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ABSTRACT

Techniques for monitoring soil attributes have rapidly evolved, driven by the demand for more
efficient, sustainable, and large-scale applicable methods. Soil organic carbon (SOC) and total
nitrogen (TN) are essential components for ecosystem functioning. Although traditional
laboratory methods are precise, they require considerable time, resources, and labor.
Reflectance spectroscopy combined with statistical modeling emerges as a promising tool,
allowing estimation of soil attributes from spectral data. This study evaluated the predictive
performance of reflectance spectroscopy through three approaches: i) using the hyperspectral
satellite EnMAP; ii) with the proximal ASD FieldSpec® sensor directly in the soil surface; and
iii) in the laboratory with dried soil samples. The research was conducted in two regions: the
Lower Acarau Irrigation District (R1) in northeastern Brazil, and California’s Central Valley
(R2), USA. Surface soil samples were collected from the first centimeter in R1 and from 0-10
cm in R2. Laboratory spectral analysis was performed on both sets in darkroom after the oven
drying. SOC and TN quantification was done by titration in R1 and by elemental analyzer in
R2. Predictive models were developed for each regional set and for a combined global set
(R1&R2), using raw reflectance, first derivative, and continuum-removed spectra. The
predictive performance of ENMAP and in situ FieldSpec sensor was assessed exclusively in R1,
using images obtained by EnMAP. Near the imaging dates, spectral analysis with FieldSpec
was conducted at the point corresponding to the central coordinate of the pixel representing
exposed soil in the EnMAP image prior to sampling, enabling direct comparison between
spectral responses from the orbital and proximal sensors. Results indicate that the EnMAP
satellite showed good correlations with spectral data collected by multispectral sensors, with R?
between 0.50 and 0.86 for individual bands and NDVI. SOC and TN prediction by EnAMAP was
comparable to that of the FieldSpec sensor in the field, with adj. R* = 0.75 for SOC and 0.61
for TN. Accuracy improved for SOC > 11.6 g/kg and TN > 0.55 g/kg, reaching adj. R* = 0.91
and 0.82, respectively. Statistical modeling confirmed the efficiency of reflectance
spectroscopy to predict SOC and TN in both local contexts and the global model, regardless of
the laboratory methods used. The first derivative transformation was most effective in
producing reliable models, especially for R2 using PLSR, with adj. R*=0.91 and 0.92 for SOC
and RPD of 3.34 and 3.49 for TN. The global R1&R2 set also showed good predictive
performance with PLSR (adj. R? = 0.82 and 0.90; RPD = 2.09 and 2.86 for SOC and TN,
respectively). These results reinforce the potential of reflectance spectroscopy and

hyperspectral remote sensing for precise and efficient monitoring of organic soil attributes,



offering viable alternatives for diverse agricultural realities and promoting advances in

sustainable soil management practices.

Keywords: hyperspectral imaging; organic attribute monitoring; multivariate modeling



RESUMO

As técnicas para monitoramento de atributos do solo vém evoluindo rapidamente,
impulsionadas pela demanda por métodos mais eficientes, sustentaveis e aplicaveis em larga
escala. O carbono orgénico do solo (SOC) e o nitrogénio total (TN) sdo componentes essenciais
para o funcionamento dos ecossistemas. Embora métodos laboratoriais tradicionais sejam
precisos, eles demandam tempo, recursos € mao de obra consideraveis. A espectroscopia de
reflectancia, combinada com modelagem estatistica, surge como aliada promissora, permitindo
estimar atributos do solo a partir de dados espectrais. Este estudo avaliou o desempenho
preditivo por espectroscopia de reflectancia por trés abordagens: i) com o satélite hiperespectral
EnMAP; ii) com o sensor proximal ASD FieldSpec® em campo e iii) em laboratorio, com
amostras de solo secas. A pesquisa foi conduzida em duas regides: o Distrito de Irrigacdo do
Baixo Acarau (R1), no nordeste do Brasil, e o Vale Central da Califérnia (R2), EUA. Amostras
superficiais foram coletadas no primeiro centimetro do solo em R1 e de 0-10 cm em R2. A
analise espectral em laboratorio foi realizada em ambos os conjuntos apos secagem em estufa.
A quantificacdo de SOC e TN ocorreu por titulagdo em R1 e por analisador elementar em R2.
Modelos preditivos foram desenvolvidos para cada conjunto regional e para um conjunto global
combinado (R1&R2), utilizando reflectancia bruta, primeira derivada e espectro com continuo
removido. A avaliacdo da performance preditiva do ENMAP e do sensor FieldSpec in situ foi
realizada exclusivamente em R1, utilizando imagens obtidas pelo EnAMAP. Proximo as datas do
imageamento, foi feita analise espectral com o FieldSpec no ponto correspondente a coordenada
central do pixel da imagem referente ao solo exposto, antes da coleta das amostras, permitindo
a comparacdo direta entre as respostas espectrais obtidas pelo sensor orbital e pelo sensor
proximal in situ. Os resultados indicam que o satélite EnMAP apresentou boas correlagdes com
dados espectrais coletados por sensores multiespectrais, com R? entre 0,50 e 0,86 para bandas
individuais ¢ NDVI. A predicdo de SOC e TN pelo EnMAP foi comparavel a do sensor
FieldSpec em campo, com R?; = 0,75 para SOC e 0,61 para TN. A acuridcia aumentou para
SOC > 11,6 g/kg e TN > 0,55 g/kg, alcancando RZ?; = 0,91 e 0,82, respectivamente. A
modelagem estatistica confirmou a eficiéncia da espectroscopia de reflectancia para predizer
SOC e TN em ambos os contextos locais e no modelo global, independentemente dos métodos
laboratoriais usados. A transformacdo por primeira derivada foi a mais eficaz para gerar
modelos confiaveis, especialmente para R2 na PLSR, com R?; = 0,91 e 0,92 para SOC ¢ RPD
de 3,34 e 3,49 para TN. O conjunto global R1&R2 também mostrou bom desempenho preditivo
na PLSR (R?%;. = 0,82 e 0,90; RPD = 2,09 e 2,86 para SOC e TN, respectivamente). Esses



resultados reforgam o potencial da espectroscopia de reflectancia e do sensoriamento remoto
hiperespectral para monitoramento preciso e eficiente de atributos organicos do solo,
oferecendo alternativas viaveis para diferentes realidades agricolas e promovendo avangos em

praticas sustentaveis de manejo do solo.

Palavras-chave: imageamento hiperespectral; monitoramento de atributos organicos;
modelagem multivariada
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1 GENERAL INTRODUCTION

Organic matter added to the soil is primarily responsible for the availability of
organic carbon and nitrogen (both mineral and organic) in the soil environment. These elements
constitute a significant structural part of organic compounds and serve as important energy

sources for microbial biomass during decomposition.

Quantification of C and N in soil is carried out using classical and accurate
laboratory methods. Organic carbon is typically determined by wet digestion with potassium
dichromate and sulfuric acid, involving external heating followed by titration with sulfate
(Yeomans; Bremner, 1988). Total nitrogen is measured by digestion in acidic medium at high
temperature, followed by distillation with sodium hydroxide, boric acid, and hydrochloric acid,
and subsequent titration (Kjeldahl, 1883). Besides wet digestion, both elements can also be
quantified by dry combustion at temperatures above 1000°C using an elemental analyzer, which
measures C and N as CO; and NO;. This technique is rapid, precise, and clean, albeit requiring

substantial maintenance (Farina et al., 1991; Even et al., 2025).

Although accurate, traditional chemical analyses for determining soil organic
carbon (SOC) and total nitrogen (TN) require extensive sampling and multiple repetitions.
Furthermore, they consume large amounts of harmful reagents, demand considerable time to
obtain results, and require substantial human and financial resources, which can impose
significant costs on laboratories with limited workforce. To overcome labor challenges and
reduce costs associated with analyses and frequent equipment maintenance, methodologies
based on reflectance spectroscopy and remote sensing have emerged as complementary

approaches to classical laboratory methods.

The study of soil spectral behavior, combined with multivariate statistical methods
and mathematical modeling, allows for the estimation of chemical, physical, and biological soil
attributes from the spectral response of a sample to incident light. Reflectance factors, with or
without mathematical transformations, at each wavelength of the electromagnetic spectrum,
function as predictor variables X. Selecting and combining the most influential variables X

enables the estimation of SOC and TN contents in the sample.

Given that each environment has specific soil characteristics, it is necessary to adapt
prediction models to the most similar conditions possible. Therefore, regional and global

models using spectral data from diverse samples have been evaluated for estimating soil
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attributes across various environmental contexts (Mishra et al., 2020; Ye et al., 2021; Zhou et

al., 2021).

By analyzing the spectral signature of a soil sample in the 350 to 2500 nm range,
obtained via hyperspectral sensors, it is possible to extract significant information about its
composition and formation. This information is reflected in variations in albedo and the

identification of absorption features within the spectral curves.

Recent studies have applied reflectance data obtained from laboratory sensors such
as the ASD FieldSpec® (350-2500 nm) to estimate organic attributes in various soils under
different land uses (Gholizadeh et al., 2023; Ribeiro et al., 2023; Alsaleh et al., 2025). In
addition to laboratory or proximal sensors, orbital sensors have also been employed with
regression-based mathematical modeling to predict soil attributes at the surface level (Guo et

al., 2020; Avdan et al., 2021; Amoli et al., 2024).

In 2022, the German Aerospace Center launched the hyperspectral satellite EnMAP
(Environmental Mapping and Analysis Program) into Earth orbit, a scientific mission dedicated
to high-resolution environmental monitoring. The sensor onboard EnMAP provides spectral
information across 224 bands ranging from 418 nm to 2445 nm, representing a significant
advancement for large-scale environmental analysis. This technology can generate valuable
information from hyperspectral imagery and may be considered an alternative or
complementary tool to reflectance spectroscopy performed by proximal sensors (Chabrillat et

al., 2024).

Accordingly, this research was structured into three main phases: 1) validation of
the EnMAP sensor for soil monitoring through comparison of its spectral response with
established multispectral sensors; 1) evaluation of the performance of EnMAP and the proximal
ASD FieldSpec® sensor in predicting organic carbon and total nitrogen in soils under different
land uses; and iii) development of regional and global models for estimating SOC and TN on

soil surfaces in northeastern Brazil and California’s Central Valley.
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2 LITERATURE REVIEW

2.1 Remote Sensing

Remote Sensing (RS) is a technique based on acquiring data from a given surface
without direct physical contact between the sensor and the target. This characteristic makes RS
a valuable tool for assessing biophysical and biochemical properties of various materials
through spectral information derived from their interaction with electromagnetic radiation

(Jensen, 2011; Ribeiro et al., 2021; Légaré et al., 2022).

According to Ribeiro (2021), the process begins with an energy source, which can
be natural, such as the Sun, or artificial, that irradiates the target. Sensors capture the radiation
reflected from the target's surface and convert it into spectral data capable of distinguishing and
characterizing the materials comprising the analyzed surface (Figure 1a).

Figure 1. Components of Remote Sensing. a) Schematic diagram of RS operation; b) Spectral curves of different
targets.
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Remote Sensing employs reflectance spectroscopy to study the relationship
between the energy reflected by the target and the incident energy at specific wavelengths,
thereby enabling the identification of materials based on their unique spectral signatures (Terra;
Dematté; Rossel, 2018; Lafranchi; Cruz; Rocha, 2020). Figure 1b illustrates the classical
approach to data acquisition, graphically representing reflectance curves across wavelengths

ranging from 400 to 2500 nm, which are used to differentiate various targets
2.2 Remote Sensing for Soil Characterization

When analyzing the spectral behavior of soil samples, it is essential to consider the
intrinsic components and interactions within the soil structure, since the spectral
characterization is determined by the combined spectral signature of the constituent particles,

considering their concentration and size (Gholizadeh et al., 2023; Ribeiro et al., 2023).
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Spectral information can be acquired through imaging sensors — which produce
two-dimensional images processed after collecting electromagnetic radiation over the area of
interest — or non-imaging sensors such as radiometers and spectroradiometers, which generate
numerical datasets representing the spectral behavior of the target in graphical form (Naue et
al., 2011; Lafranchi; Cruz; Rocha, 2020). The use of remote sensing to evaluate soil samples
primarily relies on components that influence spectral reflectance in the visible (400-760 nm),
near-infrared (760—1200 nm), and shortwave infrared (1200-2500 nm) spectral regions
(Dematté et al., 2019; Ribeiro et al., 2021).

Several studies report that soil reflectance is directly affected by moisture, surface
roughness, texture, organic matter, and the presence of clay minerals and iron oxides, which
exhibit specific spectral features within the 400-2500 nm range (Nowkandeh; Noroozi;
Homaee, 2018; Pearlshtien; Ben-Dor, 2020; Gholizadeh et al., 2023). According to Curcio et
al. (2013), variations in reflectance as a function of wavelength, combined with information
from spectral libraries and multivariate statistical analysis, enable interpretation and

understanding of the nature and concentration of molecules present in the analyzed sample.

Therefore, reflectance spectroscopy can be considered an effective alternative
methodology, providing satisfactory results for qualitative and quantitative characterization of
soil samples using data obtained from either orbital or proximal sensors (Vasava et al., 2019;

Pudelko; Chodak, 2020).
2.3 Hyperspectral Remote Sensing

High spectral resolution sensors, such as hyperspectral sensors, cover numerous
continuous bands within narrow wavelength intervals, typically ranging from 1 to 10 nm (Collin
etal., 2019; Oliveira et al., 2020). This capability enables the detection of very subtle variations

in the spectral signatures of targets.

Researchers have employed portable spectroradiometers with 3nm spectral
resolutions to analyze soil spectral behavior, detecting subtle features associated with spectrally
active properties such as texture, color, moisture, and organic matter content through numerical

spectral data (Angelopoulou et al., 2020; Pearlshtien; Ben-Dor, 2020; Gholizadeh et al., 2023).

Using hyperspectral data has enhanced the utility of remote sensing by enabling

simultaneous analysis of multiple soil attributes from a single spectral reading across the 350
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to 2500 nm range, allowing for rapid, cost-effective analyses without the need for chemical

reagents (Dematté et al., 2019).

Reflectance spectroscopy within the 350-2500 nm range has been successfully
applied to quantify soil attributes correlated with variations in spectral features. Essential
nutrients for crop development, such as total nitrogen and organic carbon, have been effectively
quantified using predictive models derived from the spectral response of surface samples
(Seema et al., 2020; Ribeiro et al., 2021; Gholizadeh et al., 2023; Cambou et al., 2022),

representing a suitable, non-invasive quantitative technique.

Building on these spectral analysis capabilities, hyperspectral imaging by satellite
sensors further advances soil characterization by capturing multiple spectral wavelengths
simultaneously and nearly continuously. This capability allows hyperspectral sensors to provide
enhanced visualization of subtle spectral features present in materials on the Earth’s surface
(Naue et al., 2011; Alsaleh et al., 2025). Moreover, as noted by Guo et al. (2020), hyperspectral
images obtained from orbital or airborne sensors utilize sophisticated technologies to acquire
extensive spectral information, thereby serving as valuable tools for digital soil mapping in

arable lands.

Hyperspectral imaging, also referred to as imaging spectroscopy, is an innovative
technique within the field of remote sensing. In this approach, each pixel of the captured scene
contains continuous spectral information across the 400 to 2500 nm range — a critical portion
of the electromagnetic spectrum where reflected solar radiation dominates and several of the
most significant absorption features relevant to soil analysis occur (Meneses; Almeida;

Baptista, 2019; Chabrillat et al., 2022).

The Hyperion hyperspectral sensor was the first one to operate in orbit. It had 198
spectral bands calibrated spanning 400 to 2400 nm — visible to shortwave infrared region.
However, this sensor was discontinued in the beginning of 2017, beginning a period of studies
on the potential of hyperspectral imaging spectroscopy (Silva et al., 2009; Mutanga; Van Aardt;
Kumar, 2010; Zhang; Gui-Cheng, 2020).

Launched in 2019, the PRISMA satellite (PRecursore IperSpettrale della Missione
Applicativa) has also been utilized to acquire hyperspectral imagery. It features a hyperspectral
sensor with 66 bands in the VNIR range (400-1010 nm) and 171 bands covering the NIR-SWIR
region, from 920 to 2505 nm (Oliveira et al., 2020; Amoli et al., 2024).
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2.4 Environmental Mapping and Analysis Program (EnMAP)

In 2022, the German Aerospace Center launched the EnMAP (Environmental
Mapping and Analysis Program) mission, which carries the hyperspectral Earth observation
satellite with same name. This mission, primarily scientific in nature, is managed by the German
Research Centre for Geosciences (Helmholtz-Zentrum fiir Geoforschung — GFZ) and aims to
study environmental changes, investigate ecosystem responses to human activities, and monitor
the global management of natural resources (Chabrillat et al., 2022). Consequently, ENAMAP’s
hyperspectral measurements provide valuable data to address critical scientific questions across

various Soil Science applications.

The satellite is equipped with a hyperspectral imaging scanner that records reflected
solar radiation from the Earth’s surface across the 420 to 2450 nm range, spanning 246
wavelengths. For surface reflectance data products (Level 2A), 224 contiguous spectral bands
are provided, with an average bandwidth of 6.5 nm in the VNIR region (420-990 nm) and 10
nm in the SWIR region (990-2450 nm) (Guanter et al., 2015; Storch et al., 2023).

The hyperspectral sensor aboard EnAMAP offers a swath width of 30 km and has a
spatial resolution of 30 meters, meaning each pixel corresponds to a 900 m? area on the ground.
Its temporal resolution is 27 days at nadir observation—when the sensor is perpendicular to the
surface—and up to 4 days for off-nadir imaging at angles up to £30° (Beamish et al., 2022;
Chabrillat et al., 2022). Off-nadir imaging enables capturing areas outside the nadir field of

view, thus reducing revisit time.

With a signal-to-noise ratio of > 400:1 in the VNIR range and > 170:1 in the SWIR
spectrum, EnMAP proves to be an efficient tool for imaging spectroscopy in soil analysis,

frequently providing detailed views of subtle absorption features in soil spectral characteristics

(Storch et al., 2023; Chabrillat et al., 2024).

By delivering detailed spectral responses, the sensor significantly enhances the
capacity of discrimination among different soil components, making analyses more refined and
reliable. This positions ENMAP as an auxiliar tool for researchers and professionals seeking to
perform robust, high-resolution quantitative analyses in soil studies and its attributes (Guanter

et al., 2015; Vanguri; Laneve; HoScito, 2024).

However, due to the sensor’s ability to image at both nadir and off-nadir angles,

scenes captured at varying viewing angles exhibit pixel-level geometric distortions that affect
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spectral responses, which may be underestimated (images at +30°) or overestimated (images at
-30°) compared to nadir imagery (Beamish et al., 2022). This occurs because at +30° off-nadir,
the sensor’s viewing angle is opposite to the primary solar incidence, causing increased shading
and reduced spectral response. Conversely, at -30° off-nadir, the viewing angle aligns with solar
incidence, resulting in an overestimated albedo due to surface tilt. Therefore, the closer the

sensor is to nadir, the lower the spectral and geometric distortions (Chabrillat et al., 2022).

Such issues primarily affect heterogeneous areas, while regions with exposed soil
and uniform topography tend to be minimally influenced by sensor position (Beamish et al.,
2022). According to Borel and Gerstl (1994), vegetated areas present greater challenges also

due to variable spectral mixing patterns at different viewing angles.

Despite the challenges posed by spectral distortions at varying viewing angles,
EnMAP’s ability to deliver detailed soil surface information highlights its crucial role in

advancing Soil Science research and promoting sustainable management of natural resources.
2.5 Assessment of Soil Attributes Using Hyperspectral Remote Sensing

The reflectance characteristics of soils result from the interaction of
electromagnetic radiation with intrinsic components present in a soil sample, whether
superficial or not (Ribeiro et al., 2021). In addition to organic and mineral composition, other
factors such as moisture content, particle size, and their arrangement are fundamental in
determining the spectral properties of soils (Dematté et al., 2019; Lafranchi; Cruz; Rocha,

2020).

Reflectance in the visible, near infrared, and shortwave infrared spectra depends
directly on soil composition, including organic matter, clay minerals, primary minerals, oxides,
hydroxides, and moisture (Jensen, 2011). These absorptions occur due to electronic transitions
of atoms and molecular vibrations involving stretching and bending of atomic groups that form

molecules and crystals (Rossel; Behrens, 2010; Stenberg et al., 2010).

Soil attributes considered optically active are those capable of detectably interacting
with electromagnetic radiation, being responsible for the processes of light absorption and
scattering. Among these components are color, organic matter, moisture, iron oxides and

mineral composition (Terra; Dematté; Rossel, 2018).
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2.5.1 Role of Organic Matter, Soil Texture, and Minerals in Soil Reflectance

Soil organic matter (SOM) is the primary component of the soil carbon cycle,
containing approximately 58% of the element within its structure. Nitrogen, on the other hand,
is present as a constituent of proteins, nucleic acids, chitin, cell walls of decomposing

organisms, and animal excrements (Hu et al., 2019; Chen et al., 2020; Jiang et al., 2024).

Spectrally, SOM reduces the overall soil reflectance between 400 and 2500 nm due
to its high energy-absorbing capacity, masking important attribute features in the visible
spectrum and exhibiting characteristic features in the mid-infrared region (Jensen, 2011;
Pearlshtien; Ben-Dor, 2020). Specific vibrations can also be detected at wavelengths in the
SWIR region related to CH (1414, 1700-1800, and 2300 nm), OH (1440, 1900, and 2200 nm),
and NH (1100-1200 nm, 1800 nm, and 2000—-2100 nm) interactions (Stenberg et al., 2010;
Alsaleh et al., 2025; Reyes-Rojas et al., 2025). Additionally, SOM influences the color of the
soil matrix, acting as a pigment and darkening soils proportionally to its concentration

(Pearlshtien; Ben-Dor, 2020; Gholizadeh et al., 2023).

Soil texture, although indirectly, also affects reflectance. The arrangement and size
of'sand, silt, and clay particles influence surface roughness and aggregate orientation, impacting
reflectance (Meneses; Almeida; Baptista, 2019). Clayey soils generally exhibit lower
reflectance (reduced albedo) compared to sandy soils due to higher aggregation and energy
absorption. Within sandy soils, larger quartz particles cause lower reflectance than finer

particles (Jensen, 2011; Terra; Dematté; Rossel, 2018; Pudelko; Chodak, 2020).

Clay minerals exhibit specific absorptions in spectral regions, mainly at 1400, 1900,
and 2200 nm, with emphasis on montmorillonite, illite, and kaolinite (Dematté et al., 2019).
The intimate relationship between organic matter and texture explains why clayey soils tend to
retain more organic compounds, thus influencing the spectral detection of total organic carbon

and total nitrogen (Stenberg et al., 2010; Laamrani et al., 2019; Ribeiro et al., 2023).
2.5.2 Influence of Iron Oxides and Interactions with Organic Matter

Iron oxides and hydroxides are optically active components in the visible and near-
infrared regions of the electromagnetic spectrum, occurring in both crystalline and amorphous
forms. Hematite and goethite are primarily responsible for the coloration of the soil matrix,

significantly influencing the visible region (Girdo et al., 2014; Nowkandeh; Noroozi; Homaee,
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2018). Hematite imparts a reddish hue to the soil, with an absorption peak near 530 nm, whereas

goethite exhibits absorption around 480 nm (Jensen, 2011).

The interaction between organic matter and iron oxides plays a crucial role in
stabilizing organic matter in the soil, directly affecting the spectral determination of carbon and
nitrogen. Several studies demonstrate positive correlations between iron concentration and total
organic carbon in various soils, indicating a preferential association between organic matter and

iron oxides (Hong et al., 2019; Pearlshtien; Ben-Dor, 2020; Ribeiro et al., 2021).

However, compounds containing total organic carbon and total nitrogen may not
display evident signals in reflectance spectra visible directly, unlike organic matter and iron
oxides. Therefore, mathematical transformations are necessary to highlight spectral variations

at different wavelengths.
2.6 Organic Carbon and Total Nitrogen in Soil

In agriculture, a significant portion of soil carbon originates from plant
photosynthesis, where plants contribute with organic matter at the end of their growth cycle,
serving as substrate for soil microbiota activity (Hogberg; Read, 2006). The decomposition of
this organic matter by soil biota plays a key role in maintaining atmospheric CO balance and

soil carbon storage (Amelse, 2020).

Globally, soils store up to four times more carbon than vegetation biomass and up
to three times more than the atmosphere. Changes in soil organic carbon (SOC) stocks are thus
crucial for agricultural management due to their significant effects on soil-biosphere

interactions (Zhang et al., 2015; Hu et al., 2019; Gocke et al., 2023).

SOC content is closely linked to soil quality attributes, regulating physical,
chemical, and biological properties such as increasing porosity, water retention, and limiting
pesticide and herbicide movement, thereby reducing groundwater contamination (Nowkandeh,;
Noroozi; Homaee, 2018). Studies show that SOC sequestration depends on soil texture,
aggregation, and management practices, and can be reduced by 60-75% when natural
ecosystems are converted to agricultural use (Lal, 2004; Madhavan et al., 2017; Kukuls et al.,
2019).

Ribeiro et al. (2019) emphasize the need to evaluate SOC together with nitrogen
content, as both serve as energy sources for microbial biomass and participate in nutrient

cycling and storage. Together, organic carbon and nitrogen are key indicators of soil fertility,
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structure, and quality (Reda et al., 2019; Zhang; Su; Yang, 2018), with interdependent variations
(Deng et al., 2020).

