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A B S T R A C T   

Sandy soils, which expressly cover 7% of the Earth’s land surface, are known for their management complexity 
and their significant influence on the proportion of sand subfractions in terms of physical, chemical, and 
physical-hydric properties. Proximal and remote sensing techniques offer cost-effective ways to improve soil 
evaluation. To address this gap, this study evaluates the potential of different sensing techniques, including 
laboratory-based analysis using the FieldSpec 3 spectroradiometer equipment and satellite imagery, to charac
terize and estimate sandy soil texture fractions and subfractions. We first defined 216 samplings in Mato Grosso 
State, Brazil considering the pedology, geology, synthetic soil image (exposed soil), curvature and slope of the 
terrain. This sampling location include sandy soils with different proportions of sand subfractions and miner
alogy within a region of agricultural expansion. The sensing data used in the study were composed of total 
element concentrations obtained by pXRF, Vis-NIR-SWIR, and MIR spectra. The satellite data were obtained from 
exposed soil images of Landsat 5 and Sentinel 2, and also from simulations of Landsat 5, Sentinel 2, and Terra 
(ASTER). The proximal and satellite data were descriptively analysed and used to estimate the levels of clay, total 
sand (TS), very coarse sand (VCS), coarse sand (CS), medium sand (MS), fine sand (FS) and very fine sand (VFS). 
It was observed, at both the proximal and the satellite levels, that the reflectance intensity of sandy soils is 
inversely proportional to the particle diameter of the predominant sand subfraction. Proximal level models were 
slightly more accurate in predicting the texture fractions of sandy soils compared to models based on satellite 
data (mean validation R2 0,45 and 0,40, respectively). In both models, SWIR and MIR stand out as key predictor 
variables. The results obtained in this study can be implemented to optimise the expansion of agricultural 
frontiers in sandy soils in other areas.   

1. Introduction 

Chemical and physical weathering of surface materials and soils 
promote change in the size and chemical constitution of their particles. 
In soil science, the soil fractions are usually divided for study into total 
sand, silt, and clay, whose proportions determine the soil texture 
(Bandyopadhyay et al., 2012; EMBRAPA, 2017). The texture of a soul 
strongly influences its chemical, physical, mineralogical,.etc. attributes, 

and its characterisation is critical for water management, erosion 
resistance, structural stability, and carbon sequestration (Krull et al., 
2000; Pathak et al., 2013). 

The ratio of total sand to clay is frequently used to group soils into 
two major classes: clayey and sandy. According to World Reference Base 
(FAO, 2006) soils that have > 700 g sand kg− 1 (0.05–2.0 mm) and <
150 g clay kg− 1 (<0.002 mm) are classified as Arenosols. Scientific 
studies are predominantly focused on the clay fraction of clayey soils, 
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since it is the most active constituent, while ignoring the importance of 
sand fractions in sandy soils (Yost and Hartemink, 2019; Di Raimo et al., 
2022). However, sandy soils comprise a large territory, covering 7% of 
the Earth land surface (Driessen et al., 2001). In Brazil, they cover 8% of 
the country, and 15% across the Cerrado biome, extending mainly over 
agricultural areas (Donagemma et al., 2016). 

Due to the constant increase in demand for food, agriculture has 
expanded into areas that were previously unused for agricultural, 
including areas with sandy soils. Brazilś latest agricultural frontier is the 
MATOPIBA region, which is located at the borders of the states of 
Maranhão, Tocantins, Piauí and Bahia, and has 20% of its area covered 
in sandy soils (Lumbreras et al., 2015). However, despite current 
research, including the Brazilian Soil Classification System (Santos et al., 
2018), grouping all sandy soils together, it is known that they exhibit 
large variability in potential uses. 

The physical, chemical, and, mainly, physical-hydric behaviours of a 
Sandy soil may vary, depending on the proportions of each of its sand 
subfractions (Donagemma et al., 2016). Zhang and Han (2019) achieved 
considerable increases in the water retention of sandy soils in China’s 
Shaanxi Province by adding smaller diameter sand particles and, 
consequently, changing the fine-to-coarse sand ratio. Fidalski et al. 
(2013) observed that sandy soils with a predominance of coarse sand 
exhibit significantly lower water retention and availability compared to 
those with a predominance of fine sand in Paraná State, Brazil. Di Raimo 
et al. (2019), while studying sandy soils in Mayo Grosso State, Brazil, 
identified inversely proportional relationships between the content of 
coarse sand and soil erodibility values. 

