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A B S T R A C T

Soil Organic Carbon (SOC) is a paramount soil attribute for climate regulation, soil fertility, and agricultural 
productivity. The global demand for SOC testing came in response to expanding soil management practices 
aimed at ensuring soil health. This study explores enhanced accuracy in predicting SOC using soil spectroscopy 
(proximal sensing). A Soil Spectral Library (SSL), made from 127 soil profiles in Northeast Brazil, mainly by using 
soils from a semi-arid region, was used. Four modeling scenarios were employed, incorporating distinct cova
riable sets: 1) diffuse reflectance from laboratory spectroscopy (SSL); 2) diffuse reflectance and radar vegetation 
indices from all-weather and globally available Sentinel-1 satellite data; 3) diffuse reflectance and environmental 
factors; 4) all covariables. Integration of radar vegetation indices and environmental factors significantly 
improved SOC estimates by soil spectroscopy. Predicting SOC solely from SSL reflectance data yielded an average 
RMSE of 4.54 g kg− 1 and R2 of 0.62. However, by using all covariables significantly reduced RMSE by 
approximately 13 % (to 3.94 g kg− 1) and increased R2 by 14 % (to 0.71). This comprehensive approach, 
combining SSL, satellite radar vegetation indices, and environmental variables, substantially advances SOC 
spectroscopic prediction accuracy, offering valuable insights for applications in agriculture and environmental 
monitoring. These findings contribute to the reliability of proximal and remote sensing methodologies in soil 
testing.

1. Introduction

The soil has ecosystem functions important for the entire biosphere. 
Among the main ecological functions of soils (besides technical and 
cultural functions), we have: biomass production, water filtration and 
storage, nutrient storage and recycling, habitat for biological activity, 
and carbon storage (Wiesmeier et al., 2019). Soil organic carbon (SOC), 
which is the main fraction of soil organic matter, is a key soil attribute 

due to soil carbon storage being important not only for climate regula
tion but also for affecting all of the soil functions mentioned above 
(Wiesmeier et al., 2019) including controlling soil fertility and agricul
tural production (Jobbágy and Jackson, 2000).

The growing awareness of SOC’s importance in soil conservation and 
its critical role in maintaining ecosystem functions has spurred the 
development and adoption of sustainable practices as key strategies for 
mitigating greenhouse gas emissions (FAO, 2020; Lal et al., 2018; 
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Paustian et al., 2019; Smith et al., 2020). Examples of farm-scale con
servation practices include no-tillage, cover cropping, and agroforestry 
systems. These practices, and their increasing adoption, have height
ened the demand for soil monitoring due to their effects on soil attri
butes such as SOC, soil structure, and salinity, ranging from farm to 
watershed scales. Spatial and temporal soil monitoring is essential for 
assessing soil’s role in food and fiber production, greenhouse gas miti
gation, and water and biodiversity protection (FAO, 2020; FAO, 2024). 
Furthermore, monitoring, reporting, and verifying SOC levels are crit
ical for implementing and adapting site-specific soil management 
practices effectively (Angelopoulou et al., 2020).

However, the high global demand for soil analysis consumes a lot of 
chemical reagents used in the analytical determination of SOC, such as 
dichromate, ferrous ammonium sulfate, and sulfuric acid (Demattê 
et al., 2019a). Also, traditional chemical soil analysis methods are time- 
consuming and expensive. As a result, soil spectroscopy in the visible 
and near-infrared regions of the spectra is an alternative and comple
mentary method to traditional chemical determinations of SOC. Spec
troscopy is a relatively fast, low-cost, non-destructive, proximal soil 
sensing method (Bellon-Maurel and McBratney 2011; Demattê et al. 
2019b; FAO 2020; Viscarra Rossel et al. 2016).

Soil spectroscopy consists of measuring the diffuse reflectance of soil 
samples, commonly manipulated in the laboratory, and building soil 
spectral libraries (SSL) (Demattê et al. 2019b; Viscarra Rossel et al., 
2010). The method consists of quantifying the reflectance of samples at 
wavelengths within the visible (Vis: from 350 to 700 nm) and near- 
infrared (NIR: from 700 to 2500 nm). Although mid-infrared (MIR: 
2500 to 25000 nm) can also be measured, it is less common than other 
spectral regions (de Mendes et al., 2022). SSL contains the reflectance of 
the samples in the visible and infrared spectral bands, and the chemical 
and/or physical attributes of the soil samples. With an SSL, the attributes 
of interest can be modeled with the spectral readings through chemo
metrics models (Pudełko and Chodak, 2020; Soriano-Disla et al., 2014). 
Typically, Machine Learning (ML) methodologies are used to build these 
models, by using regression methods such as Partial Least Squares, 
Support Vector Machine, Random Forest, and others (Ben-Dor et al., 
2009; de Mendes et al., 2022; Moura-Bueno et al., 2019; dos Santos 
et al., 2022; Soriano-Disla et al., 2014).

Spectroscopy is said to be a promising methodology to increase ef
ficiency and help monitor soil attributes (Nocita et al., 2015) and thus is 
in constant evolution to improve the accuracy and reliability of esti
mates. Among the advances in soil spectroscopy, we highlight the use of 
modeling strategies with independent samples from the same SSL to 
improve the generalization capacity of the models (Brown et al., 2005; 
dos Santos et al., 2023a,b; McBride, 2022; Viscarra Rossel et al., 2022). 
Ways to improve the understanding of soil attribute prediction models 
with SSL are also necessary and have been studied (McBride, 2022; 
Viscarra Rossel et al., 2022; Wadoux, 2023). Furthermore, recently, the 
use of other environmental variables (added to SSL) stood out as a way 
of increasing the accuracy and precision of models, especially for SOC 
prediction models (Adi et al., 2019; Moura-Bueno et al., 2021; Sabeti
zade et al., 2021; Wang et al., 2022).

In this context, Moura-Bueno et al. (2020, 2019) observed that 
stratifying an SSL into subsets based on homogeneity criteria defined by 
other environmental variables produced more accurate estimates of 
SOC. However, the downside of stratifying was the reduced number of 
samples to calibrate ML models (Moura-Bueno et al., 2020). To address 
the challenges posed by reduced sample sizes in stratified SSLs, the 
Cubist regression method, previously applied to global SSL modeling 
(Viscarra Rossel et al., 2016), has since been adopted in various studies 
(Adi et al., 2019; Moura-Bueno et al., 2021; Sabetizade et al., 2021; 
Wang et al., 2022).

The advantage of Cubist lies in its ability to automatically partition 
samples into subsets based on decision rules derived from continuous 
and/or categorical variables. This feature allows for more targeted 
modeling by capturing the variability in soil properties or SOC content 

across different environmental conditions. Furthermore, continuous 
variables are used in internal linear regression models to make pre
dictions (Kuhn and Johnson, 2013; Kuhn and Quinlan, 2023; Quinlan, 
1992). Notably, the environmental variables added to SSL must be 
related to soil formation factors and the variability of SOC content in the 
landscape.

Although there are still no criteria for choosing environmental var
iables specifically for SSL, to achieve SOC values, such variables must 
indicate soil formation factors (Moura-Bueno et al., 2021). The possible 
and available environmental variables must be SCORPAN factors, which 
describe soil variations in the landscape such as the soil itself, climate, 
organisms, relief, parental material, age, and spatial position 
(McBratney et al., 2003; Minasny and McBratney, 2016). Therefore, 
variables such as soil texture, climate classification, vegetation indices 
by orbital remote sensing (ORS), classifications of land use and cover, 
mineralogy, elevation, and others have been used (Adi et al., 2019; 
Meng et al., 2022; Moura-Bueno et al., 2021, 2020, 2019; Sabetizade 
et al., 2021; Wang et al., 2022).

Specifically, the vegetation indices by ORS indicated by Sabetizade 
et al. (2021) for modeling SOC with a national SSL have the advantage of 
representing both the presence and amount of vegetation (Zeng et al., 
2022), which is the main input of organic matter into the soil after 
deposition and decomposition (Wiesmeier et al., 2019). These variables 
are continuous and can be used both to stratify an SSL and to predict 
SOC levels. Unfortunately, the problem with optical satellite products is 
the uncertainty regarding the availability of scenes due to cloud cover, 
mainly in tropical regions (Asner, 2001; dos Santos et al., 2022).

