A I-B 0.13 0.28 0.001
I-B II-B 0.23 0.34 0.052
#Root mean square error of prediction (%, m/m).
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Figure 10. Regression coefficients of the PLSR models. The variables producing the more

stable regression coefficients are marked in black. A-H labels as in figure 8.
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The models generated using the measurement modes I-A and II-A presented very similar
regression coefficients. Almost all wavelengths of the NIR spectrum provided information for
SOC determination and presented high stability during the calibration process (Figures 5A and
5C). When these measurement modes were used with 2/3-packed flasks (modes I-B and II-B),
however, the number of stable regression coefficients is significantly reduced (Figures 5B and
5D).

Regression coefficients of the models generated using spectral data acquired using
measurement modes III and IV showed low stability during the calibration process (Figure 10).
Again, the volume of soil in the flasks influenced the regression coefficients. When 2/3-packed
flasks were used, more wavelengths were used to determine the SOC; however, these

coefficients were not stable during the calibration process (Figure 10).

4. Discussion

The reproducibility and representativeness of the soil NIR spectra were influenced by the
protocol used for sample measurement, which defines the amount of soil that interacts with NIR
radiation in each measurement mode. The sample area probed by the spectrophotometer during
data acquisition produces a single spectrum that represents the average composition of the
particles illuminated by the NIR radiation (SILVA; PASQUINI, 2015). Thus, local variations
in the probed sample area, caused, for example, by the origin, morphology, and size distribution
of the particles, can affect the final spectrum (PASQUINI; HESPANHOL, 2021). This behavior
is observed through the dispersion of the spectral data obtained using measurement mode III.

The quality of data employed to feed multivariate regression algorithms is relevant to
increase models’ robustness and accuracy (AMIGO, 2021). Frequently, works found in the
literature omit or describe unsatisfactory measurement protocols unable to optimize the
laboratory sample representativeness. Large, ideally global, spectral libraries are constituted by
data collected under distinct measurement protocols resulting in the reduction of the quality of
information. This lack of quality probably propagates influencing the performance of the
regression models.

As soil is a complex and multi-component matrix with a great diversity of inorganic and
organic compounds that can absorb NIR radiation (FANG et al., 2018; MILTZ; DON, 2012;
STENBERG et al., 2010; VISCARRA ROSSEL; BEHRENS, 2010), there are significant

variations among the spectral data measured at different points of the same soil sample. This
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behavior is observed through the dispersion of the spectral data obtained using measurement
mode III.

Variations in spectral features occurred even when data were acquired at a fixed point of
the soil sample (measurement mode IV), but, in this case, the spectral variability was not related
to sample heterogeneity. The main differences among the five spectra collected using this
protocol occurred around 1940 nm, where combinations of vibrational modes of O-H groups
present in water molecules occur (CLARK et al., 1990; FANG et al., 2018; HUNT, 1977;
PASQUINI, 2018; TAMBURINI et al., 2017). After each measurement, the intensity of this
absorption band was reduced (Figures 2, 4 and 6), which indicates a reduction in the local
moisture of the soil samples (ROUDIER et al., 2017). Water molecules are removed by
evaporation from the probed fixed amount of sample heated by exposition to the relative intense
optical beam provided by the radiation source of the compact NIR spectrophotometer
(REEVES, 1996).

Increasing the area probed during spectral data acquisition can mitigate the influence of
sample heterogeneity and sample heating effects since a more extensive portion of the sample
is briefly exposed to the optical beam (REEVES, 1996; SCHMUTZLER; HUCK, 2014). Thus,
as expected, the use of RLSPD increased reproducibility and representativeness of the soil
spectral data acquired using the compact spectrophotometer. Although it is difficult to estimate
the portion of the sample illuminated by the spectrophotometer in each measurement mode,
moving the samples over the optical probing beam during scanning can certainly and
significantly increase the probed amount of the sample.

The surface area of the sample recipient probed when the RLSPD were used can be
calculated considering the internal radius of these cylinder flasks (1 cm) and the effective height
of the flasks that was exposed to the optical beam during the measurement cycle. Measurement
mode I employed six revolutions and a linear simultaneous displacement of 4 cm (section 2.5).
Considering the internal radius of the cylinder flasks and that the effective height of these flasks
exposed to the optical beam during the linear displacements was 4 cm, the maximum surface
area probed following this protocol was 25 cm?. Using the full radial scanning in the absence
of the linear movement (single rotation measurement modes II-A and II-B), the effective height
of the flask exposed to the optical beam was considered as the diameter of the optical window
of NeoSpectra (0.25 cm), so the surface area probed was 1.57 cm?. When the spectral data were

acquired using static modes (measurement mode III and IV), only 0.05 cm? (area of the
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NeoSpectra’s optical window) of the sample was probed in each measurement, equivalent to
0.20 and 3.19 % of the area probed by measurement modes I and II, respectively.

Regarding the effects of soil volume present in the flasks, the results were different than
expected. Typically, the NIR radiation penetrates only a few millimeters down the surface of
ground samples (BURNS; CIURCZAK, 2007). When fully-packed flasks (mode A) were used,
only the most superficial soil particles were probed, once soil particles remained static inside
of the flask. The radial mass transport inside the flasks provided by rotating 2/3-packed flasks
(B) causes mixing of soil particles, which can increase the volume of sample probed by NIR
radiation during spectra acquisition (PASQUINI; HESPANHOL, 2021). However, this
measurement mode reduced the spectral reproducibility. Probably, the movement of the
particles and their redistribution during the acquisition of the spectra could have affected the
measurements.

Using measurement protocols that increase the representativeness of soil NIR spectra
improved SOC determination employing the low-cost compact NIR spectrophotometer. PLSR
models the relationship between a matrix of predictors and response variable vectors (LEONE
et al., 2012; OLIVIERI, 2018). Therefore, when the predictor matrix is composed of
unrepresentative spectral data, it is more difficult to establish its relationship with the SOC
content (response variable).

As seen before, when spectral data were obtained from a single point of the sample flask,
there is an increasing risk of including poorly representative spectra in the calibration set, which
significantly affects the accuracy of the models. In addition, if the optical beam focuses, for
example, on fragments of plant tissue or on an area of the sample flask in which there was an
agglomeration of clay particles, the spectra features can be significantly modified (LACERDA
et al., 2016; STENBERG et al., 2010; VISCARRA ROSSEL et al., 2009), which explain the
occurrence of false outliers in the calibration set when the measurement mode IV was used. In
this case, the outliers are not, in fact, outliers but a result of the poor representativeness of the
spectral data set.

Measuring three points of the sample (mode III) to calibrate the models using average
spectra improved the spectral representativeness and reproducibility. Consequently, the number
of false outliers is considerably reduced. Models calibrated following this protocol presented
good performance during the calibration. Nevertheless, the prediction error increased during
the external validation process, which probably occurred due to the low stability of the

regression coefficients. The vector of regression coefficients is formed when latent variables
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are decompressed in the real space (OLIVIERI, 2018). Considering that latent variables reflect
the information present in the predictor matrix, which is essential for modelling and determining
the analyte (LEONE et al., 2012), the instability of the regression coefficients indicates that the
spectral information related to SOC content varied during the leave-one-out cross-validation
process, which makes the prediction of independent samples less accurate.

Table 3 shows that the number of PLSR factors required to optimize the models increases
significantly and unnecessarily when lesser representative measurement modes are used. More
complex models reflect lower robustness, as evidenced by the worse performance of the models
constructed using data sets with reduced representativeness after validation.

The best results in SOC prediction were obtained using measurement protocols in which
the sample was moved over the optical beam to increase the amount of sample probed, which
is attributed to the use of more representative spectral data in the calibration and validation sets
(REEVES, 1996; SCHMUTZLER; HUCK, 2014; SILVA; PASQUINI, 2015). The models
developed using the RLSPD required few latent variables, and almost all regression coefficients
showed high stability, indicating that the relationship between evaluated wavelengths and SOC
content were very similar during the model training (LEONE et al., 2012; OLIVIERI, 2018).
These improvements provided greater accuracy in SOC prediction when the models were
applied to the independent samples of the validation set.

Although the scores for the first two components of PCA did not show significant
differences between the representativeness of the soil spectra collected using measurement
modes I and II, the accuracy in SOC prediction was higher when the full radial and axial
scanning (mode I) was used (Table 2). This result was expected since a larger amount of sample
is probed using this measurement mode. As has been extensively discussed throughout this
paper, in addition to increasing the representativeness of the NIR spectra, increasing the amount
of probed sample by the compact spectrophotometer reduces the occurrence of errors related,
for example, to local density, particle size distribution, particles morphology, sample
heterogeneity, and sample heating (PASQUINI; HESPANHOL, 2021; REEVES, 1996).

In the current literature, the RMSEP values of the models developed in order to estimate
SOC content using compact NIR spectrophotometers range from 0.36 to 0.94 % (BARTHES et
al., 2019; KARYOTIS et al.,, 2021; MURA et al.,, 2019; SHARIFIFAR et al., 2019b;
SORIANO-DISLA et al., 2017). The soil samples remained static, and few points were probed
to acquire the spectral data used in these models (Table 1), similarly to what was done using

measurement modes III and IV in the present study. The comparison among the RMSEP values
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obtained in the present work and those reported in the works in Tablel is not straightforward
because they refer to different sample sets. Nevertheless, based on the results of the present
work, it is possible to anticipate the accuracy of these models would probably be improved if
measurement protocols allowing the acquisition of more representative spectral data had been

used, such as the measurement modes I and II.

5. Conclusion

Our results demonstrate that using a rotational-linear sample probing device is highly
recommended for SOC determinations using compact NIR spectrophotometers. In short, when
this device is used, a more significant portion of the soil sample is exposed to NIR radiation,
which increases spectra representativeness and reproducibility, reducing the risk of false
outliers caused by sample heterogeneity. These improvements reduce the error of PLSR models
to predict SOC in independent samples. All these benefits were more significant when the
device was programmed to simultaneously move the sample flasks in the radial and axial
direction since this measurement mode increases the sample amount probed by the
spectrophotometer.

Based on the results of this work, it is not recommended to use spectral data acquired at
a single point of the sample to develop SOC determination models based on compact NIR
spectrophotometers. Furthermore, it is necessary to be cautious even using average spectra
calculated from measuring three or few distinct points of the soil samples. Although this
protocol may reduce the cross-validation error, it produces more complex models increasing

the error when used for the determination of SOC in independent samples.
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Capitulo 2

Performance de espectrofotometros NIR compactos na determinaciao de carbono
organico do solo em escala regional: efeitos do pré-processamento das amostras e uso de

modelos locais

Resumo

A espectroscopia na regido do infravermelho-préximo — NIR (near-infrared) pode ser utilizada
para quantificar os teores de carbono organico do solo (COS) de forma rdpida, ndo destrutiva e
sem gerar residuos nocivos ao ambiente. Atualmente, diferentes modelos de espectrofotometros
NIR compactos e de baixo custo estdo disponiveis, o que pode impulsionar o uso da NIRS nos
laboratdrios de andlise de solo. Para isto, € necessario entender os aspectos metodolégicos que
envolvem o uso destes equipamentos. O objetivo deste estudo foi avaliar o desempenho de dois
espectrofotometros NIR compactos (NeoSpectra a NanoNIR) na determinacdo dos teores de
COS em escala regional, assim como estabelecer o melhor protocolo para o uso destes
equipamentos nesta condicdo. Foram utilizadas 559 amostras de solo. Os espectros foram
adquiridos usando amostras nas seguintes condi¢des: solo seco ao ar e peneirado a 2 mm (Modo
de preparo I); solo seco ao ar e macerado em moinho de bola (Modo de preparo II); solo
macerado e seco em estufa a 50°C por 48 horas (Modo de preparo III). A performance de
modelos globais, desenvolvidos utilizando todo o conjunto de dados, e de modelos locais,
desenvolvidos para cada amostra do conjunto de validac¢ao, também foi comparada. Os modelos
foram desenvolvidos usando a regressio por minimos quadrados parciais (PLSR) e sua
performance avaliada pela raiz quadrada do erro quadratico médio (RMSEP). O NeoSpectra foi
o espectrofotdmetro compacto que apresentou melhor performance na determinacdo de COS.
O RMSEP obtido com o uso deste equipamento variou entre 5,1 — 6,3 g kg!, acurdcia
semelhante a obtida com o uso dos espectrofotdmetros convencionais. O uso de amostras
maceradas proporcionou reducdo de at€ 8 % no RMSEP dos modelos desenvolvidos com
espectrofotdmetros compactos. A calibracdo local também melhorou a performance destes
instrumentos. Os valores de RMSEP obtidos com o uso de modelos locais foram até 15 %
menores do que com o uso de modelos globais. O melhor desempenho dos espectrofotometros

compactos foi obtido usando a calibragdo local e amostras finamente moidas e secas em estufa.
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Palavras-chave: Espectroscopia no infravermelho proximo; matéria organica do solo;
comparacdo da performance de espectrofotdmetros NIR; comparacdo entre modelos globais e

locais; PLSR-local; reflectancia difusa.