Traditional laboratory methods for determining the total sand, silt, 
and clay content of a soil, as well as the subfractions of very coarse, 
coarse, medium, fine, and very fine sand, require high investments of 
time, reagents, and financial resources (Sousa Junior et al., 2011; Vis
carra Rossel et al., 2016; Demattê et al., 2019). However, recently, 
remote and proximal sensing techniques have been successfully used to 
obtain information on soils, including their characterisation, in a non- 
invasive, non-polluting manner, in a short period of time (Barros e 
Souza et al., 2021; Mello et al., 2020, 2021, 2022a,b). They have also 
been used to provide data in several spectral bands, providing multi
spectral information for the inference of various soil properties (Fer
nandes-Filho et al., 2023). Proximal soil sensing refers to the use of field- 
based sensors to obtain high-resolution spatial and temporal soil infor
mation by placing the sensors in contact with or close (within 2 m) to the 
soil (Viscarra Rossel and McBratney, 1998; Viscarra Rossel et al., 2011). 
Remote sensing, on the other hand, refers to the process of acquiring soil 
information from sensors placed more than 2 m away from the soil body. 

In the last 40 years, proximally- and remotely-sensed data between 
350 and 2500 nm and 4000 to 500 cm− 1 (2500 to 25000 nm) have been 
used for characterising and predicting numerous soil attributes (Lacerda 
et al., 2016; Kopačková et al., 2017; Demattê et al., 2018a; Demattê 
et al., 2019; Simon et al., 2020). Like other areas of soil science research, 
works that focus on/study the use of remote sensing techniques in sandy 
soils are rare. Pereira et al. (2019) studied the capacity of proximal 
sensing to distinguish between various types of sandy soils but consid
ered only total sand and used a more limited spectrum of visible and 
near-infrared (Vis-NIR: 350 to 1100 nm) that presents little interaction 
with quartz (Viscarra Rossel et al., 2006a). Fongaro et al. (2018) used 
proximal and remote sensors to predict clay and total sand content, but 
did not specify with sandy soils and their sand subfractions. Sousa Junior 
et al. (2011), working with a wide range of textural variation and using 
visible and near-infrared reflectance, near-infrared reflectance and 
short-wave infrared reflectance (Vis-NIR-SWIR), just subdivided the 
total sand fraction into coarse and fine. Viscarra Rossel et al. (2006b), 
Zhu et al. (2011) and O’Rourke et al. (2016) studied the ability of visible 
and near-infrared reflectance, near-infrared reflectance, short-wave 
infrared reflectance and mid-infrared reflectance (Vis-NIR-SWIR-MIR), 
and portable X-ray fluorescence (pXRF) to predict the attributes of soils 
with medium to sandy texture, but worked with total sand, silt, and clay 

without considering sand subfractions. 
Sandy soils pose significant agricultural challenges, necessitating 

strict adherence to their designated suitability classes and management 
levels to ensure productivity. Intensive management often results in 
rapid degradation, demanding continuous replenishment of organic 
matter and nutrients, especially in tropical regions with well-distributed 
rainfall patterns that exacerbate soil erosion. Despite their affordability 
and flat terrain, sandy soils are chosen by many producers, especially 
when no other options are available. Prioritising fine sand over coarse 
sand in cultivated areas, preserving springs and watercourse banks, and 
avoiding residue burning are vital practices in the management of sandy 
soils. However, literature on their management, utilisation, and con
servation is limited, due likely to the fact that they were only recently 
adopted in Brazil—about two decades ago (Suzuki et al., 2023). To 
promote sustainable usage, further comprehensive studies are needed, 
especially those utilizing new technologies and methods (Di Raimo 
et al., 2022; Silvero et al., 2023). 