Hence, radar ORS is important because it is much less influenced by 
cloud cover than optical sensors (Flores-Anderson et al., 2019; Wood
house, 2006). In this context, the vegetation indices for synthetic aper
ture radar (SAR) sensors emerged to put the high operability of radar to 
good use as an alternative to spectral vegetation indices through optical 
sensing. SAR vegetation indices aim to represent the amount of above
ground plant biomass or phenology (Bhogapurapu et al., 2022; dos 
Santos et al., 2021; Frison et al., 2018; Mandal et al., 2020b, 2020a; 
Periasamy, 2018). Therefore, they can be alternatives to optical ORS 
products in modeling SOC through soil spectroscopy, requiring only 
tests to prove their feasibility.

The work hypothesizes that the accuracy and precision of SOC pre
diction models using diffuse reflectance spectroscopy in the Vis-NIR 
spectrum tend to improve when environmental variables are added to 
the modeling in Cubist models. Specifically, we propose the use of SAR- 
derived vegetation indices (obtained via orbital radar sensors) alongside 
other environmental covariates to enhance SOC estimates. To test this 
approach, we utilized a regional soil spectral library (R-SSL) from 
Northeastern Brazil and evaluated SOC prediction models based on Vis- 
NIR. We assessed whether the inclusion of SAR vegetation indices and 
other environmental variables improves model performance and con
tributes to a more robust estimation of SOC levels.

2. Methodology

2.1. Study area description

The soil data was surveyed in the State of Pernambuco, Northeast 
Brazil. The studied soil profiles are between meridians 34◦ 48′ and 38◦

48′ W and between latitudes 7◦ 18′ and 9◦ 18′ S (Fig. 1). The surveys were 
carried out in campaigns from 2011 to 2013.

The studied soil profiles are in three different climatic regions, ac
cording to the Köppen climate typology for Brazil (Alvares et al., 2013). 
From east to west, the first region is the coastal zone, which has an Am 
climate (tropical zone with monsoons), whose climate is hot and humid, 
with average annual temperatures varying between 24 and 26 ◦C and 
total annual rainfall between 1600 and 2500 mm year− 1; the second 
zone is subhumid and classified as As climate (tropical zone with dry 
summer), it is a hot and dry region (26–28 ◦C and 600–1000 mm 
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year− 1); further west is the semi-arid region, which has a Bsh climate 
(dry zone, semiarid with low latitude and altitude), with a hot climate 
(27–29 ◦C) with low (400–800 mm year− 1) and irregular rainfall (dos 
Santos et al., 2020). Only one soil profile falls under the climate class Csa 
(humid subtropical zone with hot and dry summer). This class is only 
found in this region due to its elevation close to 1,000 m.

127 soil profiles were surveyed in different classes of land use and 
land cover. The profiles were collected in Acrisols (35 profiles), Luvisols 
(12), Leptsols (23), Arenosols (11), Regosols (12), Planosols (23), and 
Ferralsols (11).

Regarding the different classes of land use and land cover (LULC) in 
the Caatinga and Atlantic Forest biomes: Agriculture (31 profiles), 

Fig. 1. Location of soil profiles sampled in the study area and their distribution according to the Köppen climate classification (Alvares et al., 2013), their respective 
soil classes, and land use and land cover classification (LULC) surveyed by MapBiomas (Coleção 6.0 do MapBiomas (Souza et al., 2020)), as well as the terrain 
elevation (NASA JPL, 2020).
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Pasture (27), Other agricultural uses (5), Open Caatinga (31), Dense 
Caatinga (27) and Forest (forest formation, 6 profiles). The Agriculture 
class corresponds to rainfed agricultural cultivation, mainly subsistence 
agriculture with the cultivation (mostly) of corn (Zea mays L.), beans 
(Phaseolus vulgaris L.), cowpea beans (Vigna unquiculata L. Walp.), and 
cassava (Manihot esculenta Crantz.). The Pasture class represents areas 
grazed and covered by native or introduced African grasses and other 
herbaceous plants. The dense Caatinga class represents areas of native 
Caatinga forest that had substrate and tree shrub covering between 60 
and 80 % of the soil surface. The open Caatinga class has less soil 
covered by trees and shrubs, between 40 and 60 %, due to natural causes 
or human interference.

2.2. Collection and analysis of soil samples: analytical and spectroscopic 
determination

Soil samples were collected in trenches of 0.7 × 0.7 m in area in the 
soil profiles mentioned previously. After removing the superficial litter, 
the trenches were dug. The samples were collected in seven layers at 
standard depths (cm): 0 to 10, 10–20, 20–30, 30–40, 40–60, 60–80 and 
80–100. Since not all profiles were deeper than or equal to 1 m, a total of 
701 samples were collected (n = 701).

The samples underwent an analytical determination of their chemi
cal and physical properties in the laboratory. The samples were dried 
and sieved through a 2 mm mesh. Soil organic carbon contents (SOC, g 
kg− 1) were determined with subsamples of approximately 10 mg via dry 
determination, using the TruSpec CHN-analyzer (LECO® 2006, St. Jo
seph, EUA).

To create the regional spectral library (R-SSL), soil samples were 
prepared in the laboratory for spectral readings in visible, near-infrared, 
and short-wave wavelengths (Vis-NIR). Hence, the FieldSpec 3 spec
troradiometer (Analytical Spectral Devices Inc., Boulder, CO, USA) was 
used. The Fieldspec 3 measures radiance from 350 to 2500 nm and has 
spectral resolutions of 1 nm (from 350 to 700 nm), 3 nm (700 to 1400 
nm), and 10 nm (1400 to 2500 nm). The sampling intervals of the output 
data are 1 nm with 2151 spectral bands. 20 g of each soil sample was 
placed in Petri dishes and distributed homogeneously on a flat surface. 
The source of electromagnetic radiation was two halogen lamps (50 W) 
(both non-collimated and with a zenith angle of 30◦) positioned 35 cm 
from the sample with an angle of 90◦ between them. A fiber-optic cable, 
located 8 cm from the center of the sample surface, captured the re
flected energy from an area of approximately 2 cm2. For each sample, 
the average reflectance was calculated from three repetitions of readings 
in different positions, decreasing the shading effect. Each repetition 
consisted of 100 sensor readings, to maximize the signal-to-noise ratio. 
The instrument was calibrated before sample readings and every 20 min 
thereafter, using a white Spectralon plate.

2.3. Spectral library pre-processing

The original reflectance, without any transformation, of all R-SSL 
samples was subjected to two pre-processing steps. The first step con
sisted of smoothing the spectral curves using a moving average filter, for 
this purpose a convolution function with a band of 4 nm was used. The 
second step consisted of calculating the normalized reflectance from the 
smoothed curves by using the continuum removal algorithm of Clark 
and Roush (1984).

The normalized reflectance spectral curves in Vis-NIR were used to 
model and predict SOC contents. This was defined because the contin
uum removal technique highlights light absorption features by organic 
compounds (Viscarra Rossel et al., 2016) and performed best in 
modeling SOC contents with the same R-SSL (dos Santos et al., 2023a,b; 
dos Santos et al., 2020).

2.4. Model’s environmental variables

In addition to the normalized reflectance in Vis-NIR, other environ
mental variables were used to predict SOC levels. The selected envi
ronmental variables are related to the formation and variation factors of 
SOC in the landscape, as recommended by (Moura-Bueno et al., 2021).

The set of environmental covariates can be divided between cate
gorical and continuous. The categorical covariates used were the LULC 
classes and soil types (obtained from the field survey, Fig. 1), and the 
climate class of each soil profile. The climate classification was obtained 
from the Köppen classification mapping for Brazil (Alvares et al., 2013). 
The continuous covariates are elevation, which was obtained from the 
NASADEM digital elevation model (NASA JPL, 2020), and SAR vege
tation indices. Table 1 summarizes all environmental variables used in 
the modeling process, and further details regarding the SAR vegetation 
indices are presented in the subsequent section.

2.5. Obtaining SAR vegetation indices from the Sentinel-1 mission

In this study, orbital remote sensing products were also used to 
predict SOC contents. The satellite data used in this study came from 
images of the SAR (Synthetic Aperture Radar) sensor on board the 
orbital platforms of the European Space Agency (ESA) Sentinel-1 
mission. The Sentinel-1 images were used to obtain vegetation indices 
proposed in the literature for this sensor.

The Sentinel-1 mission satellites operate with SAR-type imaging 
radar sensors. These are active sensors, which in the case of Sentinel-1 
satellites, operate in the C band (with a wave frequency of ≅ 5.4GHz) 
(ESA, 2012). Dual polarization images from the Interferometric Wide 
Swath (IW) imaging mode were used, which are pre-processed images 
with only the observed wave amplitude information, called GRD 
(Ground Range Detected) products.