1. Introducao

Maximizar a producdo agricola/florestal e, simultaneamente, reduzir as emissdes de
carbono (C) para a atmosfera € um dos principais desafios do século (MINASNY et al., 2017).
Para isto, € necessario um amplo conhecimento a respeito da dindmica espacial e temporal do
carbono organico do solo (COS), o que, por sua vez, requer a caracterizacdo extensiva deste
atributo. Neste sentido, cresce a importancia do desenvolvimento de métodos analiticos capazes
de mensurar os teores de COS de forma ripida, barata, sem gerar residuos imidos e que possam
ser utilizados em aplicacdes de larga escala, tais como em laboratdrios de rotina e na agricultura
de precisao.

Globalmente, mais de 75 % dos laboratérios de andlise de solo utilizam a oxidagdo via
umida proposta por Walkley-Black para determinar os teores de COS (VISCARRA ROSSEL
etal., 2016). Este método consiste na oxidagao do COS presente na amostra por meio da adi¢ao
de solucio 4cida contendo dicromato de potdssio (0,167 mol L) e 4cido sulfirico concentrado
(WALKLEY; BLACK, 1934). Embora ndo demande de equipamentos caros, esta determinacao
¢ laboriosa, demorada e gera residuos ambientalmente t6xicos (SANTANA; SOUZA; POPPI,
2019). Considerando que aproximadamente 150 mL de residuos timidos sdo gerados a cada
amostra de solo analisada e que mais de 600 milhdes de amostras sdo analisadas no mundo
todos os anos (DEMATTE et al., 2019b), 67.500.000 L ano™! de residuos téxicos sdo gerados
pelos laboratérios de rotina para determinar os teores de COS. Deste total, 450.000 L ano™! so
gerados apenas no Brasil (SANTANA; SOUZA; POPPI, 2019). Com a expansdo do uso da
agricultura de precisdo, onde o monitoramento espacial e temporal dos atributos do solo e feito
de maneira mais frequente, o volume de residuos gerados por este método ird, provavelmente,
aumentar nos proximos anos caso a oxida¢do via imida continue sendo extensamente utilizada.

Nos ultimos anos, técnicas espectroscopicas por reflectancia difusa, principalmente na
regido do infravermelho-préximo — NIR (near-infrared) e do visivel (Vis-NIR), tém
demostrado grande potencial para substituir/complementar o0 método de determinacdao de COS
nos laboratérios de analise de solo (AHMADI et al.,, 2021; BELTRAME et al., 2016;
DEMATTE et al., 2019a; MURA et al., 2019; STENBERG et al., 2010; VISCARRA ROSSEL
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et al., 2016). Esta técnica espectroscopica € rapida, ndo destrutiva, altamente reprodutivel, ndo
gera residuos nocivos ao ambiente, possui baixo custo operacional e tem apresentado bons
resultados até mesmo quando utilizada em conjuntos de solos amplos e heterogéneos
(DEMATTE et al., 2019a; JACONI; DON; FREIBAUER, 2017; VISCARRA ROSSEL et al.,
2016). Contudo, o valor de aquisicao dos espectrofotometros Vis-NIR ainda € alto, o que pode
limitar a adocdo desta técnica em pequenos laboratérios de andlise de solo ou grupos de
pesquisa.

Com os avancos no desenvolvimento de instrumentos e computadores miniaturizados,
diversos tipos de espectrofotometros NIR compactos estdo sendo produzidos e podem ser
encontrados no mercado (BEC et al., 2020; PASQUINI, 2018). Estes instrumentos sdo
extremamente pequenos e leves, mas a portabilidade ndo € a sua tnica vantagem (PASQUINI,
2018). O baixo valor de aquisi¢ao dos espectrofotometros NIR compactos € um importante
diferencial para a escolha destes equipamentos, ainda que para trabalhar em condicoes de
laboratoério (BARTHES et al., 2019). Na Ciéncia do Solo, o uso de espectrofotometros NIR
compactos ainda € recente, mas promissor. Embora estes instrumentos apresentem menor
capacidade de sondar a amostra, menor resolucao espectral e geralmente fornecam informacdes
sobre uma faixa menor do espectro NIR (BEC et al., 2020; PASQUINI, 2018; SANTOS et al.,
2013), a literatura atual demonstra que € possivel utilizar estes espectrofotdmetros para
desenvolver modelos acurados para determinacdo dos teores de COS (AHMAD JANI et al.,
2021; BARTHES et al., 2019; FONSECA et al., 2022; MURA et al., 2019). Contudo, até o
presente momento, a performance dos espectrofotometros NIR compactos na determinagao de
COS ainda nio foi avaliada em conjuntos de dados amplos e com grande heterogeneidade de
solos, tal como ocorre nos laboratoérios de rotina.

Desenvolver modelos de determinagdo de COS em larga-escala, utilizando solos com
diferentes texturas e mineralogias, formados a partir de diferentes materiais de origem e sob
diferentes tipos de vegetacdo, pode ser extremamente dificil, dado que solo € uma matriz
complexa e apresenta grande diversidade de compostos organicos e inorganicos que podem
absorver a radiacdo NIR (FANG et al., 2018; MILTZ; DON, 2012; STENBERG et al., 2010;
VISCARRA ROSSEL et al, 2016; VISCARRA ROSSEL; BEHRENS, 2010). Estas
variabilidades aumentam juntamente com a escala do conjunto de dados e tornam mais
complexa a modelagem das informagOes espectrais relacionadas ao COS (LIU et al., 2019).
Nestas condic¢des, o pré-processamento das amostras, feito por meio da moagem e secagem do

solo, pode melhorar o desempenho dos espectrofotdometros na predicio de COS. Embora os
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efeitos do preparo da amostra de solo, feito antes da aquisi¢do dos espectros, no desempenho
de modelos desenvolvidos com o uso de espectrofotdmetros convencionais sejam divergentes
(BARTHES et al., 2006; MILTZ; DON, 2012; TAMBURINI et al, 2017), os
espectrofotometros NIR compactos apresentam menor capacidade de sondar as amostras
(FONSECA et al., 2022; PASQUINI; HESPANHOL, 2021) e menor resolugdo espectral (BEC;
GRABSKA; HUCK, 2021) do que espectrofotdmetros convencionais, portanto, € plausivel que
a reducdo da heterogeneidade das particulas do solo e de variabilidades espectrais nao
informativas seja mais importante para a acurdcia dos modelos desenvolvidos com estes
instrumentos.

O uso de modelos locais, em substituicdo aos modelos “globais”, que sdo desenvolvidos
utilizando todas as amostras do conjunto de calibracao, € outra estratégia que pode melhorar o
desempenho dos espectrofotdmetros na determinagao de COS em conjunto de dados amplos e
heterogéneos. Os modelos locais sdo construidos utilizando apenas as amostras do conjunto de
calibracdo consideradas semelhantes a amostra que se deseja avaliar, para isto, diferentes
métodos podem ser utilizados, entre eles destacam-se: a estratificacio em funcdo de atributos
do solo (JACONI; DON; FREIBAUER, 2017), estratificacao em funcao do tipo de uso do solo
(MOURA-BUENO et al., 2019) e estratificacdo em funcdo das fei¢des espectrais (LIU et al.,
2019). Por ndao demandar informagdes analiticas ou de conhecimento prévio a respeito das
amostras, a selecdo por similaridade espectral pode ser o método mais pritico a ser
implementado nos laboratérios de andlise de solo. No presente trabalho, ao invés da
estratificacio do conjunto de calibragdo, foram utilizados modelos de regressdo locais,
desenvolvidos para cada amostra do conjunto de validacdo utilizando apenas as amostras
“vizinhas” (que atendiam ao critério de similaridade espectral utilizada) a ela.

Os objetivos do presente trabalho foram (i) avaliar o desempenho de dois
espectrofotometros NIR compactos, que trabalham com diferentes faixas do espectro NIR, na
determinagdo dos teores de COS em escala regional; (ii) avaliar os efeitos do preparo das
amostras de solo na performance dos modelos de determinacdo de COS desenvolvidos usando
NIR compactos; e (iii) comparar a acurdcia dos modelos regionais “globais” e dos modelos

locais desenvolvidos usando os espectrofotometros NIR compactos.
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2. Materiais e métodos

2.1. Amostras de solo

O conjunto de amostras de solo avaliado neste estudo foi obtido no Banco de Solos de
Minas Gerais (DE SOUZA et al., 2015). Ao todo, 559 amostras (0-20 cm) foram coletadas em
todo o estado de Minas Gerais, abrangendo uma 4rea aproximada de 589.000 km’ e
contemplando uma grande diversidade de classes de solo (Figura 1). Apds terem sido coletadas,
as amostras de solo foram secas ao ar, passadas em peneira de 2 mm e submetidas a

caracterizacdo fisica e quimica (Tabela 1).

Legend
*  Sampling Points - Luvisols
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Figura 1. Localizacdo da drea em estudo, classes de solo® e pontos de coleta das amostras de

solo. (UFV et al., 2010).

2.2. Determinacio dos teores de carbono

Os teores de carbono foram determinados por oxidagdo via imida (WALKLEY; BLACK,
1934), para isto, subamostras de solo (< 2 mm) foram maceradas em moinho de bola e passadas
em peneira de 0.2 mm. Os resultados das analises laboratoriais foram disponibilizados pelo
Banco de Solos de Minas Gerais (DE SOUZA et al., 2015). Os teores de carbono variaram de
0.6-195.9 g kg (Figura 2A).
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Tabela 1. Atributos fisicos e quimicos das amostras de solo®

Minimo Média Miximo SD
Areia (g kg!)® 10.0 394.8 950.0 243.9
Silte (g kg!)® 0.0 204.5 770.0 153.0
Argila (g kg!)° 10.0 400.7 870.0 206.2
pH H,0 (1:2,5)° 3.9 5.3 8.3 0.7
Fésforo (mg dm™)° 0.0 3.9 98.5 8.3
Potdssio (mg dm™)° 0.0 74.4 602.0 66.6
Calcio (mmolc dm™)° 0.0 17.1 219.0 27.0
Magnésio (mmolc dm™)° 0.0 6.3 87.0 8.7
CTClott (mmolc dm™)® 1.5 85.1 343.0 39.7
CTCefetiva (mmolc dm™)° 0.4 32.0 249.2 31.8
Ferrow (mg kgh)° 501.3 45571.6 210647.3 34375.0
Mangan&si (mg kg')° 1.6 4333 15415.9 1025.5
Aluminioora (mg kg™!)° 842.7 56083.5 248018.4 42287.3

%Valores cedidos pelo Banco de Solos de Minas Gerais (DE SOUZA et al., 2015).’Embrapa
(1997); “USEPA (2007).

180 60 40
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Figura 1. Teores de carbono organico do solo (COS) determinados por oxidacdo via imida e

sua frequéncia em todo o conjunto de dados (A) e nos conjuntos de calibrag¢do (B) e validacao

(C) separadamente.

2.3. Espectros NIR
2.3.1.Preparo das amostras de solo antes da aquisicao dos espectros

Os espectros das 559 amostras foram adquiridos usando diferentes tipos de preparo da
amostra de solo. O modo de preparo I consistiu na aquisi¢do dos espectros usando amostras de

solo secas ao ar e passadas em peneira de 2 mm. Apds a coleta deste grupo de espectros, as
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amostras foram maceradas em moinho de bola por 5 min e entdo os seus espectros foram
novamente medidos (modo de preparo II). Por fim, as amostras maceradas foram secas em
estufa de circulacdo forcada de ar (50 °C por 48 horas) e os seus espectros foram novamente
medidos (modo de preparo III).

2.3.2.Instrumentacao e escaneamento das amostras

Foram avaliados dois tipos de espectrofotdmetros NIR compactos. Primeiramente, os
espectros foram coletados com um instrumento Micro-FT NeoSpectra (NeoSpectra), produzido
pela Si-Ware Systems (Si-Ware, Egypt). Este espectrofotdmetro opera na regiao entre 1350-
2500 nm com resoluc@o de 16 nm (em 1550 nm). Os espectros finais eram compostos por 257
pontos (comprimentos de onda) e foram obtidos usando um tempo de integracdo de 20 s, o que
proporciona a aquisicdo de milhares de espectros. Para aumentar a representatividade dos
espetros finais, foi utilizado um sistema automatizado para rotacionar os frascos contendo as
amostras de solo sobre o feixe de sondagem 6tica durante a medi¢ao dos espectros (FONSECA
et al., 2022; PASQUINI; HESPANHOL, 2021). Em um ciclo de medi¢ao completo (20 s), os
frascos completamente preenchidos com amostras de solo sofreram seis rotacdes. Uma
descricdo completa do funcionamento do sistema automadtico de movimenta¢do de amostras, e
dos seus componentes, pode ser encontrada em PASQUINI; HESPANHOL (2021).