Nitrogen is the fourth most abundant element in cellular biomass and makes up the
majority of Earth’s atmosphere as N>, which most organisms cannot use directly (Stein; Klotz,
2016). In soil, N exists in organic and mineral forms, with ammonium (NH4") and nitrate (NO3
) being critical for plant nutrition due to their assimilation (Fowler et al., 2013). Total N
accumulation in soil is slow and depends on inputs (organic matter, geological sources, fixation)

and outputs (plant uptake, leaching, volatilization, denitrification) (Marty et al., 2017).

N availability varies with the type of organic matter and carbon limitation for
microbes, as soil microbiota decomposes organic matter to obtain energy, assimilating C and N
for biomass growth (Li; Zhang; Wu, 2021; Shakoor et al., 2023). Microbial growth increases N
demand, potentially limiting availability to plants (immobilization). When N availability meets
microbial demand, excess N is mineralized and becomes plant-available (Fowler et al., 2013;

Villamil et al., 2015).

The carbon:nitrogen ratio (C:N) is a critical soil quality indicator reflecting the
concentration and structure of organic matter (Deng et al., 2020). Organic materials with C:N
> 30 contain relatively more carbon, slowing decomposition and promoting microbial N
immobilization. Lower C:N ratios favor mineralization and N availability to crops (Villamil et
al., 2015) Excess soil N can lead to losses via volatilization and leaching. C:N ratios vary widely
due to climate, vegetation, soil type, and depth, typically ranging from 8-10 (low) to 15-20
(high) (Zinn; Marrenjo; Silva, 2018; Deng et al., 2020; Zhou et al., 2021).

Therefore, spatial quantification of SOC and total N using reflectance spectroscopy
is highly relevant for precision management in agricultural systems, especially in regions with

natural limitations of these elements, such as semi-arid zones (Wang; Yang; Bai, 2015).
2.7 Methods for analyzing Organic Carbon and Nitrogen in soils

The analysis of soil organic carbon (SOC) and total nitrogen (TN) is fundamental
for understanding soil quality, agricultural management, and addressing environmental
challenges. Classical methodologies for determining organic carbon primarily involve wet
digestion, notably the method developed by Walkley and Black (1934), and dry combustion
through loss on ignition (Ben-Dor; Banin, 1989).
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In wet digestion described by Walkley and Black (1934), carbon is oxidized by a
potassium dichromate solution in concentrated sulfuric acid, capable of oxidizing
approximately 76% of the carbon present in the sample. To optimize the process, a digestion
block heater maintaining a constant temperature of 170°C for 30 minutes is currently used,
ensuring almost 100% carbon oxidation (Yeomans; Bremner, 1988). After digestion, the excess
dichromate is titrated to quantify organic carbon. Despite its efficiency, the use of dichromate

generates toxic waste requiring proper disposal (Nowkandeh; Noroozi; Homaee, 2018).

SOC determination by loss on ignition involves controlled combustion of the
sample at high temperatures (typically between 400 and 600°C) to remove organic matter, with
mass loss associated with carbon content (Salehi et al., 2011; Gerenfes; Giorgis; Negasa, 2022).
Although widely used historically, this method is increasingly replaced by faster and automated

techniques due to its slower analytical speed.

Regarding total nitrogen analysis, the classical method developed by Kjeldahl
(1883) involves digestion of the sample in concentrated sulfuric acid with catalysts, followed
by distillation and titration for nitrogen quantification. Modern adaptations reduce the use of

toxic catalysts such as mercury, employing digestion with mixtures and sulfuric acid instead.

Technological advances have enabled simultaneous analysis of SOC and TN using
elemental analyzers. In this process, samples undergo combustion at approximately 1000°C,
converting carbon to CO, hydrogen to H>O, and nitrogen to NO», which are separated by gas
chromatography and detected by thermal conductivity. This technique reduces the use of

chemical reagents and analysis time (Farina et al., 1991; Gazulla et al., 2012; Even et al., 2025).

Additionally, reflectance spectroscopy has been applied to simultaneously estimate
carbon and nitrogen in soils, covering spectral ranges from visible to mid-infrared (Stenberg et
al., 2010; Reyes-Rojas et al., 2025). This approach estimates element content based on spectral
responses of samples using multivariate statistical techniques, decreasing the need for extensive

sampling and hazardous reagents (Gholizadeh et al., 2023).

Looking forward, the application of mathematical approaches in soil science
promises to revolutionize prediction and monitoring of soil attributes. Algorithms trained to
identify patterns relating to remote sensing data, soil samples, and environmental parameters,
allowing the construction of precise predictive models for SOC and TN. These innovations are
expected to increase efficiency, accuracy, and scope of analyses, contributing to more

sustainable agricultural practices.
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3 HYPOTHESES

This work is divided into three sections that are based on the following hypotheses:

i) The EnMAP hyperspectral satellite shows significant potential to enhance
agricultural monitoring and assessment of soil organic carbon and total nitrogen, offering the
opportunity to operate within a multiplatform system alongside established multispectral

Sensors.

i1) EnMAP is a valuable tool for estimating soil organic carbon and total nitrogen,
demonstrating predictive capabilities comparable to field-based sensor ASD FieldSpec® (350-
2500 nm).

iii) Predictive models using reflectance spectroscopy offer accurate estimates of soil
organic carbon and total nitrogen across various land uses and geographical areas, being
efficiently validated, regardless of the soil sampling method or the attribute quantification

technique used.
4 OBJECTIVES

The general objectives of this research, based on the relevance and feasibility of the
use of remote sensing for environmental monitoring, considering the three sections addressed

in this work, were defined as follows:

I. Validate the EnMAP spectral response band by band with Sentinel-2 and
PlanetScope sensors and identify wich EnMAP bands that most effectively contribute to the
NDVI index.

II. Evaluate the performance of the EnMAP hyperspectral sensor in quantifying soil
organic carbon and total nitrogen, comparing its predictive ability with that of the ASD

FieldSpec® sensor (350-2500 nm) under field conditions.

II1. Develop predictive models for SOC and TN in irrigated areas in Brazil and the
United States, with different land uses and distinct quantification methodologies, while

identifying the most significant wavelengths for detecting these elements in soil samples.
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5 ENMAP FOR LAND USE MONITORING: A VALIDATION WITH SENTINEL-2
AND PLANETSCOPE

ABSTRACT

The use of remote sensing techniques in soil assessment is based on analyzing the components
that influence spectral reflectance in the regions of the electromagnetic spectrum between 400-
2500 nm. In 2022, the German hyperspectral satellite EnMAP (418-2445 nm) was launched as
a tool for detailed environmental monitoring. This article reports findings from a study aimed
at evaluating the spectral responses of the EnMAP orbital hyperspectral sensor in comparison
to the Sentinel-2 and PlanetScope multispectral sensors, and to identify the spectral regions of
EnMAP that best correspond to the NDVI calculated from the two multispectral sensors. The
points of interest were within the Lower Acarau Irrigation District in Ceara, Brazil. Images from
the EnMAP, Sentinel-2 and PlanetScope sensors were collected in June and July of 2023. This
study evaluated the similarity between the sensors using dispersion analysis and NDVI
calculations based on statistical accuracy metrics. The results showed that EnMAP has a high
degree of similarity with Sentinel-2 and PlanetScope in the visible spectrum. The NDVI
calculated from EnMAP showed a high correlation with the values obtained from the
multispectral sensors when combining the 653 nm (Red) and 895 nm (NIR) bands for Sentinel-
2 (R*=0.83; RMSE = 0.04; MAE = 0.01) and the 653 nm (Red) and 887 nm (NIR) bands for
PlanetScope (R?= 0.86; RMSE = 0.06; MAE = 0.02). EnMAP proves to be a valuable tool for
environmental monitoring, offering spectral information that exceeds the capabilities of
traditional multispectral sensors, with potential for advanced applications beyond NDVI

analysis.

Key words: remote sensing; hyperspectral sensor; spectral reflectance; soil
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RESUMO

O uso de técnicas de sensoriamento remoto na avaliagao do solo baseia-se na analise dos
componentes que influenciam a reflectancia espectral nas regides do espectro eletromagnético
entre 400 ¢ 2500 nm. Em 2022, foi lancado o satélite hiperespectral alemao EnMAP (418-2445
nm) como uma ferramenta para monitoramento ambiental detalhado. Este artigo apresenta os
resultados de um estudo que teve como objetivo validar as respostas espectrais do sensor
hiperespectral orbital EnMAP de acordo com os sensores multiespectrais Sentinel-2 e
PlanetScope, bem como identificar as regides espectrais do EnMAP que melhor correspondem
ao NDVI calculado a partir dos dois sensores multiespectrais. Os pontos de interesse situavam-
se no Distrito de Irrigacdo do Baixo Acarau, no Ceara, Brasil. Imagens dos sensores EnMAP,
Sentinel-2 e PlanetScope foram coletadas nos meses de junho e julho de 2023. O estudo avaliou
a similaridade entre os sensores por meio de analise de dispersdo e calculos do NDVI baseados
em métricas estatisticas de precisdo. Os resultados indicaram que o EnMAP apresenta alto grau
de similaridade com o Sentinel-2 e PlanetScope no espectro visivel. O NDVI calculado a partir
do EnMAP mostrou forte correlagdo com os valores obtidos pelos sensores multiespectrais ao
combinar as bandas 653 nm (RED) e 895 nm (NIR) para o Sentinel-2 (R? = 0,83; RMSE = 0,04;
MAE =0,01) e as bandas 653 nm (RED) e 887 nm (NIR) para o PlanetScope (R?=0,86; RMSE
= 0,06; MAE = 0,02). O EnMAP se mostra uma ferramenta valiosa para o monitoramento
ambiental, oferecendo informagdes espectrais que superam as capacidades dos sensores
multiespectrais tradicionais, com potencial para aplicacdes avancadas além da andlise do

NDVL

Palavras-chave: sensoriamento remoto; sensor hiperespectral; reflectancia espectral; solo
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5.1 INTRODUCTION

The use of remote sensing techniques in soil assessment is based mainly on analysis
of the components that influence the spectral reflectance of the target of interest in regions of
the visible spectrum — VIS (400-760 nm), near infrared — NIR (760-1200 nm) and shortwave
infrared — SWIR (1200-2500 nm) (Viscarra Rossel et al., 2006).

High spectral resolution sensors, such as hyperspectral ones, provide adequate
coverage of multiple continuous narrow bands (from 1 to 10 nm), making it possible to detect
subtle variations in the spectral signature of a target (Mutanga et al., 2010). A hyperspectral
image records information across several bands that are acquired simultaneously and almost
continuously in the 400 to 2500 nm range, enabling better detection of spectral features present

in elements on the Earth's surface (Naue et al., 2010).

Hyperion was the first hyperspectral sensor to operate in orbit and is the most
widely used in studies of hyperspectral imaging. It had 242 spectral bands between the VNIR
and SWIR ranges (400 to 2400 nm), 198 of which had been properly calibrated (Silva et al.,
2009; Zhang; Gui-Cheng, 2020). However, use of the sensor was discontinued in 2017, paving
the way for a new generation of hyperspectral orbital sensors. The PRISMA (PRecursore
IperSpettrale della Missione Applicativa) satellite has been used to acquire hyperspectral
images since its launch in 2019. It has a 237-band hyperspectral sensor operating between 400-

2505 nm (Oliveira et al., 2020).

In 2022, the German Environmental Mapping and Analysis Program (EnMAP)
mission launched the hyperspectral satellite of the same name for research and monitoring of
terrestrial and aquatic ecosystems. The EnMAP satellite has a hyperspectral sensor that covers
wavelengths between 420-2450 nm. For Earth surface reflectance products (Level 2A), 224
contiguous spectral bands are provided at an average interval of 6.5 nm in the VNIR (420 nm -
1000 nm) and of 10 nm in the SWIR (900 nm - 2450nm), with a spatial resolution of 30 m and
swath width of 30 km (Guanter et al., 2015; Beamish et al., 2022; Chabrillat et al., 2024).

As an alternative to hyperspectral sensors, there is a wide variety of multispectral
imaging platforms that offer discrete spectral bands at wider intervals, of the order of hundreds
of nanometres (Oliveira et al., 2020). These platforms offer remote sensing images with varied
spatial, temporal and spectral resolutions. This allows soil attributes to be evaluated with
different levels of precision and is a crucial tool for environmental mapping and monitoring

(Dematté; Terra, 2014; Poppiel et al., 2019; Chabrillat et al., 2019).
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In recent years, various studies have used multispectral imaging platforms to
monitor and investigate the spectral behaviour of soil surfaces under different types of land use
and cover (Avdan et al., 2021; Guo et al., 2021; Minhoni et al., 2021; Vanguri et al., 2024).
Among the main platforms adopted, the following stand out: 1) Landsat-8 and 9, with 11 spectral
bands in the VNIR-SWIR range, with a spatial resolution of 30 m and 16-day revisit period; ii)
Sentinel-2, with 10 bands in the VNIR-SWIR, a spatial resolution of 10-20 m, and a five-day
revisit period; and iii) PlanetScope, which covers eight bands in the VNIR, at a spatial resolution

of 3 m and a 24-hour revisit period.

The PlanetScope and Sentinel-2 platforms are increasingly being used for
comparing spatial and temporal resolution, due to the possibility of better target visualisation
and a higher revisit frequency, in addition to the high level of agreement, and similarity of their
responses in certain spectral bands (Minhoni et al., 2021; Issaoui et al., 2022; Zagajewski et al.,

2024).

The application of orbital remote sensing has been increasingly recognized as an
important tool for monitoring soil attributes, especially as traditional methods require more time
and involve high costs, restricting the area that can be analysed (Chabrillat et al., 2019). In this
context, both multispectral and hyperspectral technology can provide valuable information at

different scales and levels of detail.

Thus, the use of a multiplatform system in environmental monitoring is crucial to
optimize the analysis and capture of precise environmental data, enabling the integration of
different sensors with varying temporal resolutions to assess the same target more

comprehensively.

To help distinguish terrestrial targets, satellite images usually undergo post-
processing techniques that employ spectral indices. These indices identify pixels with
reflectance values consistent with the object of interest based on spectral similarity, making it

easier to classify different materials on the surface (Jensen, 2009; Pereira et al., 2016; Guo et

al., 2020).

The Normalized Difference Vegetation Index (NDVI), developed by Rouse et al.
(1973), represents the normalized difference between the spectral response in the red and near
infrared bands. This index is considered very effective in discriminating between vegetation
and soil in satellite images, since pixels of exposed soil have far lower NDVI values than those

of vegetation (Dematté et al., 2018).
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Based on the premise that the EnMAP sensor, with its 30 m spatial resolution, can
produce spectral responses that are comparable to, and complementary with, the widely used
multispectral sensors of higher spatial resolution, such as Sentinel-2 and PlanetScope, the aim
of this study was to: 7) validate the spectral response of EnMAP by comparing it band-by-band
with the spectral responses of Sentinel-2 and PlanetScope; ii) identify the EnMAP bands that
can most effectively contribute to the NDVI index, commonly used in agriculture; and iii)
evaluate the potential of EnNMAP as a complementary tool in operational scenarios, leveraging

its high spectral resolution.
5.2 MATERIAL AND METHODS
5.2.1 Area of interest

The target points of interest for the present study were imaged in the Lower Acarat
River Irrigation District (Distrito de Irrigagdo do Baixo Acarau - DIBAU), located near the
northern coast of the State of Ceard, Brazil, at a distance by road of 220 km from the capital,
Fortaleza (Figure 2).

Figure 2. Location map. Satellite image source: EnNMAP data ©DLR [2023].
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According to Kdppen classification, the climate in the region is characterised as Aw

type, tropical rainy, with an average annual rainfall of 900 mm and an average annual
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temperature of 28.1°C. The predominant soils in the area are generally deep, well-drained, of

medium or medium/light texture and highly permeable.
5.2.2 Acquisition of the EnMAP, Sentinel-2 and PlanetScope images

Level-2A images from the EnMAP sensor with atmospheric correction were

acquired from the online platform (EnMAP.org, 2022) for the dates shown in Table 1.

Images from the Sentinel-2A MSI sensor (Level 1C) with atmospheric correction
and surface reflectance were also obtained close to the EnMAP acquisition dates. Scenes from
the PlanetScope satellite, with eight spectral bands and surface reflectance, were similarly
acquired, filtered for cloudiness of up to 20%. Due to the high cloud cover in the study area,

only two clear scenes were captured by each satellite (Table 1).

Table 1. Imaging period for the EnMAP, Sentinel-2 and PlanetScope scenes used in the study during 2023.

EnMAP Sentinel-2 PlanetScope
19 June 25 June 21 June
24 July 30 July 28 July

A total of 130 points of interest were selected from pixels of exposed soil or low
vegetation, based on the EnAMAP RGB false-color NIR image using the 75-47-30 bands. Field
verification was conducted on dates close to the EnMAP imaging to confirm land use practices

in the selected pixels.

The spectral curves of the ENMAP images were collected from the pixels of the
points of interest, the numerical data being converted to surface reflectance values using the
image metadata file. The data were extracted using the QGIS 3.28 software with the EnMAP-
Box 3.13 plugin (Jakimow et al., 2023).

5.2.3 Image processing

To evaluate and compare the reflectance captured by satellites sensors, the images
were submitted to spatial and spectral resampling. Given that the EnAMAP images have a spatial
resolution of 30 m, the Sentinel-2 (10 to 20 m) and PlanetScope (3 m) images were spatially
adjusted to 30 m. In addition, the spectral information from the EnMAP hyperspectral sensor
was resampled to fit the Sentinel-2 (11 bands) and PlanetScope (8 bands). These processes were
carried out using the QGis 3.28 software, with the aid of the EnMAP-Box add-on version 3.13
(Jakimow et al., 2023).
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Spectral responses were compared, band by band, between EnMAP and Sentinel-2,
and between EnMAP and PlanetScope. This comparison was performed as a spectral validation
of the hyperspectral sensor against already consolidated multispectral sensors to assess

similarities and differences in their responses.

A similarity assessment of the sensor responses was also carried out based on the
NDVI values for the points of interest in each of the images. The index was calculated as per
Equation 1 for both the resampled and original reflectance data. For the post-resampled data,
the NDVI was calculated using the Red and NIR bands of each of the multispectral sensors.
NDV] = 2NR ~PRed )
PNIR * PRed

Where, p, . is the target reflectance value in the near-infrared region (Sentinel-2A
= 832.8 nm; Sentinel-2B = 832.9 nm; PlanetScope = 865 nm) and p,_, is the target reflectance
value in the red region (Sentinel-2A = 664.6 nm; Sentinel-2B = 664.9 nm; PlanetScope = 665

nm).

In a second comparative approach, in addition to using the resampled spectrum in
the NDVI calculation, all the original EnAMAP wavelengths in the Red and NIR regions were
tested against the original NDVI from Sentinel-2 and PlanetScope, thereby applying successive
normalised difference equations to approximate the indices obtained by EnMAP to those

calculated by the multispectral sensors.

The EnMAP bands used in the tests were selected based on their central wavelength

of each sensor, as recommended by Tao et al. (2021) and Zagajewski et al. (2024).

In the third test of NDVI correspondence, EnMAP spectral bands 38 and 64 were
used with the EnMAP-Box add-on, as recommended by Jakimow et al. (2023). These bands
correspond, respectively, to the 605 nm (Red) and 778 nm (NIR) regions of the images analysed
in this study.

For the fourth and final test of NDVI similarity, ENAMAP wavelengths close to the
central values of the Red and NIR bands of the Sentinel-2 (Table 2) and PlanetScope sensors
(Table 3).
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Table 2. EnMAP spectral bands based on the regions of the Sentinel-2 sensors. The highlighted EnMAP
wavelengths correspond to the values closest to the central wavelength of each sensor.

Wavelengths (nm)

Sentinel-2A

Sentinel-2B

Region (centre) (centre) EnMAP
Acrosol  432.7-452.7 (442.7) 432(;54'2“25)2'2 434, 439, 444, 449
Blue 460.7 - 524.7 459.8 - 524.8 463, 468, 473, 477, 482, 487, 491, 496, 501,
(492.7) (492.3) 506, 510, 515, 520, 525
542.3-5773 S41.4-576.4
Green 505 S50 540, 545, 550, 555, 561, 566, 571, 577
649.6 - 679.6 649.4 - 680.4
Red oo o640) 653, 660, 666, 673, 679
697.1-711.1 696.3 - 7113
Red Edge 1 oa ) 05.8) 699, 706, 713
733.5-747.5 732.1 - 746.1
Red Edge 2 (740.5) (739.1) 734, 741
772.8 - 792.8 769.7 - 789.7
Red Edge 3 (779.7) (782.8) 778, 786
NIR 773.8 - 891.8 775.4 - 890.4 786, 793, 801, 808, 816, 824, 832, 839, 847,
(832.8) (832.9) 855, 863, 871, 879, 887, 895
Red Edge 4 851&2‘877)4'7 854.0 - 874.0 (864) 855, 863, 871, 879
SWIR 1 1569.7-1657.7  1563.9-1656.9 1564, 1575, 1586, 1597, 1609, 1620, 1631,
(1613.7) (1610.4) 1642, 1653
2104, 2113, 2122, 2130, 2139, 2148, 2156,
SWIR 2 21129-2291.9  20952-22762 2165, 2174, 2182, 2191, 2199, 2207, 2216,

(2202.4)

(2185.7)

2224,2232,2241, 2249, 2257, 2265, 2273,
2282,2290

Adapted from European Space Agency (2025)

Table 3. EnMAP spectral bands based on the regions of the PlanetScope. The highlighted EnMAP wavelengths
correspond to the values closest to the central wavelength of the sensor.

Spectral bands (nm)

Region PlanetScope (centre) EnMAP
Coastal Blue 431 —452 (443) 434,439, 444, 449
Blue 465 — 515 (490) 468,473,477, 482,487, 491, 496, 501, 506, 510, 515
Green | 513 -549 (531) 515, 520, 525, 530, 535, 540, 545, 550
Green 547 — 583 (565) 550, 555, 561, 566, 571, 577, 582
Yellow 600 - 620 (610) 599, 605, 611, 616, 622
Red 650 — 680 (665) 653, 660, 666, 673, 679
Red Edge 697 — 713 (705) 699, 706, 713
NIR 845 — 885 (865) 839, 847, 855, 863, 871, 879, 887

Adapted from Planet Labs Inc. (2025)

Figure 3 outlines the workflow carried out in this research, highlighting the

comparative band by band validation between the sensors and the approaches used to analyse

the best method for calculating the NDVI using EnMAP.
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Figure 3. Workflow for validation analyses of band-by-band reflectance and NDVI values between EnMAP and
the multispectral sensors.
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The similarity of the NDVI calculated by EnMAP to the NDVI acquired by the
multispectral sensors was evaluated using the Coefficient of Determination (Equation 2), Mean

Absolute Error (Equation 3) and Root Mean Square Error (Equation 4).

RZ — (Y = Y)? ()
(i —=Y)?
TRy ®)
N

“4)

Where, Yi and Y are, respectively, the NDVI measured by the multispectral sensors
for the i-th observation and the observed mean value; Y;is the NDVI calculated from the
EnMAP data for the i-th observation; N is the number of observations.

5.3 RESULTS
5.3.1 Spectral resampling between EnMAP and the Sentinel-2 and PlanetScope sensors

After resampling, the sensors showed similar responses. When resampled to the spectral
resolution of Sentinel-2, EnMAP presented reflectance values lower than the 11-band
multispectral sensor (Figure 4a). On the other hand, when resampled to the 8-band resolution

of PlanetScope (Figure 4b), ENAMAP showed higher similarity with the spectral behavior of the
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ground surface, recording values higher than the reflectance obtained with the multispectral

S€nsor.

Figure 4. Spectral behavior of the soil captured by EnMAP resampled for the (a) Sentinel-2 and (b) PlanetScope

sensor bands.
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The validation analysis of the spectral bands revealed a strong similarity between
EnMAP and Sentinel-2 in B1 (aerosols, Figure 5a), B2 to B4 (visible, Figures 5b to 5d), and
B12 (SWIR, Figure 5k). The coefficient of determination (R?) varied from 0.60 to 0.71,

indicating some dispersion of the data for these bands.

Figure 5. Band-by-band reflectance validation after resampling EnMAP to Sentinel-2 spectral resolution.
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In the validation analysis between the resampled EnMAP and PlanetScope, the

results are similar to those observed when comparing EnMAP with Sentinel-2 (Figures 6a to

6f).

Figure 6. Band-by-band reflectance validation after resampling EnMAP to PlanetScope spectral resolution.
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5.3.2 Assessment of the Normalized Difference Vegetation Index (NDVI)

The results of NDVI calculation using the EnMAP bands corresponding to the Red

and NIR regions of Sentinel-2 and PlanetScope are shown in Figures 7a and 7b, respectively.

Figure 7a shows that combining the 653 nm band with EnAMAP NIR wavelengths between 793-

895 nm produced indices that were highly compatible with the NDVI calculated by Sentinel-2
(Rz>0.60).

Figure 7. R? values obtained from the normalized difference tests using the Red and NIR bands of
EnMAP to approximate the NDVI calculated by (a) Sentinel-2 and (b) PlanetScope.
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In Figure 7b, combining the 653 nm band with wavelengths between 847-887 nm,
and 660—-679 nm with 839 nm, showed high similarity with the NDVI from PlanetScope (R? >

0.60).

The tests showed that the EnMAP bands that best match the NDVI from Sentinel-
2 use reflectance at 653 nm and 895 nm. This combination results in R? = 0.83, RMSE = 0.04

and MAE = 0.01 (Figure 8b). The second-best match was achieved with a resampled dataset

using the same bands on both sensors (665 nm and 842 nm) (Figure 8a), where the NDVI
calculated with EnMAP showed R? = 0.66, RMSE = 0.08 and MAE = 0.07 in relation to

Sentinel-2.