Table 1 
Summary of all environmental variables used in the study and their source.

Environmental 
variable

Variable data 
type

Dummies 
covariables 
for modeling

Spatial 
resolution

Source of the 
data

Land use and 
land cover 
(LULC)

Discrete/ 
Categorical 
(classes used 
as dummy 
covariables)

Pasture, 
Forest 
Formation, 
Farming, 
Agriculture, 
Open 
Caatinga, and 
Dense 
Caatinga

N/A Field 
surveying

Climate Discrete/ 
Categorical 
(classes used 
as dummy 
covariables)

Am, As, Csa, 
and BSh

100 m Alvarez et al. 
(2013)

Soil classes Discrete/ 
Categorical 
(classes used 
as dummy 
covariables)

Ferralsols, 
Regosols, 
Arenosols, 
Leptsols, 
Luvisols, and 
Acrisols

N/A Soil surveying

Elevation Continuous − 30 m NASADEM: 
reprocessing 
of Shuttle 
Radar 
Topography 
Mission (NASA 
JPL, 2020)

SAR vegetation 
indices

Continuous − 10 m* Sentinel-1 ESA 
mission (ESA, 
2012)

Note: * pixel size of 10 m and variable spatial resolution; N/A: not available, 
since the data comes from field surveying, stead of any geospatial dataset.
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Since the Sentinel-1 orbital mission started in 2014 (ESA, 2022), the 
Sentinel-1 IW GRD images obtained for the study were multi-temporal to 
the soil surveys. Although the survey was carried out from 2011 to 2013, 
the images that covered the entire study area (first selection criteria and 
scenes) were from 2017. Therefore, 28 products were used, from the 
relative orbits of numbers 9 and 82. The images were selected from dates 
(month) compatible with the dates of the survey (second criterion). This 
choice was based on studies that used products from remote sensing 
platforms to model SOC (mainly Sentinel satellites) and used observa
tions from different dates than the soil surveys for SOC analysis (Kunkel 
et al., 2022; Shafizadeh-Moghadam et al., 2022; Sothe et al., 2022; Zhou 
et al., 2020a, 2020b). This methodology is common and valid when 
there are no significant changes in the factors that control SOC levels in 
the soil, such as changes in land use and cover (Wiesmeier et al., 2019), 
which was not observed for the study area.

To ensure no significant LULC changes occurred in the studied soil 
locations, an evolution analysis was conducted. It is available in the 
Supplementary Material of the article, summarized in Fig. S1. Details of 
the Sentinel-1 IW GRD images can also be found in the Supplementary 
Material (Table S1).

Sentinel-1 IW GRD images have two wave polarizations with greater 
global coverage. These polarizations are the VH, whose sensor emits a 
pulse of radiation in vertical polarization and measures the reflectivity 
detected in horizontal polarization, and VV, whose emission and 
detection are in vertical polarization. Dual polarization Sentinel-1 IW 
GRD images are required to determine Sentinel-1 SAR vegetation 
indices.

Sentinel-1 IW GRD images are formed after the sensor scans the 
Earth’s surface over a wide swath of 250 km. This broad band is made up 
of three subbands (IW1, IW2, and IW3) obtained by the TOPSAR method 
– Terrain Observation with Progressive Scans SAR (De Zan and Guar
nieri, 2006). Subbands IW1, IW2, and IW3 are scanned with incidence 
angles of 32.9◦, 28.3◦, and 43.1◦, respectively. Furthermore, the spatial 
resolution of the images (in the range × azimuth directions) of the IW1, 
IW2, and IW3 subranges are 20.4 m × 22.5 m, 20.3 × 22.6, 20.5 × 22.6, 
respectively (ESA, 2022). The scenes used are from the Alaska Satellite 
Facility (ASF, 2022) portal due to their accessibility.

After the acquisition, the Sentinel-1 IW GRD products were pro
cessed using the following algorithms: 

1) Apply Orbit File: obtains accurate satellite orbit and velocity vectors 
and generates accurate georeferenced images;

2) Thermal Noise Removal: removes antenna thermal noise that affects 
images;

3) Border Noise Removal: removes noise at the images’ edges;
4) Radiometric Calibration: normalizes the amplitude of each polariza

tion for a Radar Cross Section (RCS) and obtains the backscatter 
coefficient (reflectivity per unit area) in β0 (RCS required to perform 
terrain corrections);

5) Despeckling: applies the Speckle noise filter using the Lee Sigma filter 
with a window of 11 × 11 pixels (sigma = 0.9);

6) Radiometric Terrain Flattening (RTF): mitigates distortions in back
scatter that are likely to occur due to the relief (slopes, hills, etc.) and 
the operating geometry of SAR sensors (of the side-looking type) 
(Small, 2011). At this stage, the digital elevation model used to 
represent the relief was the Copernicus 30 m Global. After the RTF 
algorithm, the symbology of the backscattering coefficient (reflec
tance for radar) is transformed from β0 to γ0 (more details can be 
found in the methodology of Small (2011)).

7) Range-Doppler Terrain Correction: orthorectification of the images 
from the Copernicus 30 m Global.

The described steps of the digital processing of Sentinel-1 images are 
necessary to transform the wave amplitude detected into a backscatter 
coefficient. Although the IW images have different spatial resolutions in 
terms of range and azimuth, after orthorectification the output image 

has a pixel size of 10 × 10 m. More details of the Sentinel-1 IW GRD 
image processing steps can be obtained in the texts Filipponi (2019) and 
dos Santos et al. (2021). Once we had the images with VH and VV po
larizations calibrated to the backscatter coefficient at γ0, the next step 
was to calculate the SAR vegetation indices.

Following the methodology of Santos et al. (2023), five products 
from Sentinel-1 images were used to predict SOC contents, such as the 
VH polarization, which is itself a polarimetric indicator of the presence 
of vegetation and the amount of aboveground biomass (da Bispo et al., 
2020; Joshi et al., 2017; Saatchi, 2019; Santoro et al., 2021; Woodhouse, 
2006), and four other vegetation indices. The vegetation indices calcu
lated were: the Cross-ratio (CR), the Dual-polarization SAR Vegetation 
Index (DPSVI), the modified DPSVI (DPSVIm), and the Dual-polarization 
Radar Vegetation Index for GRD products (DpRVIc). Table 2 provides 
details about each of the indexes mentioned.

Python programming language resources, using SNAP (Sentinel 
Application Platform) software algorithms were used to download and 
process images and calculate vegetation indices. The algorithms used to 
process Sentinel-1 images were from the SNAP Sentinel-1 toolbox 
module, made available by ESA. R programming language resources (R 
Core Team, 2023) were used to sample the images using the geographic 
coordinates of the soil profiles. SAR images were sampled using precise 
geographical coordinates obtained in soil surveying (using a Global 
Navigation Satellite System receiver), and the pixel that the soil locali
zation falls into was selected to add SAR backscattering and vegetation 
indices to the database. The codes used to process and sample the 
Sentinel-1 IW GRD images can be checked in the repository: <https://gi 
thub.com/eupassarinho/sentinel-1-SAR-vegetation-indices.git> (dos 
Santos et al., 2023a,b).

2.6. Soil organic carbon content modeling approaches

Four scenarios were defined for modeling: model set 1, model set 2, 
model set 3, and model set 4 (Fig. 2). In model set 1, only the Vis-NIR 
normalized reflectance spectral bands (obtained by proximal sensing) 
were used to predict SOC contents. In model set 2, in addition to the Vis- 
NIR spectral bands, the SAR satellite vegetation indices (obtained by 
remote sensing) were used (polarization VH, CR, DPSVI, DPSVIm, and 
DpRVIc). In model set 3, the Vis-NIR spectral bands and the covariates 
LULC, soil type, climate, and elevation were used. Finally, the model set 4 
used all covariates: Vis-NIR, vegetation indices SAR, LULC, soil type, 
climate, and elevation. The four scenarios followed the modeling 
method described in the following topics:

2.6.1. Regression methods and covariate selection
Cubist was the regression method used in all four scenarios to predict 

SOC levels. Cubist is a regression method based on regression trees. It 
divides the training data into homogeneous partitions for the covariates 
used. A series of rules using “if-then conditions” define the partitions. 
When a partition is created, at the end of the trees (final leaves) a linear 
regression model (ordinary least squares) is used to predict the soil 
attribute. Continuous or categorical variables can be used to define 
conditions, but only numerical variables are used in the regression 
equations. Details about how Cubist works can be found in Quinlan 
(1992) and Kuhn and Johnson (2013). Cubist was chosen for its ability 
to handle spectral data and heterogeneous datasets such as R-SSL 
(Demattê et al. 2019b; Moura-Bueno et al. 2021; Viscarra Rossel et al. 
2016).