O segundo espectrofotdmetro utilizado foi um NIRscan Nano (NanoNIR), produzido pela
Texas Instruments (Texas Instruments, USA). Este instrumento opera entre 900-1700 nm, com
resolucdo espectral de 10 nm. Os espectros finais foram calculados a partir de 99 scans (21 s).
O NanoNIR também foi acoplado ao sistema de movimenta¢do de amostras para aumentar a
representatividade dos espectros adquiridos, sendo que a programacgdo do dispositivo foi a
mesma utilizada para o NeoSpectra.

Os espectros adquiridos no NeoSpectra e NanoNIR foram medidos em absorbancia (log
[1/reflectancia]). Como referéncia de 100 % de reflectancia, a cada 10 amostras, um frasco
completamente preenchido com Spectralon® foi escaneado. A performance dos
espectrofotometros NIR compactos na determinacdo de COS foi comparada com a performance
de espectrofotometros NIR convencionais. Para isto, também foram coletados espectros das
amostras de solo utilizando espectrofotdmetros convencionais de alta resolucio (Tabela 2).
2.3.3.Pré-processamento dos espectros

Foram testados diferentes tipos de pré-tratamentos para remover fontes de variabilidade
ndo informativas presentes nos espectros NIR, tais como espalhamento da radiagdo e

deslocamentos na linha de base. O pré-tratamento que resultou em modelos com menor erro foi
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a primeira derivada usando o filtro de Savitzky—Golay (SAVITZKY; GOLAY, 1964). Para os
espectros obtidos usando o NeoSpectra e o NanoNIR, foram utilizadas janelas de 15 e 21
pontos, respectivamente. Para os espectros obtidos usando os instrumentos convencionais, foi

utilizada uma janela de 31 pontos.

Tabela 2. Espectrofotdmetros convencionais e protocolos utilizados na aquisicao dos espectros

Grupo . Protocolo usado na aquisicao dos
Espectrofotometro  Faixa espectral
escaneado espectros
Modo de Bomem 1100-2500 nm  Para cada amostra, o espectro foi
preparo [ adquirido a partir de 32 escaneamentos

com resolugdo espectral de 16 cm™.
Para isto, foi utilizado um sistema

automadtico de rotagdo de amostras.

Modo de Antaris 1100-2500 nm Para cada amostra, foram coletados
preparo II cinco espectros, cada um deles
adquiridos a  partir de 32
escaneamentos com resolucdo
espectral de 16 cm!. A amostra foi
mantida estdtica durante a coleta dos
espectros e cada medi¢do foi feita em

uma posi¢ao diferente da amostra.

Modo de Antaris 1100-2500 nm Para cada amostra, foram coletados
preparo III cinco espectros, cada um deles
adquiridos a  partir de 32
escaneamentos com resolugdo
espectral de 16 cm!. A amostra foi
mantida estitica durante a coleta dos
espectros e cada medi¢do foi feita em

uma posi¢do diferente da amostra.

As regides dos espectros NIR que apresentaram baixa relacdo sinal/ruido foram
removidas antes do desenvolvimento dos modelos. Desta forma, apenas os comprimentos de

onda entre 1365-2475 e 953-1649 nm foram utilizados no desenvolvimento dos modelos de
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predicdo de COS baseados nos espectros adquiridos usando o NeoSpectra e o NanoNIR,
respectivamente. Dos espectros adquiridos usando os espectrofotdmetros convencionais, foi
removida aregido espectral entre 1000-1100 nm, restando os comprimentos de onda entre 1100-
2500 nm.

Todas as transformagdes e pré-processamentos dos espectros NIR foram realizados

usando o software Unscrambler X 10.4 (Camo, Norway).

2.3.4.Remocao de outliers e definicao dos conjuntos de calibracio e validacao

Possiveis outliers no conjunto de dados foram identificados com base no teste de
Hotelling (T?), nos residuos espectrais e usando a funcdo X-Y relation, implementada no
Unscrambler X 10.4 (Camo, Norway). Ao todo, 79 amostras foram identificadas como
possiveis outliers e removidas do conjunto de dados. Apds a remocdo destas amostras, as
amostras de solo foram divididas em dois grupos (Figura 2): conjunto de calibra¢do, composto
por 320 amostras, e conjunto de validacdo, composto por 160 amostras independentes. Para
garantir que o conjunto de calibragdo contemplasse todo o dominio espectral da populacdo de
solos em estudo, as amostras que o compunham foram selecionadas usando o algoritmo

Kennard-Stone (KENNARD; STONE, 1969).

2.3.5.Desenvolvimento dos modelos de regressao globais

Todas as amostras do conjunto de calibragdo foram utilizadas para treinar os modelos
globais de determinacdo de COS desenvolvidos a partir dos espectros NIR coletados usando os
diferentes tipos de preparo das amostras de solo (modos I, II e III). O conjunto de validagao foi
utilizado para a validacao externa de cada modelo.

A regressdao por quadrados minimos parciais - PLSR (partial least square regression)
pelo método de validagdo cruzada completa (leave-one-out) (OLIVIERI, 2018), foi utilizada
para calibrar os modelos de determinagdo de COS. A raiz do erro quadratico médio - RMSE
(root means square error), da validacdo cruzada (RMSECV) e da predicio (RMSEP), o
coeficiente de determinacdo (R?) e a relacdo entre o desempenho e a distancia interquartil —
RPIQ (ratio of performance to interquartile range) foram utilizados para avaliar a performance
dos modelos (Tabela 4) (BELLON-MAUREL et al., 2010; OLIVIERI, 2018).

O Teste de Randomizagdo (VOET, 1994) foi utilizado para comparar estatisticamente a

acurdcia dos modelos desenvolvidos a partir de espectros adquiridos com os diferentes tipos de
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espectrofotometros e também para avaliar os efeitos do preparo das amostras de solo no

desempenho de cada espectrofotdmetro.

2.3.6.Desenvolvimento dos modelos de regressao locais

A primeira etapa realizada para o desenvolvimento dos modelos de regressdo local, foi
avaliar a similaridade entre cada amostra do conjunto de validacdo e as 320 amostras do
conjunto de calibracdo. Para isto, o nimero de varidveis foi reduzido través do PLSR global,
desenvolvido usando as 320 amostras do conjunto de calibragdo e as 160 amostras do conjunto
de validacdo foram projetadas na dimensdo espacial gerada por este PLSR. Os escores das
amostras de calibracdo e validacdo foram registrados. A similaridade entre cada amostra do
conjunto de valida¢@o e as amostras do conjunto de calibracdo foi entdo avaliada pela Distancia
de Mahalanobis (MAHALANOBIS, 1936) entre os seus escores.

A partir da Distancia de Mahalanobis entre uma amostra que se deseja analisar usando a
NIRS e todas as amostras do conjunto de calibragdo, é possivel identificar, no conjunto de
calibracdo, as amostras que apresentam maior similaridade com a amostra em anélise e, assim,
os modelos de regressao local podem ser construidos. O nivel de similaridade desejado para as
amostras selecionadas foi imposto utilizando uma Distancia de Mahalanobis maxima, pré-
definida.

Foram testados diferentes critérios de similaridade (Distancia de Mahalanobis maxima
variando de 0.1 a 3.6) para o preparo dos modelos locais. Apds a selecdo do grupo de amostras
do conjunto de calibra¢do que atende ao critério de similaridade utilizado, os modelos locais
foram construidos. O ndmero 6timo de termos (variaveis latentes) utilizado em cada modelo
local foi escolhido de forma a minimizar o valor de RMSECYV. O desempenho dos modelos
locais foi avaliado utilizando os valores de referéncia e os valores preditos das amostras de
validacao.

E importante destacar que, para a construgio do modelo local utilizado para avaliar uma
determinada amostra do conjunto de validagdo era necessdrio que, pelo menos trés amostras do
conjunto de calibracdo atendessem o critério de similaridade imposto pela Distincia de
Mahalanobis maxima. Caso contrdrio, se apenas 1, 2 ou nenhuma amostra do conjunto de
calibracao atendessem o critério definido, ndo era possivel desenvolver o PLSR local, portanto,
esta amostra era removida do conjunto de validacdo e o seu valor ndo foi determinado. O
desempenho destes modelos locais ndo pdde ser comparado com o desempenho dos modelos

globais, ja que o Teste de Randomizacao requer necessariamente que todas as amostras preditas



58

sejam analisadas com os dois modelos comparados (VOET, 1994). Neste contexto, a defini¢dao
final pela Distancia de Mahalanobis médxima utilizada nos modelos locais a serem comparados
com os modelos globais de cada grupo de espectros (tipo de espectrofotdmetro e de preparo de
solo) foi feita pela selecdo do menor valor de RMSEP obtido quando todas as amostras do
conjunto de validacdo atendiam ao critério de similaridade e puderam ser avaliadas pelo
modelo.

Todos os processos que envolveram a construcdo dos modelos de regressao locais foram
implementados na interface de desenvolvimento Jupyter Notebook com a linguagem de
programacao Python. As principais bibliotecas utilizadas foram NumPy (HARRIS et al., 2020),
Pandas (MCKINNEY, 2010), SciPy (VIRTANEN et al., 2020) e Scikit-learn (PEDREGOSA
et al., 2011).

3. Resultados

3.1. Teores de COS

Os teores de COS nas 559 amostras de solo variaram entre 0,6-195,9 g kg!' (Figura 2).
Contudo, no conjunto de dados, aproximadamente 14 % das amostras foram identificadas como
possiveis outliers. Apds a remog¢do destas amostras, a amplitude dos teores de COS reduziu
consideravelmente, dado que a maioria dos outliers identificados foram amostras com teores de

COS maiores do que 40 g kg! (Figura 2).

3.2. Dados espectrais

Os espectros das 559 amostras de solo, medidos usando os diferentes espectrofotdmetros,
sdo apresentados na Figura 3, e os espectros derivados médios, na Figura 4. Embora o
NeoSpectra ndo forneca informacdes nos comprimentos de onda entre 1000-1350 nm, os
espectros obtidos com o uso deste instrumento foram muito semelhantes aos obtidos com o uso
dos espectrofotometros de referéncia (Figura 4). As principais bandas de absor¢@o nestes
espectros foram observadas nas regides proximas a 1400 e 1900 nm e entre 2050-2500 nm
(Figura 4). Os espectros obtidos com o NanoNIR, por outro lado, fornecem informacdes em
uma faixa espectral muito restrita. Desta forma, a principal banda observada nos espectros

adquiridos com este instrumento ocorreu na regiao proxima a 1400 nm (Figura 3).
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Figura 3. Espectros das 559 amostras de solo do conjunto de dados adquiridos usando: o modo
de preparo I (amostras secas ao ar e peneiradas a 2 mm) e o espectrofotometro convencional
(A), o NeoSpectra (D) e o NanoNIR (G); o modo de preparo II (amostras secas ao ar e
maceradas) e o espectrofotometro convencional (B), o NeoSpectra (E) e o NanoNIR (H); e o
modo de preparo III (amostras secas em estufa e maceradas) e o espectrofotometro

convencional (C), o NeoSpectra (F) e o NanoNIR (I).
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Figura 4. Espectros derivados médio das 559 amostras do conjunto de dados, adquiridos
usando o NeoSpectra (A), o NanoNIR (B) e o espectrofotometro convencional (C). Modo I,
solo seco ao ar e peneirado a 2 mm; Modo II, solo seco ao ar e macerado; Modo III, solo seco

em estufa e macerado.
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O modo de preparo das amostras de solo afetou as caracteristicas dos espectros NIR
(Figuras 3 e 4). Independentemente do instrumento utilizado, os deslocamentos da linha de base
dos espectros reduziram com o uso de amostras de solo maceradas (modos de preparo II e III)
(Figura 3). Contudo, observando-se os espectros derivados, nota-se que as regides espectrais
proximas a 1400 e 1900 nm foram as mais afetadas pelo modo de preparo utilizado (Figura 4).
A intensidade das absorcdes nestas regides foi menor quando os espectros foram adquiridos
usando amostras de solo maceradas do que usando amostras com granulometria mais grosseira
(Figura 4). Assim como a moagem, a secagem do solo antes da aquisi¢ao dos espectros reduziu

a intensidade destas bandas de absorcao (Figura 4).