The NDVI calculations using bands recommended by EnMAP-Box (Figure 8c) and

bands close to those represented by the Red and NIR from Sentinel-2 (Figure 8d) also showed

high similarity with the original NDVI from Sentinel-2 despite these approaches showing

slightly lower, albeit still reliable, accuracy metrics.

Figure 8. Validation analysis of NDVI values from

Sentinel-2 and EnMAP, where the

NDVI for EnMAP was calculated using: (a) resampled spectrum; (b) optimal bands
identified through normalized difference analysis; (c) bands recommended by EnMAP-
Box; (d) hyperspectral bands closest to those of Sentinel-2.
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In the comparison with the NDVI from PlanetScope, the combination of EnMAP
bands, identified by means of normalized difference tests at 653 nm and 887 nm, presented the

best approximation, with an R? = 0.86, and RMSE = 0.06 and MAE = 0.02 (Figure 9b).

The second-best result was obtained using the bands recommended by EnMAP-
Box, at 605 nm and 778 nm. This approach gave R? = 0.74, RMSE = 0.08 and MAE = 0.08, as
shown in Figure 9c. The use of resampled EnMAP data, employing the PlanetScope bands, also
showed good NDVI approximation, with R? = 0.70, RMSE = 0.08 and MAE = 0.07 (Figure
9a).

In contrast, the least efficient approximation method for calculating the NDVI used
bands at 666 nm and 863 nm, close to the spectral centers of the PlanetScope Red and NIR
bands, resulting in R? = 0.54, RMSE = 0.09 and MAE = 0.08 (Figure 9d).

Figure 9. Validation analysis of NDVI values from PlanetScope and EnMAP, where the
NDVI for EnMAP was calculated using: (a) resampled spectrum; (b) optimal bands
identified through normalized difference analysis; (c) bands recommended by EnMAP-Box;
(d) hyperspectral bands closest to those of PlanetScope.
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These results highlight the importance of selecting specific bands for calculating

spectral indices when using hyperspectral sensors such as EnMAP.
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5.4 DISCUSSION
5.4.1 Spectral analysis between EnMAP and Sentinel-2

When EnMAP is resampled to the spectral resolution of Sentinel-2, the difference
in reflectance values can reach up to 10% (Figure 4a), with EnMAP showing the lowest albedo.
This suggests that resampling can harmonize reflectance values in specific bands, in line with
what reported by Poppiel et al. (2019), who noted that two sensors can have similar responses

following convolution of their spectral data.

The similarity between the resampled images from different sensors is evident in
terms of spectral behavior for the points on exposed soil, with a steady increase in albedo and
a reflectance peak at B11 (1610 nm), corresponding to the SWIR 1 region. Similar behavior
was obtained by Deodoro et al. (2021) and Guo et al. (2021), who worked with the MSI sensor

of the Sentinel-2 satellite to detect pixels of exposed soil.

The results for scattering shown in Figures 5a to 5d show a strong correlation
between the reflectance obtained with Sentinel-2 and with ENMAP (R? between 0.60 and 0.71).
This is because the spectral bands in the visible region tend to be more stable to atmospheric
interference and abrupt variations in reflectance compared to the longer-wavelength bands

(Kaufman; Sendra, 1988).

Lo and Yeung (2002) and Vermote et al. (2016) explained that radiation scattering
dominates at shorter wavelengths, while energy absorption by water vapor is more significant
at wavelengths from the near infrared onwards, making the region after the visible spectrum

more sensitive to variations in reflectance and noise.

The results of the present research agree with the abovementioned studies, since the
R? in band Bl (443 nm) is 0.71, possibly due to the greater stability of both sensors for
atmospheric variations. However, this value reduces significantly in the NIR region (R*=0.41),
reaching 0.38 at 865 nm, the Red Edge region in the Sentinel-2 MSI sensor. This suggests that
compatibility between EnMAP and Sentinel-2 in this region was favored by the stability of the

visible bands.

Various authors (Viscarra Rossel et al., 2006; Wang et al., 2008; Lange et al., 2017,
Ren et al., 2022) pointed out that the NIR region of the electromagnetic spectrum is strongly

influenced by soil moisture and the vegetation structure. These variables can appear different
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to each sensor, which may explain the lack of agreement between the EnMAP and Sentinel-2

data in this region of the spectrum.

The lower correlation between the sensors in the 705 nm to 865 nm range (Red
Edge and NIR) can therefore be attributed to the greater sensitivity of this region to the
vegetation structures and to subtle differences in the level of soil moisture (Ren et al., 2022),
which can affect the effectiveness of capturing spectral characteristics following spectral and

spatial resampling.

In turn, the spectral bands in the SWIR range (1610 nm and 2190 nm) show R?
values of 0.50 and 0.70, respectively (Figures 5j and 5k). Since these wavelengths are
considered essential for detecting soil moisture and the mineral characteristics of the soil
(Chabrillat et al., 2019; Poppiel et al., 2019), the higher correlation between the EnMAP sensor
and the Sentinel 2 MSI sensor for this region suggests that, even with resampling, there is

reasonable agreement between the properties of the exposed soil detected by these sensors.

The similarity of parameters derived from EnMAP and Sentinel-2 in the RGB and
SWIR 2 bands shows that, even with a six-day difference in the acquisition of the imaged
scenes, the hyperspectral sensor can be used together with the multispectral sensor to obtain

robust spectral indices.
5.4.2 Spectral analysis between EnMAP and PlanetScope

Figure 4b shows that EnMAP presents similar spectral behavior to PlanetScope
after resampling, with subtle differences across the spectrum. Compatibility between the
sensors is shown by the maximum difference of 3% in reflectance values in the Red and Red
Edge bands (B6 and B7). These results highlight the potential of ENMAP as a complementary
tool to PlanetScope: despite the slight differences in reflectance, the overall spectral

compatibility suggests they can be used together for soil analysis.

Since PlanetScope can provide detailed images with high temporal frequency
(daily) and EnMAP offers detailed information on spectral characteristics, the results show that
the ability to combine different reflectance capture capabilities enables a robust and continuous
analysis of the same target, maximizing both spatial and temporal coverage and providing a

more comprehensive view of environmental processes over time.
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Purnamasari et al. (2021) showed that hyperspectral sensors are better at capturing
information from the red edge region, which can result in variations when adapting this

information to a lower spectral resolution such as that of PlanetScope.

As with the convolution for Sentinel-2, the spectral resampling of EnMAP for the
PlanetScope bands showed a high degree of agreement in the visible region. The high
correlation coefficients, 0.72 in B1 (coastal, 443 nm) to 0.66 in B4 (green, 565 nm), indicate
that the resampled EnMAP data are suitable for comparing with PlanetScope (Figures 6a to 6d).

The B5 (yellow, 610nm) and B6 (red, 665nm) bands showed R? = 0.60 and 0.59
respectively (Figures 6e and 6f), suggesting moderate agreement between the EnMAP and
PlanetScope sensors and high consistency between the spectral responses. However, these
bands present a slightly weaker correlation when compared to the blue and green bands, which

can be attributed to a slight loss in capture stability (Kaufman; Sendra, 1988).

On the other hand, the longer-wavelength bands, B7 (Red Edge, 705 nm) and B8
(NIR, 865 nm), showed poor agreement between sensors, with R? = 0.52 and 0.54, respectively
(Figures 6g and 6h). Despite the lower correlation with the other bands, these spectral regions
showed higher compatibility between EnMAP and PlanetScope than between EnMAP and
Sentinel-2 (Figures 5g and 5h).

This is possibly related to the differences in data acquisition geometry, spatial
resolution and imaging time between the multispectral sensors and EnMAP. According to
Huang et al. (2020), these variables are important factors in the variability found in comparative

analyses between reflectance values from different sensors.

According to the authors, acquisition geometry refers to the viewing angle of the
sensors when capturing the light reflected by the Earth's surface, which can affect the amount
of reflected light that is recorded by the sensor. According to Beamish et al., 2022, this mainly
affects heterogeneous areas that have a significant mix of vegetation and exposed soil, where

variations in the capture angle can have an impact on reflectance.

The low level of correspondence between EnMAP and PlanetScope in B7 (Figure
6g) and B8 (Figure 6h) is due to the sensitivity of the Red Edge band to the vegetation structure,
while the NIR band responds to variations in soil moisture (Wang et al., 2008; Ren et al., 2022;
Xu et al., 2022). Thus, the delay in imaging time between EnMAP and PlanetScope proved to

be a crucial factor for the differences found during the resampling process.
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Nevertheless, the spectral resampling of EnMAP to align with Sentinel-2 and
PlanetScope validated the reflectance values of the EnMAP sensor in the regions covered by

these platforms even when the images were acquired three to six days apart.

This validation demonstrates the reliability of EnMAP, highlighting its potential as
a promising tool for land use monitoring. By offering high spectral resolution, EnAMAP can
provide valuable insights for more accurate and comprehensive environmental assessments in

short-term surveys.
5.4.3 Comparison of NDVI values

In general, the NDVI calculated with Sentinel-2 data presented values between 0.10
and 0.30 (Figures 8a through 8d), in line with results from studies conducted by Bezerra et al.
(2018) and Poppiel et al. (2019), which showed NDVI values < 0.30 typically discriminating

field conditions between exposed soil and sparse vegetation.

On the other hand, the NDVI calculated with PlanetScope data resulted in higher
values (0.20 < NDVI < 0.55), as shown in Figures 9a to 9d. In this case, the NDVI is possibly
associated with the influence of soil moisture at the time of image acquisition, since, according
to West et al. (2018), the dynamics of NDVI are affected by soil moisture, especially in areas

where vegetation is scarce.

During visits to the areas of interest, it was observed that farmers typically activated
irrigation in the early morning hours, and, in some locations, the soil remained moist during the

satellite's passage, which may have further influenced the NDVI values.

The use of NDVI with Sentinel-2 for monitoring bare soils was also employed by
Minhoni et al. (2021), whose results were promising for the detection of surface soil organic

carbon (SOC), with NDVI values ranging from 0.048 to 0.45.

The scatter plots in Figures 8a to 8d and Figures 9a to 9d show close agreement
between the NDVI values calculated using data from EnMAP and those obtained using data
from the Sentinel-2 and PlanetScope sensors. However, each approach presents subtle
differences in the coefficients of determination and errors, highlighting the impact of band

selection on calculating the index.

In studies using simulated EnMAP data, Dotzler et al. (2015) found strong
similarities between the hyperspectral sensor and Sentinel-2 when producing spectral indices

in forests, even at different spatial resolutions. The same behavior was obtained in this study



49

when comparing the NDVI calculated with actual EnMAP data after resampling for Sentinel-
2, with R? = 0.66, RMSE = 0.08 and MAE = 0.07 (Figure 8a).

The effectiveness of EnMAP in replicating the most widely used vegetation index
for environmental monitoring is highlighted when calculating the NDVI at wavelengths of 653
and 895 nm — a combination obtained with the normalized difference test (Figure 7a). As shown
in Figure 8b, EnMAP-based NDVI is highly compatible with that calculated by Sentinel-2, with
R? = 0.83 and minimal errors (RMSE = 0.04 and MAE = 0.01). These results corroborate the
findings of Bezerra et al. (2018), showing that using the red band affects the accuracy of the

NDVI. Bands positioned closer to the vegetation spectrum show more robust correlations.

Vanguri et al. (2024) also showed promising results integrating scenes from EnMAP
and Sentinel-2 in studies using vegetation indices to map forest species and machine learning
to classify them, underlining the potential of combining data from these sensors for

environmental studies.

Lange et al. (2017) indicated that, although multispectral data are sufficient for
environmental analyses using NDVI, hyperspectral sensors offer additional information that is
crucial to validating the results. This highlights the importance of spectral resampling to ensure

similarity between platforms and expand the applicability for environmental indices.

Data acquisition geometry, spatial resolution, and imaging time are important
factors when comparing and combining orbital sensors, as they can produce conflicting results
in calculating NDVI values, even when using spectral bands that are close to each other
(Bezerra et al., 2018; Huang et al., 2020). In the present study, variations in the value of the
NDVI can be partly explained by the six-day difference between the Sentinel-2 and EnMAP

images and the position of the orbital sensors when acquiring the images.

According to Beamish et al. (2022), scenes produced at different angles suffer
geometric distortion at the pixel level, affecting the spectral response. This should be considered
when using EnMAP, since the sensor can acquire scenes with off-nadir angles that vary between

+30°.

Bezerra et al. (2018) and West et al. (2018) reported that there is a positive
correlation between soil moisture and the NDVI from Sentinel-2. Overestimation of the index
by EnMAP, seen in approaches 1, iii and iv (Figures 8a, 8c and 8d, respectively) is possibly due

to the Sentinel-2 images capturing variations in the NDVI in 10 m x 10 m areas (corresponding
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to the spatial resolution of the RGB-NIR bands) that contained dry or exposed soil when the

image was acquired.

On the other hand, the EnMAP images captured the region under more humid
conditions, when there were fewer variations in each 30m x 30m pixel area. The coarser spatial
resolution may result in the spectral blending of individual pixels, thereby diluting the signal

from sparse vegetation or exposed/dry soil in some locations (West et al., 2018; Beamish et al.,

2022).

Unlike the results from Sentinel-2, the NDVI values obtained from data acquired
by EnMAP were underestimated compared to those from PlanetScope (Figures 9a to 9d). Since
the NDVI values varied between 0.20 and 0.55, it can be assumed that the level of moisture in
the study area was high when captured by the multispectral sensor, with results that were

consistent with those of the EnMAP sensor, albeit differing from those from Sentinel-2.

Despite the spectral differences noticed between images acquired by sensors in the
individual bands (Figures 6a to 6h), the overall correspondence of the NDVI was satisfactory
when calculated using the resampled PlanetScope and EnMAP data (R* = 0.70), which shows

a high level of similarity between the sensors, as observed in Figure 9a.

Such correspondence suggests that the data derived from different sensors may be
interchangeable for some applications. Xu et al. (2022) showed that mulch alters the spectral
response in the red-NIR region, reducing the accuracy of the signal as the amount of mulch on
the soil surface increases. For this reason, spectral resampling is an essential technique for
ensuring accurate NDVI determinations that are comparable between imaging platforms over

time in any area.

Despite individual bands do not show perfect correlation, Légaré et al. (2022) found
that the NDVI can still capture important spectral dynamics, reinforcing the idea that the
relationship between the Red and NIR bands can remain consistent, even if the individual

correlations are weaker.

As with the comparison with Sentinel-2, the best match was obtained when testing
original normalized difference EnNMAP bands in the Red and NIR region. Figure 9b shows that
when the 653 nm (red) and 887 nm (NIR) EnMAP bands are used to calculate the NDVI of
exposed soil, the index values are very similar to those obtained using the red and NIR bands

of PlanetScope, with R* = 0.86, RMSE = 0.06 and MAE = 0.02.
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Since the bands near 900 nm are broader in the NIR region, it can capture a wider
range of information about the target than can narrower bands, resulting in better discrimination
of the spectral characteristics (Gomes et al., 2021). The results of this study underline how the
choice of spectral bands can significantly impact the NDVI results, as also reported by Assmann
et al. (2019). Therefore, even if the bands are close, the spectral response may be different, thus

affecting the results.

Using the bands recommended by the EnMAP-Box documentation also proved to
be a reliable and complementary approach to the response of PlanetScope, with R? =0.74, and
RMSE and MAE = 0.08, which underlines the compatibility of the hyperspectral sensor with

multispectral sensors, even with the differences in spatial resolution.

The high spatial resolution of PlanetScope is essential for capturing spatial
heterogeneity in the environment and is fundamental for consistent responses that are sensitive
to spatial changes (Zagajewski et al., 2024). However, when calculating the NDVI with the
EnMAP spectral bands closest to those of PlanetScope, the correspondence proved to be
unsatisfactory (R? = 0.54: RMSE = 0.09; MAE = 0.08). This may be related to the differences
in spatial resolution and viewing angle between the sensors, affecting data acquisition and

reducing the efficiency of the estimates.

Since the spatial resolution of EnAMAP (30 m) is lower than that of PlanetScope (3
m), direct comparison of spectral responses and indices may be limited, especially when using
bands close to those used by the multispectral sensor to calculate the NDVI, as the response of

the pixels is different.

Therefore, any comparison between the data from different sensors should consider
not only spectral proximity, but also the specific characteristics of each sensor and its respective
calibrations, and is essential for ensuring more accurate analyses, as discussed by West et al.

(2018), Huang et al. (2020) and Zagajewski et al. (2024).

In general, the results from the research presented in this article agree with Bezerra
et al. (2018), who found that despite spectral and spatial differences the NDVI can show similar
values and consistent statistical metrics when comparing different sensors. However, selecting
the appropriate bands for the calculation is a decisive factor in the accuracy of the

measurements.



52

The results obtained here represent an initial step for future studies with EnMAP.
Its excellent spectral response on surfaces of different soils, even with a spatial resolution of 30
m, is crucial for advancing more in-depth research, such as statistical modeling for the
prediction of soil attributes. With its ability to provide detailed and high spectral resolution data,
EnMAP opens new possibilities for environmental monitoring and the understanding of natural

processes on larger scales and with higher precision.
5.5 CONCLUSIONS

This research demonstrates that ENAMAP is a valuable data source for environmental
monitoring, effectively validating its spectral responses against established multispectral
sensors with higher spatial resolution. Consequently, EnAMAP serves as an efficient tool within
a multiplatform system combining Sentinel-2 and PlanetScope, enhancing environmental

monitoring by providing both high spatial and spectral resolution.

EnMAP provides high-resolution spectral information that surpasses the
capabilities of traditional multispectral sensors, making it especially useful in spectral index
studies such as NDVI. This is particularly true for distinguishing soil from vegetation,
particularly in the 653 nm and 895 nm bands when used in conjunction with Sentinel-2, and in

the 653 nm and 887 nm bands when combined with PlanetScope.

Beyond the comparisons provided in this research, the potential of EnMAP lies in
its ability to provide deeper insights for more advanced applications in environmental research

and monitoring.
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6 PREDICTION OF SOIL ORGANIC CARBON AND TOTAL NITROGEN ON BARE
SOIL GROUND SURFACES USING ENMAP IMAGERY AND IN SITU
REFLECTANCE SPECTROSCOPY

ABSTRACT

Analyzing the dynamics of soil organic carbon (SOC) and total nitrogen (TN) is essential to
understanding agronomic and environmental issues. Hyperspectral remote sensing proved to be
a promising tool for the rapid and non-destructive analysis of soil attributes, and the EnMAP
satellite sensor is seen as a significant advancement for large-scale environmental monitoring
studies using remote sensing. This research aimed to evaluate the performance of EnMAP in
predicting SOC and TN in bare soil ground surface, as compared with observations obtained in
situ by spectroscopy. Ninety-five samples of topsoil (0—1 cm) were collected in the Lower
Acarau Irrigated Perimeter, northeastern Brazil. The investigated areas were selected using
EnMAP images, and in situ spectral readings were taken with ASD FieldSpec®
spectroradiometer (350-2500 nm). The spectral data were processed and the most relevant
bands for SOC and TN were determined using a stepwise selection, then followed by fitting
multiple linear regression models using cross-validation. The models showed good predictive
performance for both sensors. ENAMAP stood out over the SOC range between 11.6-23.6 gkg!
(Adj.R2 =0.91; RPD = 6.03), whereas FieldSpec showed better performance to the SOC range
between 9.2-11.6 g kg! and higher than16 g kg™' (Adj.R2 = 0.83; RPD = 2.66). Both sensing
techniques performed well in predicting SOC using SWIR wavelengths and TN > 0.550 g kg!,
showing equivalent results: Adj.R2 = 0.85 and RPD = 2.64 for FieldSpec using Visible and
SWIR bands, and Adj.R2 =0.82 and RPD =2.43 for EnAMAP using SWIR bands. The predictive
ability of EnMAP proved been similarly effective as that of the high-spectral resolution
hyperspectral sensor, performing efficiently in modelling SOC and TN at the field scale and

reducing the need for expensive and time-consuming laboratory analyses.

Keywords: soil monitoring; hyperspectral remote sensing; proximal sensing; organic matter
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RESUMO

Analisar a dindmica do carbono orgéanico do solo (SOC) e do nitrogénio total (TN) ¢ essencial
para compreender questdes agrondmicas € ambientais. O sensoriamento remoto hiperespectral
mostrou-se uma ferramenta promissora para a analise rapida e ndo destrutiva dos atributos do
solo, e o sensor do satélite EnMAP ¢ considerado um avango significativo para estudos de
monitoramento ambiental em larga escala utilizando sensoriamento remoto. Esta pesquisa teve
como objetivo avaliar o desempenho do EnMAP na predigao de SOC e TN em solo descoberto,
comparando com as observacdes obtidas in situ por espectroscopia. Noventa e cinco amostras
superficiais de solo (0-1 cm) foram coletadas no Perimetro Irrigado do Baixo Acarau, no
nordeste do Brasil. As areas investigadas foram selecionadas utilizando imagens do EnMAP, e
leituras espectrais in situ foram realizadas com o espectrorradiometro ASD FieldSpec® (350-
2500 nm). Os dados espectrais foram processados e as bandas mais relevantes para SOC e TN
foram determinadas por meio de uma sele¢do sequencial, seguida do ajuste de modelos de
regressao linear multipla utilizando validacdo cruzada. Os modelos apresentaram bom
desempenho preditivo para ambos os sensores. O EnMAP se destacou na faixa de SOC entre
11,6-23,6 g kg™ (R2%q;. = 0,91; RPD = 6,03), enquanto o FieldSpec mostrou melhor desempenho
na faixa de SOC entre 9,2-11,6 g kg™ e acima de 16 g kg™ (R%qj. = 0,83; RPD = 2,66). Ambas
as técnicas de sensoriamento apresentaram bom desempenho na predi¢do de SOC utilizando
comprimentos de onda SWIR e TN > 0,550 g kg™, mostrando resultados equivalentes: R, =
0,85 e RPD = 2,64 para o FieldSpec utilizando bandas Visiveis e SWIR, e R?.4j. = 0,82 ¢ RPD
= 2,43 para o EnMAP utilizando bandas SWIR. A capacidade preditiva do EnMAP provou ser
igualmente eficaz a do sensor hiperespectral de alta resolugdo espectral, demonstrando
eficiéncia na modelagem de SOC e TN em escala de campo e reduzindo a necessidade de

analises laboratoriais caras e demoradas.

Palavras-chave: monitoramento do solo; sensoriamento remoto hiperespectral;

sensoriamento proximal; matéria organica
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6.1 INTRODUCTION

The quantification of Soil Organic Carbon (SOC) and Total Nitrogen (TN) is crucial
for appraising soil quality for agricultural landscapes and mitigation of environmental
degradation. Approximately 58% of organic matter comprises carbon, making it the most
important constituent of the soil carbon cycle (Raheb et al., 2017; Hu et al., 2019; Ribeiro et
al., 2021). Nitrogen is present in the structure of organic materials, making up proteins, nucleic
acids, chitin, and the cell walls of decomposing organisms. Nitrogen can be incorporated into
the soil as urea, via fertilizers or animal excrement and manure (Chen et al., 2020; Jiang et al.,

2024).

As the demand for sustainable soil management practices grows, research into
analytical methods becomes even more important. SOC is generally determined using dry
combustion (Ben-Dor; Banin, 1989) or wet digestion (Walkley; Black, 1934), while TN is
quantified by digesting the organic material in acid medium at high temperature, followed by
distillation and titration with hydrochloric acid (Kjeldahl, 1883), all conducted in laboratory

conditions.

To reduce costs and frequent equipment maintenance, remote sensing has emerged
as a viable alternative to traditional methods thanks to the fast response and its capacity to
derive many different soil parameters from just one measurement (Xiaoju et al., 2021; Amoli
et al., 2024). Studying the spectral behavior of the soil enables to analyze properties with non-
invasive techniques, based on the relationship between the incident energy and the energy

reflected by the surface at the same wavelength (Lanfranchi et al., 2021).

Spectroradiometers, such as the ASD FieldSpec®, with a 1 to 3 nm interval in the
350-2500 nm range, have been used to analyze soil spectral curves and detect subtle features
associated with spectrally active properties, such as texture, color, moisture, and organic matter
content (Poppiel et al., 2019; Reda et al., 2019). Such devices allow detailed spectral
information to be obtained from small soil samples, offering a more accurate analysis of the

characteristics of the soil (Andrade et al., 2022).

Reflectance spectroscopy in the 350-2500 nm range has been successfully applied
to the analysis of elements that affect the development of agricultural crops, which can be
efficiently quantified by predictive models based on the spectral responses of the soil (Ribeiro

et al., 2021; Cambou et al., 2022).
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In addition to point-wise laboratory and field spectroscopy, spaceborne imaging
spectroscopy has emerged as a promising solution for estimating soil attributes from space.
Hyperion was the first orbital hyperspectral sensor used for studies in the period 2000 to 2017,
with 198 calibrated spectral bands from 400 to 2400 nm (Zhang; Gui-Cheng, 2020). Following
the discontinuation of Hyperion, new hyperspectral satellite missions were developed, such as
PRISMA, launched in 2019 by the Agenzia Spaziale Italiana (ASI), with 237 spectral bands
between 400-2505 nm (Castaldi et al., 2015; Amoli et al., 2024).