The R language implementation of Cubist has two hyperparameters 
that can be used to optimize Cubist models: the number of committees 
and neighbors. When setting up a combination of committees, Cubist 
adopts a boosting-like scheme that creates iterative model trees in 
sequence, which means that the argument committees controls the 
number of model trees. The argument neighbors controls the number of 
similar samples (from the training data with defined rules) that are used 
to adjust to predict a new sample (Kuhn and Johnson, 2013; Kuhn and 
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Quinlan, 2023). In all model sets, the committees and neighbors argu
ments were tuned via the Search grid declared in the train function of the 
caret library (Classification and Regression Training for R, (Kuhn, 
2008). The number of declared committees was 50 and 100, and the 
number of neighbors was 5 and 9.

To optimize model training by Cubist, a Vis-NIR covariate selection 
step was added to the modeling. The Vis-NIR spectral covariates to 
predict SOC levels were selected using the LASSO (Least Absolute 
Shrinkage and Selection Operator) regression method, following the 
methodology of dos Santos et al. (2023a,b). LASSO is a regression and 
selection method based on the principle of parsimony, in which unim
portant and/or highly correlated covariates are eliminated. LASSO fits a 
multiple linear regression model (using the ordinary least squares 
method) that has a covariate penalty parameter: when the slope coef
ficient of a covariate is equal to zero, then the covariate is eliminated 
from the model (James et al., 2013; Tibshirani, 1996). Covariate selec
tion with LASSO was applied to Vis-NIR covariates in all modeling 
scenarios.

The LASSO implementation provided by the glmnet package in the R 
language was used (Friedman et al., 2010). LASSO’s penalizing hyper
parameter is λ, which was also tuned via the Search grid using a vector 
with numbers ranging from 0 to 2 in intervals of 0.05. In addition to the 
hyperparameter λ, the hyperparameter alpha was set up, which is the 
elastic net mixing parameter. To fit LASSO models, alpha was kept con
stant at one (1) (Friedman et al., 2010; Tay et al., 2023). Furthermore, as 
a requirement of the LASSO method, to correctly penalize the covariates, 
they must be on the same scale. Therefore, as pre-processing steps for 
training data in the caret train function, the following was set up: 
centering and scaling by the mean and standard deviation of the cova
riates, respectively.

The Recursive Feature Elimination (RFE) algorithm (Guyon et al., 
2002; Kuhn and Johnson, 2013) was implemented right after LASSO’s 
spectral covariables selection. RFE was implemented to apply covariable 
selection not only to normalized reflectance but also to SAR and envi
ronmental covariables. The caretFuncs from caret was used and a Cubist 
kernel was set to perform covariable selection. The size parameter, i.e., 
the number of predictors to be tested, was set as 5, 10, 20, and the total 
number of covariables, having other optimal intermediary numbers of 
predictors defined by the algorithm.

2.6.2. Dividing data to train and test (holdout) the models and cross- 
validation

The database was divided into a training set (for training Cubist 
models) and a holdout test using the proportion of 70 % and 30 % of the 
data, respectively (Brus et al., 2011). Although the division was done 
randomly, it was ensured that all samples from the same soil profile were 
in just one data set. This was done to ensure that the samples used to 
calibrate were independent of the ones used to test the models, following 
recommendations from (Brown et al., 2005; dos Santos et al., 2023a,b; 
Malmir et al., 2019; Poggio et al., 2017). Therefore, from the 127 soil 

profiles studied, 88 samples (n = 487, 70 % of the total) were used to 
train the models. The remaining 39 soil profiles (n = 214, 30 % of the 
total) were used to test the models.

The models were trained using 88 soil profiles (and their 487 sam
ples). The cross-validation method used to optimize the models’ 
hyperparameters was Leave-Soil-Profile-Out (LSPO CV). LSPO CV is an 
object-oriented k-Fold cross-validation that subsamples entire soil pro
files for each of the calibration and validation partitions (dos Santos 
et al., 2023a,b). LSPO CV also aims to use independent soil samples to 
calibrate and validate the model (Brown et al., 2005), especially when 
the dependent variable is SOC, which may have a spatial dependence 
structure between nearby soil layers (dos Santos et al., 2023a,b). In the 
LSPO cross-validation, 10-Folds were configured. The CreateSpacetime
Folds method, from the CAST library (Meyer, 2021; Meyer et al., 2018), 
was used to randomly select which soil profiles were allocated to each of 
the Folds.

The division of the data into training and testing was done only once, 
but the division of the training data into different subsets of the LSPO 
cross-validation was done 100 times. Therefore, soil profiles were 
randomly drawn 100 times to select different samples to calibrate and 
validate the models. Hence, for each modeling scenario, 100 models 
were adjusted. The objective of repeating the modeling process is to 
evaluate the variability of model uncertainty when different data are 
used to train them (Gomes et al., 2019; Kuhn and Johnson, 2013; Mishra 
et al., 2022).

2.6.3. Model assessment
The models were adjusted to minimize the RMSE (Root Mean 

Squared Error) in training. However, the accuracy and correlation of the 
models’ predictions on the test data were measured by the statistical 
metrics: RMSE, MAE (Mean Absolute Error), MSE (Mean Squared Error), 
coefficient of determination (R2), Lin’s concordance correlation coeffi
cient (CCC) and Nash-Sutcliffe model efficiency (NSE).

The different model sets (e.g. model set 1 versus model set 3) were 
compared using non-parametric statistical tests. The results of the cor
relation and error statistics, between the predicted and observed SOC 
values (in the test data), from each model set were statistically compared 
to verify whether the statistical values differed significantly, that is, 
whether they came from different distributions. For this, the Kruskal- 
Wallis test was applied, a non-parametric test for three or more groups 
of continuous variables. If a statistical difference was verified in this, the 
Dunn test was applied (test for paired groups, after the Kruskal-Wallis 
test) (McKight and Najab, 2010). In both cases, a 95 % confidence in
terval (P = 0.05) was adopted.

The relative importance of the covariates for model prediction was 
obtained by Variable Importance Plots – VIP (Greenwell et al., 2020; 
Greenwell and Boehmke, 2020; Kuhn and Johnson, 2013). This was 
done to identify and evaluate the relative importance of different 
sources of covariates (spectral covariates, SAR vegetation indices, and 
other environmental covariates) in the Cubist model. Regarding Cubist, 

Table 2 
Description of vegetation indices and polarimetric descriptors calculated from Sentinel-1 IW GRD images.

Vegetation index Formula Theoretical bounds Bibliographic reference

DPSVI

DPSVI(i,j) =

VH(i,j)

[ (
VVmax • VH(i,j) − VV(i,j) • VH(i,j) + VH(i,j)

2)+
(
VVmax • VV(i,j) − VV(i,j)

2 + VH(i,j) • VV(i,j)
)

]

̅̅̅
2

√
• VV(i,j)

0 ≤ DPSVI (Periasamy, 2018)

DPSVIm
DPSVIm(i,j) =

VV2
(i,j) + VV(i,j) • VH(i,j)

̅̅̅
2

√
0 ≤ DPSVIm (dos Santos et al., 2021)

CR CR(i,j) =
VV(i,j)

VH(i,j)

1 ≤ CR (Frison et al., 2018)

DpRVIc
DpRVIc(i,j) =

q(i,j) •
(

q(i,j) + 3
)

(
1 + q(i,j)

)2 ; in which q(i,j) =
VH(i,j)

VV(i,j)

0 ≤ DpRVIc ≤ 1 (Bhogapurapu et al., 2022)

Note: VV(i, j) and VH(i, j) correspond to the backscatter coefficient of polarizations VV e VH in pixel (i, j).
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the relative importance of covariates consists of the average between the 
percentage of times that a given covariate was used: to create a rule (in 
decision trees) and in an internal linear regression. Fig. 2 displays a 
general scheme of the modeling process, mainly the modeling scenarios, 
for SOC contents.

3. Results

3.1. Environmental variables and SOC levels

The highest levels of SOC were found in forest areas and dense 
Caatinga whereas the lowest levels were in pasture and agriculture areas 
(Fig. 3a).