It is undeniable that sandy soils which occupy large extension areas 
globally will be the next agricultural frontier, and there is need to create 
a research agenda developed to use and manage these specific soils in a 
sustainable manner, particularly under changing climate conditions and 
human activities (Huang and Hartemink, 2020). Therefore, conducting 
research on the physico-chemical and physical-hydric behavior of sandy 
soils using new instruments and methods is necessary. In addition, sandy 
soils in Brazil have been under-studied and overlooked, as noted by 
Donagemma et al., (2016). There is a notable lack of research differ
entiating various types of sandy soils. Our study introduces methodol
ogies utilizing non-invasive technologies to rapidly and accurately 
acquire information, both remotely and up close. These methodologies 
aim to distinguish different sandy soils by quantifying their subfractions 
of sand that constitute their composition. This distinction is crucial, as 
the prevalence of finer sand fractions primarily influences a greater 
specific surface area and higher cation exchange capacity. Conse
quently, it leads to enhanced retention of water and nutrients in the soil, 
which significantly impacts agricultural crop growth. This information 
is invaluable for effective land use planning, fertilizer management, 
irrigation and drainage projects, variety allocation, and overall soil 
management. This research will help to gain a better understanding and 
map the spatial variations of soil properties. Additionally, it will aid in 
monitoring and modeling various physical, chemical, and biological 
processes (Huang and Hartemink, 2020). 

Given above, this research aims: i) to evaluate the potential and 
limitations of different sensing techniques (ranging from proximal to 
remote sensing) for the characterisation of the texture of sandy soils; ii) 
to predict the sandy subfractions of sandy soils through machine 
learning algorithm and evaluate the importance of variables and model 
performance. 

Studying sandy soils using sensing technologies provides numerous 
advantages, such as rapid and precise quantification of various sand 
subfractions. These subfractions exhibit varying characteristics, 
including cation exchange capacity, water and nutrient retention, 
aeration, and susceptibility to erosion. Improved comprehension of sand 
subfractions benefits agriculture, sustainability, soil conservation, crop 
selection, water and soil fertility management, environment, economy, 
knowledge sharing, and climate resilience. It also aids efficient, eco- 
friendly farming, benefiting science and sandy-soil practitioners. 

2. Methodology 

2.1. Study area and sample collection 

The study site covers an area of 5000 km2 (Fig. 1), across a tropical 
climate region in Mato Grosso State in Midwest Brazil, that was con
verted to agricultural and livestock uses during the last two decades. The 
area has different geological formations and, is covered by Rhodic Lix
isols, Rhodic Ferralsols, Haplic Cambisols, Haplic Arenosols, Gleyic 
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Arenosols and Plinthosols. The collected points are within four geolog
ical formations: Pantanal, formed by semi-consolidated and unconsoli
dated sandy, silty-sandy, clay-sandy and sandy-conglomerate sediments, 
with saline impregnations (SEPLAN, 2008); Furnas, characterised by 
coarse to locally fine grain quartzitic sandstone with clastic conglom
erate horizons (SEPLAN, 2008); “Superfície Paleogenica Peneplanizada 
com Latossolizacao” (Paleogenic Peneplanized Surface with Latosoli
zation), composed of clay-sandy soils with dark reddish-colored micro
aggregates and which may have a ferruginous crust at the base, rarely 
with solidified nodules of kaolinite on iron crust (SEPLAN, 2008); and 
“Aluviões atuais”, formed by soil transported through water currents, 
and which form successive and differentiated horizons with deposits 
consisting mostly of sand, clays, carbonates, quartz pebbles, opals, iron 
sesquioxides, rusty concretions and basalt (Santos et al., 2007). In 
addition, the methodological flowchart is indicated in Fig. 2. 

Prior to fieldwork, we performed a soil-landscape relationship 
analysis to understand the distribution to understand the distribution of 
soils into different classes and their parent materials in order to sample 
locations with high levels of sand and large variations between sand 
subfractions. The analyses of soil-landscape relationship were under
taken by soil examinations conducted along designated transects 
allowed for the identification of specific soil series and their correlation 
with landscape characteristics. An approach based on slope profiling 
involved categorising slopes based on variations in angular measure
ments taken along the transects. The inclusion of the “geomorphic sur
face” variable in soil-relationship interpretation is substantiated by its 
capacity to signify a connection between the distribution of soil across 
the landscape and soil age (Arruda et al., 2016). 