3.3. Determinacao de COS usando modelos globais

Entre os espectrofotdmetros NIR compactos, o NeoSpectra foi o que apresentou melhor
desempenho na determinagao de COS (Tabela 3). Os valores de RPIQ obtidos com o uso deste
espectrofotometro foram sempre maiores do que 2 (Figura 5) e, independentemente do modo
de preparo utilizado, a performance dos modelos desenvolvidos utilizando o NeoSpectra foi

semelhante ou superior a obtida com o uso de espectrofotdmetros convencionais (Tabela 4).

Tabela 3. Indicadores da performance dos modelos globais desenvolvidos usando os diferentes

modos de preparo da amostra de solo e diferentes espectrofotometros

Modo de preparo Instrumento Validagdo cruzada Validagao

da amostra de solo VL  RSMECV R? RSMEP R?

Modo de preparol ~ NeoSpectra 10 6,2 0,44 6,3 0,47
NanoNIR 3 7,7 0,14 8,0 0,16
Convencional 10 6,1 0,46 6,4 0,47

Modo de preparo II NeoSpectra 9 5,6 0,53 5,8 0,54
NanoNIR 2 7,5 0,18 7,8 0,20
Convencional 10 5,6 0,54 6,0 0,52

Modo de preparo III NeoSpectra 10 5,7 0,53 6,0 0,52
NanoNIR 3 7.4 0,20 7,6 0,24
Convencional 13 5,5 0,56 5,8 0,56

*Modo I, solo seco ao ar e peneirado a 2 mm; II, solo seco ao ar e macerados; III, solo secos em

estufa e macerado.
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Figura 5. Relagdo entre o desempenho e a distancia interquartil (RPIQ) na validacdo cruzada
(A) e na validagdo externa (B) dos modelos. Modo I, solo seco ao ar e peneirado a 2 mm; Modo

11, solo seco ao ar e macerado; Modo III, solo seco em estufa e macerado.

Os modelos desenvolvidos com os espectros adquiridos pelo NanoNIR foram os mais
simples. Os modelos PLSR precisaram de 2 a 3 varidveis latentes para estimar os teores de COS
(Tabela 3). Contudo, o uso deste instrumento resultou em modelos com altos valores de
RMSECYV e RMSEP e pequenos valores de R? e RPIQ, independentemente do modo de preparo
das amostras de solo utilizado (Tabela 3 e Figura 2).

O modo de preparo das amostras de solo afetou a capacidade preditiva dos modelos
desenvolvidos com o NeoSpectra (Tabela 3). Com o uso deste espectrofotdmetro, o modelo
desenvolvido utilizando o modo de preparo I (amostras secas ao ar e peneiradas a 2 mm) foi o
que apresentou menor acurdcia (Tabelas 3 e 4). Nos modelos desenvolvidos com o uso de
amostras de solo maceradas (modos de preparo II e III), os valores de RMSECV e RMSEP até
10 e 8 %, respectivamente, e os valores de R%e RPIQ, na validacdo-cruzada e na validagcao
externa, aumentaram (Tabelas 3 e 4 e Figura 5). Por outo lado, comparando os modelos
desenvolvidos usando os modos de preparo II (amostras de solo maceradas e secas ao ar) e III
(amostras de solo maceradas e secas em estufa), € possivel observar que a secagem do solo em
estufa ndo afeta significativamente o RMSEP dos modelos (Tabela 4).

Diferente do que ocorreu para o NeoSpectra, a acuracia dos modelos desenvolvidos com
o uso do NanoNIR ndo foi afetada pelo modo de preparo das amostras de solo antes da aquisi¢ao
de seus espectros (Tabela 3). Embora tenha sido observada reducao nos valores de RMSECV e
RMSEP quando foram utilizadas amostras de solo maceradas (Tabela 3), estes ganhos nao

foram significativos (Tabela 4).
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Tabela 4. Comparagdo da acurdcia dos modelos desenvolvidos utilizando os diferentes modos

de preparo das amostras de solo e espectrofotdmetros pelo Teste de Randomizagao

Instrumentos e modo de preparo das amostras de
RSMEP (g kg™!)

solo P-Valor®
A B A B

Modo de preparo I

NeoSpectra Convencional 6,3 6,4 ns
NanoNIR Convencional 8,0 6,4 < 0,001
NanoNIR NeoSpectra 8,0 6,3 < 0,001
Modo de preparo 11

NeoSpectra Convencional 5,8 6,0 0,0457
NanoNIR Convencional 7,8 6,0 < 0,001
NanoNIR NeoSpectra 7,8 5,8 < 0,001
Modo de preparo III

NeoSpectra Convencional 6,0 5,8 ns
NanoNIR Convencional 7,8 5,8 < 0,001
NanoNIR NeoSpectra 7,8 6,0 < 0,001
NeoSpectra

Modo de preparo | Modo de preparo 11 6,3 5,8 0,0288
Modo de preparo I Modo de preparo III 6,3 6,0 0,0845
Modo de preparo 11 Modo de preparo 11 5,8 6,0 ns
NanoNIR

Modo de preparo | Modo de preparo 11 8,0 7,8 ns
Modo de preparo I Modo de preparo 111 8,0 7,8 ns
Modo de preparo II Modo de preparo 111 7,8 7,8 ns

Modo de preparo: I, amostras secas ao ar e peneiradas a 2 mm; II, amostras secas ao ar e
maceradas; III, amostras secas em estufa e maceradas. ®Valores de P > 0.2 foram considerados

nao significativos (ns)

3.4. Determinacao de COS usando modelos locais
Na Tabela 5 sdo apresentadas as Distancias de Mahalanobis, utilizadas como limite
maximo para a selecdo das amostras do conjunto de calibragdo, o RMSEP e o RPIQ obtidos

nos diferentes modelos locais. O critério de similaridade (Distancias de Mahalanobis maxima)
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que permitiu o desenvolvimento de modelos locais mais acurados variou em fun¢do do
espectrofotometro utilizado e do modo de preparo das amostras de solo (Tabela 5).
Novamente, o NeoSpectra foi o espectrofotdmetro compacto com melhor desempenho
(Tabela 5). O RMSEP dos modelos locais desenvolvidos com este equipamento variou entre
6,0 -5,1 gkg! e os valores de RPIQ foram os maiores entre os equipamentos analisados (Tabela
5). Em comparacdo com o desempenho dos modelos globais, o uso de modelos locais
proporcionou reducdo nos valores de RMSEP, independentemente do modo de preparo
utilizado (Tabela 6). O uso de modelos locais também beneficiou o desempenho do NanoNIR
(Tabela 5). Os valores de RPIQ foram maiores do que os observados nos modelos globais e os
valores de RMSEP reduziram significativamente, sendo que os ganhos na acuricia dos modelos

desenvolvidos com este instrumento chegaram a 11 % (Tabela 5).

Tabela 5. Indicadores da performance dos modelos locais desenvolvidos usando os diferentes

modos de preparo das amostras de solo e tipos de espectrofotdmetros

Instrumento Validagio
DMP RMSEP (g kg!) RPIQ
Modo de preparo | NeoSpectra 2,7 6,0 2,3
NanoNIR 2,2 7,1 1,9
Convencional 3,2 6,2 2.2
Modo de preparo 11 NeoSpectra 3,5 5,3 2.6
NanoNIR 3.5 7,3 1,9
Convencional 3,4 5,7 2.4
Modo de preparo 111 NeoSpectra 3,1 5,1 2,7
NanoNIR 1,6 7,0 1,9
Convencional 34 5,7 2.4

*Modo de preparo I, solo seco ao ar e peneirado a 2 mm; II, solo seco ao ar e macerado; I11, solo
seco em estufa e macerado. °DM, Distincia de Mahalanobis méaxima utilizada na selecdo das

amostras para calibracdo dos modelos de regressao local.
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Tabela 6. Comparacdo da acurdcia dos modelos desenvolvidos utilizando os diferentes

espectrofotometros e modos de preparo do solo pelo Teste de Randomizacao

Espectrofotometros e modo de preparo das amostras de
RSMEP (g kg™!)

solo® P-Value®
A B A B

NeoSpectra

Modo de preparol ~ Modelo global Modelos local 6,3 6,0 0,1590

Modo de preparo I  Modelo global Modelos local 5,9 5,3 0,0080

Modo de preparo III  Modelo global Modelos local 6,0 5,1 <0,0010

NanoNIR

Modo de preparol ~ Modelo global Modelos local 8,0 7,1 <0,0010

Modo de preparo I  Modelo global Modelos local 7,8 7,3 0,0539

Modo de preparo I[II Modelo global Modelos local 7,8 7,0 <0,0010

*Modo de preparo: I, amostras secas ao ar e peneiradas a 2 mm; II, amostras secas ao ar e
maceradas; I1I, amostras secas em estufa e maceradas. PP-Valor > 0.2 foram considerados nio

significativos (ns).

4. Discussao

4.1. Outliers

No conjunto de dados, aproximadamente 14 % das amostras foram identificadas como
possiveis outliers, o que pode ser atribuido as limitacdes analiticas impostas pelo método de
referéncia. A taxa de recuperagdo de COS pela oxidag¢do via imida proposta por Walkley and
Black varia entre 60 — 86 %. Para corrigir estes valores, os laboratérios de rotina aplicam um
fator de correcdo nos resultados analiticos (BHATTACHARYYA et al., 2015). O indice
utilizado nos laboratérios considera que 70 % do COS nas amostras é oxidado, contudo, a
quantidade de carbono efetivamente oxidada pela solucao dcida varia em fungdo das condi¢oes
do solo e do nivel de prote¢do da matéria organica, entre outros fatores (BHATTACHARYYA
et al., 2015; SATO et al., 2014), o que pode resultar em valores de COS superestimados ou
subestimados. Além disto, o uso da oxidacdo via umida em solos com altos teores de COS
devem ser evitado, dado que a taxa de recuperacido de carbono por este método, bem como a
sua correlacdo com o método padrdao de determinacdo de carbono (oxidacdo via seca), reduz

com o aumento da concentragdo de COS (DE VOS et al., 2007; SATO et al., 2014).
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4.2. Dados espectrais

As principais absorcdes nos espectros obtidos com os espectrofotdmetros convencionais
ocorreram nas regides proximas a 1400 e 1900 nm e entre 2050-2500 nm. Estas feicdes sao
comuns para a maioria dos espectros NIR de amostras de solo e podem ser atribuidas a
diferentes modos vibracionais de alta energia (sobretons e combinacdo de vibracdes) das
ligacdes moleculares presentes nos compostos organicos e inorganicos do solo (FANG et al.,
2018; STENBERG et al., 2010; VISCARRA ROSSEL; BEHRENS, 2010). Brevemente,
absor¢des proximas a 1400 nm estdo principalmente associadas ao primeiro sobretom de
ligacdes O-H e N-H e ao terceiro sobretom de ligacdes C=0 (FANG et al., 2018; STENBERG
et al., 2010; VISCARRA ROSSEL; BEHRENS, 2010). J4 as absor¢des que ocorrem em
comprimentos de onda préximos a 1900 nm estdo geralmente relacionadas a combinagdes das
vibragdes O-H, presentes na dgua residual do solo, ao segundo sobretom das vibragdes C=0 e
ao terceiro sobretom de ligacdes C-H (FANG et al., 2018; ROUDIER et al., 2017; STENBERG
et al., 2010; VISCARRA ROSSEL; BEHRENS, 2010). Por fim, as combinacdes das vibracdes
O-H, C-H e N-H sao as principais responsdveis pelas absor¢des observadas na regido entre
2050-2500 nm (STENBERG et al., 2010; VISCARRA ROSSEL; BEHRENS, 2010).

Entre os espectrofotometros compactos, o NeoSpectra foi o que abrangia a maior faixa
espectral (1350-2500 nm). Os espectros adquiridos usando este instrumento, assim como 0s
espectros obtidos com o uso de equipamentos convencionais, continham maior riqueza de
informagdes sobre os constituintes do solo. Os espectros obtidos com o NanoNIR, por outro
lado, apresentaram apenas uma fracdo destas informacdes.