Regarding the SOC levels as a function of climate, in Fig. 3b, the 
lowest SOC levels were in the semi-arid climate (BSh). The highest SOC 
levels were found in the Csa climate, in a soil profile in the Dense 

Fig. 2. Soil organic carbon (SOC) content modeling scheme using different predictor variables.
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Caatinga area (with an elevation of around 970 m).
According to the local elevation (Fig. 3c), the highest SOC levels 

were observed at altitudes < 200 m, a region where the Am and As 
climates predominate. In the other elevation ranges, the SOC levels are 
similar, but with high SOC levels in areas >800 m.

Finally, regarding soil classes (Fig. 3d), a dummy variable, also 
adopted in the modeling strategies, the highest SOC levels were 
observed in Leptsols, Ferralsols, and Acrisols. From these classes on
wards until Regosols, SOC levels decrease.

SAR vegetation indices indicate the amount of vegetation, which can 
be correlated with the amount of aboveground biomass, the leaf area 
index, or another biological parameter. Therefore, Fig. 4 shows the 
distributions of SOC levels and SAR vegetation index values in each 
LULC class.

The graphs from Fig. 4 show that the DPSVI and DPSVIm indices 
follow the same pattern of SOC: the highest levels are concentrated in 
forest areas, dense Caatinga, and other agricultural uses, decreasing 
values up to the pasture and agriculture classes.

3.2. Performance of the models in predicting SOC levels with different 
covariates

Fig. 5 displays the results of the accuracy and correlation statistics of 
the predictions of the four model sets. Model predictions were obtained 
using the test dataset, with samples independent from the model 
training. Furthermore, the results are expressed in boxplots since for 
each of the four model sets, 100 values of each metric were obtained, 
totaling 400 trained models.

In the RMSE, MAE, and MSE error metrics of each model set, it is 
observed that the more explanatory variables are added to the modeling, 
the more accurate predictions become (Fig. 5a). The average RMSE in 
model set 1 was 4.54 g kg− 1. Adding the SAR vegetation indices, the 
average RMSE was 7.60 % lower, equal to 4.19 g kg− 1. Using spectral 
covariates plus environmental covariates, the average RMSE was 4.12 g 

kg− 1, 9.33 % lower than in model set 1. Finally, in model set 4, which used 
all available covariates to model SOC levels, the average RMSE was 3.94 
g kg− 1, 13.12 % lower than model set 1. The same behavior was noted for 
the MAE and MSE metrics.

Fig. 5b) displays the results of the R2, CCC, and NSE metrics for each 
model set. The result obtained with this set of correlation metrics be
tween predictions and observations corroborates the pattern observed in 
Fig. 5a): adding environmental covariates improved the model perfor
mance, making them more efficient and accurate. The average R2 ob
tained in model set 1 was 0.62, but when radar and environmental 
covariates were added (model set 4) this value increased by 15 % to 0.72. 
The same pattern of improving predictions could be noticed in the other 
metrics of agreement (CCC) and model efficiency (NSE).

It is important to highlight that there was a significant statistical 
difference between the RMSE, MAE, MSE, R2, CCC, and NSE values 
obtained in the four model sets. The results of the Kruskal-Wallis non- 
parametric test can be seen in Table 3. Furthermore, the results of the 
paired test (for the metric groups of each model set) and Dunn’s non- 
parametric test (after the Kruskal-Wallis test) can be checked on the 
Supplementary Material (Table S2).

Numerically, we identified that by adding predictor covariates to the 
Cubist models the models’ error dropped. Although SOC predictions 
using only Vis-NIR bands in Cubist models are already very good, by 
comparing the predicted and observed SOC values, as shown in Fig. 6, 
the predictions became even better and more accurate.

Fig. 6 shows the scatterplots between observed and predicted SOC 
values. The plotted points represent the average value of the predictions 
of the 100 models, while the vertical bars represent the range of the 100 
predicted values for each sample, from the 100 training sessions of each 
model set. In Fig. 6a), which predicted SOC samples using only the Vis- 
NIR bands, the samples are more dispersed (further away from the 1:1 
ratio) than in Fig. 6d). In Fig. 6d) SOC samples were predicted using the 
Vis-NIR bands plus all other predictor variables.

Furthermore, comparing Fig. 6a) with Fig. 6d), we noticed that the 

Fig. 3. Distribution of SOC (Soil Organic Carbon) levels in classes of landscape attributes. The following are displayed: a) SOC levels depending on land use and land 
cover (LULC); b) SOC levels in different climates; c) SOC levels at elevation ranges; d) the SOC levels in each soil class. Groups of distributions accompanied by 
different letters differ statistically from each other according to the non-parametric Kruskal-Wallis and Dunn tests (P = 0.05).
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amplitude of the 100 predictions for each SOC sample decreased. In 
other words, predictions became more accurate when more variables 
were used.

3.3. Contribution of different covariates in estimating SOC levels

A maximum of 76 Vis-NIR bands were selected by LASSO in model set 
1. However, after the RFE-Cubist selection, not all were used in all 
repetitions. This can be observed in Fig. 7. While there is a predomi
nance of using all or almost all bands (76 or 72 Vis-NIR bands, which 
occurred 42 and 50 times), in some repetitions smaller RMSE was ob
tained with least number of bands. The same is observed for all other 
model sets.

We observed, in the previous results, improvements in the accuracy 
and precision of SOC content estimates when covariates were added to 
the spectroscopy models. However, it is necessary to better understand 
the contribution of these environmental variables (vegetation types and 
indices, climate classes, soil in addition to elevation) used for the esti
mates. Thus, Fig. 8 displays the relative importance of these covariates.

Fig. 8a) shows the relative importance of individual spectral bands 

selected by the LASSO method for Cubist regression. In this graph, the 
plotted points represent the highest importance measured, while the 
vertical bars represent the amplitude of the measured importance for 
each band. In the graphs in Fig. 8b), the relative importance of the 
covariates was grouped into boxplots to aid the comparison between the 
variable groups. The sub-graphs in Fig. 8b) were divided according to 
the model’s settings.

Different spectral bands were selected by LASSO for SOC modeling 
via Cubist. Fig. 8a) shows the importance and indicates specific wave
lengths at which the measured reflectance is intrinsically related to soil 
organic particles. The spectral bands had the highest importance for SOC 
prediction, being used by Cubist in its internal decision trees, as well as 
in internal linear models.

After the spectral bands, the highest importance values were given to 
the covariates derived from the Sentinel-1 SAR: the importance of these 
variables ranged from 19 to 65 %. It is important to highlight that the 
importance of covariates for Cubist reflects the average number of times 
a variable was used for data division and prediction (in decision trees 
and linear models, respectively). We observed the least important co
variate among the categorical variables were soil class, land use and 

Fig. 4. Distribution of SOC (Soil Organic Carbon) levels and SAR vegetation indices as a function of land use and land cover (LULC). DPSVI, Dual-polarization SAR 
vegetation index; DPSVIm, modified DPSVI; CR, cross-ratio; DpRVIc, Dual-polarization Radar Vegetation index for Sentinel-1 GRD products.
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cover, and climate; as well as terrain elevation (continuous variable). To 
assess individual covariable relative importance for model set 4, it is 
possible to consult Fig. S2 in the Supplementary Material.

4. Discussion

4.1. Relation of environmental variables with SOC levels

There are variations in the SOC levels of the R-SSL samples that can 
be associated with different environmental (LULC, climate, and eleva
tion) and pedological (soil classes) covariates, as shown in Fig. 3. 
Regarding the LULC’s vegetation classes, SOC levels were higher in 
places where the soil receives a greater contribution of plant residues 
and is not managed (such as the disturbance of surface layers). This was 
observed in Fig. 3a) in the forest formation and Dense Caatinga areas. 
SOC levels were lower in places where the input of organic material of 
plant origin is lower, pasture, and agriculture, which receive agricul
tural and/or pastoral management.

Fig. 5. Distribution of the 100 error and correlation values for each metric (Root Mean Squared Error [RMSE], Mean Absolute Error [MAE], Mean Squared Error 
[MSE], coefficient of determination [R2], Lin’s concordance correlation coefficient [CCC], and Nash- Sutcliffe model efficiency [NSE]) from the SOC (Soil Organic 
Carbon) predictions of the four model sets. Different lowercase letters indicate significant statistical differences between groups of the same statistical metric (P 
= 0.05).