From the soil-landscape relationship, 216 sampling locations were 
designated for collection at 0 to 20 cm depth intervals. The samples were 
dried at 45 ◦C for 24 h and passed through 2 mm sieves. Subsequently, 
following the pipette method of Teixeira et al. (2017), we determined 

the texture fractions: Total Sand (TS), Silt and Clay. The TS fraction was 
then subdivided, by sieving, into five subfractions: Very Fine Sand 
(VFS), Fine Sand (FS), Medium Sand (MS), Coarse Sand (CS) and Very 
Coarse Sand (VCS), with particle diameters ranging from 0.053 to 0.125 
mm, 0.125 to 0.25 mm, 0.25 to 0.5 mm, 0.5 to 1 mm and 1 to 2 mm, 
respectively (Kilmer and Alexander, 1949). 

2.2. Proximal sensing data 

2.2.1. Visible to short-wave infrared (Vis-NIR-SWIR) 
The 350–2500 nm spectral data was obtained using the FieldSpec 3 

spectroradiometer, with spectral resolution of 3 nm for 350 to 700 nm 
and 6 nm for 700 to 2500 nm, and was automatically interpolated by the 
sensor for 1 nm resolution, totalling 2151 spectral bands. Samples were 
placed in petri dishes 8 cm from the fibre-optic sensor and 35 cm from 
two halogen lamps (50 W) adjusted at an angle of 30◦, according to the 
Long Light geometry described by Romero et al. (2018). A Spectralon 
plate was used as a reference for calibration at fixed intervals of 20 min. 
The spectral curves of each sample consisted of the median value be
tween three repeated readings, with each reading composed of an 
average of 15 repetitions. The petri dish was rotated at an angle of 
approximately 90◦ between each reading, in order to expose several 
faces of the sample to electromagnetic radiation. Splices positioned 
between 1000 and 1800 nm were corrected by linear interpolation of 10 
bands using the “prospectr” package in the R (Stevens et al., 2020). 

2.2.2. Medium infrared (MIR) and X-ray fluorescence (pXRF) 
Soil samples were ground and sieved at 100 mesh for spectral mea

surements using the Bruker Alpha II equipment (FTIR, Bruker Inc. Bill
erica, MA), equipped with a diffuse reflection accessory (DRIFT). The 
spectra were obtained by averaging 32 consecutive readings with a 
spectral resolution of 2 cm− 1. A gold plate was used for calibration at 

Fig. 1. Study site, sampling points and geological formations.  
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intervals of four samples analysed. Noise reflectance values between 500 
and 400 cm− 1 were removed (Jović et al., 2019). For the X-ray fluo
rescence analysis, the soil samples were placed in plastic bags, following 
the methodology presented in Silva et al. (2019). A portable 

fluorescence X-ray was used (pXRF), Delta Professional (Olympus ®), 
working in geochemistry mode. 

Fig. 2. Methodological flowchart of data collection and analysis procedures.  
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2.3. Satellite data 

Surface reflectance values were obtained using the Geospatial Soil 
Sensing System (GEOS3) method (Demattê et al., 2018a). These values 
were extracted from bare soil pixels in Landsat 5 (LS5) data spanning 
from 1984 to 2011, as well as Sentinel 2 (SENT) data from 2013 to 2019. 
For each satellite, a composite with median values of the bare topsoil 
reflectance was obtained by applying the Geospatial Soil Sensing System 
(GEOS3) method (Demattê et al., 2018a). The GEOS3 is a rule-based 
data-mining technique implemented within the Google Earth Engine 
cloud-based platform to retrieve bare soil reflectance from satellite time 
series for this study. This method comprises the following steps: creation 
of a database with Landsat 5 legacy data; filtering of the database to 
provide images only from the dry season in the study site; insertion of a 
set of rules into the system to filter other objects besides soils; calcula
tion of Temporal Synthetic Spectral Reflectance (TESS) of the soil sur
face by using each bare soil occurrence for each location along the time- 
series; aggregation of all TESS to compose the Synthetic Soil Image 
(SYSI); and quantitative and qualitative validation of the SYSI through 
the correlation between laboratory and TESS, soil line assessment, and 
the principal component analysis (PCA) (Demattê et al., 2018a). 