In 2022, the German EnMAP satellite (Environmental Mapping and Analysis
Program) was launched, with its mission focusing on high-resolution imaging spectroscopy.
EnMAP provides spectral information in 224 bands between 418-2445.5 nm, with scenes in 30-
km swath, a 30-m spatial resolution and off-nadir viewing angle from + 30°. The main
instrument of the sensor is the Hyper-Spectral Imager (HSI), which provides high spectral,
geometric, and radiometric accuracy. In the HSI, the visible and near-infrared (VNIR) region
(418-993 nm, in intervals of 6.4 nm) and short-wave infrared (SWIR) region (902-2445.5 nm
in intervals of 10 nm) operate individually and can be assessed separately or jointly (Steinberg

et al., 2016; Storch et al., 2023)

The potential of EnMAP has been investigated to improve environmental
monitoring by providing valuable large-scale information on soil properties and conditions, and
to complement laboratory reflectance spectroscopy data (Chabrillat et al., 2024). Before the
launch of EnMAP satellite in 2022, studies used simulated EnMAP data generated by the
EnMAP End-to-End Simulator (Segl et al., 2012) tool and have given satisfactory results in
assessing levels of clay, iron oxides and organic carbon at the surface (Guanter et al., 2015;

Steinberg et al., 2016).

In this context, the research presented in this article was based on the hypothesis
that the EnMAP orbital hyperspectral sensor is an auxiliary tool for providing accurate
information that allows quantifying soil organic carbon and total nitrogen in different types of
soil and landscapes, similar to those provided by the ASD FieldSpec® hyperspectral sensor in
field campaigns. The main objective is to evaluate the performance of EnMAP as a tool for
estimating SOC and TN, comparing its predictive ability with that of FieldSpec (350-2500 nm)

under field conditions.
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6.2 MATERIAL AND METHODS
6.2.1 The study Area

Ground surface samples of different classes of soil were collected in the Lower
Acarau River Irrigation District (DIBAU), located in the state of Ceard, northeastern Brazil
(Figure 10). The irrigation district encompasses approximately 570 agricultural production
farms and covers an area of 11,000 ha. According to the K&ppen classification, the climate in
the region is characterized as Aw, tropical rainy, with an average annual rainfall of 900 mm and
average annual temperature of 28.1°C.
Figure 10. Location of the Study Area and Sampling Sites. Satellite image source: EnMAP data ©DLR

[2023].
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Thirteen agricultural sites were accessed for soil sampling, nine of which had fully
uncovered soil ready for reseeding crops, while the others had fruit crops in the early stages of
development, namely coconut, cashew, watermelon and acerola. There were small quantities of
grass straw, burning residue or manure on the surface of each of the sampled plots, which were

used by farmers as sources of organic matter for the soil (Appendix A).

Three different field campaigns were conducted, in which a total of 95 samples

were taken from the surface layer of the soil (0-1 cm).
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6.2.2 Planning of Field Sampling and Spectral Data Acquisition

The EnMAP images were acquired on demand through the platform's online portal
(EnMAP.org) at L2A (land-surface reflectance) processing level, based on the following
criteria: viewing angle as close as possible to the nadir and cloud cover conditions below 30%,

ensuring that the area of interest was imaged with maximum clear sky conditions.

The images acquired were used to select the sample sites, giving priority to areas
with exposed soil with minimal interference from vegetation or clouds. The sampling
campaigns were scheduled to coincide with the dates closest to the imagery acquisition,
reducing the influence of any environmental changes between the date of the sensor imaging

and the field sampling (Table 4).

Table 4. Dates of the field campaigns, number of sampling spots, and corresponding EnMAP scenes.

Campaign Sampling dates (2023) Spots EnMAP scene dates (2023)
First 23-25 June 18 19 June
Second 19-21 July 32 24 July
Third 30 July—1 August 45 24 July

During the second campaign, no EnMAP images with favorable sky conditions
(cloud-free) were available for the study area. As such, the closest available scene to the actual

field survey and conditions was used.

The sampling points were defined based on the geographic coordinates of the center
of the pixel that represented exposed soil. The selection was made from EnMAP images in NIR
false-color RGB, using a combination of the bands 75-47-30. Each observation consisted of
five individual samples, the first taken at the central point previously defined by the coordinates
of the pixel of interest, and the others positioned five meters along the diagonal (Figure 11).

Figure 11. Soil sampling based on the location of exposed soil pixels.
Satellite image source: EnMAP data ©DLR [2023].

30m
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The five samples were then mixed for each plot to create a representative overall
sample for one image pixel. Considering that the spatial resolution of EnMAP is 30 m (900 m?),
this distribution was planned to avoid sampling along the edges of the pixel, ensuring less

influence from mixed targets.

Spectral information from the soil surface was acquired in situ using a Hi-Brite
probe and a portable ASD FieldSpec® PRO FR 3 spectroradiometer (350-2500 nm) (Figure
12a), prior to collecting the soil samples directly in the field. The spectral analysis was
conducted at the central coordinate of the pixel in the EnNMAP images and at random locations
around it (Figure 12b). Three readings were taken at each point, each with ten automatic
repetitions, giving a total of 30 readings. The average of the spectral signatures of each sample

represented the reflectance behavior of the soil between 350-2500 nm.

Figure 12. a) Scheme for field spectral data acquisition using the ASD FieldSpec® PRO
FR 3 (350-2500 nm); b) Photo of hyperspectral data collection on the soil surface.
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The sensor was standardized at the start of each reading using a Spectralon plate,
which simulates a Lambertian surface, reflecting 100% of the incident energy in all directions.
The Hi-Brite probe, recommended for use in the field, including in the shade, has an internal

light source and rubber edges that isolate the area being assessed.
6.2.3 Chemical analysis of the soil organic carbon and total nitrogen

Soil samples were air-dried, crushed and sieved through a 2mm mesh. A part was
macerated to determine the SOC and TN in the Pedology Laboratory of the Soil Science

Department, at the Centre for Agricultural Sciences of the Federal University of Ceara, Brazil.
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The SOC was quantified using the wet oxidation method proposed by Walkley and
Black (1934) and Yeomans and Bremner (1988). The total nitrogen was determined by the
classic method of digestion in concentrated H>SO4 and a digestion mixture (potassium sulphate

+ copper sulphate), as described by Kjeldahl (1883).
6.2.4 Statistical analysis, selection of the spectral variables and multiple linear regressions

Descriptive statistics were used to assess the variation in SOC and TN in the soil
samples (mean, median, maximum and minimum values), as well as a data frequency analysis
and the Kruskal-Wallis test to compare mean values at 5% for each set of samples using the

‘agricolae’ package (Mendiburu, 2023) of the RStudio software (R Core Team, 2024).

The most influential spectral bands were selected for the spectra obtained by the
EnMAP and FieldSpec hyperspectral sensors, with the aim of identifying the wavelengths that
best explain the variation in the SOC and TN contents of the samples. The EnMAP dataset
contains 224 spectral variables, while FieldSpec has 2150, making it necessary to reduce the
dimensionality of the data. For this purpose, the stepwise method was implemented in the
RStudio software (R Core Team, 2024) using the ‘MASS’ package (Venables; Ripley, 2002),
which allowed identifying the most influential spectral variables for estimating SOC and TN to

be identified, thereby ensuring simpler and more-robust model outputs.

Multiple Linear Regression (MLR) models were built separately for each sensor
using the selected spectral variables. The models were initially fitted considering the entire
dataset, covering the minimum and maximum levels of SOC and TN (Approach I, Figure 13).
The “Leave-one-group-out” validation was used, in which each test group corresponded to
samples from the same agricultural plot, tested alternately until all the groups had been

validated.

After the adjustment and initial validation, Approach II (Figure 13) was applied, in
which the models were refined considering the SOC and TN content that showed the best
predictions based on the lowest Mean Percentage Prediction Error (MPPE). A limit of 12% was
defined as the maximum MPPE to maintain sufficient observations in the model without losing
predictive performance. In this step, only the most significant spectral variables among those
previously selected were used to fit the new models (p-value < 0.05). For this approach, the .-

fold cross-validation technique was used, where k was equal to 4.
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Figure 13. Flowchart of methodological approaches used for development and validation of predictive
models for Soil Organic Carbon (SOC) and Total Nitrogen (TN).
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All the adjustments and validation were carried out as indicated in the Figure 4,
evaluating predictive performance using the Adjusted R-squared (Adj.R?), Mean Absolute Error
(MAE), Root Mean Square Error (RMSE) and Ratio of Performance to Deviation — RPD, given
by the ratio of the standard deviation of the observed SOC or TN content by the RMSE.

6.3 RESULTS
6.3.1 Descriptive Statistical Analysis

The exploratory analysis of the SOC and TN contents across the irrigated perimeter
revealed variations between the samples. The SOC had the highest content in the second set of
samples, with an average of 14.49 g kg! (Figure 14a), while the highest TN content was
recorded in the first set of samples, with an average of 0.62 g kg™! (Figure 14b).

Figure 14. Boxplot showing the variation in (a) soil organic carbon content, (b) total nitrogen,
and (c) C:N ratio observed for each sampling campaign.
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These variations were reflected in the average C:N ratio of the samples, with lower
values in Sample 1 (mean value = 15.7) and higher values in Sample 2 (mean value = 34.56)
(Figure 14c). Although the average organic carbon content did not vary between the first and
third campaigns, both differed from the second campaign, which had a higher SOC content
(Table 5), as shown by the Kruskal-Wallis test at a level of 95%. The TN content and the C:N

ratio showed significant variations between the three campaigns (Table 5).

Table 5. Descriptive statistics and mean difference analysis of the SOC and TN content and C:N ratio across the
sampling campaigns.

SOC TN C:N ratio
Campaign _max __ min 1 cy max min v
(g kg™ (gkg™)
First 16.24 2.67 9.08® 40.6% 088 0341 0.59* 29.0% 23.65 546 15.67° 35.9%
Second 23.60 6.06 14.14* 36.6% 0.76 0200 0.48° 32.7% 93.95 9.97 34.16* 58.2%
Third 16.51 3.79 8.04> 36.1% 059 0.197 037° 23.4% 5433 924 2256 39.8%
Mean values (p) followed by the same letter do not differ significantly (a = 0.95).

Ccv max min n Ccv

6.3.2 Spectral Analysis: EnMAP versus FieldSpec

The EnMAP sensor produces 224 spectral bands at Level-2A (bottom-of-
atmosphere [BOA] reflectance), therefore it provides similar information to that obtained in the
field with the FieldSpec spectroradiometer, which operates at 2150 wavelengths. The
differences between the sensors are most apparent in the 1300-1490 nm, 1706-1980 nm and

2200-2300 nm ranges (Figure 15).

Figure 15. Average spectral response of the soil acquired by the EnMAP sensor and the FieldSpec in
situ spectroradiometer. The shaded area indicates the variation between the minimum and maximum
reflectance values observed with each sensor.
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6.3.3 Regression Models using Hyperspectral Data
6.3.3.1 Prediction of Soil Organic Carbon — Approach 1

The models developed to estimate SOC content from the complete set of samples
(ranging from 2.67 to 23.6 g kg'!) showed high performance and robustness using both spectral
sensors. The reflectance data from EnMAP, with Adj.R> = 0.75, RMSE =2.03 g kg'!, MAE =
1.68 g kg! and RPD = 2.30 (Figure 16a), were very accurate in predicting SOC with Approach
I. Similarly, the model using the FieldSpec in situ spectral data obtained Adj.R?>=0.73, RMSE
=232 g kg!, MAE = 1.95 g kg'! and RPD = 2.01 (Figure 16b), showing a slightly poorer

performance, although still reliable for practical applications.

Figure 16. Performance of the regression models developed using spectral data from (a) EnMAP and (b)
FieldSpec in situ for SOC prediction using Approach .
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The EnMAP model used 25 spectral bands from the NIR-SWIR region (1100-2400 nm)
to estimate SOC with Approach I (Figure 17a). The model using FieldSpec data employed 16

wavelengths as predictor variables (Figure 17b), two in the visible region (895 nm and 911 nm)

and the others in the SWIR (1530-2440 nm).
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Figure 17. Model parameters for predicting Soil Organic Carbon (SOC) with Approach I, developed
using spectral data from a) the EnMAP sensor and b) the FieldSpec spectroradiometer.
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Although the models are generally reliable, the SOC ranges between 2.67 and 23.6
g kg'! presented different values for MPPE for each sensor (Figure 18); it can be observed that
MPPE is higher in the lowest SOC range (< 4.4 g kg!) and, that as the SOC values increase,
the mean percentage error gradually decreases, stabilizing between 10-20% for ranges higher

than 9.2 g kg™

The results show that SOC values were best estimated by the EnMAP spectral data
in the 11.6-23.6 g kg™! range, with a maximum MPPE of 11.95%, whereas the in situ FieldSpec
reflectance data showed the best performance for the SOC content between 9.2 and 11.6 g kg™!
and from 16.4-23.6 g kg'!, with an MPPE ranging from 7.5% to 12%.
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Figure 18. Mean Percentage Prediction Error (MPPE) of SOC for each measured content
range using spectral data from EnMAP and FieldSpec.
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6.3.3.2 Prediction of Soil Organic Carbon — Approach 11

The EnMAP reflectance data yielded more robust models for predicting SOC
between 11.6 and 23.6 g kg! (Figure 19a), with Adj.R? = 0.91, RMSE = 0.61 g kg'!, MAE =
0.56 g kg and RPD = 6.03, outperforming the model applied to the full set. On the other hand,
FieldSpec performed relatively worse than EnMAP, but also showed an improvement when the
prediction was limited to the range between 9.2 and 11.6 g kg™! and to SOC content higher than
16 g kg! (Figure 19b), with Adj.R? = 0.83, RMSE = 1.89 g kg'!, MAE = 1.41 g kg'! and RPD
= 2.66.

Figure 19. Performance of the models developed using spectral data from (a) EnMAP and (b) FieldSpec in
situ for SOC prediction within the defined ranges of Approach II.
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When restricting the data set to the best-predicted SOC ranges, the regression
models were refined by filtering the wavelengths with the best statistical significance (p-value

< 0.05) for the new data set. This reduction resulted in an optimized predictive model for
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EnMAP, with 19 wavelengths capable of estimating the SOC content in the 11.6 to 23.6 g kg
range, achieving Adj.R? = 0.91 (Figure 20a). The most influential bands were around 1200 nm
and 2200 nm. For FieldSpec, the best-performing regression model included 14 significant
wavelengths (Adj.R? = 0.83), with the greatest influence at 895 nm, 911 nm, 1534 nm, 1557
nm, 2077 nm and in the 2400 nm region (Figure 20b).

Figure 20. Model parameters for predicting Soil Organic Carbon (SOC) with Approach II, developed using spectral
data from a) EnMAP and b) FieldSpec.
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6.3.3.3 Prediction of Total Nitrogen — Approach |

The model developed using EnMAP data presented Adj.R?> = 0.61, RMSE = 0.082
g kg'!, MAE = 0.067 g kg'! and RPD = 1.74 (Figure 21a), demonstrating ability for reliable
predictions, but requiring some adjustment to properly estimate TN levels from 0.197 to 0.880
g kg!. The model generated from the FieldSpec data achieved Adj.R* = 0.68, RMSE = 0.079 g
kg!, MAE =0.063 g kg' and RPD = 1.89 (Figure 21b), revealing a slightly better performance
than the EnMAP model, but still requiring adjustments to improve the prediction ability.

Figure 21. Performance of the predictive models developed using spectral data from (a) the EnMAP sensor and (b)
FieldSpec for predicting TN in the 0.197-0.880 g kg™! range.
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With stepwise selection, fewer spectral bands were considered for predicting TN at
the ground surface (Figure 22a) compared to the predictive models for SOC. In the model based
on the EnMAP spectral data, thirteen wavelengths were chosen in the NIR-SWIR region:
between 936-968 nm, around 1100 nm and between 2361-2445 nm. On the other hand, the
model using the in situ FieldSpec data presented eleven influential spectral bands distributed

over the visible region (577 nm, 593 nm and 614 nm) and in the 1900 nm region (Figure 22b).

Figure 22. Parameters of TN predictive models for Approach I developed using spectral data from the a) EnMAP
and b) FieldSpec sensors.
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The results show that both EnMAP and FieldSpec were able to reliably predict a
TN content between 0.197 and 0.880 g kg™! for ground surfaces of different soils, although it is
necessary to adjust the dataset. As with the SOC prediction, the models built using spectral data
from EnMAP and FieldSpec showed the highest MPPE for a lower TN content (< 0.330 g kg~
1. In this range, the errors reached 22.4% with EnMAP and 24.10% with FieldSpec (Figure

23).

Figure 23. Mean Percentage Error of prediction (MPPE) of TN for each measured content
range using spectral data from EnMAP and FieldSpec.
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With both sensors, the prediction error gradually decreased as the TN content of the
soil samples increased. The most accurate estimates for ENMAP were observed between 0.55
and 0.88 g kg™!, with an MPPE of 11.45% for the lower range and 9.83% for the upper range.
Similarly, the model based on FieldSpec showed an MPPE of 9.40% and 11% for the upper and

lower ranges, respectively.
6.3.3.4 Prediction of Total Nitrogen — Approach I1

When adjusting the dataset for the 0.55 to 0.88 g kg™! range of TN, the predictive
models provided satisfactory performance using spectral data from both sensors. The model
based on EnMAP obtained Adj.R? = 0.82, RMSE = 0.035 g kg'!, MAE = 0.023 gkg"' and an
RPD 0f2.43, indicating excellent predictive ability at the determined levels (Figure 24a). These
metrics were similar to those obtained using the FieldSpec spectral data (Figure 24b), although
with a slightly better performance (Adj.R* = 0.85, RMSE = 0.032 g kg'!, MAE = 0.025 g kg
and RPD = 2.64). It is worth noting that the regression parameters for all the models tested are
provided in Appendix C

Figure 24. Performance of the models developed using spectral data from (a) EnMAP and (b) FieldSpec in situ for
predicting TN in the ranges defined for Approach II.
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Both models showed good accuracy and robustness in predicting the TN content,
with low dispersion around the line of best fit (red) and satisfactory accuracy metrics. For the
0.55 to 0.88 g kg™! range of TN, the models reduced the number of significant wavelengths for
the prediction (p-value < 0.05). For the EnMAP model, nine spectral bands were kept as
predictor variables (Figure 25a), with the most influential being 1128 nm, 1139 nm and 1151
nm. For FieldSpec, the significant spectral bands were concentrated in the visible spectrum
(577-614 nm) and in the SWIR (1878 nm, 1918 nm, 1944 nm and 1953 nm), also with a total

of nine spectral bands that are relevant for predicting TN from reflectance data (Figure 25b).
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Figure 25. Parameters of TN predictive models for Approach II developed using spectral data from a) EnMAP and
b) FieldSpec.
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6.4 DISCUSSION

6.4.1 Quantitative distribution of SOC and TN observed during sampling.

The variability in the SOC and TN content and in the C:N ratio was influenced by
the differences in land use at the sample sites in the irrigated perimeter. This is because,
regardless of the sample set, all the collected samples were of a sandy texture, with a sand
content higher than 88% and clay content ranging from 1.8% to 6.0% (Appendix B). The texture
of the soil surface may therefore not have been a determinant factor in the accumulation of

organic properties.

The second set of samples (second campaign) revealed the highest average SOC
content, with 14.49 g kg™! (Figure 14a), a result corroborated by the mean-value comparison
test (Table 5), which can be attributed to the type of material used as a source of organic carbon.
This set was collected in bare-ground areas with a low level of residue accumulation, the
principal residue being remnants of earlier corn crops and burning residue (Appendix A).
During the sampling period, the temperature varied between 26°C and 32.5°C, which may also

have affected the decomposition of any organic matter that was added, even in small quantities.

Studies showed that applying or incorporating straw in sandy soils is an effective
way of increasing the soil carbon stock, since these soils have a rapid and strong response to
SOC accumulation. Straw beneath the surface contributes significantly to an increase in SOC
levels, especially under irrigated conditions in regions with elevated temperatures (Wang et al.,

2021; Gocke et al., 2023; Schjenning, 2023).
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The results found in this study are in accordance with the work of Hu et al. (2019),
who found an increase in carbon storage in semi-arid areas with soil under irrigation following

the application of corn straw between crops.

In contrast to SOC, the average TN content was higher during the first sampling
campaign (0.62 g kg'!), with a gradual reduction in subsequent collections (Figure 14b). This
result was expected since there was a predominance of legume residue on the soil surface at

this time.

Furthermore, nitrogen fertilization is a common and frequent practice among
producers in the corporate areas, which contributed to the increase in nitrogen at the surface at
the time of soil sampling. Urea applied to the soil can be converted into different forms of
nitrogen that are detectable by TN analyses, which in turn have a direct effect on quantifying

the element (Bolinder et al., 2020; Chen et al., 2020; Jiang et al., 2024).

Fluctuations in the SOC and TN content during the sampling campaigns had a direct
impact on the C:N ratio for each collection (Figure 14c). The second campaign showed the
highest value for the C:N ratio (34.56), reflecting the relative increase in SOC at the expense of
nitrogen, influenced by the excess of corn straw and charcoal on the surface, as reported by

Zhang et al. (2015).

In addition to materials rich in organic carbon that accumulated on the surface, some
of the areas accessed during the second sampling campaign also contained significant amounts
of seasoned cattle manure, which may help increase TN in soil samples (Chen et al. 2020).
Organic residue, such as cattle manure or legume leaves, have a lower C:N ratio and
consequently decompose rapidly, which helps to mineralize the N, making it available and

reducing the C:N ratio in the soil (Villamil et al., 2015).
6.4.2 Spectral Analysis

The EnMAP hyperspectral sensor, with 224 surface reflectance bands,
demonstrated its ability to capture important spectral characteristics of the soil, even though it
has a lower spectral resolution than FieldSpec, with 2150 pieces of spectral information (Figure

15).

The main differences between the sensors occur in the 1300-1490 nm and 1706-
1980 nm ranges, known as ‘bad bands’ due to the noisy influence of atmospheric water.

However, excluding this noise in processing the ENMAP data minimizes the atmospheric effects
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and improves the quality of the usable data (Guanter et al., 2015; Fruth et al., 2018). EnMAP
generally performs in a similar way to FieldSpec in capturing the average spectral response of

exposed soil, except in areas of higher atmospheric interference.

Peaks around 1900 nm are often associated with OH groups present in 2:1 clay
mineral and the NH amide functional group, also found in organic compounds and in surface-
applied urea (Angelopoulou et al., 2019; Cambou et al., 2022). The absorption in this region is
clearly detected by FieldSpec. However, with EnMAP, this band is excluded when processing
images using surface reflectance data, limiting its ability to capture information specific to these

wavelengths (Salazar; Coffman, 2020).

Absorption peaks around 2200 nm and 2300 nm, important for detecting clay
minerals and carbonates (Bishop et al., 2008; Zhou; Wang, 2017; Monteiro et al., 2024), are
detected by both sensors. However, the higher spectral resolution of FieldSpec allows these
peaks to be identified with better definition, while with EnMAP, they appear smooth due to the
larger width of the spectral bands.

The smoothed information from EnMAP can, however, be highlighted using
spectral transformation techniques such as first- and second-order derivatives and continuum
removal, which are able to highlight subtle variations that are impossible to see in the

reflectance spectrum.

The high spectral resolution of FieldSpec is also reflected in the greater variability
of the captured data, highlighting its sensitivity to variations in the soil components and
environmental conditions. In contrast, EnNMAP presents lower variability, indicating a more
stable response. Despite the less-detailed responses of EnMAP compared to FieldSpec,
Chabrillat et al. (2024) showed that the requirements of reflectance spectroscopy for detecting
different soil attributes were met by that sensor two years after its launch, in its first exploratory

results.
6.4.3 Prediction of Soil Organic Carbon

The reflectance data provided by EnMAP performed well in predicting the SOC
from 2.67 to 23.6 g kg™!, with Adj.R?=0.75, RMSE =2.03 g kg'!, MAE = 1.68 g kg'! and RPD
= 2.30 (Figure 16a). Similarly, the spectral information obtained by FieldSpec directly in the
field was able to estimate the SOC content, although with an Adj.R*=0.73, RMSE =2.32 g kg
I, MAE = 1.95 g kg'! and RPD = 2.01. This similarity is likely because the image capture and
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sampling occurred only a few days apart, providing this research with a robust database of both

spectral and chemical information from each spot.

Equivalent results were achieved by Gholizadeh et al. (2022), who developed
predictive models with R? = 0.74 in samples of litter and R?> = 0.77 in samples of topsoil. The
authors obtained the spectral readings in the laboratory under controlled conditions and using a
contact probe, which suggests that acquiring spectral data in the field using a probe — as in the

present research — also can generate efficient predictive models.

Reflectance spectroscopy is highly effective at estimating soil properties when the
RPD of the predictive model is higher than 2.0. If 1.4 < RPD < 2.0, the model is still usable,
but requires adjustment, while RPD values < 1.4 indicate poor predictive performance (Chang
et al., 2001; Bellon-Maurel et al., 2010). Based on this criterion, the spectral data acquired by
both EnMAP and FieldSpec resulted in excellent predictive models, capable of estimating SOC
levels from the full range of 2.67 to 23.6 g kg™

Carvalho et al. (2022) used remote sensing to predict SOC in sediment from
reservoirs in the semi-arid region of Brazil, with results similar to those presented in this study.
They used the FieldSpec sensor in the laboratory with a halogen lamp to model predictions
using partial least squares regression (PLSR). Pudelko and Chodak (2020) estimated SOC
levels between 2.9 and 25.2 g kg™ in soils of different textures, applying PLSR models and
artificial neural networks. Their results presented RPD values > 2.0 and RMSE values between

2.18 and 2.25 g kg™

Mzid et al. (2022) and Amoli et al. (2023) also found similar results when
investigating the use of the PRISMA sensor in estimating SOC using complex regression
methods, with both studies achieving R* = 0.85. These findings suggest that multiple linear
regression models, such as those employed in this study, can be just as effective as more-

complex predictive models.