Table 3 
Result of the Kruskal-Wallis test for each statistical metric (Root Mean Squared 
Error [RMSE], Mean Absolute Error [MAE], Mean Squared Error [MSE], coef
ficient of determination [R2], Lin’s concordance correlation coefficient [CCC], 
and Nash- Sutcliffe model efficiency [NSE]): χ2 is the chi-square statistic of the 
test, df is the degrees of freedom and (*) indicates a significant statistical dif
ference (P = 0.05) between the model sets.

Tested statistical metric (groups of model sets): χ2 df Adjusted p-value

RMSE 338.49 3 4.64x10− 73*
MAE 305.93 3 5.17x10− 66*
MSE 338.51 3 4.59x10− 73*
R2 317.80 3 1.40x10− 68*
CCC 338.84 3 3.89x10− 73*
NSE 338.49 3 4.64x10− 73*

Note: the asterisk (*) next to the adjusted p-value indicates that the null hy
pothesis (which establishes that the compared groups are statistically equal) was 
rejected and the adjusted p-value is statistically significant at P = 0.05.
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The input of organic plant residues is the main source of soil organic 
matter, and the vegetation stratum is an indicator of SOC content in the 
soil (Jobbágy and Jackson, 2000; Wiesmeier et al., 2019). Although it is 

known that in areas occupied by pastures, SOC levels may exceed those 
from original forest conditions (Guo and Gifford, 2002), including in the 
Caatinga biome (Ferreira et al., 2016), from where the majority of R-SSL 

Fig. 6. Scatterplots between observed and predicted soil organic carbon (SOC) values in the four model sets: a) using only spectral variables (Vis-NIR); b) Vis-NIR 
bands plus SAR vegetation indices; c) Vis-NIR plus environmental covariates; d) all predictors. The plotted points represent the average of the predictions of the 100 
models, while the vertical bars represent the range of the 100 predicted values for a given sample.

Fig. 7. Recursive Feature Elimination results: points represent RMSE values for each iteration and repetition. The number of covariables refers to the number of 
predictors tested and selected by RFE, and Count displays how often that set of covariables occurred along the repetitions.
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samples in this study come from, this also depends on the management 
of the pastures (de Medeiros et al., 2020), including the degree of 
degradation, if any. Hence, the differences in SOC levels between the 
classes with the highest amount of above-ground biomass (Forest For
mation and Dense Caatinga) and those with the lowest level of plant 
biomass (Pasture and Agriculture) (Fig. 3a).

Climate is also a source of variation in SOC levels in R-SSL samples. 
Temperature and rainfall, both meteorological variables used in existing 
climate typologies, are the main factors in soil SOC storage at regional 
scales. Temperature and rainfall control the primary vegetation pro
duction rates (input of organic matter into the soil). Furthermore, tem
perature influences soil microbial activity, microorganisms responsible 
for soil respiration, and decomposition of organic matter (Guo and 
Gifford, 2002; Wiesmeier et al., 2019).

The lowest SOC levels can be found in Fig. 3b) in areas with a semi- 
arid climate, with an average SOC of 8.63 g kg− 1. In these areas, tem
peratures are higher, and annual rainfall is lower, which increases the 
rate of decomposition of organic matter and reduces the input of 
biomass, compared to areas under other climate typologies. The highest 
levels (average SOC of 38.48 g kg− 1) were observed in a profile under a 
humid subtropical climate with a dry and hot summer (Csa). These 
climate types occur in the semi-arid region of Brazil mainly due to the 
relief in plateau regions. In this case, it is an area with an elevation 
between 800 and 1,000 m in the Borborema Plateau, in the State of 
Pernambuco (Alvares et al., 2013; de Souza et al., 2022).

There was no significant difference between the SOC levels found in 
elevations higher than 200 m above sea level (Fig. 3c). There were, 
however, higher SOC levels in elevations lower than 200 m, as well as 
outliers in elevations greater than 800 m. We can say that in both cases, 
the SOC levels can be related to the climate. In the first case, in eleva
tions lower than 200 m, there is a predominance of tropical climates 
with monsoons and dry summers, where precipitation is also higher 

(1,000 to 2,500 mm year− 1). The average SOC level with elevation <
200 m was 16.45 g kg− 1. In the second case, in elevations greater than 
800 m, although the average SOC level was 12.25 g kg− 1, very high SOC 
values (> 30 g kg− 1) were found under Csa climate.

A possible explanation for this SOC behavior regarding elevation is 
that elevation affects temperature, and consequently, the climate. In 
other words, on a regional scale, the effect of elevation on SOC varia
tions is related to the influence of elevation on environmental parame
ters that affect other soil formation factors, notably average annual 
temperature and rainfall (Hobley et al., 2015, 2016; Wiesmeier et al., 
2019). Areas with a humid subtropical climate in the Brazilian semi-arid 
region, for example, have elevation as the main factor for their occur
rence, as the aforementioned Borborema Plateau (Alvares et al., 2013; 
de Souza et al., 2022).

Soil type is also strongly associated with organic carbon storage. In 
many cases and classification systems, SOC content is part of the clas
sification criteria (Mayes et al., 2014). However, the soil type only re
flects soil properties that influence the supply and storage of organic 
carbon.

During pedogenesis, weathering reactions lead to changes in soil 
mineralogy, which strongly influence the surface area of mineral reac
tivity and carbon storage (Wiesmeier et al., 2019). Therefore, SOC levels 
may be higher in soils with a greater propensity for physical protection 
of particles, whether in soil aggregates or by clay and silt particles (Six 
et al., 2002; Stewart et al., 2008; Yu et al., 2019). Furthermore, metal 
sesquioxides (such as Fe and Al oxides) also contribute to the stabili
zation of SOC through the affinity between Fe and Al oxides and organic 
compounds (Baldock and Skjemstad, 2000; Wiesmeier et al., 2019; Yu 
et al., 2019). This is an indicator of what happens with the Ferralsols and 
Acrisols classes, which appear in Fig. 3d) with the highest SOC levels. On 
the other hand, the Arenosols (sandy soils) and Regosols appear among 
the classes with the lowest SOC levels.

Fig. 8. Relative importance graphs of different predictor covariables for modeling soil organic carbon (SOC) content using the Cubist regression method. The 
importance of the Vis-NIR spectral bands for model set 1 is detailed in subplot a), while graph b) displays the grouped relative importance of the other covariates for 
all model sets: boxplots summarize individual covariables importance for the grouped variables: Vis-NIR, SAR, Soil class, Elevation, Climate, LULC.
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4.2. Accuracy and precision improvement in modeling strategies

Specifically dealing with model set 1, whose SOC predictors were only 
the spectral bands in Vis-NIR, the accuracy and precision values ob
tained are compatible with those found in the literature. The average 
RMSE was about 4.5 g kg− 1 while the accuracies reported in the liter
ature range from 0.3 to 25 g kg− 1 (Demattê et al. 2019b; Soriano-Disla 
et al. 2014). This error amplitude found in the literature, however, de
pends on the size, location, representation scale of the spectral library 
used, and amplitude of the SOC values. Furthermore, a similar RMSE 
value was found by dos Santos et al. (2023a,b), around 4.2 g kg− 1, 
applying the same validation/test methodology on the same R-SSL.

Noteworthy, the spectral bands selected by LASSO for input into the 
Cubist models are intrinsically related to either the SOC levels or the 
presence of clay minerals and iron oxides. In the Vis-NIR spectra (400 to 
1,000 nm) the spectral bands can be related to iron oxides, especially in 
the peaks around 520 and 650 nm (Viscarra Rossel and Behrens, 2010), 
as well as to the presence of organic compounds (650 and 825 nm peaks) 
(Ben-Dor, 1997; Nocita et al., 2015; Stevens et al., 2013; Viscarra Rossel 
and Behrens, 2010), as highlighted in Fig. 8a. The peaks highlighted in 
the NIR region (around 1100 nm) are associated with water and organic 
compounds (Viscarra Rossel and Behrens, 2010). In the infrared short
wave, specifically from 1800 to 2400 nm, the selected spectral bands can 
be associated with different organic compounds, such as amines, alkyls, 
carboxylic acids (especially at 1930 nm), amides, aliphatic compounds, 
methyls, phenolic compounds, polysaccharides and carbohydrates 
(Coates, 2006; Knadel et al., 2015; Vasques et al., 2010; Viscarra Rossel 
and Behrens, 2010).

Among the selected spectral bands, there are also clay mineral sig
natures. This association can be made with the relative importance of 
the bands around 2230 nm (also highlighted in Fig. 8a), which indicates 
the presence of aluminum hydroxides, Al–OH (Viscarra Rossel and 
Behrens, 2010; Zheng et al., 2016).