O preparo das amostras de solo antes da aquisicdo dos espectros afeta as fei¢oes
espectrais, independentemente do tipo de espectrofotdmetro utilizado. Embora o aumento da
homogeneidade na distribuicdo de particulas do solo tenha proporcionado uma reducao nos
deslocamentos da linha de base dos espectros, através dos espectros derivados € possivel
observar que as regides proximas a 1400 e 1900 nm foram as mais afetadas pelo pré-
processamento das amostras de solo. Nestas regides, a radiacdo NIR pode ser absorvida por
grupos OH presentes na dgua residual do solo (FANG et al., 2018; ROUDIER et al., 2017;
VISCARRA ROSSEL; BEHRENS, 2010). Com a moagem das amostras, os microagregados
do solo s@o quebrados e parte da dgua higroscopica pode ser perdida, reduzindo assim as
absorc¢des nestas regioes. Nas amostras maceradas e secas em estufa, a umidade do solo € ainda
menor, com isto, a intensidade das absor¢des proximas a 1400 e 1900 nm nos espectros

adquiridos usando o modo de preparo 111, foi ainda menor.
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4.3. Determinaciao de COS usando modelos globais

O NeoSpectra apresentou desempenho semelhante ao dos espectrofotometros NIR
convencionais e foi o instrumento compacto com maior acuricia na determinagao dos teores de
COS. Este resultado esté relacionado, em grande parte, com a faixa espectral de trabalho destes
instrumentos. Embora a regido espectral abrangida pelo NanoNIR (900-1700 nm) contenha
informacgdes sobre diferentes compostos organicos do solo (STENBERG et al., 2010;
VISCARRA ROSSEL; BEHRENS, 2010), os espectros obtidos com o NeoSpectra sdo mais
ricos em informacdo, principalmente pelo fato de as ligacdes moleculares serem avaliadas em
diferentes niveis vibracionais (combinagdes e sobretons) (STENBERG et al.,, 2010;
VISCARRA ROSSEL; BEHRENS, 2010; WORKMAN; WEYER, 2008).

Os valores RPIQ dos modelos desenvolvidos com o NeoSpectra variaram entre 1,8 € 2,3.
Este indice € baseado no RMSE do modelo e no intervalo interquartil da varidvel na populagao
de solos em estudo. Valores entre 1,8-2,0 e 2,0-2,5 indicam modelos acurados e com capacidade
preditiva boa e muito boa, respectivamente (BELLON-MAUREL et al., 2010; LEONE et al.,
2012). Apesar do desempenho dos modelos desenvolvidos usando o modo de preparo I ter sido
satisfatdrio, a acurdcia na determinacgao dos teores de COS foi maior com o uso de amostras de
solo maceradas (modos de preparo II e III). Este beneficio proporcionado pelo preparo da
amostra ja foi relatado em trabalhos com espectrofotdmetros convencionais e pode ser atribuido
a quebra de microagregados e ao aumento da homogeneidade das amostras (BARTHES et al.,
2006; MILTZ; DON, 2012; TAMBURINI et al., 2017), o que aumenta a representatividade dos
espectros adquiridos e, consequentemente, melhora o desempenho deste espectrofotometro
compacto na determinacdo de COS (FONSECA et al., 2022). E importante destacar que,
embora a acurdcia dos modelos de determinacdo de COS melhore com o uso de amostras
maceradas, e a moagem do solo seja um procedimento que ja € realizado nos laboratérios de
rotina antes da determinacdo de COS por oxidacdo via umida, os ganhos na predicdo foram
pequenos.

O RMSEP dos modelos obtidos com o uso do NeoSpectra variou entre 5,9 € 6,3 g kg™
Em umarevisao recente a respeito da performance de espectrofotdmetros Vis-NIR, foi estimado
que o RMSEP médio dos modelos de determinagdo de COS, desenvolvidos em escalas variadas
(local, regional, nacional e global), é de 5 g kg (AHMADI et al., 2021), aproximadamente 1.0
g kg'! menor do que os valores de RMSEP obtidos com o NeoSpectra. Contudo, o RMSEP dos

modelos aumenta com o aumento da escala do conjunto de dados (global > nacional > regional
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> local) (VISCARRA ROSSEL et al., 2016). Considerando apenas os modelos desenvolvidos
em escala regional, o RMSEP médio observado em um levantamento realizado por Viscarra-
Russel et. al. foi de 9.0 g kg'! (VISCARRA ROSSEL et al., 2016). Nota-se que, 0 RMSEP
obtido com o uso do NeoSpectra, um espectrofotometro NIR compacto de baixo custo, foi
menor do que o RMSEP médio dos modelos desenvolvidos em escala regional com
espectrofotometros Vis-NIR, que possui um alto custo.

A principal limitacdo do NeoSpectra, assim como de outros instrumentos compactos, em
relacdo aos instrumentos convencionais, é a sua menor capacidade de sondar a amostra, o que
pode prejudicar a representatividade dos espectros adquiridos (FONSECA et al., 2022).
Contudo, no presente trabalho, os espectrofotometros compactos foram acoplados a um sistema
de movimentacdo de amostras capaz de movimentar os frascos contendo solo sobre o feixe de
sondagem Optica destes equipamentos. O uso deste sistema aumenta a drea sondada da amostra
durante a medi¢do dos espectros (PASQUINI; HESPANHOL, 2021), proporcionando o
aumento da representatividade dos espectros adquiridos e, consequentemente, a melhoria na
performance de espectrofotdmetros compactos na determinacdo de COS (FONSECA et al.,
2022), ao ponto de o NeoSpectra apresentar performance semelhante ou até mesmo superior a

de espectrofotdmetros convencionais.

4.4. Determinacao de COS usando modelos locais

A performance dos espectrofotdmetros NIR compactos na determinacdo de COS
melhorou com o uso de modelos locais. Estes ganhos estdo relacionados com a reducdo das
variabilidades espectrais, que ndo estdo associadas ao COS, no conjunto de calibracdo. Nos
espectros NIR de amostras de solo, as absor¢des associadas aos compostos inorganicos sao
intensas e proeminentes (FANG et al., 2018), enquanto as bandas associadas aos compostos
organicos sdo geralmente sutis, com menor intensidade (VISCARRA ROSSEL et al., 2011).
Assim, nos modelos desenvolvidos em escala regional, que incluem diversos tipos de solo, a
modelagem das informacgdes espectrais relacionadas ao COS € dificultada, o que prejudica a
acurdcia dos modelos desenvolvidos (LIU et al., 2019). Os modelos locais, por outro lado, sao
calibrados utilizando apenas as amostras do conjunto de calibracdo que apresentam maior
similaridade espectral com a amostra analisada, com isto a interferéncia de outros atributos do
solo nos espectros € menor e a acurdcia dos modelos aumenta (LIU et al., 2019; SHI et al.,

2015).
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E importante destacar que, com o uso de modelos locais, foi possivel determinar os teores
de COS em amostras minimamente processadas (modo de preparo 1) com acuricia semelhante
a obtida com o uso de modelos globais e amostras finamente moidas (modos de preparo II e
III). Contudo, assim como ocorreu nos modelos globais, o aumento da homogeneidade na
distribuicao de particulas do solo e a reducao das variabilidades espectrais relacionadas a dgua
do solo, proporcionadas pela moagem e secagem das amostras (BARTHES et al., 2006;
MILTZ; DON, 2012; TAMBURINI et al., 2017), melhorou o desempenho dos modelos locais,
reduzindo os valores de RMSEP para até 5.1 g kg!. Como mencionado, os espectros de
amostras processadas representam melhor a composi¢do média do solo. Portanto, quando estes
espectros sao utilizados no desenvolvimento de modelos locais, a identificacdo das amostras
com composi¢cao semelhante € facilitada, assim como o processo de predi¢do. Nota-se que, para
os modos de preparo II e III, os modelos locais desenvolvidos usando o NeoSpectra
apresentaram melhor desempenho do que os modelos locais desenvolvidos usando os
espectrofotometros convencionais (P-valor < 0.06, em ambos os casos). Este resultado pode
ser explicado justamente pela melhor representatividade dos espectros adquiridos usando o
NeoSpectra. Embora os instrumentos convencionais possuam maior capacidade de sondar as
amostras, a auséncia de um sistema de movimentagdo provavelmente afetou a
representatividade dos espectros adquiridos com este instrumento, piorando o seu desempenho.

E importante destacar que, mesmo com os ganhos proporcionados pelo pré-
processamento das amostras de solo, os valores de RMSEP obtidos com o uso dos modelos
locais foram maiores do que o esperado. Quando o NeoSpectra foi utilizado para determinar os
teores de COS nas amostras coletadas em um tnico local (Capitulo 1), o RMSEP foi de até
0.1 % (1g kg'l), mesmo com o uso de amostras minimamente processadas (equivalente ao
modo de preparo I). Partindo da premissa que os modelos locais simulam esta situacao por meio
da selecao das amostras usadas na calibragdo, era esperado que, com o seu uso o RMSEP se
aproximasse de 0.2 %, mas nao foi o que ocorreu. Provavelmente, o desempenho abaixo do
esperado ocorreu devido ao conjunto de calibracdo possuir poucas amostras que atendessem o0s
critérios de similaridade mais rigorosos. De forma que, para prever todo o conjunto de dados,
foi necessario utilizar maiores distancias de Mahalanobis como critério limite de similaridade.

O RMSEP dos modelos locais foi influenciado pelo critério de similaridade utilizado e,
embora o uso de modelos locais tenha sido bem-sucedido, os valores de RMSEP poderiam ter
sido ainda menores caso estes modelos tivessem sido construidos utilizando critérios de

similaridade mais restritivos. A exemplo disto, na Figura 6 sdo apresentados os valores de
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RMSEP, dos modelos desenvolvidos usando o NeoSpectra e o modo de preparo III (amostras
de solo maceradas e secas em estufa), em funcdo da distancia de Mahalanobis médxima, imposta
como limite para a selecdo das amostras do conjunto de calibracdo utilizadas no
desenvolvimento dos modelos locais. Quando foram utilizadas condi¢des mais restritivas
(menor valor distincia de Mahalanobis maxima) na selecdo destas amostras, 0 RMSEP dos
modelos locais reduziu para até 1.6 g kg™! (Figura 6). Contudo, este valor é baseado no erro
médio de apenas quatro amostras do conjunto de validacdo, ja que as outras 156 amostras ndo
atenderam ao critério de similaridade imposto (possuir um minimo de trés amostras do conjunto
de calibracio com distancia de Mahalanobis de até 1.6). Caso este mesmo método de
desenvolvimento dos modelos locais fosse utilizado em conjuntos de dados mais amplos,
formados, por exemplo, por 10,000-20,000 amostras, provavelmente seria possivel utilizar as

condicdes de similaridade mais restritivas e 0 RMSEP dos modelos seria reduzido.
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Figura 6. Valores de RMSEP, dos modelos locais desenvolvidos usando o NeoSpectra e o
modo de preparo III, em funcio da Distancia de Mahalanobis mdxima imposta como limite de
similaridade entre a amostra de validacdo e as amostras de calibracio selecionadas. Os valores
de n referem-se o nimero de amostras do conjunto de valida¢do que atenderam os requisitos

impostos e que, portanto, foram utilizadas no cdlculo do RMSEP.

5. Conclusao

O tipo de instrumento compacto utilizado na aquisicdo dos espectros influencia

diretamente a performance dos modelos de predicdo. No presente trabalho, o FT-NIR

compacto, que abrange a faixa espectral entre 1350-2500 nm, foi espectrofotometro com melhor
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desempenho. Sua performance na predicdo de COS em larga escala foi semelhante, ou superior,
em alguns casos, a performance dos modelos desenvolvidos usando espectrofotometros
convencionais.

O modo de preparo das amostras de solo antes da aquisicdo dos espectros afetou a
acurdcia dos modelos desenvolvidos com este espectrofotdmetro, sendo os menores valores de
RMSEP obtidos com o uso de amostras maceradas. No entanto, os ganhos deste processamento
foram de no méiximo 0.6 g kg''. Como o preparo da amostra é um processo laborioso e
demorado, o custo-beneficio do seu uso deve ser julgado pelo usudrio. Por outro lado, por
apresentarem melhor desempenho do que os modelos “globais” em todas as condig¢des
estudadas, o uso de modelos de regressao local € indicado para melhorar a acuricia dos

espectrofotometros NIR compactos na determinacdo de COS em escala regional.
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Capitulo 3

Spectral information supporting near-infrared spectroscopy to estimate C, N, $'*C and

85N in soil organic matter fractions

Abstract

Monitoring carbon (C) and nitrogen (N) content and their isotopic composition (5'*C and §'°N)
in soil organic matter (SOM) fractions is important to understand C and N cycling in soil and
near-infrared (NIR) spectroscopy (NIRS) can be used to estimate these attributes quickly,
cheaply and non-destructively. Our goal was to build regression models from NIR spectra to
estimate C, N, 8'3C and §'°N in mineral-associated organic matter (MAOM) and particulate
organic matter (POM), and assess the spectral information supporting these models. The
contents of C and N in bulk soil (TOC and TON, respectively) and in SOM fractions, as well
as the 8'3C and §'°N values, were measured using an isotopic ratio mass spectrometer. Based
on reference values and NIR spectra of soil, we calibrated and validated regression models
using partial least square regression (PLSR) and the leave-one-out cross-validation technique.
The models performance was evaluated using the root mean square error (RMSE) and ratio of
performance to interquartile (RPIQ). The PLSR models to estimate C and N content in SOM
fractions presented small RMSE and R? close to one. These results, achieved by PLSR, are
based on the information from several wavelengths distributed throughout the NIR region, but
absorption between 1350-1600 nm were particularly important to estimate MAOM-C and
MAOM-N and those between 2300-2500 nm were relevant to determine POM-C and POM-N.
Our results demonstrate that PLSR-NIRS can be used to non-destructively characterize SOM.
In addition to providing information on TOC and TON content in bulk soil, PLSR-NIRS allows
to infer the contents of C, N, 8'C in POM and MAOM fractions of SOM.