Results of the ENMAP predictions are also consistent with those of Steinberg et al.
(2016), who used simulated orbital sensor data through the EnMAP End-to-End Simulation tool
(Segl et al., 2012) to estimate SOC using regression models based on reflectance. The authors
classified EnMAP as a reliable predictive tool, with performance metrics of R* = 0.67, RMSE
=2.8gkg!'and RPD = 1.7.
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Similarly, Castaldi et al. (2016) evaluated predictive SOC models using simulated
spectral data from EnMAP but found lower accuracy in practical applications (Adj.R? = 0.25-
0.67, RMSE = 0.20-0.48 g kg! and RPD = 1.17-1.80). These studies show that EnMAP is
currently robust in acquiring spectral information at field scale and can be used as a reliable

forecasting tool.

The EnMAP satellite sensor, which was designed for environmental and
agricultural applications, proved being capable of feeding data to build an effective regression
model (Adj.R? = 0.75) for estimating SOC using 25 bands, mostly in the SWIR region. The
importance of this spectral region for ENMAP studies is corroborated by research of Castaldi et
al. (2016) and Mzid et al. (2022), who emphasized the importance of the shortwave infrared in
predicting soil properties. On the other hand, FieldSpec used in the field made it possible to
develop a regression model with 16 spectral bands between 895 nm and 2440 nm, obtaining
Adj.R? = 0.73. The reduced number of bands required for SOC prediction suggests that
FieldSpec, by capturing information with less influence from spectral mixing, detects subtle
variations in the soil more efficiently, reducing the need for complex mathematical resources

when modelling.

Tiwari et al (2015) assessed the importance of spatial resolution in SOC prediction,
suggesting that hyperspectral data collected in the field can facilitate the detection of soil
characteristics that are important when modelling. In addition, the study suggests that the use
of a reduced number of spectral bands, when well selected, can generate simpler and more

effective models for identifying local variations in SOC.

In this study, the most influential wavelengths in predicting SOC with Approach 1
(2.67-23.6 g kg-') using EnMAP spectral data are at 1128 nm, 1139 nm, 1175 nm, 1211 nm,
1223 nm, 1246 nm, 1258 nm, 2182 nm, 2207 nm, 2265 nm and 2282 nm. This is in line with
findings from Stuart (2004), who identified the effect of C-H stretching in aromatic organic
compounds on energy absorption in the 1100-1250 nm range. Similarly, Stenberg et al. (2010)
emphasized the importance of carbon in functional groups and aromatic compounds in the 1100
nm region, as well as the excitation of aliphatic molecules with carboxyl, which influence

absorption at 2270 nm.

More recently, Ribeiro et al. (2023) studied the influence of organic carbon on
humic substances on the surface of different soils and also identified absorption bands around

1130 nm and 1220 nm related to the prediction of organic carbon in humic acids and humin.
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The use of FieldSpec spectral data enabled the development of predictive models
influenced by the following wavelengths: 895 nm, 911 nm, around 2100 nm and in the 2350-
2440 nm range. The only two NIR wavelengths highlighted in Approach I may be related to
absorption by humic compounds, particularly the C-H functional groups present in the cellulose
and lignin of plant residue on the soil surface (Alsaleh et al., 2025; Reyes-Rojas et al., 2025).
This behavior can be attributed to the presence of plant material that had not fully decomposed
in some of the sampled areas, and whose spectral signature was detected easily by the field

spectroradiometer, which captured more-localized information.

Wavelengths around 2300 nm may be influenced by the stretching of carboxylic
groups and C=0 bonds, which are often associated with the structure of organic matter adsorbed
to clay minerals in the soil (Ribeiro et al., 2021; Alsaleh et al., 2025). Stenberg et al. (2010) also

associated this region with the interaction of energy and carbohydrates.

Although both sensors generated reliable predictive models, the EnNMAP and in situ
FieldSpec data showed more relevant prediction errors for SOC values < 9 g kg™ (Figure 18).
The results indicate that the sensors are more reliable in the higher SOC ranges, while higher
errors occur at lower concentrations. This characteristic introduces a considerable challenge for
drylands, where the levels of soil organic carbon are naturally low. The levels of SOC in
agricultural areas in arid and semi-arid regions are between 3 and 12 g kg!, while dry sub-
humid regions or those needing supplemental irrigation can reach up to 20 g kg™! (Zhang et al.,
2015; Raheb et al., 2017; Guoju et al., 2019), as observed in the samples collected across the

irrigated perimeter.

At low SOC levels, the variability of spectral data tends to increase, resulting in
higher predictive uncertainty. Studies by Lesaignoux et al. (2012) confirm the difficulty of
predicting SOC in soils with a low carbon content, since reflectance can be influenced more by
moisture and texture than by the presence of organic matter, making the estimate less accurate.
On the other hand, a higher SOC content can affect the spectral response in a more consistent
and more precise way, by helping to form structures in the soil and enabling mathematical
models to better capture the interactions of these structures with the radiation (Herranz-Luque

et al., 2024).

When using higher SOC ranges (from 11.6 to 23.6 g kg™), the predictive capacity
of EnMAP improved, with Adj.R?=0.91, RMSE = 0.61 g kg!, MAE = 0.56 g kg'! and RPD =

6.03 (Figure 19a). This reduction of the dataset led to the selection of nineteen significant
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spectral bands, highlighting the wavelengths between 1211 and 1258 nm and the region around
2265 nm and 2282 nm (Figure 20a). The persistence of these bands in the model underlines

their relevance in predicting SOC at higher levels, and their importance for modelling.

The presence of the bands at 1200 nm can be explained by the functional groups
found in the humic substances of the organic compounds. Furthermore, absorption peaks near
2260 nm are related to the strong association of organic particles with clay minerals. This
spectral region is strongly influenced by the energy absorption of minerals such as kaolinite and
2:1 clay (Ribeiro et al. 2021; Gholizadeh et al., 2022). In studies by Laamrani et al (2019),
bands at 1230 nm and around 2200 nm were considered influential for SOC detection using

reflectance spectroscopy.

The reduction in the SOC dataset also resulted in improved FieldSpec performance
in predicting SOC levels between 9.2 and 11.6 g kg™! and between 16.2 and 23.2 g kg! (Adj.R2.
= 0.83, RMSE = 1.89 g kg'!, MAE = 1.41 g kg'! and RPD = 2.66). Observations with SOC
levels of 11.6 to 16.2 g kg-' showed average prediction errors of more than 12%, which is why
this range was not used to build new models. This result may be related to the higher variability
in this range and the reduced number of available samples, which affected the accuracy of the

spectral data acquired by the proximal sensor.

FieldSpec has a high spectral resolution, which allows subtle variations in spectral
properties to be detected in environments with some degree of heterogeneity (Laamrani et al.,
2019). If these variations are due to noise, there may be interference between the spectral
response and the chemical variation of the sample. According to Wang et al. (2020), direct
measurements in the field can also be affected by soil moisture, which reduces the accuracy of

predicting soil properties.

The higher spectral variability of the FieldSpec sensor is confirmed when its
spectral information is compared with that of the EnMAP sensor. It can be observed that the
FieldSpec sensor captured more heterogeneous spectral information, even when captured in the

area corresponding to the pixel from the orbital sensor.

To estimate SOC values in the 9.2 to 11.6 g kg™ and 16.2 to 23.2 g kg™! ranges, the
model with the FieldSpec data reduced the predictor variables to 14 spectral bands, maintaining
the most influential: 895 nm, 911 nm, 1534 nm, 1557 nm, and around 2400 nm. Spectral bands
found in the 2400 nm range can be associated with C-H combinations in the structure of organic

compounds in the soil, while absorption peaks at 1550 nm are often associated with energy
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absorption by carboxylic groups in combination with amine structures (Stuart, 2004; Stenberg

et al., 2010).
6.4.4 Prediction of Total Nitrogen (TN)

The TN prediction in Approach I (0.197-0.880 g kg') showed a similar
performance for ENMAP and FieldSpec, with a slight advantage for the in situ reflectance data,
which resulted in higher accuracy, with Adj.R? = 0.68, RMSE = 0.079 g kg'!, MAE = 0.063 g
kg and RPD = 1.89. The result can be attributed to the absence of atmospheric interference
and the higher spectral resolution, allowing better detection of the bands related to TN. Despite
showing slightly poorer performance, EnMAP obtained Adj.R* = 0.61, RMSE = 0.08 g kg!,
MAE = 0.067 g kg'! and RPD = 1.74, meaning that both sensors were similarly effective in

estimating total nitrogen at the soil surface.

The developed models proved being reliable in predicting TN between 0.197 and
0.880 g kg'!, using both in situ and satellite reflectance data (EnMAP). However, the resulting
RPD metrics (1.89 and 1.74, respectively) show that, although the models are usable in practice,

the data processing strategies need improvement (Bellon-Maurel et al., 2010).

Predictive models for TN, developed by Golizadeh et al. (2022) using FieldSpec
spectral data in the laboratory, showed similar performance to that obtained in the present study.
The researchers mentioned reported an R? between 0.45 and 0.70, with a minimum RMSE of

0.07 g kg'! in soil samples collected at a depth between 2 and 20 cm.

The spectral bands selected in the models reveal the influence by specific regions
of the electromagnetic spectrum when predicting TN using Approach I. In the case of EnMAP,
the most important bands are centered around 936 nm and 941 nm, and between 1128 and 1151
nm, which are often associated with organic matter and nitrogen compounds in the soil (Stuart

et al., 2004; Stenberg et al., 2010).

According to studies conducted by Tahmasbian et al. (2018) using a spectral camera
with 462 spectral bands, wavelengths in the 900 nm range are also significant for predicting
TN. Gholizadeh et al. (2022) reported that bands around 1150 nm are affected by the absorption

of energy by N-H amine molecules.

The FieldSpec-based prediction model accounted contributions from bands at 577
nm and 593 nm, associated with the molecular absorption of chlorophyll by plant materials that

had not yet fully decomposed (Sukhova et al., 2019). As in the present research, Misbah et al.
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(2024) identified the strong influence of spectral bands between 500-600 nm on TN prediction
in different soils, with R?> = 0.84, RMSE = 0.082 and RPD = 2.53.

Still in respect of the in situ FieldSpec data (Figure 22b), bands between 1878 and
1988 nm were influential in predicting TN, as they are usually associated with the vibration of
OH groups present in the structure of clay minerals, which may be linked to adsorbed organic
materials (Dematté et al., 2019). Furthermore, according to finding reported by Dalal and Henry
(1986) and Stenberg et al. (2010), the intervals around 1870 nm are important excitation peaks
for molecules with NH and =N bonds.

The robustness of the FieldSpec model, a result of the absence of atmospheric
interference, is due to the contact probe, which isolates the environment between the target and
the sensor, allowing the spectral signatures of the soil to be more accurately captured. However,
the performance of EnMAP shows that, as a hyperspectral satellite sensor, it also has potential
for regional applications in predicting TN, and can be used for large-scale monitoring, if

properly used.

The performance of the predictions across different TN ranges shows that the
models are limited in their ability to estimate low concentrations in the soil. The models
developed with EnMAP and the in situ FieldSpec data are most accurate for values higher than
0.550 gkg'. Authors such as Dinakaran et al. (2016) and Brunet et al. (2007) note that preparing
the soil sample is important for maintaining the homogeneity of the accuracy metrics. Thus, the
reduction in accuracy in predicting low TN levels may be related to the heterogeneity of the
evaluation medium, given that the spectral reading was conducted directly in the field with the

samples that were not pre-processed.

Similar to SOC prediction, estimating low levels of total nitrogen represents a
challenge for predictive models, due to the influence of external factors such as moisture, clay

content and shading by micro-terrain on the variations in reflectance data (Zhu et al., 2021).

Reconstructing the models for the most predictive intervals resulted in a significant
improvement in the performance of the spectral data for estimating TN. The results show
improved predictive performance between 0.550-0.880 g kg™!, with Adj.R? = 0.82, RMSE =
0.035, MAE = 0.023 and RPD = 2.43 for the EnMAP data and Adj.R2. = 0.85, RMSE = 0.032,
MAE = 0.025 and RPD = 2.64 with the in sifu FieldSpec data (Figure 24b).
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The levels of performance found in the present research corroborate the findings of
Tahmasbian et al. (2018), who developed TN predictive models from hyperspectral data using
PLSR, with R? = 0.86 and RPD = 2.08. Similarly, Reda et al. (2019) applied complex models
to estimate the TN content in different soil types, obtaining R?> = 0.75, RMSE = 1.10 g kg! and
RPD = 2.55 when using reflectance data.

Misbah et al. (2024) developed PLSR models to estimate TN levels > 0.5 g kg
from PRISMA images, obtaining R?> = 0.7, RMSE = 0.14 and RPD = 1.48. Dinakaran et al.
(2016) estimated TN in dry and sieved soil samples using the FOSS NIRS laboratory
spectrometer, and achieved predictions with R? = 0.75, RMSE = 0.01 and RPD = 6.98, where
the samples analyzed by the authors had levels higher than 1.2 g kg™'. Tahmasbian et al. (2018)
confirmed these findings in the laboratory, using images captured by cameras with 462 spectral
bands, developing predictive TN models with R? = 0.79 and RMSE = 0.03 g kg-1 for levels
greater than 0.7 g kg™,

In the final model developed with data from the EnMAP sensor, wavelengths
around 900 nm and 1100 nm were highlighted (Figure 16a). These wavelengths are associated
with the excitation of molecules containing NH groups (Stenberg et al., 2010). In the model
fitted with the in situ FieldSpec data, the visible region (577-614 nm) and the region between
1878 and 1988 nm were kept (Figure 16b); these regions were previously identified as strongly
influenced by the vibrations of molecules containing NH and =N groups (Dalal; Henry, 1986).

It should be noted that studies using reflectance spectroscopy for estimating TN and
SOC are being progressively conducted with improvements, both in the laboratory and using
hyperspectral images. The present research highlights the significant results of using EnMAP
images and the in situ FieldSpec as alternative and/or complementary technologies to more

complex prediction methods.
6.5 CONCLUSIONS

This study evaluated the performance of multiple linear regression models for
predicting soil organic carbon (SOC) and total nitrogen (TN) using spectral data from the
EnMAP hyperspectral satellite and the ASD FieldSpec® proximal sensor in situ, across
different bare soil areas in northeastern Brazil. Both sensors demonstrated good predictive
performance for organic attributes, with MLR models proving as effective as PLSR models

used in other studies.
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The results revealed that EnMAP has significant potential for large-scale
monitoring of SOC and TN. The combination of ideal conditions during the study — low cloud
cover, bare soil, sampling and imagery only a few days apart, and an adequate number of
samples — ensured the excellent performance of the satellite-based predictive models. These

favorable conditions ensured accuracy comparable to in situ ASD FieldSpec®.

Furthermore, the research highlighted that calibrating the models for specific SOC
and TN ranges can further improve accuracy, especially for lower levels of these attributes. In
this way, EnMAP proves to be a practical and efficient alternative for large-scale monitoring,
eliminating the need for transporting large and valuable equipment to the field, reducing

operational costs, and facilitating data collection in remote areas.
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7 PREDICTIONS OF SOIL ORGANIC CARBON AND TOTAL NITROGEN IN
AGRICULTURAL CONTEXTS USING REFLECTANCE SPECTROSCOPY: A
PREDICTIVE MODELING APPROACH

ABSTRACT

Soil organic carbon (SOC) and total nitrogen (TN) are fundamental for soil fertility and
agricultural productivity. While traditional methods are common, remote sensing provides a
low-impact, accessible alternative. However, soil types respond differently to remote sensing,
requiring specific approaches. This research aimed to develop predictive models for SOC and
TN, quantified using distinct methodologies and under different land uses, by spectral
information (350-2500 nm). Soil samples were collected from the Lower Acarat Irrigation
Perimeter (Brazil) — R1 — and California's Central Valley (USA) — R2. In R1, SOC and TN were
quantified by titration, while in R2, the elemental analyzer was used. Local datasets (R1 and
R2) and the generalized dataset (R1&R2) were spectrally analyzed with spectroradiometer in
laboratory , and MLR and PLSR regression models were developed with spectral variables
selected by Stepwise and Backward methods. Reflectance, first derivative and continuum-
removed data were used. The first derivative proved efficient in developing high-accuracy
models across all trials. The best performance was observed for R2 samples for SOC (Adj. R?
=0.90 and RPD =3.53), and TN (Adj. R*?=0.91 and RPD =3.67) in MLR, while in PLSR, the
values were Adj. R =0.91 and 0.92, and RPD = 3.34 and 3.49 for SOC and TN, respectively.
Also, the generalized approach (R1&R2 dataset) was effective in predicting these attributes
using the first derivative of reflectance, regardless of the quantification methodology and soil
type, reflecting its broad applicability in different agricultural contexts, enabling consistent and

scalable predictions under various edaphoclimatic conditions.

Keywords: environment monitoring; hyperspectral remote sensing; titration; spectral behavior
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RESUMO

O carbono organico do solo (SOC) e o nitrogénio total (TN) sdo fundamentais para a fertilidade
e produtividade agricola. Enquanto métodos tradicionais sao comumente usados, o
sensoriamento remoto oferece uma alternativa eficiente, acessivel e de baixo impacto
ambiental. No entanto, diferentes tipos de solo respondem de maneira distinta ao sensoriamento
remoto. Esta pesquisa objetivou desenvolver modelos preditivos de SOC e TN, quantificados
por metodologias distintas e sob diferentes usos da terra, utilizando informacgdes espectrais
(350-2500 nm). As amostras de solo foram coletadas no Perimetro Irrigado do Baixo Acarat
(Brasil) — R1 — e no Vale Central da Califérnia (EUA) — R2. Em R1, SOC e TN foram
quantificados por titula¢do, enquanto em R2, foi utilizado o analisador elementar. Os conjuntos
de dados locais (R1 e R2) e o conjunto global (R1&R2) foram analisados espectralmente com
0 ASD FieldSpec®, e modelos de regressdo MLR e PLSR foram desenvolvidos com variaveis
espectrais selecionadas por Stepwise e Backward. Foram utilizados dados de reflectancia,
derivada e continuo removido. A primeira derivada mostrou-se eficiente para desenvolver
modelos de elevada acuracia em todos os ensaios. O melhor desempenho se deu para amostras
de R2 para SOC (R?%q4; = 0.90 e RPD = 3.53), e para TN (R%4; = 0.91 ¢ RPD = 3.67) na MLR,
enquanto na PLSR, os valores foram R?,4j = 0.91 ¢ 0.92, ¢ RPD = 3.34 ¢ 3.49 para SOC e TN,
respectivamente. A abordagem generalista também foi eficaz na predi¢do desses atributos
usando a primeira derivada da reflectancia, independente da metodologia de quantificagdo e
tipo de solo, refletindo sua ampla aplicacdo em diferentes contextos agricolas, permitindo

predigdes consistentes e escalaveis sob diversas condi¢des edafoclimaticas.

Palavras-chave: monitoramento ambiental; sensoriamento remoto hiperespectral; titulagao;
comportamento espectral
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7.1 INTRODUCTION

Soil organic carbon (SOC) and total nitrogen (TN) play essential roles in
agriculture, being crucial for soil quality and crop productivity (Schjenning, 2023; Jiang et al.,
2024). Accurate analyses are essential for sustainable management and ecosystem conservation.
Among the traditional techniques for determining SOC and TN in laboratory, the following are
highlighted: i) wet oxidation by Walkley and Black (1934) with Yeomans and Bremner (1988)
improvements using digestion block and titration; ii) the Elemental Analyzer, with sample
combustion at temperatures above 1000°C, quantifying the CO, and NO: generated by

combustion chamber (Farina et al., 1991).

With the increasing demand for fast, efficient, and cost-effective methodologies,
there is a growing need for techniques that require fewer resources for maintenance and labor
(Amoli et al., 2024). Remote sensing stands out, as it allows for low destructive analysis of soil
attributes, providing information about its composition based on the interaction of
electromagnetic radiation with the soil’s intrinsic components (Ribeiro et al., 2021; Alsaleh et
al., 2025). Spectral data obtained from various wavelengths can provide valuable information
about carbon and nitrogen levels through molecular interactions of groups such as CH, NH, and

OH, in a non-invasive manner (Stenberg et al., 2010; Cambou et al., 2022).

The application of mathematical techniques, such as Multiple Linear Regression
(MLR) and Partial Least Squares Regression (PLSR), has been essential in predicting soil
attributes from spectral data (Angelopoulou et al., 2020; Ribeiro et al., 2021). MLR represents
the relationship between several independent variables and the predicted variable. When
multicollinearity among spectral variables is high, the PLSR technique becomes particularly
useful, combining principal component analysis with linear regression, maximizing the
covariance between independent and dependent variables. Spectral variable selection has also
proven to be an effective approach for reducing dimensionality and improving the efficiency of

predictive models (Reda et al., 2019; Li et al., 2022).

Since different environments and land uses have exclusive soil characteristics, it is
necessary to adjust prediction models to the most similar local conditions (Mishra et al., 2020).
Both local and generalized models have been developed to estimate soil attributes, based on
spectral data collected from different environmental contexts. Generalized models allow for

large-scale analysis, applicable across different regions, while local models provide more
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detailed and specific predictions for areas with specific characteristics (Ye et al., 2021; Zhou et

al., 2021).

The knowledge and application of different methodologies for determining soil
organic attributes are essential for agricultural sciences (Amoli et al., 2024; Alsaleh et al., 2025).
Advances in techniques, whether through traditional methods or new approaches based on
remote sensing and mathematical modeling, contribute to the accuracy of soil characterization,
promoting more sustainable and efficient agricultural practices (Pudelko; Chodak, 2020). This
is crucial for the conservation of natural resources and combating soil degradation under various

agricultural land uses.

The hypothesis of this study is that predictive models using reflectance
spectroscopy offer accurate estimates of soil organic carbon and total nitrogen across various
land uses and geographical areas, being efficiently validated, regardless of the soil sampling
method or the attribute quantification technique used. Therefore, this research aimed to develop
predictive models for SOC and TN in irrigated areas in Brazil and the United States, with
different land uses and quantified by distinct methodologies, using reflectance spectroscopy
through local and generalized models. Additionally, the study sought to identify the most

significant wavelengths for detecting these elements in soil samples.
7.2 MATERIAL AND METHODS
7.2.1 Study Areas

This research was conducted through the sampling of agricultural soils from two
distinct regions: the Lower Acarau Irrigation District — DIBAU (R1), located in the north of
State of Ceara, Brazil, with central coordinates at 03°05°11.04” S and 40°03°46.08* W, and the
California’s Central Valley — CCV (R2), U.S.A., centered at 37°19°12.00” N and 119°41°24.00”
W (Figure 26).



84

Figure 26. Sampling locations map
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The Lower Acarau Irrigation District spans approximately 11,000 ha and has a
tropical wet climate (Aw), according to the Koppen classification. The region experiences a
rainy season in the summer and a dry season in the winter, with an average annual temperature

0f 28.1°C and soils ranging from loam to sandy (ADECE, 2011).

California's Central Valley covers about 155,000 km? and features two distinct
climates according to the K&ppen classification. To the north, the climate is classified as Csa,
characterized by hot, dry summers and cold, wet winters, typical of Mediterranean regions. To
the south of the valley, the climate is Bsk, a semi-arid steppe climate with hot to extremely hot
and dry summers, and moderate, wet winters (Kauffman, 2003). The soil in this region is

naturally saline, with a texture ranging from loam to clay-loam (Jin et al., 2018).
7.2.2 Sampling Logistics and Chemical Analysis

A total of 257 soil samples were collected from irrigated areas with no vegetation
cover, with 130 samples from DIBAU (R1) and 127 samples from CCV (R2). The samples were

taken from areas with initial stage fruit crops (watermelon, coconut, cashew, and acerola) or
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being prepared for new crops in R1, and from almond orchards in R2. The soil sampling

methods and determination of SOC and TN are detailed in Table 6.

Table 6. Soil sampling overview and analytical methods used for Soil Organic Carbon (SOC) and Total Nitrogen
(TN) determination in DIBAU (R1) and CCV (R2).

Area of Samples Sampling Land Use SOC Determination TN Determination
Interest p Depth (%) (g/kg)
. Titration
RI 130 0-1 cm altbltiert)’:liietdcfgr . llin;:f (Walkley; Black, Titration
develo Iinen ¢ y 1934; Yeomans; (Kjeldahl, 1883)
p Bremner, 1988)
. Elemental Analyzer Elemental Analyzer
R2 127 0-10 cm EStabl(‘)srgﬁj (f‘slmond LECO® (Skjemstad; ~ LECO® (Skjemstad;
Baldock, 2011) Baldock, 2011)

The collected samples were air-dried, crushed, sieved through a 2 mm mesh and
oven-dried (45° C / 48 h) for spectral analysis, and subsequently ground for chemical analysis.
The samples from R1 were analyzed for SOC and TN using traditional titration methods, while
the samples from R2 were quantified using an elemental analyzer for organic carbon and

nitrogen.
7.2.3 Spectral analysis

T The sample sets were oven-dried at 45°C until reaching constant weight for
moisture standardization, and then spectrally analyzed using the ASD FieldSpec®
spectroradiometer (350-2500 nm). The R1 samples were analyzed in the darkroom of the
Geoprocessing Laboratory at the Center for Agricultural Sciences, Federal University of Ceara,
Fortaleza, Brazil. The R2 samples were analyzed in the darkroom of the Department of Land,
Air, and Water Resources at the University of California, Davis, USA. For both sets, the spectral

data acquisition geometry followed the procedure described in Figure 27.