The same selected spectral bands (Fig. 8a) were used in all model 
configurations, from model sets 1 to 4. Therefore, the results of the sta
tistical performance metrics of the model sets (Fig. 5 and Fig. 6) show 
that both accuracy and precision improved in the Vis-NIR spectroscopy 
predictions as environmental variables were added to the model. This 
corroborates the results found by Moura-Bueno et al. (2021), in sub
tropical soils from southern Brazil, and Wang et al. (2022), in soils in 
northern China.

When adding SAR vegetation indices to the Vis-NIR spectral bands, 
the average RMSE dropped about 7.2 %, from 4.54 to 4.19 g kg− 1 (see 
Fig. 6a and Fig. 6b). Also, the average R2 increased 6.18 %, from 0.62 to 
0.66. Furthermore, we observed in Fig. 8b that the SAR vegetation 
indices have relative importance ranging from 20 to 65 %, both in model 
set 2 and in model set 4.

SAR vegetation indices are good indicators of the amount of above
ground biomass (AGB). Although the backscatter from the vegetated 
surface for SAR sensors is not a direct measure of AGB (Woodhouse 
et al., 2012), the backscatter observed over these areas in cross- 
polarizations (VH or HV) is directly associated with the AGB content 
of that area (da Bispo et al., 2020; dos Santos et al., 2021; Joshi et al., 
2017; Saatchi, 2019; Santoro et al., 2021). The plant organs that most 
interact with microwave radiation usually depend on the wavelength 
used. While radiation in the C band (with a wavelength of approximately 
6 cm) tends to interact more with leaves and branches, in areas with 
denser vegetation, radiation in the L band (λ ≅ 23 cm) can interact with 
tree trunks (Flores-Anderson et al., 2019). In any case, in crossed po
larizations, the surface elements that change the polarization state of the 
electromagnetic wave that reflects to the sensor appear brighter 
(Mitchard et al., 2011) in a wave reflection mechanism known as 
volumetric backscattering (Woodhouse, 2006).

The vegetation indices employed use the VV and VH polarizations of 
the Sentinel-1 images, to measure and represent the biophysical pa
rameters of the detected vegetation (dos Santos et al., 2023a,b). DpRVIc 

is an index based on the polarization degree that vegetation causes in 
microwave radiation (Bhogapurapu et al., 2022; Mandal et al., 2020a). 
The polarization degree measures how much of the total energy back
scattered by the targets has had its polarization modified. In the case of 
DpRVI and DpRVIc, both have been applied in the discretization of 
phenological stages of annual crops such as corn, canola, wheat, etc. 
(Bhogapurapu et al., 2022; Mandal et al., 2020a).

The DPSVI and DPSVIm indices are also based on the depolarization 
degree of the signal, however, they seek to distinguish surfaces of water 
bodies and bare soil from vegetated areas. The values of the indices are 
close to zero for water bodies and bare soil and increase with the amount 
of AGB (dos Santos et al., 2021; Periasamy, 2018). The difference be
tween DPSVI and DPSVIm is that the latter is more sensitive to different 
levels of biomass in forest areas (dos Santos et al., 2021). For this reason, 
DPSVIm has incorporated the CR index (Frison et al., 2018) to ease the 
separation of different AGB levels in these areas.

The SAR indices with the greatest relative importance in SOC 
modeling were the VH polarization and the DPSVIm index, whose 
relative importance ranged from 45 to 65 %. Considering the charac
teristics of the SAR vegetation indices, we can conclude that they 
contribute to the prediction of SOC levels because they are capable of 
representing the plant residue intake in the soil, which is more corre
lated with the SOC contents found in the surface layers of the soil (Guo 
and Gifford, 2002; Hobley et al., 2015; Wiesmeier et al., 2019).

By adding soil formation factors (elevation, soil type, vegetation 
type, and climate) to R-SSL to predict SOC levels the model’s perfor
mance also improved. So, from model set 1 to model set 3, the average 
RMSE fell about 9.33 %, from 4.54 to 4.12 g kg− 1. The average R2 ob
tained in model set 3 was 0.69, 12 % higher than in model set 1. This can 
be seen in Fig. 6a and Fig. 6c.

The relative importance of the covariates elevation, soil type, vege
tation type, and climate for modeling with R-SSL ranged from 0 to 40 % 
(Fig. 8b). Except for elevation, a numerical variable that was used for 
both stages: decision and regression; all other covariates are categorical, 
and were used only in the decision trees of the Cubist model to separate 
the samples based on similar SOC levels.

Using this set of categorical variables, Cubist builds spectral sub- 
libraries with samples grouped by similarity to reduce the SOC vari
ance as a function of the classes of environmental variables. Moura- 
Bueno et al. (2020, 2019) studied the effect of SSL stratification on SOC 
prediction performance. The authors tested the hypothesis that reducing 
SOC variance, after stratifying SSL based on environmental, pedological, 
and spectral class criteria/variables, could improve the accuracy of SOC 
estimates. Moura-Bueno et al. (2020) concluded in their study with SSL 
of subtropical soils in southern Brazil that stratification may increase 
accuracy as long as there is a significant difference in SOC between 
classes of environmental variables. Hence, the stratification with the 
categorical LULC and Physiographic Region produced better predictions 
of SOC. However, the disadvantage found in manual stratification was 
the reduction in the number of samples available for model calibration 
(Moura-Bueno et al., 2020).

For model set 3, after the Vis-NIR normalized reflectance bands, the 
relative importance given to elevation ranged from 22 to 37 %. Although 
there is no statistically significant difference between most elevation 
classes (Fig. 3c), in the Northeast region of Brazil, elevation is closely 
related to the occurrence of different climates (Alvares et al., 2013). 
Where the elevation was less than 200 m, there were wetter and rainier 
areas and higher SOC levels (see Fig. 3c).

In turn, the climate, which is defined by the normal pattern of 
rainfall and temperature, will influence both the rate of primary pro
duction of vegetation (organic carbon input), decomposition, and 
emission through microbial respiration (carbon output). So much so that 
in model set 3 the BSh climate class, with higher temperatures and lower 
rainfall, had the greatest importance (relative importance of around 17 
%) compared to the other classes in the stratification of the SOC samples 
for Cubist.
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Hobley et al. (2015, 2016) studied SOC variations in Western 
Australian soils as a function of different indicators and drivers (SOC 
input/output modulators). The authors identified that climate is an 
important driver of SOC, with higher rainfall associated with higher 
proportions of organic carbon in humus (Hobley et al., 2016). For this 
reason, when predicting SOC, numerical variables, mainly average 
annual rainfall, had greater importance for the results. Corroborating 
the relationship that rainfall has on primary production (Michaletz 
et al., 2014) and SOC storage mainly in surface layers (Jobbágy and 
Jackson, 2000; Wiesmeier et al., 2019).

In model set 3, the pedological variables, essentially the dummy 
variables for the Arenosols and Regosols classes, had greater relative 
importance (about 44 %), after the Vis-NIR covariates. The stratification 
of samples of these two soil types of soil, which are mainly high sandy 
soils, among the others, was important to improve the modeling 
accuracy.

This result corroborates the conclusions of the study by Jaconi et al. 
(2017). These authors studied SSL stratification strategies in the NIR 
spectrum, at a country scale (in Germany), created from soil samples 
under agricultural and pasture use. The best strategy for the accuracy of 
SOC estimates was to separate samples of sandy soils from samples of 
other textural classes, calibrating two models separately (Jaconi et al., 
2017). The basis for this is the already discussed relationship of greater 
SOC storage capacity in soils with higher clay and silt contents, due to 
organic matter protection mechanisms.

Although the relationship between the LULC classes and SOC vari
ations is known, as can be seen in Fig. 3b) discussed in the previous 
topic, the lowest relative importance in model set 3 was given to these 
variables by Cubist. This does not necessarily mean that these variables 
are not important for predicting SOC. Variations in uses and coverage 
are considered important indicators and drivers of SOC at different 
scales, mainly in the surface layers of the soil (Guo and Gifford, 2002; 
Hobley et al., 2015, 2016; Moura-Bueno et al., 2021; Wiesmeier et al., 
2019). However, for the Cubist models of model set 3 with R-SSL, 
stratification of samples using climate, elevation, and pedology were 
more important.