Keywords: Diffuse reflectance spectroscopy; mineral-associated organic matter, particulate
organic matter, soil organic carbon determination, soil organic nitrogen determination,

determination of stable isotopes of carbon and nitrogen.
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1. Introduction

Soil organic matter (SOM) is a primary indicator of soil quality. Defined as a key factor
to mitigate global climate change and to increase plant yield (HARDEN et al., 2018), SOM is
the largest terrestrial carbon (C) pool, with approximately 3051 Pg of C (PAUL, 2016), and is
also the main source of nitrogen (N) for plants, which is the most important nutrient to optimise
plant yield (STRAWN; HOHN; O’'CONNOR, 2020). Managing soil to increase C and N stocks
requires well-substantial knowledge of SOM dynamics and monitoring only the amount of
SOM may be insufficient (LAVALLEE; SOONG; COTRUFO, 2019). The SOM can be divided
into components with contrasting behaviour (LAVALLEE; SOONG; COTRUFO, 2019). The
particulate organic matter (POM) is mostly made up of plant and fungal fragments that are
relatively undecomposed and that are rapidly cycled in soil (CAMBARDELLA; ELLIOTT,
1992; LAVALLEE; SOONG; COTRUFO, 2019). In contrast, mineral-associated organic
matter (MAOM) is biochemically different from the plant tissue and its interaction with the
mineral matrix of soil promotes a greater protection against mineralisation (COTRUFO et al.,
2015; COTRUFO; WALLENSTEIN; BOOT, 2013; LAVALLEE; SOONG; COTRUFO,
2019). Monitoring the C and N contents in each SOM fraction can provide a more
comprehensive understanding of C and N transformations in soil (LAVALLEE; SOONG;
COTRUFO, 2019), especially when the isotopic composition of them is also determined
(FERREIRA et al., 2021). Nevertheless, the methods currently used to determine these soil
proprieties are destructive, laborious and time-consuming, which still limits their use for large-
scale applications.

Near-infrared (NIR) spectroscopy (NIRS) is a rapidly, non-destructive, highly
reproducible and environmentally friendly analytical technique that can be very useful for soil
researchers, mainly in studies related to SOM (DEMATTE et al., 2019b; FANG et al., 2018;
GUERRERO; ROSSEL; MOUAZEN, 2010; VISCARRA ROSSEL et al., 2016). The NIRS
mainly uses overtones and combinations of OH, CH, CO, NH and SH vibrations as a source of
qualitative and quantitative information about a material under analysis (WORKMAN;
WEYER, 2008). The development of NIRS-based analytical methods preferentially requires a
direct correlation between spectral data and the presence/concentration of the species of interest
in the sample (causal effect) (MCBRIDE, 2021; PASQUINI, 2018). Many studies have sought
to explain NIR spectral information that can support the determination of total organic C (TOC)

and total organic N (TON) in soils (LIN et al., 2017; STENBERG et al., 2010; VISCARRA



77

ROSSEL; BEHRENS, 2010). On the other hand, the potential of NIRS to provide specific
information about C and N present in fractions of SOM is rarely studied (BARTHES et al.,
2008; JACONI et al., 2019; ST. LUCE et al., 2014) and, to our knowledge, there are no studies
reporting the wavelengths sourcing the spectral information supporting these models, which is
necessary to demonstrate that these determination methods are not based on internal
correlations between sample constituents (MCBRIDE, 2021).

Considering that different soil organic compounds, such as polysaccharides, carboxylic
acids, amides and amine, absorb NIR radiation in different regions of the spectrum
(STENBERG et al., 2010) and that broad chemical patterns of POM and MAOM are distinct
(LAVALLEE; SOONG; COTRUFO, 2019), we hypothesize that NIRS can distinguish the
spectral information related to each SOM fraction. Such information would be highly useful to
non-destructively infer the chemical composition of SOM fractions and provide the
fundamental basis to quantify the C and N content in MAOM and POM fractions using NIRS.
Furthermore, changes in the mass of atoms involved in molecular vibrations that occur in the
NIR region alter the energies of chemical bonds, which cause a shift in the wavelengths of the
absorption bands (PASQUINI, 2018). This spectral information could be used by NIRS to
assess the isotopic composition of C (8'*C) and N (§'°N) in SOM fractions. In this context, this
work aimed to build regression models from NIR spectra to determine C and N content in SOM
fractions with contrasting behaviour (POM and MAOM) in a fast and accurate way.
Additionally, the potential of this analytical technique to estimate 3'°C and §'"°N in POM and
MAOM fractions was evaluated. In addition to previous other studies, we attempt to identify
the sources of the information supporting the regression models, which is necessary to establish

a reliable NIRS-based method (MCBRIDE, 2021; PASQUINI, 2018).

2. Material and methods

2.1. Soil samples

The soil samples used in the present study were obtained from an incubation experiment
that was carried out to assess the influence of soil mineralogy, carbon levels and type of
Eucalyptus harvest residues on the formation of soil organic matter. Briefly, this incubation
experiment was set up using four types of soil (Table 1): (i) Vetic Ferralsol with high carbon
content; (i1) Vetic Ferralsol with low carbon content; (ii1) Xanthic Ferralsol with high carbon

content; (iiii) Xanthic Ferralsol with low carbon content. Each type of soil was air-dried, sieved
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at 2 mm and placed into pots together with different types of Eucalyptus residues. The
Eucalyptus harvest residues (leaves, bark, twigs, stem, and roots) were obtained from
Eucalyptus seedlings enriched with '*C. This experiment was carried out for one year. A

complete description of the incubation experiment and its results can be found in Jesus (2012).

Table 1. Textural analyses and total organic carbon (TOC) content of soils

Sampling  Sand Silt Clay TOC
Depth (em) (gkg™) (gkgh (gkgh) (gkg?h)
Vetic Ferralsol with high carbon content 0-10 29.0 4.0 67.0 52.6
Vetic Ferralsol with low carbon content 60-100 29.0 6.0 65.0 18.6
Xanthic Ferralsol with high carbon content  0-10 37.0 5.0 58.0 17.7
Xanthic Ferralsol with low carbon content ~ 60-100 24.0 6.0 70.0 7.1

As the transfer rate of C and N from plant residues to the MAOM and POM fractions, as
well as the efficiency of SOM formation, varies according to the characteristics of the residues
added into the soil (ALMEIDA et al., 2018; FERREIRA et al., 2021), a wide variation in TOC,
TON, POM-C, MAOM-C, POM-N, MAOM-N, MAOM-§"*C, POM-§"C, MAOM-§'°N and
POM-5"N contents was observed among the samples at the end of the incubation period (Table
2). This fact makes the samples gathered from this experiment ideal for evaluating the potential
of NIRS to determine these soil attributes. Furthermore, few types of soils were used in this
experiment, facilitating the identification of wavelengths regions that are preferentially related
to each soil attribute evaluated, given that the NIR spectrum can be dominated by spectral

features associated with soil mineralogy (VISCARRA ROSSEL et al., 2011).

2.2. Reference values for carbon and nitrogen

The physical fractionation of soil organic matter proposed by Cambardella and Elliott
(1992) was used. In brief, the soil samples were air-dried and sieved at 2 mm. Subsamples of
10 g were placed into centrifuge tubes with 30 mL of sodium hexametaphosphate (5 g L) and
continuously agitated for 15 hours. The POM, fraction retained on the 53 pm sieve, and
MAOM, fraction passing through a 53 um sieve, were obtained by wet sieving.

The reference values of TOC and TON, and the C, §'*C, N, and §'°N associated with each
SOM fraction were obtained by dry combustion using an isotopic ratio mass spectrometer

(Table 2). The correlation between the variables under analysis was also verified (Table 3).
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Table 2. Descriptive statistics for soil attributes of the reference samples

Calibration set (n = 48) Validation set (n = 24)

Min. Q1 Q3 Max. Mean SD Min. QI Q3 Max. Mean SD
TOC! 69 97 221 738 237 179 87 208 509 703 348 21.8
TON 06 08 1.7 47 16 1.1 06 12 35 46 23 14
MAOM-C 56 83 192 595 203 153 72 19.1 449 605 30.6 18.7
POM-C 03 1.7 34 17.0 34 35 1.0 16 63 109 42 33
MAOM-N 05 07 15 40 15 1.0 0.5 1.1 33 41 20 13
POM-N 00 01 02 23 02 03 0.1 0.1 03 05 02 0.1

MAOM-3"C -28.7 -16.8 33.0 1202 17.5 40.6 244 -11.6 26.1 874 127 272
POM-§"*C -26.7 30.5 289.9 559.1 181.51799  -25.2 49.6 221.7 4869 177.2 151.6
MAOM-3"N 5.1 17.1 280 37.7 225 7.8 -39 124 231 2297 27.1 445
POM-3"°N -31.7 149 360 1714 30.0 37.7 -36.9 159 479 692 29.0 238

'TOC, total organic carbon (g kg''); MAOM-C, carbon in mineral-associated organic matter (g
kg); POM-C, carbon in particulate organic matter (g kg''); TON, total nitrogen (g kg);
MAOM-N, nitrogen in mineral-associated organic matter (g kg!); POM-N, nitrogen in
particulate organic matter (g kg''); MAOM-5'3C, ratio between stable isotopes of carbon in
mineral-associated organic matter (%o); POM-8'C, ratio between stable isotopes of carbon in
particulate organic matter (%o); MAOM-8"°N, ratio between stable isotopes of nitrogen in
mineral-associated organic matter (%o); POM-8'°N, ratio between stable isotopes of nitrogen in

particulate organic matter (%o).

2.3. Near-infrared spectra

The NIR spectra of soil samples were obtained using an Antaris II FT-NIR Analyzer
spectrometer (Thermo Scientific™, MA, USA) in the 1000 - 2500 nm range with 2 cm™
resolution. We used air-dried, 2 mm sieved subsamples of bulk soil for spectra collection. For
each sample, two spectra were collected, each one obtained from the average of 32 scans, and
averaged to obtain the final spectrum. The final spectra, obtained in reflectance (R), were

transformed in absorbance (A) by the Equation (1):

A = Log,o(1/R) (1)

The spectral data were pre-processed using the second derivative by Savitzky-Golay filter
with a window size of 41 data points (SAVITZKY; GOLAY, 1964) to minimize non-
informative spectral variability (PASQUINI, 2018). In addition, the spectral region between
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1000 and 1100 nm showed a low signal-to-noise ratio; therefore, it was removed after the
application of the second derivative. After pre-processing the spectral data, an exploratory
analysis was carried out through principal component analysis (PCA).

The samples were split into calibration (two thirds of dataset, n=48) and validation (one
third of dataset, n=24) sets using the Kennard-Stone algorithm (KENNARD; STONE, 1969).
Outliers were identified and removed from the calibration set using both the Hoteling statistics
and spectral residuals (BRO; SMILDE, 2014). The calibrations with partial least square
regression (PLSR) were performed using the leave-one-out cross-validation technique. The
variables producing the more stable regression coefficients were identified by the Jack-knife
algorithm of the Unscrambler (WESTAD; MARTENS, 2000). Aiming to create simpler
models, the PLSR models were then rebuilt using only the stable variables identified by the
Jack-knife algorithm.

The following statistical indices were used to evaluate model performance: the root mean
square error (RMSE) of calibration (cross-validation) and prediction (external validation set),
calculated according to Equation (2) (OLIVIERI, 2018); the ratio of performance to
interquartile (RPIQ), given by Equation (3) (BELLON-MAUREL et al.,, 2010) and the

coefficient of determination (R?).

i@ — »)?