Figure 27. Geometry of spectral data acquisition for soil samples in a darkroom.
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The analyses were performed with the ASD Hi-Brite contact probe at three points
on the surface of the samples, which were placed in black polypropylene containers, with ten
automatic readings per point (30 spectral readings/sample). Spectral standardization was carried

out using a Lambertian white plate, with reflectance close to 100%.
7.2.4 Spectral transformations

To develop the predictive models for SOC and TN in the soil samples, the spectral
data obtained in the darkroom were used in three forms: i) raw reflectance values (non-
transformed); ii) reflectance with continuum removal; and iii) first derivative of reflectance.
The spectral data transformations were performed in RStudio (R Core Team, 2024), using the

"prospectr" package (Stevens; Ramirez-Lopez, 2024).

Before the transformations, the spectral data were smoothed via the Savitzky-Golay
algorithm, with a 3-window interval (Equation 5), to reduce random noise and prevent

distortions in the spectrum, while preserving the shape of the spectrum (Savitzky; Golay, 1964).

K )

Where: y;* is the new smoothed value; Cn represents the smoothing filter
coefficients; N is the smoothing window size (N = 3); k is the number of neighboring values on

each side of j.

After reflectance smoothing, the continuum removal process was applied to
eliminate continuous spectral features and highlight the absorption features of the targets (Deo
et al., 2024). The use of the first-order spectral derivative, in turn, aimed to enhance the
oscillations detected in the smoothed spectrum from 350-2500 nm, between consecutive
wavelengths, serving as an important technique for improving the resolution of overlapping

spectra and removing noise that might be interpreted as signals (O'Haver, 1979).

The first derivative spectral transformation (dpA) results from the variation in
reflectance values (pA) as a function of wavelength (x) at a specific point (i), numerically
approximated from a central point between successive spectral bands according Equation 6,

described by Rudorff et al. (2007).
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dpj _ Pi+1 ~ Pi-1 (6)
dx 2Ax

Where: Ax represents the distance between two successive bands (AX = Xj+1 - Xi-1);
pi+1 refers to the reflectance factor of the point following 7, and p;-1 corresponds to the reflectance

factor of the point preceding i.
7.2.5 Selection of Significant Variables and Regression Models

The selection of spectral variables was performed for two regional datasets
(samples from R1 and R2 separately) and one generalized dataset (R1&R2), with the goal of
identifying the wavelengths that best explain the variation in SOC and TN levels for different
contexts. To achieve this, the Stepwise, Backward, and Forward algorithms were applied in
IBM SPSS Statistics (IBM Corp., 2012), ensuring more robust models with improved

dimensionality.

Predictive models for SOC and TN were developed for all three datasets, utilizing
the spectral variables most influential in the variation of SOC and TN, with Multiple Linear
Regression (MLR) and Partial Least Squares Regression (PLSR). MLR was applied to assess
the efficiency of simpler algorithms in predicting SOC and TN from spectral information across
different contexts. PLSR, in turn, was used as a robust method, maximizing the correlation
between spectral variables and chemical variables, transforming them into latent variables, and

optimizing the variability within the predictor set.

All models were validated using leave-one-group-out validation, where each test
group corresponded to samples collected spatially close to one another. The accuracy of model
validation was measured using metrics such as: Adj. R?, Root Mean Square Error (RMSE),

Ratio of Performance to Deviation (RPD), and Mean Absolute Error (MAE).
7.3 RESULTS
7.3.1 Distribution of SOC and TN in the evaluated areas

From the descriptive statistics, it was observed that the samples collected from R1
showed higher average SOC values (1.102%) compared to those from R2 (0.889%), while the
opposite was true for TN levels, where the samples from R1 exhibited lower averages (0.508
g/kg) compared to those from the Central Valley (0.891 g/kg). The combined data (R1&R?2)
presented an average SOC of 1.004% and TN of 0.684 g/kg (Table 7).
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Table 7. Descriptive statistics parameters for content of Soil Organic Carbon (SOC) and Total Nitrogen (TN) for
the R1, R2, and R1&R2 datasets

Statistics parameters R1 R2 RI&R2

% SOC TN g/kg % SOC TN g/kg % SOC TN g/kg

Mean 1.102 0.508 0.889 0.891 1.004 0.684

Median 1.038 0.460 0.818 0.828 0.881 0.640

Standard deviation 0.496 0.200 0.409 0.370 0.469 0.347

CV (%) 45.00 39.45 46.00 41.48 46.74 50.79

Minimum 0.267 0.197 0.320 0.230 0.267 0.197

Maximum 2.504 1.142 2.320 2.130 2.504 2.130

CV (%): Coefficient of variation

7.3.2 Spectral analysis and reflectance transformations

Through the analysis of the average spectral behavior of surface soil samples from
R1 and R2 (Figure 28), it is possible to observe that the samples collected in the California’s

Central Valley presented a lower albedo compared to those from R1 for the entire spectrum.

Figure 28. Average spectral behavior (continuous line) and reflectance variations (shaded area) for the
samples collected in R1 and R2.
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The spectral behavior of the samples collected in R1 mainly shows prominent
absorption features from clay and structural moisture around 1400 nm, 1900 nm, and 2200 nm.
This is less evident in the samples from R2, which show absorption features characteristic of

iron oxides, although subtle, between 500 and 900 nm.

The reflectance variations in the features at 1400 nm, 1900 nm, and 2200 nm were
also clearly highlighted by transforming the spectral information to a continuum-removed

spectrum (Figure 29a) and to the first derivative (Figure 29b).
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Figure 29. Average spectral behavior with reflectance transformed into a) continuum-removed spectrum and b)
first derivative, for samples collected from R1 and R2.
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7.3.3 Predictive Models
7.3.3.1 Multiple Linear Regression

Reflectance spectral data and their transformations through continuum removal and
first derivative demonstrated reliable predictive performance across all datasets, with RPD >
1.59 and minimum Adj. R? values of 0.60 and 0.80 in leave-one-group-out validation for SOC
and TN prediction, respectively. Both models employed untransformed reflectance as the

predictor variable (Table 8).

Table 8. Performance metrics of MLR models for predicting Soil Organic Carbon (SOC) and Total Nitrogen (TN)
using reflectance and transformations for R1, R2, and R1&R?2 datasets using leave-one-group-out cross-validation.

Dataset MLR % SOC TN (g/kg)
Reflectance CR 1%t der Reflectance CR 1%t der
Bands selected 23 22 25 23 24 26
RMSE 0.246 0.245 0.213 0.082 0.082 0.064
R1 (130) MAE 0.207 0.198 0.172 0.065 0.068 0.050
RPD 1.67 1.87 2.23 2.23 2.30 2.88
Adj. R? 0.64 0.71 0.80 0.80 0.81 0.88
Bands selected 19 23 21 15 24 21
RMSE 0.129 0.110 0.106 0.108 0.102 0.100
R2 (127) MAE 0.106 0.091 0.085 0.091 0.082 0.081
RPD 2.80 3.47 3.53 2.79 3.62 3.67
Adj. R? 0.85 0.90 0.90 0.85 0.91 0.91
Bands selected 16 24 43 23 37 43
RMSE 0.239 0.211 0.142 0.123 0.110 0.101
RI&R2
(257) MAE 0.195 0.172 0.115 0.102 0.084 0.078
RPD 1.59 1.96 3.12 2.46 3.15 3.44
Adj. R? 0.60 0.73 0.89 0.83 0.89 0.90

CR: Continuum-removed; 1% der: First derivative
For the R1 sample set, the prediction of % SOC was more robust when using the

values of first derivative of reflectance as the predictor variables, with Adj. R?=0.81, RMSE =
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0.213, MAE = 0.172, and RPD = 2.23 (Figure 30a). The prediction of TN (g/kg) showed

efficient performance with the first derivative of reflectance data, yielding Adj. R? = 0.88,

RMSE = 0.064, MAE = 0.050, and RPD = 2.88 (Figure 30b).

For the R2 dataset, the model using the first derivative showed RPD = 3.53, Ad;.
R?=0.90, MAE = 0.085, and RMSE = 0.106 (Figure 30c). The model also predicted TN levels
more accurately when using the first derivative of reflectance, with RMSE = 0.100, MAE =
0.081, RPD =3.67, and Adj. R*=0.91 (Figure 30d).

In the global model R1&R2, the best predictive performance was also achieved
using spectral data transformed into the first derivative. For the % SOC model (Figure 30e), the
selected wavelengths showed satisfactory predictive performance (Adj. R?=0.89, RPD =3.12,
RMSE =0.142, and MAE =0.115). The same was observed for TN prediction, where the model
that performed best showed predictive performance with Adj. R>=0.90, RPD = 3.44, RMSE =
0.101, and MAE = 0.078, using the first derivative of reflectance (Figure 30f). It is worth noting

that the validation parameters for all the models tested are provided in Appendix E.

Figure 30. Validation of the best MLR models developed for predicting Soil Organic Carbon (SOC) and Total
Nitrogen (TN) for the R1, R2, and R1&R2 datasets.
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7.3.3.2 Partial Least Squares Regression

Similar to MLR, all PLSR models demonstrated adequate performance in
predicting SOC and TN, with most showing RPD > 2.0 and Adj. R>>0.70 (Table 9). The lowest
accuracy predictions were observed in models using untransformed reflectance values as

predictor variables across all datasets.

Table 9. Performance metrics of PLSR models for predicting Soil Organic Carbon (SOC) and Total Nitrogen (TN)
using reflectance and transformations for R1, R2, and R1&R2 datasets using leave-one-group-out cross-validation.

Dataset PLSR % SOC TN (g/kg)
Reflectance CR 1*der  Reflectance CR 1% der
Bands selected 23 22 25 23 24 26
N° of Factors 8 7 7 8 4 5
RI (130) RMSE 0.223 0.219 0.199 0.081 0.075 0.065
MAE 0.188 0.178 0.168 0.069 0.064 0.054
RPD 1.68 2.10 2.30 1.97 2.09 2.81
Adj. R? 0.66 0.77 0.81 0.74 0.79 0.87
Bands selected 19 23 21 15 24 21
N° of Factors 5 8 5 4 10 7
RMSE 0.166 0.138 0.114 0.149 0.119 0.106
R2 (127)
MAE 0.133 0.116 0.087 0.116 0.092 0.080
RPD 2.16 2.77 3.34 2.14 3.02 3.49
Adj. R? 0.79 0.87 0.91 0.78 0.90 0.92
Bands selected 16 24 43 23 37 43
N° of Factors 10 13 9 9 13 9
RI&R2 RMSE 0.261 0.229 0.225 0.128 0.117 0.104
(255) MAE 0.216 0.188 0.220 0.104 0.093 0.091
RPD 1.51 1.82 2.09 2.36 2.82 2.86
Adj. R? 0.57 0.70 0.82 0.82 0.87 0.90

CR: Continuum-removed; 1% der: First derivative

For the R1 samples, the spectral transformation to the first derivative achieved the
best predictive performance for both SOC and TN, using 7 and 5 factors, respectively (Figures
31a and 31b). The predictive model for % SOC showed the highest reliability, with Adj. R? =
0.81, RPD = 2.30, and errors of 0.199 (RMSE) and 0.168 (MAE). The TN (g/kg) prediction
was even more accurate, with Adj. R*?=0.87, RPD =2.81, RMSE = 0.065, and MAE = 0.054.

The best predictive model for SOC with the R2 samples showed Adj. R = 0.92,
RPD =3.34, RMSE =0.117, and MAE = 0.087 (Figure 31c), while the TN prediction, also with
the first derivative, achieved Adj. R? = 0.92, RPD = 3.49, RMSE = 0.106, and MAE = 0.080
(Figure 31d).
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Figure 31. Validation of the best PLSR models developed for predicting Soil Organic Carbon (SOC) and Total
Nitrogen (TN) for the R1, R2, and R1&R2 datasets.
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For the RI&R2 dataset, the SOC predictive model showed intermediate
performance, with Adj. R = 0.82, RPD = 2.09, RMSE = 0.225, and MAE = 0.220 using first
derivative spectral data (Figure 31e). The TN prediction also showed better performance with
the first derivative data, with intermediate metrics between the local models, such as Adj. R* =

0.90, RPD = 2.86, RMSE = 0.104, and MAE = 0.091 (Figure 31f).

7.3.4 Influential Wavelengths for Predictive Models

The selection of spectral bands with potential influence on the variation of SOC and
TN was performed prior to predictive modeling, with the nature of this influence being observed

after model analysis.

In the best MLR model for % SOC, using the first derivative of R1 samples, bands
at 772 nm, 802 nm, 893 nm, 952 nm, and 2192 nm stood out with strong positive correlations.
Bands such as 818 nm, 1707 nm, 2408 nm, and 2092 nm showed negative slopes, suggesting
inverse correlations (Figure 32a). In the PLSR model, the same set of bands for % SOC showed
direct influence at 772 nm, 802 nm, and 2313 nm, while the 818 nm band exhibited a strong

inverse correlation with SOC on the 7th factor.
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In the regression models applied to the R2 samples, nine wavelengths stood out as
the most influential, exhibiting high slopes with the same sign for both methods: 967 nm, 1031
nm, 1165 nm, 1906 nm, 1962 nm, 1975 nm, 1983 nm, and notably, 2016 nm (Figure 32b). For
the global dataset R1&R2, the model also highlighted the 818 nm band, which showed the
highest slope even after PLSR regularization (Figure 32c¢).
Figure 32. Comparison of regression coefficients (slope) for Multiple Linear Regression (MLR) and Partial Least
Squares Regression (PLSR) models applied to the first derivative of reflectance for predicting Soil Organic Carbon

(SOC) for the datasets (a) R1, (b) R2, and (c) R1 & R2. The intercept values are shown in the legends, indicating the
model fits.
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The TN prediction for R1 using MLR and PLSR, in turn, showed numerical
discrepancies between the spectral band slopes (Figure 33a). In MLR, the first derivative of
reflectance indicated influences at bands 534 nm, 868 nm, 879 nm, 978 nm, 1179 nm, 1244 nm,
1302 nm, 1445 nm, 1502 nm, 1745 nm, and 2019 nm. Bands such as 868 nm and 879 nm had
high slopes in MLR but were smoothed in PLSR, which also balanced other extreme ones,

improving model robustness and generalization capability.

Due to the similarity in coefficient behavior between MLR and PLSR with the R2
samples, it is possible to observe that the most influential first derivative wavelengths for
prediction in both methods are: 465 nm, 529 nm, 543 nm, 605 nm, 953 nm, 1436 nm, 1949 nm,
1943 nm, and 1999 nm (Figure 33b).
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In the global model (Figure 33c), the first derivative coefficients show greater
consistency than in the isolated R1 models. The R1&R2 dataset showed intermediate
performance, effectively representing the variation of the datasets, with the most influential and
consistent bands for both methods being: 1440 nm, 1592 nm, 1604 nm, and 1632 nm — with a
direct effect —and 510 nm, 1479 nm, 1841 nm, and 2254 nm — with an inverse effect.

Figure 33. Comparison of regression coefficients (slope) for Multiple Linear Regression (MLR) and Partial Least
Squares Regression (PLSR) models applied to the first derivative of reflectance for predicting Total Nitrogen (TN)
for the datasets (a) R1, (b) R2, and (c) R1&R2. The intercept values are shown in the legends, indicating the model
fits.
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7.4 DISCUSSION
7.4.1 Quantification of SOC and TN in the evaluated areas

Samples collected from the R1 region showed slightly higher average % SOC levels
compared to those from R2, with mean values of 1.102% and 0.889%, respectively (Table 7).
Based on granulometric analysis conducted prior to this study, R1 samples were classified as

sand texture, while R2 samples were sandy loam, both with high sand content (Appendix D).
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In R1 sampling areas, animal manure residues, grass and legume straw, and
charcoal from the burning of previous crops predominated, whereas R2 samples mainly

contained wood chips, residual shells from nut byproducts, and fumigation residues.

According to Wang et al. (2021) and Schjenning (2023), the residues found in R1
significantly contribute to SOC availability, particularly residues of straw and burning, due to
their rapid decomposition under high-temperature irrigated conditions. This aligns with

observations from this research, as temperatures during the sampling period ranged between

26°C and 33.5°C.

On the other hand, the wood chips and nut byproducts found in R2, which contain
high levels of structural carbon decompose and mineralize more slowly due to their high lignin
and cellulose content compared to plant residues and manure (Mays et al., 2014; Bolinder et
al., 2020). The opposite trend is observed in TN levels between the two regions (Table 7), R2
samples presented higher average TN levels than R1 samples. Generally, R1 areas showed
residues rich in organic carbon at the expense of nitrogen, despite the presence of legume

residues and manure in some plots.

The high TN content in R2 can be attributed to the fact that the areas evaluated in
the Central Valley region were subjected to experiments with different nitrogen doses in the
orchards, as well as the presence of wood chips and fumigation residues at the site during the
sample collection. The fumigation process can temporarily increase the availability of mineral
nitrogen (NH4") and reduce organic matter decomposition, lowering organic carbon release and
significantly altering the carbon and nitrogen contents and dynamics at the surface (Fang et al.,

2019; Sennett et al., 2022; Yan et al., 2022).

In terms of variability, the coefficient of variation was high and quite similar across
all datasets, ranging from a minimum of 39.45% for TN in R1 samples to a maximum of
50.79%, also for TN in the generalized R1&R2 dataset. The results therefore highlight the
absence of influence of the quantification method on the variability observed in SOC and TN
across all datasets. Thus, the variation in element content across sets results from the specific

applications in each evaluated area.

The moderate to high variability found in this study aligns with previous findings
for SOC and TN in agricultural surface soils (Seema et al., 2020; Chen et al., 2022; Zhang et
al., 2022). This reflects the influence of factors such as agricultural management, soil type,

climate, and fertilization practices (Bradari et al., 2024). These results are supported by the
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similar maximum and minimum SOC contents in the two regions studied (Table 7). In R1
samples, SOC levels ranged from 0.267% to 2.504%, while in R2 the range was 0.320% to
2.320%. For TN, the minimum and maximum variations were slightly different: from 0.197

g/kg to 1.142 g/kg in R1 and from 0.230 g/kg to 2.13 g/kg in R2.
7.4.2 Spectral Analysis and Reflectance Transformations

The high reflectance observed in the average spectrum of R1 samples (Figure 28),
is mainly due to the sandy texture of the samples. According to Jensen (2011), quartz minerals
do not exhibit energy absorption properties, and thus sandy soils tend to have higher albedo

compared to soils with lower sand content.

The presence of kaolinite is significantly evidenced by the prominent “step”
features at 1400 nm and 2200 nm, with its concentration indicated by the depth of absorption
at these two wavelengths (Stenberg et al., 2010; Coblinski et al., 2021). In addition to these
features, kaolinite may also present a spectral signature around 2300 nm (Kokaly et al., 2017).
2:1 clay mineral, such as smectite, montmorillonite, and illite, formed through a relatively
recent weathering process, are also indicated by absorption at 2200 nm but without the step-
like feature and with a prominent peak at 1900 nm (Fang et al., 2018), making these

wavelengths reliable markers for mineralogical identification.

Previous studies with various soil samples have also highlighted the 2350 nm band
as indicative of illite presence (Poppiel et al., 2019; Coblinski et al., 2021). This wavelength
showed strong absorption peaks in the spectral behavior of R1 samples, suggesting that this

clay mineral may be present on the surface of the evaluated soils.

Samples from R2, in addition to showing a pronounced feature at 1900 nm
characteristic of 2:1 minerals, exhibited weak absorption at 1400 nm and 2200 nm, as well as
reduced albedo across the spectrum, indicating higher energy absorption, possibly attributable

to the less sandy texture of the soils in the region (Jensen, 2011).

The higher spectral variability observed in the shaded area of Figure 28 was more
pronounced in R2 samples than in R1, which was also reflected in the variability of SOC and
TN contents. This can be attributed to the edaphic heterogeneity of the Central Valley, captured
by the diverse samples and the greater sampling depth (0-10 cm). In contrast, R1 samples,
collected from the topsoil (0-1 cm), showed less variability, likely due to the shallower sampling

depth.
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Soil properties such as texture, clay content, organic matter, and moisture vary with
depth, influencing reflectance spectra (Coblinski et al., 2020; Zeng et al., 2021). Therefore,
sampling depth is a key factor in spectral variability of samples and is essential for accurate

analyses and proper interpretation of results.

These findings suggest that the soil in the R1 region is spectrally more
homogeneous, with lower intraregional variability, as expected given that the sampling area is
smaller than R2’s. In this context, spectral heterogeneity combined with chemical variation
becomes a valuable source of information for detailed analyses, provided appropriate data

processing and interpretation techniques are applied (Jin et al., 2011; Sano et al., 2024).

Differences in spectral behavior between samples become even more apparent after
continuum removal of reflectance (Figure 29a) and when using the first derivative (Figure 29b).
Continuum removal normalizes the curve around absorption features, setting the maximum
reflectance to 1.0 at each feature (Clark et al., 1987). The continuum-removed reflectance value
reflects the relative depth of absorption at specific features (Poppiel et al., 2019), allowing

observation of absorption nuances and subtle spectral differences between R2 and R1 samples.

The prolonged absorption feature between 430 and 850 nm in R1 samples (Figure
29a) can be attributed to the accumulation of organic structures, especially the C-H group
stretches (Stenberg et al., 2010). The complex structure of organic matter, rich in aromatic
molecules and carboxylic groups, imparts a strong capacity to absorb energy, masking
important characteristics such as the response of iron oxides in the visible spectrum and
amplifying absorption peaks (Pearlshtien; Ben-Dor, 2020; Pudelko; Chodak, 2020; Ribeiro et
al., 2021).

On the other hand, R2 samples show clear features of iron oxides, highlighted by a
peak between 415 and 482 nm, important for detecting goethite in various soils with continuum-
removed spectra, as well as characteristic hematite features between 600 and 870 nm (Fang et

al., 2018; Seema et al., 2020; Coblinski et al., 2021).

The prominent absorption at 1900 nm, evidenced by reflectance transformed to the
first derivative (Figure 29b), indicates the presence of 2:1 type clay mineral in both datasets,
with a more pronounced illite behavior in R2 samples, showing strong absorption at 1900 nm,

features at 2350 nm, and less expression at 1400 nm and 2200 nm.
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In the first derivative, the value is zero at the wavelength where reflectance reaches
its maximum and increases according to the rate of change of reflectance with respect to
wavelength (Bou-Orm et al., 2020). Sharp variation peaks captured by the first derivative
highlight the strong influence of clay mineral absorption, even in sandier soils. The colloids
present are well indicated by the spectral behavior in the regions of 1400 nm, 1900 nm, 2200

nm, and 2350 nm.

7.4.3 Predictive Models
7.4.3.1 Multiple Linear Regression (MLR)

For the R1 sample set, % SOC prediction was most robust when using first
derivative transformed reflectance data, with 25 wavelengths selected as predictor variables.
While untransformed reflectance and continuum-removed spectra produced reasonably
accurate models (Table 8), their RPD values of 1.67 and 1.87 indicate model refinement is

necessary according to Chang et al. (2001).

For TN (g/kg) prediction, untransformed reflectance and continuum-removed data
also performed well with MLR, but the most accurate model again used first derivative
reflectance as predictors (Figure 30b). These results are consistent with Gholizadeh et al.
(2023), who predicted SOC and TN in litter samples with Adj. R? ranging from 0.64 to 0.77

using reflectance spectra collected in darkroom conditions with a contact probe.

With the R2 samples, the best predictive performance for both attributes was also
achieved with first derivative reflectance (Figures 30c and 30d). Although accuracy parameters
were similar to those of continuum-removed spectra (Table 8), the first derivative offered

computational cost advantages, using 21 spectral bands as predictors.

Spectral models often deal with high-dimensional data, making processing
computationally intensive and costly (Deneer et al., 2024). Reducing computational cost
enables the application of these models at large scale and in resource-limited settings, providing
fast, efficient responses without sacrificing precision (Sun; Scanlon, 2019; Akulich et al., 2022;

Matsui; Sasaki, 2023).

Specific models for R2 samples showed the best approximation with measured SOC
and TN values (0.85 < Adj. R?> <0.91), with RPD = 3.34 for SOC and 3.49 for TN. The high

accuracy of the local Central Valley model may be attributed to the use of the automated
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LECO® Elemental Analyzer, which reduces noise-related variation (Wang; Anderson, 1998;
Gazulla et al., 2012; Even et al., 2025).

When combining R1 and R2 samples into a generalized dataset, models showed
intermediate accuracy for % SOC using raw reflectance and continuum-removed data (RPD <
2.00, Adj. R? = 0.60 and 0.73, minimum RMSE of 0.211 and MAE of 0.172), similar to the
local R1 model. SOC and TN prediction stood out with first derivative reflectance data,
achieving Adj. R?=0.82 and RPD = 3.12 for SOC (Figure 30e), and Adj. R*?=0.90 and RPD =
3.44 for TN (Figure 30f).

The predictive performances found here are more accurate than those reported by
Reda et al. (2019), who used neural network models to estimate TN in diverse soils, obtaining

R?=0.75, RMSE = 1.10 g/kg, and RPD = 2.55 with reflectance data.

An increase in the number of selected spectral bands was noted in the generalized
R1&R2 model (Table 8), due to the higher spectral variability resulting from combining soils
with different physicochemical and mineralogical compositions (Sano et al., 2024; Mishra et
al., 2020). This required capturing a broader range of absorption features significant to diverse
edaphoclimatic contexts. Xu et al. (2017) and Zeng et al. (2021) suggest that effective predictive
models should consider multiple spectral variables to isolate influences of different soil

components, as spectral response is often affected by cumulative properties.