The combination of all predictors, model set 4: Vis-NIR spectral 
bands, SAR vegetation indices, elevation, soil type, climate, and vege
tation cover; produced the best SOC estimates. From model set 1 to model 
set 4, the average RMSE dropped about 13 %, from 4.54 to 3.94 g kg− 1. 
Following, the average R2 increased by 14 %, going from 0.62 (model set 
1) to 0.71 (in model set 4). The other statistical metrics followed the same 
trends (see Fig. 6).

Moura-Bueno et al. (2021) obtained, by comparing a model with 
only Vis-NIR spectral signatures to another with spectral bands plus a set 
of auxiliary covariates, a reduction in RMSE of about 22 %, and an R2 

increasing from 0.76 to 0.85. In a similar approach, but to predict soil 
organic matter content, Wang et al. (2022) obtained an RMSE of 3.85 g 
kg− 1 and R2 of 0.85 with the addition of auxiliary environmental 
covariates and spectral classification to the Vis-NIR spectral signatures. 
When using only spectral signatures the RMSE and R2 were 4.30 g kg− 1 

and 0.76, respectively.
Gains in accuracy with covariates added to SSL can be considered 

relevant or irrelevant for SOC prediction, depending on the desired 
application of these estimates (Moura-Bueno et al., 2021). Overall, ac
curacy gains while other assumptions are kept, such as the under
standing and generalization capacity of the models (dos Santos et al., 
2023a,b; Jaconi et al., 2017; McBride, 2022; Moura-Bueno et al., 2021; 
Viscarra Rossel et al., 2022), help improving Vis-NIR spectroscopy of 
soils as an alternative method for testing soil samples. Furthermore, the 
advantage of adding auxiliary covariates to SSL in regression methods 
such as Cubist is that gains in accuracy can be obtained without sample 
losses due to manual stratification.

For more precise applications, in which it is necessary to make as few 
mistakes as possible, more reliable estimates are required. This is the 
case with precision agriculture applications, whose goal sometimes is to 

map small variations in soil properties on a more detailed scale 
(Camargo et al., 2022). Other applications of SOC estimates by spec
troscopy include fertilization recommendations (Barra et al., 2021; 
Rosin et al., 2020), and soil monitoring to implement good soil man
agement practices (Angelopoulou et al., 2020). In these situations, 
reducing the error when using auxiliary variables is justified.

It is necessary to take into account that there is a cost with the 
adoption of auxiliary remote sensing products for SSLs, which is the 
need for more data processing. In this case, the processing of satellite 
images to generate the vegetation indices commonly used in digital soil 
mapping. However, the advantage is that high-resolution products are 
needed for estimates at smaller scales, from watershed (Kunkel et al., 
2022) to field scale for prediction in agricultural areas (Nguyen et al., 
2022).

An important issue related to SAR vegetation indices is that indices 
derived from optical orbital sensors are already widely used for digital 
mapping of soil organic carbon/organic matter. However, the use of 
radar remote sensing has three major advantages, inherent to micro
wave systems and the Sentinel-1 mission, which can provide operability 
for monitoring soil, agriculture, forestry, and environmental activities 
with SSLs. The first advantage is the low (or almost zero) cloud inter
ference in imaging, which is a problem in optical remote sensing, mainly 
for tropical regions (Asner, 2001; Carrasco et al., 2019; dos Santos et al., 
2022; Flores-Anderson et al., 2019; Roy and Yan, 2020). The second 
advantage is the high temporal and spatial resolution since the high 
operability of the Sentinel-1 mission with the constellation of two sat
ellites (Sentinel-1A, − 1B [inoperative since 2022] and − 1C [planned for 
launch]) allows an almost weekly revisit rate (for some regions) (Mandal 
et al., 2020a; Periasamy, 2018). Furthermore, the GRD products, for 
which the vegetation indices used were designed, are distributed in 
global coverage and at high spatial resolution (ESA, 2012, ESA, 2022). 
Therefore, satellite products can be applied at different soil monitoring 
scales, and when obtained in time series, they can represent vegetation 
dynamics and/or land cover management (Kunkel et al., 2022).

In addition to high-resolution remote sensing, future work at local 
scales may benefit from other relief parameters that aid SSLs. This is the 
case with the topographic wetness index (TWI). The TWI has a good 
capacity to help explain SOC variations in the landscape on small scales, 
as it is an indicator of water movement and availability in the soil 
(Hobley et al., 2015; Sørensen et al., 2006; Wiesmeier et al., 2019).

5. Conclusions

Adding SAR vegetation indices (obtained by orbital remote sensing) 
to the R-SSL in Vis-NIR (obtained by proximal sensing) improved SOC 
spectral estimates. The combination of categorical and continuous var
iables describing the environment and soil formation factors (climate, 
soil type, land use and land cover class, and elevation) to the R-SSL in 
Vis-NIR resulted in a significant improvement in the estimates of SOC.

The spectroscopy-based models with the greatest accuracy and pre
cision for predicting SOC levels were the models adjusted with all 
auxiliary covariates, with all covariates used being related to the SOC 
variation.

The average RMSE and R2 obtained in predicting SOC with only Vis- 
NIR spectral data was 4.54 g kg− 1 and 0.62, respectively. But when all 
environmental and radar remote sensing covariates were added, the 
RMSE reduced by approximately 13 % (to 3.94 g kg− 1) and the R2 

increased by 14 % (to 0.71).
The proposed methodology expands and validates the use of 

Sentinel-1 SAR mission data for land-related applications, such as soil 
carbon monitoring, by integrating optical and radar capabilities with 
landscape descriptors. Overall, by applying a more interpretable ma
chine learning framework, we demonstrate that Vis-NIR reflectance 
spectroscopy can benefit from additional data sources. However, these 
data introduce constraints on the choice of machine learning methods, 
which must either inherently handle discrete covariates or include 
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appropriate preprocessing steps.
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Demattê, J.A.M., Dotto, A.C., Paiva, A.F.S., Sato, M.V., Dalmolin, R.S.D., de Araújo, M., 
do, S.B., da Silva, E.B., Nanni, M.R., ten Caten, A., Noronha, N.C., Lacerda, M.P.C., 
de Araújo Filho, J.C., Rizzo, R., Bellinaso, H., Francelino, M.R., Schaefer, C.E.G.R., 
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Rowland, C., Meir, P., 2011. Measuring biomass changes due to woody 
encroachment and deforestation/degradation in a forest–savanna boundary region 
of central Africa using multi-temporal L-band radar backscatter. Remote Sens. 
Environ., DESDynI VEG-3D Special Issue 115, 2861–2873. https://doi.org/10.1016/ 
j.rse.2010.02.022.

Moura-Bueno, J.M., Dalmolin, R.S.D., Horst-Heinen, T.Z., Grunwald, S., ten Caten, A., 
2021. Environmental covariates improve the spectral predictions of organic carbon 
in subtropical soils in southern Brazil. Geoderma 393, 114981. https://doi.org/ 
10.1016/j.geoderma.2021.114981.

Moura-Bueno, J.M., Dalmolin, R.S.D., Horst-Heinen, T.Z., ten Caten, A., Vasques, G.M., 
Dotto, A.C., Grunwald, S., 2020. When does stratification of a subtropical soil 
spectral library improve predictions of soil organic carbon content? Sci. Total 
Environ. 737, 139895. https://doi.org/10.1016/j.scitotenv.2020.139895.

Moura-Bueno, J.M., Dalmolin, R.S.D., ten Caten, A., Dotto, A.C., Demattê, J.A.M., 2019. 
Stratification of a local VIS-NIR-SWIR spectral library by homogeneity criteria yields 
more accurate soil organic carbon predictions. Geoderma 337, 565–581. https://doi. 
org/10.1016/j.geoderma.2018.10.015.

NASA JPL, 2020. NASADEM Merged DEM Global 1 arc second V001 . NASA EOSDIS 
Land Processes DAAC [WWW Document]. https://doi.org/10.5067/MEaSUREs/ 
NASADEM/NASADEM_HGT.001.

Nguyen, T.T., Pham, T.D., Nguyen, C.T., Delfos, J., Archibald, R., Dang, K.B., Hoang, N. 
B., Guo, W., Ngo, H.H., 2022. A novel intelligence approach based active and 
ensemble learning for agricultural soil organic carbon prediction using multispectral 
and SAR data fusion. Sci. Total Environ. 804, 150187. https://doi.org/10.1016/j. 
scitotenv.2021.150187.

Nocita, M., Stevens, A., van Wesemael, B., Aitkenhead, M., Bachmann, M., Barthès, B., 
Ben Dor, E., Brown, D.J., Clairotte, M., Csorba, A., Dardenne, P., Demattê, J.A.M., 
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