RMSE = (2)
n
__10

RPIQ = pisE (3)

where y; is the predicted values, y are the reference values, n is the number of samples and 1Q

is the difference between the third and first quartiles (= Q3 - Q1) of the reference values.
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TOC C-MAOM C-POM TON N-MAOM N-POM §“C-MAOM §“C-POM §'"N-MAOM  §"°N-POM
TOC 1
C-MAOM 0.99 1
C-POM 0.83 0.76 1
TON 0.90 0.89 0.78 1
N-MAOM 0.98 0.98 0.79 0.91 1
N-POM 0.44 0.35 0.81 0.51 0.38 1
§3C-MAOM  -0.56 -0.57 -0.43 -0.52 -0.55 -0.30 1
§'3C-POM -0.56 -0.57 -0.40  -0.58 -0.58 -0.32 0.76 1
§"'N-MAOM  -0.21 -0.20 -0.22  -0.18 -0.19 -0.16 0.31 0.21 1
§'SN-POM 0.06 0.07 0.02 0.11 0.11 0.02 -0.02 -0.04 -0.04 1

I'TOC, total organic carbon; C-MAOM, carbon in mineral-associated organic matter; C-POM, carbon in particulate organic matter; TON, total

nitrogen; N-MAOM, nitrogen in mineral-associated organic matter; N-POM, nitrogen in particulate organic matter; 83C-MAOM, ratio between

stable isotopes of carbon in mineral-associated organic matter; §'*C-POM, ratio between stable isotopes of carbon in particulate organic matter;

5''N-MAOM, ratio between stable isotopes of nitrogen in mineral-associated organic matter; '>’N-POM, ratio between stable isotopes of nitrogen

in particulate organic matter.
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3. Results

3.1. NIR spectra of soil

The baseline-shift in the original spectra, caused mainly by the radiation scattering, makes
it difficult to visualise the informative absorption bands about the composition of soil samples
(Figure 1A and Figure 1B). However, it was possible to identify the main spectra features after
the application of the second derivative using the Savitzky-Golay filter (Figure 1C). The main
absorption bands highlighted occurred in the ranges of 1300-1650, 1800-1950 and 2050-2500
nm (Figure 1C).

While the NIR spectra of the different soils overlapped across many bands, many spectral
differences between the Xanthic Ferralsol and Vetic Ferralsol were apparent (Figure 1C). The
carbon levels did not change the NIR spectra main absorption bands; however, the peaks in the
spectra of soil with low carbon content showed absorption intensity higher than those with high
carbon content (Figure 1C). The type of harvest residues added into soil did not change the

main absorption bands in soil NIR spectra.
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Figure 1. NIR spectra of soil samples measured in reflectance (A), after the spectral data
transformation to absorbance (B) and after second derivative application using Savitzky-Golay

filter (separated by the soil type) (C).
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3.2. Exploratory analysis of soil spectra

The first two principal components explain 99 % of the total variance of the soil spectra,
splitting the soil samples into four distinct groups (Figure 2). The first principal component
(PCA-1) explained 96 % of the data variability and separated the two soil classes. The second
principal component (PCA-2) explained 3 % of the data variability, but subdivides these groups
according to the soil carbon content. In general, samples were randomly distributed within the
clusters, so it was not possible to observe the grouping of the samples according to types of

residues that were added to the soil.
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Figure 2. Score plots of the soil samples spectra in the principal components space.

3.3. Performance of PLSR models
3.3.1.Carbon

The model to determine TOC required five latent variables and presented good
performance, with small RMSE (3.6 g kg™!), determination coefficients close to one (0.960) and
RPIQ > 2.5 (Table 4). The regression coefficients of the PLSR model for TOC determination
are presented in Figure 3A. A large number of wavelengths distributed throughout the NIR
region contributed to the determination of TOC and many of these variables yield stable
regression coefficients during the calibration procedure. The stable regression coefficients
positively correlated with TOC content occurred in the ranges of 1200-1420, 1850-1940, 2190-
2250 and 2400-2500 nm (Figure 3). When only the stable regression coefficients were used,
the PLSR models required less latent variables to estimate TOC, although no major changes in

the performance of the models were observed (Table 4).
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Table 4- Merit figures for the models using cross-validation (calibration set) and validation (external validation set)

PLSR models PLSR models developed with selected variables
Calibration set Validation set (n = 24) Calibration set Validation set (n = 24)
n LV' RMSE R? RPIQ RMSE R? n LV!  RMSE R? RPIQ RMSE R?

TOC? 44 5 3.6 0.957 3.5 4.3 0.960 44 4 3.8 0.951 3.3 4.6 0.954
C-MAOM 48 6 29 0.964 3.8 33 0.968 48 5 32 0.957 34 3.6 0.961
C-POM 42 5 0.8 0.716 2.2 1.3 0.852 42 4 0.7 0.759 24 1.3 0.836
TON 46 5 0.3 0.931 2.9 0.5 0.867 46 5 0.2 0.952 4.5 0.5 0.877
N-MAOM 41 6 0.2 0.956 4.0 0.2 0.970 41 4 0.2 0.958 4.0 0.2 0.971
N-POM 45 9 0.1 0.843 2.8 0.1 0.763 45 9 0.1 0.921 5.6 0.1 0.760
3*C-MAOM 39 10 14.5 0.802 34 15.4 0.667 39 7 11.8 0.869 4.2 17.0 0.592
33C-POM 33 7 60.4 0.862 4.3 45.6 0.906 33 5 48.4 0.911 54 423 0.920
3N-MAOM 35 3 4.7 0.451 23 44.4 0.000 35 4 4.5 0.500 24 44.2 0.000
3 N-POM 31 1 12.5 0.000 1.7 24.5 0.000 31 3 8.3 0.550 2.5 27.3 0.000

ILV, Latent Variables; RMSE, root mean square error (g kg™!); R?, coefficient of determination; bias (g kg"); RPIQ, ratio of performance to interquartile; 2L abels as in Table 2.
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Figure 3. Absolute values of the regression coefficients of the PLSR models to predict: TOC
(A), C in MAOM fraction (B), C in POM fraction (C), TON (D), N in MAOM fraction (E), N

in POM fraction (F), 8"*C in MAOM fraction (G); §'*C in POM fraction (H). The stable

coefficients related to the 2" derivative values of the spectral variables positively correlated

with the soil propriety are marked in blue, and those negatively correlated with soil proprieties

were marked in red. The average raw NIR spectrum of the soil samples set is shown as a black

line.

The PLSR required one more latent variable to explain variations in MAOM-C content

than to explain variations in TOC content, but the model to determine MAOM-C also presented
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good performance, with small RMSE (2.9 g kg!), high R? (0.964) and RPIQ > 2.5 (Table 4).
To determine MAOM-C fraction, the PLSR used information from several wavelengths
throughout the NIR spectrum. The stable regression coefficients positively correlated with
MAOM-C contents occurred mainly between 1350-1600, 1850-1940 and 2190-2250 (Figure
3). However, in the ranges of 1350-1600 and 2190-2250 nm wavelengths negatively correlated
with the content of MAOM-C were also observed. The performance of the model to predict
POM-C was also satisfactory (Table 4). The RMSE and R? values of this model were 0.8 g kg
'and 0.716, respectively, and the RPIQ > 2.0 (Table 4). Several wavelengths distributed
throughout the NIR region contain information on POM-C, but the stable PLSR regression
coefficients positively correlated with this parameter were observed mainly between 1890-2050
and 2350-2500 nm (Figure 3). Wavelengths in the ranges of 1350-1600 and 2190-2250 nm also
produced stable regression coefficients to estimate POM-C, nevertheless, most of them were
negatively correlated with POM-C content. As in the model to determine TOC content, the
PLSR models were simpler when only the variables selected by the Jack-knife algorithm were
used to estimate the MAOM-C and POM-C contents, but although no major changes in the

performance of the models were observed (Table 4).

3.3.2.Nitrogen

The PLSR model required five latent variables to estimate TON content (Table 4), with
small RMSE (0.3 g kg™!), determination coefficients close to one (0.930) and RPIQ > 2.5 (Table
4). In general, the regression coefficients of this model presented similar behaviour to those
used by PLSR to determine TOC content (Figure 3). The highest regression coefficients of these
models occurred also between 1350-1600, 1890-1940, 2190-2500 nm, nevertheless, the
variables between 2250-2400 nm showed an increased relationship with TON content than with
TOC content. (Figure 3).

Among the PLSR models to estimate N in SOM fractions, the highest values of RPIQ
were obtained in MAOM fraction (Table 4). The PLSR required six latent variables to estimate
MAOM-N and this model presented small RMSE (0.2 g kg'!) and R? > 0.95 (Table 4). The
stable regression coefficients produced by PLSR to estimate N in MAOM fraction occurred in
the ranges of 1420-1600, 1890-1940 and 2190-2500 nm (Figure 3). Among them, the spectral
variables between 1890-1940 nm and 2190-2500 nm presented a positively correlation with
MAOM-N content. In the region between 1420-1600 nm, absorptions showing positive

correlation with MAOM-N content were also observed, however, the intensity of absorption at
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some wavelengths in this spectral region reduced with increasing MAOM-N contents. The
PLSR model for predicting POM-N also presented good performance, with small RMSE (0.1
g kg'!), R? close to one (0.843) and RPIQ > 2.0 (Table 4). The stable variables produced by
PLSR to estimate N in POM fraction occurred in the ranges of 1100-1400, 1700-1760, 2050-
2500 nm (Figure 3), but the variables with a positive correlation with POM-N content occurred
predominantly between 1100-1400, 1700-1760, 2300-2500 nm (Figure 3).

The performance of the models to estimate the N content in bulk soil and in SOM
fractions had small improvements when only the regression coefficients selected by the Jack-
knife algorithm were used. Furthermore, the number of latent variables required by PLSR to

estimate MAOM-N was reduced.

3.3.3.Ratio between stable isotopes of carbon and nitrogen

The models for predicting the ratio between stable isotopes of C in MAOM fraction
(MAOM-§'3C) and in POM fraction (POM-§'3C) presented high values of R? and RPIQ, and
the RMSE of these models were 14.5 and 60.4 %o, respectively (Table 4). The stable regression
coefficients supporting the use of NIRS-PLSR to estimate §'*C in MAOM fraction occurred in
the ranges of 1100-1470 and 1970-2500 nm (Figure 3). Among them, the variables between
1100-1470, 2000-2150 and 2440-2460 nm presented a positive correlation with MAOM-§'*C
(Figure 3). The most important wavelengths to estimate 6'C in POM fraction were between
1650-1850 and 2050-2500 nm (Figure 3). In these regions, POM-3'3C was positively correlated
with some variables and negatively correlated with others. The PLSR models developed only
with the variables selected by the Jack-knife algorithm required less latent variables to estimate
MAOM-§'3C and POM-§'3C. Furthermore, the performance of these models was improved.

The models to predict the ratio between stable isotopes of N in SOM fractions presented
unsatisfactory results. These models showed high RMSE and their determination coefficients
were extremely low, even when they were remade using only the regression coefficients

selected by the Jack-knife algorithm (Table 4).
4. Discussion
4.1. Soil spectra and exploratory analysis

Absorptions in NIR region result from overtones and combinations of fundamental

vibrations of bonded atoms present in soil organic and inorganic chemical species (CLARK et
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al., 1990; FANG et al., 2018; HUNT, 1977; VISCARRA ROSSEL et al., 2009; VISCARRA
ROSSEL; BEHRENS, 2010), but the exact place where the absorption features will appear
depends upon to what the bonded atoms are directly attached to (FANG et al., 2018; HUNT,
1977). It is known that absorptions in the 1300-1650 nm range are due to the first overtone of
O-H, C-H and N-H bonds and to the third overtone of C=0O bond (FANG et al., 2018;
STENBERG et al., 2010; VISCARRA ROSSEL; BEHRENS, 2010). The O-H groups are
usually associated to minerals, such as Kaolinite (FANG et al., 2018), and to residual soil water
(CLARK et al., 1990; HUNT, 1977; VISCARRA ROSSEL; BEHRENS, 2010), while C-H, N-
H and C=0 groups are related to functional groups of soil organic compounds, such as
carboxylic acids, aromatics, amides (STENBERG et al., 2010; VISCARRA ROSSEL,;
BEHRENS, 2010). The prominent peak observed between 1800-1900 nm are associated to the
combinations of vibrational modes of O-H groups of residual soil water (CLARK et al., 1990;
HUNT, 1977; VISCARRA ROSSEL; BEHRENS, 2010), nevertheless, bands due to vibrational
modes of C-H and C=0 bonds present in organics, like carboxylic acids and methyl groups, can
also occur in this region (STENBERG et al., 2010; VISCARRA ROSSEL; BEHRENS, 2010).
The spectral features observed in 2050-2500 nm are due to combinations of vibrational modes
of hydroxyl groups attached to metals, such as Fe-OH, Mg-OH and Al-OH (FANG et al., 2018;
VISCARRA ROSSEL; BEHRENS, 2010), and combinations of vibrational modes of N-H, C-
H and C-O bonds present in organic functional groups of soil, such as carbohydrates,
polysaccharides, amine, methyl and aliphatic groups (STENBERG et al., 2010; VISCARRA
ROSSEL; BEHRENS, 2010). Although the high-energy vibrational modes of CH, NH and CO
groups present in organic compounds of soil occur in NIR region (STENBERG et al., 2010;
VISCARRA ROSSEL; BEHRENS, 2010), most of these bands are weak. The spectral features
related to inorganic compounds of soil, on the other hand, show high intensity (VISCARRA
ROSSEL et al., 2011); therefore, they are mostly responsible for the major absorption bands
observed in NIR spectra.