Although the best-performing models are highlighted, all developed models—even
those with fewer spectral variables—proved reliable and computationally efficient. Complete

equations for all multiple linear regression models are provided in Appendix E.
7.4.3.2 Partial Least Squares Regression (PLSR)

Table 9 shows that the use of the first derivative generally improves model accuracy,
as evidenced by higher Adj. R? and RPD values, particularly in the R1 and R2 datasets,
highlighting the importance of this spectral transformation to enhance accuracy by emphasizing

relevant spectral variations for soil attribute quantification (Ribeiro et al., 2021).

For the R1 region, the use of the first derivative yielded accurate models, with %
SOC prediction achieving an Adj. R? of 0.81, RPD of 2.30, and low errors (Figure 31a). TN
prediction was even more accurate, with Adj. R?=0.87, RPD =2.81, RMSE = 0.065, and MAE
= 0.054, reflecting the model’s superior ability to predict total nitrogen levels (Figure 31b).
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These results align with findings by Pudelko and Chodak (2019), who developed
PLSR models for SOC and TN prediction based on reflectance spectra, obtaining an RPD of
approximately 2.19. Chen et al. (2022) also reported similar results modeling various nitrogen
types in soils via reflectance spectroscopy, with Adj. R? ranging from 0.88 to 0.96 and RPD
varying between 2.92 and 5.65.

For R2 samples, the % SOC model reached Adj. R>=0.92, RPD = 3.34, RMSE =
0.117, and MAE = 0.087 using 5 factors (Figure 31c), while TN prediction attained Adj. R* =
0.92, RPD = 3.49, RMSE = 0.106, and MAE = 0.080 with 7 factors (Figure 31d), confirming
the efficacy of the first derivative in modeling these attributes, with reduced dispersion between

predicted and observed values.

When the regional datasets were combined into R1&R2, % SOC prediction
exhibited intermediate performance (Figure 31e), falling between the local models of R1 and
R2. TN prediction also showed intermediate accuracy metrics (Figure 31f), with Adj. R?=0.90,
RPD = 2.86, RMSE = 0.104, and MAE = 0.091.

Findings indicate that combining samples from distinct regions may slightly reduce
accuracy due to data heterogeneity, yet still maintain strong predictive capability (Xu et al.,
2017). Results align with Tahmasbian et al. (2018), who developed PLSR models for TN using
hyperspectral data, achieving R* = 0.86 and RPD = 2.08.

The predictive behavior of the combined R1&R2 model, observed in both MLR
and PLSR, suggests that the global model is more robust than the local R1 model, generalizing
better and providing useful predictions for heterogeneous soils. However, its precision does not
match the isolated R2 model, possibly due to combining samples quantified by different
methodologies, with R1 being more affected by external noise than R2. Global predictive
models, nonetheless, offer operational and scalability advantages, enabling application across

multiple regions (Alaminos et al., 2016; Ye et al., 2021; Zhou et al., 2021).

Despite methodological differences between R1 and R2, both models demonstrated
high efficiency in MLR and PLSR across all trials (Table 8 and Table 9), reinforcing the
robustness of the applied methods and their capacity to capture SOC and TN variation

irrespective of measurement approaches.

The similarity in accuracy between MLR and PLSR reflects the parsimony

principle, which favors simpler solutions that adequately explain the data. Although complex
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methods are employed, simpler approaches should be considered when they do not yield

significant improvements in prediction (Kargah-Ostadi, 2014; Ren et al., 2021).
7.5 Influential Wavelengths for Predictive Models

For all regression algorithms and datasets, spectral information using the first
derivative of reflectance demonstrated the best predictive performance for soil organic carbon
and total nitrogen. The main difference between MLR and PLSR lies in the interpretation of the
coefficients (slopes). In MLR, the slopes are directly associated with predictor variables
(spectral bands) and represent the influence of them on the variation of the predicted variable
(SOC or TN). In PLSR, the slopes reflect the influence of each predictor variable within latent
factors, which are combinations of those variables in predict model. This characteristic enables
PLSR to capture complex spectral variations in a more global manner (Wang et al., 2016;

Ribeiro et al., 2021; Gholizadeh et al., 2023).

Figure 32a shows the overlap in the influence of certain spectral bands on % SOC
prediction in R1 samples by both MLR and PLSR. Spectral bands at 772 nm, 818 nm, 845 nm,
1707 nm, 2192 nm, and 2313 nm demonstrate significant and consistent influence across both

methods based on the first derivative of reflectance.

Wavelengths near 800 nm, according to Alsaleh et al. (2025), are linked to
absorption by humic substances rich in carboxylic groups, particularly found in cellulose and
lignin from plant residues on the soil surface. Rossel and Behrens (2010) indicate that
wavelengths near 850 nm correspond to spectral signatures of compounds containing C-H
groups, while bands around 1700 nm relate to absorption by methyl and alkyl groups. Ribeiro
et al. (2023) also associated regions near 1700 nm with aromatic groups in humic substances,

observing negative slopes in the model, confirmed for the 1707 nm band in this study.

Spectral bands exhibiting similar slopes in MLR and PLSR usually indicate a robust
relationship with the target attribute, especially when associated with high predictive
performance (Tang et al., 2022). In soil spectroscopy studies from China, Wang et al. (2016)
demonstrated that both methods identified similar bands related to soil organic matter,

reinforcing the statistical and physical relevance of the convergent bands.

In the R1 dataset, PLSR smoothed the slopes compared to MLR, interpreted as
correction for multicollinearity and noise in the spectral and SOC data (Vasat et al., 2014; Wang

etal., 2023). By decomposing multicollinearity between adjacent bands, PLSR reduced extreme
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slopes by up to 40% in the local model R1, enhancing stability (Figure 32a). This effect is
evident in the 952/953 nm pair, where MLR shows slopes with opposite signs due to high first
derivative variability, possibly caused by noise. In PLSR, the regularization aligned signs and
reduced magnitudes, indicating the discrepancy arose from correlation among neighboring
bands rather than actual physicochemical differences. Even after attenuation by PLSR, the
bands at 802 nm and 818 nm remained relevant for SOC prediction, indicating that the spectral

features were preserved and recognized by both models.

According to Vasat et al. (2014) and Wang et al. (2016), PLSR regression
coefficients tend to be smooth for spectral variables, reflecting the continuous nature of
informative data, while non-regularized methods like MLR may produce artificial peaks or sign

inversions.

For the R2 samples, PLSR maintained the coefficient structure quite similarly to
MLR, with minor differences and maximum attenuations of up to 10% in coefficient values
(Figure 32b). This suggests lower redundancy among bands in this predictive model, allowing
PLSR to preserve nearly the entire amplitude of the direct linear model.
In the R2 dataset, the strongest negative correlations between the first derivative of reflectance
and SOC prediction occurred at 599 nm, 1165 nm, 1628 nm, 1730 nm, 1906 nm, 1983 nm, and
2016 nm. These regions have previously been identified as influential for organic carbon
detection in various soil samples (Seema et al., 2020; Ribeiro et al., 2021; Alsaleh et al., 2025).
Additionally, Stenberg et al. (2010) highlighted that regions around 1100 nm and between 1600
and 1800 nm are strongly influenced by organic structures containing phenolic compounds and

aliphatic carboxyl groups.

Differences in quantification methodologies may introduce noise into the results,
affecting the consistency of the calculated coefficients. The titration method used for the R1
samples is less sensitive to soils with low carbon concentration and sandy texture, such as those
in the studied region (Avramidis; Bekiari, 2021). In contrast, the elemental analyzer applied to
the R2 samples is more sensitive, providing more accurate results, especially for soils with low
SOC content (Gazulla et al., 2012; Even et al., 2025). The higher sensitivity and lower
interference of the elemental analyzer make it a more reliable methodology for sandy loam soils

like those of R2.

In the combined R1&R2 dataset, the model based on the first derivative of

reflectance highlighted several particularly influential wavelengths (Figure 32c). The 818 nm
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band exhibited the highest coefficient, remaining a dominant carbon marker even after
smoothing by PLSR. Other wavelengths such as 558 nm, 1077 nm, 1252 nm, 1340 nm, between
1591 and 1664 nm, 1864 nm, and 1996 nm also proved influential for SOC prediction in both
MLR and PLSR.

Influences observed near 550 nm can be attributed to the presence of organic matter
associated with iron oxides, responsible for peaks and absorption features in the visible region
(Pearlshtien; Ben-Dor, 2020; Cambou et al., 2022). Ribeiro et al. (2023) identified bands at
1608 nm and near 1840 nm as influential in predicting organic carbon associated with humic
substances in sandy soils. Additionally, Stuart (2004) reported that bands between 1650 and

1800 nm correspond to the first overtone of C-H stretching absorption in aromatic compounds.

The convergence of slopes in these regions demonstrates that, despite the diversity
in the clay contents and SOC quantification methodologies, the generalized model was able to
identify spectrally coherent features physically consistent with organic carbon distribution,
maintaining robust performance due to the selective attenuation of extreme coefficients applied

by PLSR.

For TN prediction in R1 samples, regression methods showed significant
differences among spectral band slopes. In the MLR model, the bands at 868 nm, 879 nm, 978
nm, 1179 nm, 1244 nm, 1302 nm, 1445 nm, 1502 nm, 1745 nm, and 2019 nm were the most
influential, reflecting the spectral behavior of the samples (Figure 33a). Upon applying PLSR,
extreme variations in slopes were notably smoothed. Bands near 868 nm and 879 nm
experienced coefficient reductions of up to 70%, demonstrating PLSR's capability to stabilize
slopes. This adjustment contributed to more stable and robust models with greater potential for
generalization to new datasets by reducing noise impact and regularizing the model (Wang et

al., 2016).

Considering the spectral behavior of R1 samples, bands at 1179 nm, 1244 nm, 1502
nm, 1745 nm, and 2019 nm were the most influential in total nitrogen variation, particularly in
the fifth latent variable of the PLSR, highlighting key spectral interaction points for this element
in the soil samples. These findings align with studies such as Wei et al. (2017), which identified

bands near 1239 nm and 1770 nm as relevant for nitrate detection in soil.

Fidéncio et al. (2002) noted that amine-containing structures (N-H) tend to absorb

energy via vibrations in the 2000-2100 nm range. Gholizadeh et al. (2023) also observed
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spectral bands near 1100 nm influenced by amine molecule absorption. Seema et al. (2020)

highlighted this region as strongly correlated with SOC detection across various soils.

Given the strong influence of amine and carboxyl groups in organic matter
structures, the nitrogen-carbon association likely contributed to energy absorption and
reflectance variation near 1170 nm (Stenberg et al., 2010). This pattern was also observed near

1700 nm.

Although both methods are efficient, differences between MLR and PLSR reflect
the regularization effect of PLSR, especially in datasets with high noise or multicollinearity. In
the R1 set, dominated by sandy soils, PLSR helped reduce the impact of local spectral
anomalies, yielding more reliable TN predictions by maximizing the relationship between the
response variable and predictors. Studies show that PLSR filters spectral noise from collinear
bands, resulting in models with more interpretable slopes aligned with actual soil chemical

properties (Vasat et al., 2014).

Analyzing the regression coefficients for R2 samples (Figure 33b) revealed higher
consistency in slopes magnitudes for both MLR and PLSR, similar to SOC predictive model
behavior. This stability may be attributed to the higher precision of the elemental analyzer used
for TN quantification. According to Wang and Anderson (1998), this technique carries a lower
risk of external contamination, likely leading to more consistent TN values, with less variable
coefficients in MLR compared to the maximum 30% smoothing observed in PLSR, notably at

1436 nm.

For the R2 dataset, the first derivative wavelengths exhibiting the strongest inverse
influence on total nitrogen (TN) prediction were 465 nm, 529 nm, 605 nm, 1949 nm, 1943 nm,
and 1999 nm. This indicates that these spectral bands are negatively correlated with TN levels;
as total nitrogen content increases, energy reflected around these bands reduces, resulting in

detectable spectral variations in the first derivative.

Conversely, bands at 953 nm and 1436 nm showed positive slopes for TN prediction
in R2 samples. The 953 nm band was characterized by Stuart (2004) and Stenberg et al. (2010)
as influential in detecting molecular vibrations of N-H groups, especially at wavelengths below
1000 nm. Vibrations in the visible range (465—-605 nm) are likely associated with partially
decomposed plant residues present in the soil samples (Tahmasbian et al., 2018; Sukhova et al.,
2019). These findings align with Misbah et al. (2024), who identified strong influences of

spectral bands between 500 and 600 nm for TN prediction in diverse soils.
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The spectral bands between 1949 nm and 1999 nm, highlighted as influential, were
previously linked by Stuart (2004) to the detection of amide molecules, especially with

vibrations near 1450 nm.

In the global model (Figure 33c), the first derivative slopes demonstrated higher
consistency compared to isolated R1 models. The R1&R2 model showed intermediate
performance, effectively representing data variability. The smoothing effect of PLSR on the
global model was less pronounced than in the isolated R1 model, reducing extreme MLR

coefficients by up to 51% (at the 617 nm band).

The most influential and consistent wavelengths for both methods were 1440 nm,
1592 nm, 1604 nm, and 1632 nm, exerting direct influence on the first derivative spectrum,
while 1479 nm, 1841 nm, and 2254 nm showed inverse effects. These spectral regions are
recognized as important for detecting nitrogen-containing organic compounds in soil (Wei et
al., 2017; Liang et al., 2025; Mochen et al., 2025). Chen et al. (2022) also emphasize that
ammonium, nitrate, and urea affect energy absorption around 1000-1100 nm, 1400 nm, and

1600 nm, with spectral variations dependent on their concentrations, even at low levels.

Bands near 1440 nm and 2250 nm have been associated by Ruma et al. (2024) with
indirect prediction of mineralized nitrogen, due to interactions between amine and amide
molecules and hydroxyl groups of soil colloids such as kaolinite, illite, smectite, and carboxylic
acids. Although bands near 1100 nm did not show strong influence in the model, the first
derivative in this region was effective for TN prediction in the R1&R2 dataset. Absorption
peaks associated with urea molecules were observed near 1160 nm (Chen et al., 2022),
corroborating results for R1 and R1&R2. The equations for the first derivative-based models

are provided in Appendix F.

These results demonstrate that simple models like Multiple Linear Regression
effectively predict SOC and TN using reflectance spectroscopy, although PLSR better smooths
and balances regression coefficients. Combining simplified regression algorithms with
generalized predictive models appears promising, particularly for sandy soils, enhancing the
application of remote sensing for soil monitoring under diverse environmental conditions.
These findings contribute significantly to the scientific community, broadening the applicability

of soil monitoring techniques across varied contexts.



106

7.6 CONCLUSION

This research effectively assessed the application of reflectance spectroscopy in
predicting soil organic carbon (SOC) and total nitrogen (TN) across two distinct regions (R1
and R2), with different soil properties and agricultural management approaches. Spectral
transformations, particularly the first derivative, significantly improved the models’ capability

to discriminate subtle variations in SOC and TN between the regions.

Multiple Linear Regression (MLR) and Partial Least Squares Regression (PLSR)
models demonstrated high predictive accuracy for SOC and TN, particularly when using first
derivative transformed reflectance data. The models for R2 exhibited the best performance,
with robust predictions. The generalized models also showed highly reliable performance,
proving to be efficient and computationally feasible, highlighting their potential for large-scale

applications.

Finally, the spectral bands identified as most influential for SOC and TN prediction
were consistent across both MLR and PLSR models, reinforcing their importance in soil
characterization. Bands located at 818 nm, 1707 nm, and 2000 nm further emphasized the

relevance of spectral data in soil monitoring.

This study therefore demonstrates the feasibility of using reflectance spectroscopy
to predict SOC and TN in soils with distinct characteristics and management histories. The high
predictive performance of the MLR and PLSR models, along with the identification of key
spectral bands, provides valuable insights for the field of soil science, offering practical
applications for large-scale monitoring, particularly in agricultural contexts with limited

résources.
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8 FINAL CONSIDERATIONS

Methodologies for monitoring and quantifying soil attributes have evolved in
response to the growing demand for sustainable, cost-effective, and low-maintenance analyses.
In this context, reflectance spectroscopy and hyperspectral imaging have become essential

complements to traditional chemical techniques, especially for analyzing surface soil samples.

The study on EnMAP confirmed its effectiveness as a valuable data source for
environmental monitoring, validating its spectral responses against established multispectral
sensors with higher spatial and temporal resolutions. EnMAP’s high-resolution spectral
capabilities surpass traditional multispectral sensors, making it particularly useful in NDVI
studies, and offering greater precision in distinguishing soil from vegetation. The combination
of EnMAP with Sentinel-2 and PlanetScope has proven to be deeper insights for environmental
research and monitoring. The research emphasized that EnMAP, with its multispectral and
hyperspectral data integration, holds significant promise for advancing environmental

monitoring in a variety of applications, from soil analysis to broader ecological research.

The research evaluating the performance of Multiple Linear Regression (MLR)
models for predicting SOC and TN using spectral data from EnMAP and the ASD FieldSpec®
sensor further demonstrated the reliability and accuracy of satellite-based predictive models.
With ideal study conditions, such as low cloud cover, proximity of sampling and imagery, and
enough samples, EnNMAP proved to be a practical and efficient alternative for large-scale
monitoring. This approach eliminates the need for transporting expensive and cumbersome
equipment to remote locations, making it particularly advantageous in areas with limited access
and resources. The study also revealed that model calibration for specific SOC and TN ranges
could improve predictive accuracy, particularly for soils with lower concentrations of these

attributes.

Additionally, laboratory spectral studies conducted on oven-dried soil samples
collected from different depths and land uses confirm the efficacy of reflectance spectroscopy
for predicting organic carbon and total nitrogen. The development of global predictive models
capable of generalizing results to soils with textures ranging from sand to sandy loam further

expands the potential applicability of these methodologies across diverse agricultural contexts.

Therefore, this research demonstrates the feasibility and effectiveness of using
advanced remote sensing and spectral analysis techniques to predict soil properties such as SOC

and TN across diverse regions with different soil characteristics and management histories. The



108

high predictive performance of the models, alongside the identification of influential spectral
bands, provides a solid foundation for future applications in large-scale soil monitoring. These
methods offer valuable practical applications in agricultural contexts, especially in areas with
limited resources. By reducing operational costs and fieldwork challenges, these technologies
open new pathways for more sustainable, efficient, and large-scale environmental monitoring.
The results contribute to advancing the field of soil science, encouraging further exploration of
these techniques in other environmental contexts and supporting the development of more

informed and effective land management strategies.
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APPENDIX A — RECORDS OF THE STUDY AREAS

Figure A1. Representative examples of areas where spectral analyses and soil sampling were
conducted in DIBAU. a) coconut cultivation at early growth stage with surface burn
residues; b) area undergoing initial soil preparation with leguminous plant residues; c)
cassava crop with residual straw; d) area in preparation stage showing presence of charcoal;
¢) dwarf coconut plantation in early development with inter-row legume residues; f) cashew
cultivation area with grass straw and burn residues.

124



125

APPENDIX B — USDA TEXTURAL TRIANGLE FOR SOIL SAMPLES FROM DIBAU
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APPENDIX C — LINEAR PREDICTION MODELS

Table C1. Model parameters for Soil Organic Carbon (SOC) and Total Nitrogen (TN) prediction using Approaches |
and II, based on reflectance data from the EnMAP sensor and the FieldSpec spectroradiometer in situ. The values in
parentheses represent the spectral bands selected for each model.

Sensor Linear Regression Model (p < 0.05) Range (g kg™) A;;;l
SOC (gkg") =
—17.35 + 2246.52(p21910m) — 2329.28(p1175nm) + 7645.31(p22070m) —
5698.19(p2182nm) + 1172.08(p2174nm) — 4830.55(p1128nm) — 5327.66(p22820m) —
EnMAP 20.65(p2257am) + 720.35(p2148nm) — 6657.19(p2216nm) + 2827.05(p2265nm) + (Approach I) 0.75
46.92(p2306nm) - 2715.03(p1234nm) - 4871.13(p1211nm) - 4508.90(p1258nm) + 2.67-23.6 ’
5612.23(p1139nm) — 677.33(p23370m) + 2827.05(p1036nm) + 8301.07(p1223nm) +
273.96(p2407nm) — 2348.20(p1025nm) + 4956.98(p1246nm) + 1385.94(p2298nm) +
452.39(p2353nm)
SOC (gkg™) =
21.84 —2327.67(p2077am) — 1795.10(po11nm) + 1700.70(psosnm) +
FieldSpec in  1749.52(p2095nm) + 358.64(p1891nm) — 3024.26(p2113nm) + 2636.88(p2438nm) — (Approach I) 0.73
situ 2256.84 (p2119nm) + 1721.84(p1534nm) — 2202.13(p2439nm) — 1641.38(p1ss7am) —  2.67 —23.6 ’
1418.83(p2349nm) + 1362.33(p2406nm) — 723.22(p23920m) — 637.36(p1927nm) +
399.99(p1949nm)
SOC (gkgh =
—13.13 +2519.67(p2191 nm) — 264.12 (p1175 nm) + 697.20(p2207nm) —
EnMAP 1571.42(p21820m) — 405.5 (p1128nm) — 6187.92(p22820m) + 597.98(p2148nm) — (Approach II) 0.91
2125.082(p2216nm) + 5253.35(p2265nm) + 1820.77(p1211nm) — 3730.38 (p125snm) 11.6-23.6 ’
+ 683.54(p1139nm) — 99.05(p23370m) — 232.68(p1036nm) — 2738.31(p1223nm) —
107.530(p2407nm) + 353.61(p1025nm) + 4557.15(p1246nm) + 1000.09(p2298nm)
SOC (gkgh) =
FieldSpec in 20.05 — 2445.60(p20770m) — 3539.91(pot1nm) + 3340.0(psosnm) + (‘;pgrfﬁclhgl)
it 1195.51(p2095nm) + 403.93(p1891nm) + 1517.54(p2113nm) + 2152.44(p2438nm) — ' & ' 0.83
111.57(p2119nm) + 3644.82(p1534nm) — 1917.32(p2439nm) — 3348.71(p1557nm) — 162 —23.2
1712.0(p2349nm) + 1052.79(p2406nm) — 269.96(p1927nm) ’ '
TN (gkg") =
EnMAP 0.905 — 18.668(p93enm) + 25.445(p94inm) — 9.926(p9s2am) — 13.845(p96inm) + (Approach )
11.087(po6snm) + 42.428(p1128nm) — 97.091(p1139nm) + 58.663(p1151am) — 9.793(p2361nm)  0.197 — 0.880
+ 7.519(p2376nm) — 19.804(p2415nm) + 34.091(p24220m) — 12.841(p2445nm)
TN (gkg') =
FieldSpec in  0.579 — 43.434(ps7am) + 77.905(psosnm) — 47.791(p1910nm) + 64.812(p1953nm) — (Approach ) o o
situ 35.688(p614nm) — 58.138(p1944nm) + 11.398(p1878nm) + 46.685(p1918nm) — 0.197 — 0.880 '
15.882(p19ssnm) — 16.112(p1319nm) + 14.556(p1337nm)
TN (gkg") = (Approach IT)
EnMAP 1.149 — 8.596(p93enm) + 6.240(p941nm) + 39.962(p1128nm) — 61.805(pP1139nm) + 0.550 —0.880 0.82

23.505(p1151nm) — 6.050(p2361nm) + 2.103(p2415nm) + 4.465(p24220m) — 2.079(p2445nm)

TN (gkg) =
0.751 +40.269 (p5770m) — 63.620(p593nm) + 27.489(p1910nm) + 65.692(p1953nm) +
27.915(pe14nm) — 36.397(p1944nm) — 7.993(p1878nm) — 55.313(p1918nm) + 3.809(p1988nm)

FieldSpec in
Situ

(Approach II)
0.550 -0.880 0.85
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APPENDIX D — USDA TEXTURAL TRIANGLE FOR SOIL SAMPLES FROM
DIBAU (R1) AND CCV (R2)
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APPENDIX E - MULTIPLE LINEAR REGRESSION (MLR) MODELS USING ASD

FIELDSPEC IN DARKROOM

Spectral

Attribute Dataset
data

Equation

Adj. R?

Ref

CR
R1

1 st
derivative

3.459 — 61.847(p2440nm) — 35.268(pe33nm) + 15.486(p1927nm) — 16.990(p1899nm) +
114.868(p1996nm) — 73.883(pazsnm) — 47.425(pas3nm) + 38.030(pesinm) + 125.481(p2393nm) +
58.236(p2433nm) — 30.170(p1814nm) — 42.584(p433nm) + 212.209(p2192nm) + 62.045(p2414nm)
— 140.672(pa47nm) — 68.487(p23570m) — 151.569(p2179nm) + 108.128(p2437nm) —
106.592(p2410nm) + 124.557(paatnm) + 177.754(padsnm) — 79.615(p1947nm) —
184.616(p24020m)

828.082 — 171.433(p1522nm) — 291.038(p1286nm) + 376.268(p1626nm) — 190.789(p1648nm) —
245.418(p1636nm) — 197.589(p1347nm) + 102.656(p2325nm) + 108.259(p1191nm) —
266.692(p1216nm) — 79.788(p2303nm) + 178.388(p1555nm) — 138.325(p1544nm) —
177.975(p1268nm) — 290.176(p16550m) + 71.780(p1194nm) + 143.551(p1329nm) +
157.330(pz106nm) — 79.784(p2100nm) + 52.109(p1208nm) + 66.312(p1221nm) +
117.302(p1463nm) — 73.055(p1465nm)

2.736 — 122.052(p1915nm) — 5413.026(ps18nm) — 1599.414(p17070m) — 1292.692(p20920m) +
1441.557(p21920m) + 3022.852(psoznm) — 973.739(p2408nm) + 1026.890(p2313nm) +
2419.800(p7720m) — 2008.228(ps4snm) — 1527.214(p2065nm) — 1652.673(psesnm) +

399.943(p2273nm) + 2314.095(pos20m) — 295.659(p1026nm) — 1590.079(p9s3nm) +
1632.657(ps93nm) — 679.860(p2252nm) + 602.625(p20370m) + 290.657(p1620nm) +
720.578(p721nm) — 436.278(pssinm) + 346.403(p1602nm) + 733.596(p1647nm) —
132.799(p1688nm)

0.64

0.71

0.8

Ref

CR

Soil Organic Carbon (%)

R2

1 st
derivative

0.615 — 102.545(p1003nm) — 14.071(ps34nm) + 18.581(p1394nm) — 9.553(p19250m) +
21.592(p18o1nm) — 27.810(p21320m) — 6.496(p7820m) — 48.767(paaznm) + 7.965(p1901nm) +
83.557(p470nm) — 9.047(p2206nm) + 66.865(pa36nm) + 78.422(pa63nm) + 12.308(p2341nm) +

22.475(p44snm) + 91.629(p993nm) — 64.412(p4a67nm) — 55.225(p4asinm) — 51.606(p494nm)

—193.184 — 103.074(p2108nm) + 41.596(p1856nm) + 49.567(p23220m) + 225.150(p21230m) —
42.829(p760nm) + 70.169(p1760nm) + 3.275(pad42nm) — 44.439(p23510m) — 58.320(p17270m) —
316.961(p1261nm) — 192.147(p1283nm) + 286.233(p1590nm) — 122.431(p1558nm) +
208.129(p1650nm) + 243.005(p12770m) + 24.496(p1514nm) + 6.788(p12650m) — 8.664(pss2nm) —
33.189(p1623nm) — 75.915(p1551nm) — 113.539(p1649nm) + 77.291(ps26nm) + 70.797(p1681nm)

1.213 = 650.002(ps99nm) — 1088.239(p1906nm) — 342.145(ps70nm) + 830.420(p1056nm) —
1427.657(p2016nm) + 1077.287(p19620m) — 838.816(p1730nm) — 1167.123(p19750m) +
1133.844(p1031nm) — 865.178(p1628nm) + 873.966(p1739nm) — 864.282(p2128nm) —
804.893(p1599nm) + 971.116(p967nm) — 1140.037(p1983nm) — 962.676(p1165nm) +
532.710(p16530m) + 561.395(p1270nm) — 631.504(pssanm) — 566.553(p1085nm) +
617.064(p1131nm)

0.85

0.9

0.9

Ref

R1&R2

CR

1.329 — 45.317(p2440nm) + 43.848(p1269nm) + 39.075(p2207nm) — 15.160(p1840nm) —
13.565(p1413nm) — 39.576(p21470m) + 14.044(p1903nm) — 72.191(p679nm) + 13.496(p22270m) —
63.077(p43snm) + 84.516(p7370m) + 41.805(paasnm) — 46.922(p1001nm) + 50.411(p497nm) +
30.901(p2297am) — 23.155(p577nm)

280.504 — 137.252(p1929nm) — 1134.819(p1280nm) + 129.928(p1934nm) + 45.584(p18750m) —
51.316(p2440nm) + 148.199(p1620nm) — 99.936(p2098nm) — 89.876(p2395nm) +
220.593(p21130m) — 134.254(p20920m) — 181.212(p1703nm) + 94.526(p1760nm) +
15.137(p2316nm) + 1208.829(p1279nm) — 95.128(p1740nm) — 477.684(p1278nm) +
31.827(p2430nm) + 191.946(p1571nm) + 56.514(p2399nm) + 5.716(p783nm) — 110.207(p15820m)
+96.643(p1690nm) — 12.569(p999nm) — 2.131(p663nm)

0.6

0.73

Continue...
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2.047 — 857.571(p2251nm) — 1721.245(p1659nm) — 790.852(p170snm) — 1415.690(p6oonm) +

688.082(ps67nm) — 898.081(p2066nm) — 392.186(p99onm) + 885.485(p1603nm) —
739.228(p1628nm) — 619.490(p15420m) + 1486.077(p1340nm) — 1347.424(psssnm) +
354.587(pa36nm) — 711.001(p1286nm) + 1112.103(p1591nm) — 785.685(p23320nm) +

st 580.489(p2184nm) — 1292.967(p477mm) — 801.192(p1636nm) + 957.747(p5730m) —
o 1484.535(p1664nm) — 369.581(p22550m) + 605.007(p2098nm) — 2716.917(ps1snm) +
derivative 1154.400(p708nm) + 1249.201(p1077am) + 983.626(p1864nm) + 980.400(p1022nm) +
1698.578(p12520m) — 533.286(p1283nm) — 1114.742(p699nm) + 755.629(p696nm) +
912.982(ps87am) — 363.352(p2367am) — 1202.289(p1996nm) + 1017.815(p1939nm) —

1069.408(p604nm) + 563.804(ps4dnm) — 329.007(p1688am) + 568.070(p1781nm) +

884.677(ps11nm) + 667.289(p17720m) — 805.975(p963nm)

0.89

Total Nitrogen (g/kg)

0.392 — 31.627(p1167am) — 28.620(p43onm) + 31.787(p633nm) — 12.430(p1927nm) —
19.057(p1844nm) — 55.350(ps45nm) + 22.781(ps73nm) + 7.509(p14120m) — 3.765(p2239nm) —
Ref 9.990(p43snm) + 30.559(p1730nm) — 14.920(pesinm) + 56.846(p2393nm) + 72.741(p443nm) +
33.468(p2192nm) — 30.191(p43enm) + 10.882(p2357nm) — 53.990(p2410nm) + 39.770(p2424nm) +
30.147(paz2nm) + 16.855(p1947nm) + 2.689(p236snm) — 93.081(p2402nm)

124.982 — 106.938(p2077nm) + 115.224(p12420m) — 92.534(p1644nm) — 19.900(p24320m) +
122.736(p2124nm) + 133.007(p2089nm) — 72.883(p1639nm) — 40.531(p2413nm) —
CR 85.247(p1649nm) — 57.297(p1690nm) — 31.557(p12750m) — 27.475(p1608nm) — 57.901(p1864nm) —
R1 44.161(p2426nm) + 42.844(p1ssonm) + 13.013(p2423nm) + 57.930(p1633nm) — 55.455(p1579nm) +
73.760(p1613nm) — 16.155(p1612nm) — 42.186(p1289nm) + 1.900(p1206nm) + 13.979(p1303nm) +
51.042(p1857nm)

0.649 + 361.734(p1302nm) + 611.685(p144snm) + 530.090(p1745nm) — 357.812(p2240nm) —
365.730(p4a6snm) + 482.592(p15020m) — 503.008(p978nm) + 402.366(ps37am) —
st 474.515(ps34nm) — 376.660(p1916nm) — 894.168(psssnm) — 552.215(p2019nm) +
L. 541.243(ps79nm) + 212.257(p2054nm) — 188.567(p1672nm) + 218.065(p1279nm) +
derivative 192.203(p164sam) — 377.161(p1527am) — 692.962(p1244nm) — 130.439(p22820m) +
93.714(p1288nm) +262.337(p997nm) — 220.004(p23970m) — 192.771(p1680nm) +
101.082(p1s210m) + 458.659(p1179nm)

0.81

0.88

0.632 — 45.941(p1003nm) + 2.324(ps34nm) + 19.991(p1394nm) + 5.140(p1925nm) —
Ref 10.039(p782nm) + 18.079(paaznm) + 0.906(p19010m) + 18.808(pa3onm) + 20.295(p470nm) —
12.958(p2206nm) + 35.225(p463nm) — 3.355(p2341nm) + 42.480(p993nm) — 36.311(p4ssnm) —
47.282(p494nm)

460.029 — 117.634(p1933nm) + 107.985(p1960nm) + 91.905(p1431nm) — 191.843(p2240nm) —
332.070(p1560nm) + 160.241(p2244nm) + 70.180(p166snm) — 56.319(p776nm) +
CR 48.753(p1862nm) + 261.114(ps37am) — 407.284(p1266nm) — 217.712(p1282nm) —
R2 100.650(p1711nm) — 169.337(ps4asnm) + 40.179(p1361nm) + 191.403(p21220m) —
173.452(p163anm) + 61.104(p1370nm) + 126.413(p1615nm) — 28.263(p2097nm) —
24.641(p23ssnm) + 60.850(p1538nm) — 68.548(p1643nm) + 206.215(p1264nm)

1.282 — 1088.527(pa6snm) — 505.927(p1892nm) — 1034.352(p60snm) — 772.335(p1927nm) —
257.019(p1001nm) — 1281.967(p1999nm) + 1399.386(p9s3nm) + 451.599(ps43nm) —
I 620.066(p1599nm) — 655.261(p1874nm) — 580.388(p1915nm) — 905.635(p1949nm) —
derivative 324.176(p2409nm) — 725.779(p529nm) — 845.023(p1943nm) + 825.097(p1436nm) +
283.810(p432nm) + 316.019(p1575nm) + 498.900(p1457am) + 326.616(ps73nm) —
287.278(p1503nm)

0.85

0.91

0.91

0.851 —24.364(p2440nm) — 27.019(p1269nm) + 15.666(p2207nm) — 38.146(ps36nm) +
5.296(p1939nm) + 16.354(p1413nm) — 11.504(p679nm) — 20.440(p22270m) — 70.702(pa76nm) —
R1&R2 Ref 34.112(p43snm) + 10.178(p1798nm) — 39.635(pa31nm) + 18.208(p4sonm) — 24.513(p1001nm) —
74.150(p442nm) + 16.662(p46snm) + 36.934(p43enm) + 40.564(p997nm) + 45.755(p497nm) +
76.956(p4dsnm) + 13.815(p2297nm) + 52.029(p441nm) + 15.704(p5770m)

0.83



130

265.305 — 111.873(p168snm) — 82.604(p1815nm) — 132.306(p2118nm) — 33.539(p1000nm) +
194.005(p1538nm) — 77.238(p1581nm) + 96.194(p21220m) — 252.147(p12820m) —
62.583(p2036nm) + 4.421(pso3nm) + 59.891(p18senm) + 70.647(p1795nm) + 53.637(p1304nm) +
122.896(p1249nm) + 133.687(p1960nm) — 135.770(p1964nm) — 40.816(p2404nm) —
CR 127.994(p15530m) + 124.003(p1500nm) + 115.533(p16520m) + 83.887(p19770m) —
158.028(p1567nm) — 91.408(p2226nm) + 63.522(p1075nm) — 155.359(p1261nm) +
120.194(p1590nm) + 76.777(p2229nm) — 65.297(p1932nm) + 46.290(p1664nm) + 22.805(p1874nm)
— 108.554(p1541nm) + 44.845(p2322nm) — 39.843(p2326nm) — 76.729(p17830m) +
56.131(p1711nm) — 45.03 1 (p11700m) + 41.610(p17870m)

0.89

1.035 — 742.217(p1398nm) — 318.934(pa63nm) — 553.063(p2040nm) — 292.647(p999nm) —
547.871(p2331nm) — 711.342(p2120nm) — 915.834(p617nm) — 163.520(p2396nm) — .
395.541(p2047am) — 371.903(p23620m) + 920.191(p16320m) — 772.867(p1saram) + CONLINUE...
936.248(p1263nm) — 253.113(p158onm) + 669.168(p1604nm) — 497.899(p2190nm) —

Ist 429.340(p2045nm) — 736.093(ps10nm) + 506.140(p434nm) + 337.349(p1290nm) +

. 548.809(p49onm) — 525.963(p1621nm) + 571.442(p615nm) + 882.808(p1238nm) —
derivative 668.640(p1479nm) — 590.048(p2254nm) — 390.551(p1311am) + 565.079(p15920m) —
400.830(p2325nm) + 616.660(p1400nm) — 417.491(p1853nm) + 315.264(p1087nm) —

540.938(p1194nm) — 603.273(p529nm) — 84.179(p1803nm) + 292.823(p2066nm) —

309.769(p2354nm) — 575.154(p1476nm) + 307.957(paasnm) — 445.459(p11320m) +

393.225(p1119nm) + 476.134(p1526nm) — 454.612(p14s7nm) + 328.441(p2118nm)

0.9

Ref.: Reflectance; CR: Continuum-removed
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APPENDIX F — PARTIAL LEAST SQUARE REGRESSION (PLSR) MODELS USING
ASD FIELDSPEC IN DARKROOM

Spectral

Attribute Dataset
data

Equation Adj. R?

2.492 — 34.689(p2440nm) - 31.474(p633nm) - 30.209(p19z7“m) + 7.815(p1s99nm) +
90.854(p1996nm) - 18.878(p435nm) - 90.086(p4s3“m) + 38.054(p681nm) + 12.452(p2393nm) +
Ref 75.494(pz433nm) - 38.576(p1814nm) - 21.887(p433“m) + 177.340(p2192nm) + 66.978(p2414nm) 0.66
- 8.833(p447nm) - 33.592(p2357nm) - 98.010(p2179nm) + 23.679(pz437“m) - 35.683(pz410nm) +
76.622(p441nm) + 62.525(p445“m) - 34.825(p1947"m) - 154.448(pz402nm)

659.250 — 172.122(p1522nm) - 304,500(p1286nm) + 362.296(p1625nm) - 193.936(p1648nm) -
217.111(p1s36nm) — 160.133(p13aznm) + 73.291(p23250m) + 135.048(p11o1nm) —
CR 203.827(p1216nm) - 50.884(p2303nm) +237.1 12(p1555nm) - 129.505(p1544nm) -
R1 143.359(p1268nm) — 275.588(p1essam) + 53.753(p1194nm) + 100.332(p1329nm) +
189.197(p2106nm) — 105.593(p2100nm) + 39.659(p1208nm) + 85.885(p1z21nm) +
82.665(p1463nm) — 61.831(p146sam)

2.410 — 141 .122(p1915nm) - 4408.478(p818nm) - 1619.715(p1707nm) - 1723,384(p2092nm) +
1285.933(p21920m) + 1748.544(psozam) — 864.174(p24080m) + 903.357(p2313am) +
I8t 2553.684(p772nm) —2101 .833(ps45nm) - 1356.814(p2055nm) - 1353.990(p865nm) +
L. 535.501(p22730m) + 1178.420(poszam) — 102.208(p1oz6nm) — 223.671(pos3nm) + 0.81
derivative 1188.576(psssam) — 1006.473(pazszam) + 968.303(p2037am) + 679.970(P1620nm) +
933.066(p7210m) — 678.082(pss1nm) + 77.049(p1sozam) + 915.384(p1647am) +
326.245(p16ssnm)

0.77

0.310 + 3.170(p1003nm) — 5.442(pszanm) + 13.120(p1394nm) — 4.492(p1925nm) +
7.547(p1so1nm) — 7.066(p21320m) — 18.791(p7820m) + 3.387(padznm) + 2.333(p1901am) +
2.123(pa7onm) — 0.007(p2206nm) + 4.179(pazenm) + 2.618(P2341nm) — 5.952(pasasam) +
3.582(p993nm) + 3.162(pas7am) + 1.893(pasinm) + 2.977(p49anm)

Ref 0.79

—56.641 — 48.213(p2108am) + 35.901(p1ssenm) + 44.405(p23220m) + 52.944(p21230m) —
47.519(p760nm) + 75.264(p17sonm) + 3.600(p442nm) - 36.715(p2351nm) - 120.345(p1727nm) -
CR 51 .950(p1261nm) - 24.435(p1283nm) + 55.201(p1590nm) - 54.712(p155snm) + 62.100(p1650nm) + 0.87
R2 23.295(p1277nm) - 11.864(p1514nm) + 10.529(p1265nm) - 32.887(p852nm) - 19.589(p1623nm) -
28.041(p1ssinm) + 43.371(p16onm) + 100.307(psz6nm) + 27.803(p1681nm)

Soil Organic Carbon (%)

1.173 — 551.900(psssnm) — 1011.856(p1s0snm) — 423.091(ps7onm) + 863.895(p1osenm) —
1507.656(p2016nm) + 1166.545(p1962nm) —925.53 8(p1730nm) - 1071.087(p1975nm) +
15t 1161 .392(p1031nm) - 826.377(p1628nm) + 783.421(p1739nm) - 887.592(p2128nm) -
derivative 750.479(pissonm) + 1002.296(posram) — 1064.575(p1ossnm) — 830.232(p11ssnm) +
502.356(;)1553.,,“) + 575.199(p127unm) - 634.634(p584nm) - 483.420(pwssnm) +
479.362(p1131nm)

0.91

1.054 — 65.422(pz440nm) + 38.904(p1269nm) + 48.799(p2207nm) - 26.665(p1840nm) -
19.295(p1a130m) — 38.222(p21470m) + 20.890(p1s03nm) — 34.891(per9am) + 38.571(p22270m) —
24.043(p4zsam) + 37.320(p737am) + 25.347(pasasum) — 27.517(p1oo1nm) + 13.470(pao7nm) +
21.670([)2297.“") - 7.465(p577nm)

Ref 0.57

R1&R2 286.584 — 143.332(p1929nm) — 186.189(p1280am) + 136.214(p1934nm) + 46.627(p1875um) +
44.188(p2440nm) — 71.812(p1620nm) + 97.059(p2098nm) — 104.149(p239snm) —
189.802(p2113nm) - 126.214([)2092."“) - 153.536(p1703nm) + 111.242(p1760nm) +
19.357(p2316nm) - 77.243(p1279nm) -1 12.580(p1740nm) - 40.679(p127snm) + 36.837([)2430."“)
+142.222(p1571am) + 65.477(p23990m) + 6.571(p7830m) — 92.636(p1ss2am) + 78.008(Pp1690nm)
— 11.044(p99onm) — 2.203(Pss3nm)

CR 0.70

Continue...



1 st
derivative

2.143 - 986.614(p2251nm) - 1793.863(p1659nm) - 950.781(p1705nm) - 1424.268(p600nm) +
866.512(p567nm) - 794,216(p2055nm) - 473.965(p999nm) +1221 .544(p1603nm) -
993.700(p1628nm) - 554.430(p1542nm) + 1704.992(p1340nm) - 1467.189(psssnm) +
387.543(p436nm) - 689.202(p1286nm) + 1499.068(p1591nm) - 921.521(p2332nm) +
669.516(p2184nm) - 1604.705(p477nm) - 714.240(p1636nm) + 728.949(p573nm) -
1242.819(p1664nm) - 200.248(pzzssnm) + 670.799(p2098nm) - 1850.521(p818nm) +
704.940(prosnm) + 1237.452(p1077am) + 817.340(p1seanm) + 830.683(p1022am) +
1156.192(p12s20m) — 704.585(p1283nm) — 943.364(pssonm) + 775.897(pessnm) +
891.103(pss7nm) - 576.586(p2367nm) - 1306.040(pl996nm) + 800.248(p1939,.m) -
494.166(psoanm) + 638.522(pssanm) — 600.979(p1sssnm) + 546.564(p1781nm) +
417.835(p811nm) + 826.352(p1772nm) - 924.824(p963nm)

132

0.82

Total Nitrogen (g/kg)

Ref

R1 CR

1 st
derivative

0.471 — 29.916(p1167nm) + 0.182(p430nm) + 2.683(p633nm) - 2.704(p1927nm) -
10.262(p1saanm) — 25.259(psasam) + 14.507(p1412am) + 14.396(p2239am) — 1.043(pazsnm) +
3.735(p1730nm) + 23.113(pesinm) + 6.049(p2393nm) + 7.281(paaznm) + 1.964(p21920m) +
17.944(pazénm) + 3.581(p2357nm) — 4.190(p2410nm) — 10.263(p2424nm) — 3.569(p432am) +
5.985(p1947nam) + 1.264(p236snm) + 2.023(p24020m)

371.861 — 64.282(p2077nm) + 93.617(p1242nm) - 56.977(p1644nm) - 13.346([)2432;"“) +
16.784(p2124nm) +51 .871(pzos9nm) - 25.871(p1639nm) - 48.096([)2413."“) - 79.833(91649,“") -
70.915(91590.““) - 23.863(p1275.,m) - 46.097(p1608nm) - 65.263([)1864."“) - 30.052(92426,“") +
24.447(p1ssonm) + 21.733(p24230m) + 26.259(p16330m) — 46.604(p1579nm) + 27.492(p1613nm) —

8.069(p1612nm) - 18.646([)1289.““) - 47.675(p1206nm) + 12.993(p1303nm)

0.615 +492.178(p130zam) + 404.603(p144snm) + 586.497(p17asum) — 363.862(p2240nm) —
371.916(p465nm) + 625.714(p1502nm) —311 .107(p97snm) + 288.626(p537nm) -
216.977([)534.““) - 395.304([)1916.““) - 590.843(p868nm) - 540.463(p2019nm) +
115.212(ps79nm) + 125.674(p2054nm) — 198.114(p16720m) + 270.072(p1279nm) +

55.710(91545.““) - 89.757(p1527nm) —582.61 1(p1244nm) + 0.506([)2282.““) - 70.918(p1288nm) +
194.018(psoram) — 198.306(p2397am) — 56.353(P16sonm)

0.74

0.79

0.87

Ref

CR
R2

1 st
derivative

0.779 — 2.061(p1003nm) + 0.292(pssanm) + 17.959(p1394nm) + 2.050(p1925nm) —
11.007(p7sznm) + 1.918(p44znm) +4.5 19(p1901nm) + 1.553(P430nm) + 1.003(p470nm) -
4.333(p2206nm) + 1.406(p453.,m) -1 1.226(p2341,,m) - 1,782(()455“.“) + 1.703(p494nm)

243.411 - 125.593(p1933.m.) + 108.668(p1960nm) + 120.267(p1431nm) - 189.954(p224unm) -
281.730(p1s6onm) + 150.479(p2244nm) + 61.722(p16ssam) — 49.823(p776nm) + 41.382(p1sszam)
+ 171.693([)837“.“) - 89.173(p1266nm) - 200.838(p1282nm) - 76,934(p1711nm) -
93.156(psasnm) + 45.056(p13e1nm) + 164.105(p21220m) — 81.307(p163anm) + 25.257(p13708m)
+ 88.950(p1615nm) - 28.726(pzo97nm) - 27.427(pzsssnm) - 16.771(p1538nm) + 7.954(p1643nm)
+30.729(p1264nm)

1.232 - 1075.175(p465nm) - 573.695(p1392nm) - 1047.726(p605nm) - 756.651(p1927nm) -
286.125(p1001nm) — 1064.062(p1osonm) + 1265.916(possnm) + 492.979(psaznm) —
738.600(p1599nm) - 509.620(p1874nm) -5 14.152(p1915nm) - 924.649([)1949...“) -

303.369(pz409nm) - 900.194(p529nm) - 677.309(p1943nm) +570.3 13(p1436nm) +
290.187(pasznm) + 244.436(p15750m) + 346.233(p1aszam) + 481.677(ps730m) —
186.704([)1503“,“)

0.78

0.90

0.92

Ref

R1&R2

CR

0.678 — 39.079(pz440nm) - 19.081(p1269nm) +21 .450(p2207nm) - 4.202(p536nm) +
8.391(p1939nm) +14.1 54(p1413nm) - 12.842(p679nm) - 18.693(pzzz7nm) - 6.309(p476nm) -
3.382(p435nm) - 0.065(p1793nm) —16.51 1(p431nm) +10. 121(p2393nm) - 23.27O(p445nm) -

1.948(p10o1nm) — 1.331(paesnm) + 4.588(pazsnm) + 36.844(po97nm) + 3.314(pas7am) +
10.636(p2297am) + 5.075(pa41nm) + 6.013(Ps770m)

192.724 — 95.079([)1688“1) - 79.980(p1815nm) -1 154665(p2118nm) - 34.478(p1000nm) +
150.150(p1538nm) - 1264429(p1581nm) + 764205([)2122“".) - 2104680(p1282nm) -
57.418(p2036nm) + 4.702(p803nm) + 404214(p1856nm) + 80.752(p1795nm) + 37.918(p1304nm) +
92.792(p1249nm) + 98.335(p1960nm) - 102-234(P1964nm) - 42.242(p2404nm) -
147.268(p1ss3nm) + 118.581(p1soonm) + 89.072(p16520m) — 81.872(p19770m) —

51 .867(p1557nm) + 64.635(p2226nm) - 37.237(p1075nm)

0.82

0.87
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1.012 - 628.129(p139snm) - 226.778(p463nm) - 613.316(pzo40nm) - 290.693([)999,.,..) -
607.769(pz331nm) —587. 196(p2120nm) - 447.890(p617nm) - 262.155(p2396nm) -
406.045(pzo47nm) - 407.537(p2362nm) + 935.901(p1632nm) - 720.846(p184lnm) +
667.849(p1263nm) - 326.632(p1580nm) + 726.030(p1604nm) - 430.720(p2190nm) -
1%t 381.524(p204snm) — 787.186(ps1onm) + 482.449(pazanm) + 410.493(p1290nm) + 0.90
derivative 425.210(pasonm) — 435.723(p1s21nm) + 206.930(psisam) + 658.638(p1238nm) — ’
728.577(p1479nm) - 585.884(p2254nm) - 302.672(p1311nm) + 456.733(p1592nm) -
423.899(p2325nm) + 542.179(p1400nm) - 375.486(p1853nm) + 266.293(p1087nm) -
201.536(p1194“m) - 526.395(p529nm) - 116.71 l(plsosnm) + 393.493(p2066nm) -
344.220(p23s4nm) + 370.483(p1476nm)

Ref.: Reflectance; CR: Continuum-removed