The PCA considers all the sources of variability present in NIR spectra to project the
sample spectra in the principal component space. It was found that the first two principal
components explain 99 % of the spectral data variability and made it possible to group the soil
samples according to soil type and carbon saturation deficit. The first PC explains 96 % of the
data variance and separates the soil samples into two groups with different mineralogy. This
result confirms that the main spectral features in NIR spectra are related to soil mineralogy

(VISCARRA ROSSEL et al., 2011). The second PC further subdivides each of these groups
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according to the soil carbon saturation deficit. In each soil class, the main spectral differences
between the soils with different carbon saturation deficits are related to the absorption intensity.
Considering the similar texture of the soils along the profile (JESUS, 2012), the main source of
variability considered by PC2 may be related to the difference in SOM concentration between
these soils. In addition to absorbing radiation in different regions of the NIR spectrum
(VISCARRA ROSSEL; BEHRENS, 2010), the SOM directly influences the formation of stable
aggregates in the soil, which can modify the profile of NIR spectra (SHI et al., 2020). Regarding
the influence of eucalyptus components, although variations in the type of the harvest residue
added into the soil alter the chemical composition of SOM (ALMEIDA et al., 2018; FERREIRA
et al., 2021), this information is obscured by weak absorption relative to the strong bands of

inorganic compounds of soil (MCBRIDE, 2021).

4.2. PLSR models

4.2.1.Carbon

The RPIQ > 2.0 indicated that C content in bulk soil (TOC) and in each SOM fractions
(MAOM-C and POM-C) were predicted accurately by the NIRS-PLSR (BELLON-MAUREL
etal.,2010; LEONE et al., 2012). To this, the PLSR used information from several wavelengths
across the NIR spectrum. The stable regression coefficients produced by PLSR to estimate
POM-C were mainly observed in regions related to vibrational modes of: C=0O bonds, present
for example in carboxyl (VISCARRA ROSSEL; BEHRENS, 2010) and carbonyl groups
(WORKMAN; WEYER, 2008) (near to 1950 and 1450 nm); C-O bonds, present in organics
like phenolic groups (between 1950-2044 nm) (VISCARRA ROSSEL; BEHRENS, 2010); and
C-H bonds, present in cellulosic materials (between 2350-2500 nm) (ST. LUCE et al., 2016).
These organic compounds are important constituents of POM fraction of SOM (COTRUFO et
al.,, 2015; LAVALLEE; SOONG; COTRUFO, 2019). Therefore, the spectral information
generated through the direct absorption of NIR radiation by these compounds has greater
importance for determining POM-C content. The stable regression coefficients produced by
PLSR to estimate C in MAOM fraction, on the other hand, were mainly observed in the ranges
of 1340-1600, 1890-1940 and 2190-2250 nm. In these regions can occur the vibrational modes
of C=0 bonds present in carboxylic acids (STENBERG et al., 2010; VISCARRA ROSSEL;
BEHRENS, 2010), and O-H bonds present in inorganic compounds of soil, such as kaolinite,
aluminium oxides and iron oxides (between 1340-1600 and 2190-2250 nm) (CLARK et al.,
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1990; FANG et al., 2018; HUNT, 1977, VISCARRA ROSSEL et al., 2009; VISCARRA
ROSSEL; BEHRENS, 2010). Carboxyl group is one of the main responsible for the attachment
between SOM and mineral compounds of soil (DICK et al., 2009; SOKOL; SANDERMAN;
BRADFORD, 2019). This association affect the energy required by the vibrational modes of
O-H and C=0 bonds (HUNT, 1977), which can reduce the intensity of absorption at some
wavelengths and increase it at others. These spectral variations were used by PLSR to estimate
MAOM-C content.
4.2.2.Nitrogen

The PLSR models to estimate TON, MAOM-N and POM-N presented RPIQ values
greater than 2.5, which indicate models with excellent performance (BELLON-MAUREL et
al., 2010; LEONE et al., 2012). The spectral information supporting the use of NIRS-PLSR to
determine these soil attributes came from a large number of wavelengths distributed throughout
the NIR region. Wavelengths between 2190-2500 nm were very informative on soil N.
Absorptions in this region are usually associated to the combination of vibrational modes of N-
H and C-H bonds present in compounds of soil containing N, such as proteins and amino sugars
(ONO et al., 2007; ST. LUCE et al., 2016). These compounds can be found in partially
decomposed plant-derived materials in the soil (ST. LUCE et al., 2016) and in the surface
charges of soil minerals (SOKOL; SANDERMAN; BRADFORD, 2019), thus, the absorption
of NIR radiation by them can provided information on N content in both fractions of SOM. To
estimate POM-N, the PLSR also used information from regions associated to C-H bonds present
in protein and polysaccharides (between 1100-1400 and 1700-1760 nm) (ONO et al., 2007;
STENBERG et al., 2010). To determine MAOM-N, on the other hand, the main variables used
by PLSR were observed in the ranges of 1340-1600 and 1890-1940 nm. The spectral
information in these regions is generated through the direct absorption of NIR radiation by N-
H and C=0 bonds, present in amines and other proteins (around 1500 nm) (ONO et al., 2007;
STENBERG et al., 2010; VISCARRA ROSSEL; BEHRENS, 2010), and by changes in binding
energy and vibration anharmonicity of NH, CO and OH bonds caused by interaction between
carboxyl groups, present in N compounds with low molecular weight, such as proteins, and the
mineral fraction of the soil (DICK et al., 2009; LAVALLEE; SOONG; COTRUFO, 2019).

It 1s evident that PLSR-NIRS can use spectral information generated by the presence of
compounds in the soil to estimate the contents of MAOM-N and POM-N. Nevertheless, many
similarities were observed between the regression coefficients used to estimate C and N content.

PLSR finds the relationships between the predictor matrix and the vector with the parameter
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under analysis (LEONE et al., 2012), so, the built model can also use spectral variabilities that
are not directly associated with the analyte, caused by internal correlations, for example, as a
source of information (PASQUINI, 2018). Considering the strong correlation between C and
N, in bulk soil and in SOM fractions (Table 3), and that N content was much lower than the C
content into the samples, it is plausible that PLSR also used spectral information related to C
compounds to estimate N, in bulk soil or in SOM fractions, and vice-versa.
4.2.3.Ratio between stable isotopes of carbon and nitrogen

Among the models to predict the isotopic composition of MAOM and POM, the best
results were obtained in the prediction of the ratio between stable C isotopes (MAOM-§'"°C and
POM-6'3C). The PLSR models for estimate MAOM-3"°C and POM-§'*C presented RPIQ
values greater than 2.5, which indicates models with excellent predictive capacity (BELLON-
MAUREL et al., 2010; LEONE et al., 2012). These models used information along the entire
NIR spectrum. The stable regression coefficients positively correlated with MAOM-§'C
occurred in regions usually associated with vibrational modes of C-H bonds (1100-1420 and
2440-2460 nm), C-O and C=0 bonds (2000-2150 nm) and O-H bonds (1400-1470 nm) (ONO
etal., 2007; STENBERG et al., 2010; VISCARRA ROSSEL; BEHRENS, 2010; WORKMAN;
WEYER, 2008). The stable spectral variables positively correlated with POM-5'3C, on the other
hand, were mainly observed in spectral regions associated to the high energy vibrational modes
of C-H bonds (1650-1850 and 2200-2500 nm) (ONO et al., 2007; STENBERG et al., 2010;
WORKMAN; WEYER, 2008). The mass of atoms involved in a chemical bond, as well as the
mass of atoms close to the bond in chemical species, can change the natural frequency of
vibration associated to a given chemical bond. Consequently, the energy (wavelength)
associated to an absorption feature associated with that chemical bond also changes
(PASQUINI, 2003, 2018). Increasing the '*C content in the sample can shift the wavelength of
the absorption bands. Although this shift is subtle, the PLSR can detect these variations in the
spectra and correlate them with the concentration of 13C (OLIVIERI, 2018). Nevertheless, it is
important to stress that the residues employed in the present work were enriched with '*C. Thus,
the RMSE are low considering the population under study, but the magnitude of these errors
limits the use of the models to trace the natural abundance of '3C, for example. It was not
possible to fit a model to predict MAOM-N and POM-8'N using PLSR. This may be attributed
to the low content of '°N in the samples, since the eucalyptus seedlings were not enriched with
5N. Variations in the mass of N atoms present in the soil sample can influence the features of

the NIR spectrum. However, when the concentration of the analyte is close to the detection
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limit of the analytical technique, imposed by the signal-to-noise of the instrument, the

information can be confused with noise, resulting in inaccurate models (PASQUINI, 2018).

5. Conclusion

Our results demonstrate that PLSR-NIRS can be used to characterize SOM rapidly and
with good precision. In addition to providing information on TOC content in bulk soil, PLSR-
NIRS can be used to estimate the contents of C in POM and MAOM fractions of SOM. The
stable regression coefficients of these models confirmed that PLSR used direct analyte
information to estimate TOC, MAOM-C, POM-C. It was also possible to evaluate the ratio
between stable C isotopes in SOM fractions resulted from enriched materials, using NIRS. In
this context, NIRS has proven to be a valuable tool that can be used to expand the knowledge
on the dynamics of C in soil. Additional studies are recommended to evaluate in field
experiments the use of conventional and compact NIR spectrophotometers for monitoring the
dynamics of C in SOM fractions. The models for evaluating the N content in bulk soil and in
SOM fractions are sufficiently accurate. Although the regression coefficients show slight
differences in comparison to the models developed to measure C, there was a high correlation
between N and C contents. Therefore, further studies are needed to assess the use of NIRS to
measure the N present in both, soil and SOM fractions, preferably using soils that also received
N from mineral fertilisation and with residues enriched with '>N. Thus, it will become possible
to verify whether the information accessed by the models is unequivocally related to the

variation in the concentration of N in soil.
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Conclusoes finais

No presente estudo, foi demonstrado que os espectrofotdmetros NIR compactos podem
ser utilizados para determinar os teores de carbono organico do solo (COS) de forma acurada.
Por aumentar a representatividade e a reprodutibilidade dos espectros NIR adquiridos com
instrumentos compactos e proporcionar ganhos entre 146-400 % na predi¢ao de COS, o uso de
um sistema de movimentacdo de amostras, capaz de movimentar o solo sobre o feixe de
sondagem Gtica durante a aquisicao de espectros, € altamente recomendado.

Quando os espectrofotometros NIR compactos foram utilizados para determinagdo de
COS em escala regional, o modo de preparo das amostras de solo e as estratégias usadas no
desenvolvimento dos modelos afetam diretamente a sua performance. O uso de amostras secas
em estufa e finamente moidas resultou em modelos mais acurados, principalmente quando os
espectros destas amostras foram utilizados no desenvolvimento de modelos de regressao local.
O uso de modelos locais se mostrou uma boa alternativa para substituir a necessidade do
processamento das amostras de solo antes da aquisi¢cdo dos espectros. Para estudos futuros,
recomenda-se a constru¢@o de bibliotecas espectrais, semelhantes as que sao utilizadas com os
equipamentos Vis-NIR, empregando o uso do FT-NIR compacto. Para a predi¢ao dos teores de
COS usando estas bibliotecas, ¢ recomendado o uso de modelos locais. Uma avaliagao dos
melhores critérios de similaridade e do nimero minimo de amostras utilizadas nos modelos de
regressao local, também ¢é indicada.

Por fim, os resultados no presente estudo comprovam que, além de ser utilizada para
mensurar os teores totais de C na matéria organica do solo (MOS), a espectroscopia NIR pode
ser utilizada para quantificar o C e §'°C em diferentes fracdes da MOS (matéria orginica
associada aos minerais e na matéria organica particulada) formada sob influéncia de residuos
enriquecidos com '°C, uma vez que existem informacdes espectrais fundamentadas que
sustentam o uso destes modelos. Estudos destinados a avaliar a performance de instrumentos

NIR compactos para o monitoramento temporal do C nas fracdes da MOS, sio recomendados.
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