The LS5 composite contains information from 7 spectral bands of the 
Landsat 5 Thematic Mapper sensor, with a spatial resolution of 30 m: 
450 to 520 nm (Blue), 520 to 600 nm (Green), 630 to 690 nm (Red), 760 
to 900 nm (NIR), 1550 to 1750 nm (SWIR1), 2080 to 2350 nm (SWIR2) 
and 10,400 to 12500 nm (MIR). The SENT composite contains infor
mation from 11 spectral bands of the Sentinel 2 Multi-Spectral Instru
ment, with a spatial resolution of 20 m: 430 to 455 nm (Aerosol), 458 to 
523 nm (Blue), 543 to 578 nm (Green), 650 to 680 (Red), 698 to 713 nm 
(Red Edge 1), 733 to 748 nm (Red Edge 2), 773 to 793 nm (Red Edge 3), 
785 to 899 (NIR), 855 to 875 (Red Edge 4), 1565 to 1655 nm (SWIR1), 
and 2100 to 2280 nm (SWIR2) (Table 1). 

From these composites band ratios and indices were calculated 
including: Red/Green, Red/SWIR1 and SWIR1/SWIR2 (Carvalho et al., 
2014; Malone et al., 2009), the Normalized Difference Vegetation Index 
(NDVI) (Tucker, 1979) and the Grain Size Index (GSI) (Xiao et al., 2006). 
These indices were used as predictor variables for mathematical 
modelling. The values from the bare topsoil composites were extracted 
at each sampling location (Fig. 1). 

2.4. Convolution of Landsat, Sentinel and ASTER data 

The process of image convolution, or spatial filtering, involves 
altering the values of specific sets of pixels across the entire image to 
emphasize certain features by adjusting spatial frequencies. This modi
fication is achieved using a matrix of size (m × n), which takes into 

account the values of neighboring pixels. Typically, the (m × m) matrix 
is applied across the entire image, causing changes in pixel values. 

The proximal spectra between 350 and 25000 nm were convolved 
for spectral intervals of the Landsat 5, Sentinel 2, and Terra (ASTER), 
thus generating new data sets— LS5c, SENTc and ASTERc. The convo
lutions were performed to evaluate the potential of the spectral bands of 
different satellite sensors under laboratory conditions and, conse
quently, without the influence of atmospheric and field factors such as 
humidity, atmospheric aerosols, land roughness, topographic features, 
and others. The LS5c and the SENTc were performed using the “hsdar” R 
package (Lehnert et al., 2019), while the ASTERc was performed using 
Envi 5.3 software. 

2.5. Data analysis 

The contents of the TS, clay, silt and sand subfractions were associ
ated using Pearson correlation, with reflectance values and indices ob
tained by LS5, LS5c, SENT, SENTc, ASTERc, Vis-NIR-SWIR (350 to 2500 
nm), and MIR (4000 to 5000 cm− 1), with the contents of the total 
element obtained by pXRF. Mathematical models predicting soil texture 
parameters were calibrated and validated using 70% and 30% of the 
samples, respectively. In total, nine predictor models were tested: Vis- 
NIR-SWIR (VNS); MIR; Vis-NIR-SWIR + MIR (VNS + M); pXRF; LS5; 
LS5c; SENT; SENTc; and ASTERc. We selected these combinations to 
assess different outcomes in our predictions. Using the “AlradSpectra” 
software (Dotto et al., 2019), different pre-processing and modelling 
procedures were tested in the calibration step, aiming for the best ad
justments and accuracies for the models. Subsequently, the models were 
applied to the validation data set. The model performances were 
assessed by the coefficient of determination (R2), Root-Mean-Square 
Error (RMSE) and Ratio of Performance to InterQuartile distance 
(RPIQ). 

For descriptive analysis, electromagnetic spectra from the satellite 
and proximal levels were grouped according to the levels of sand and its 
subfractions. Subsequently, mean spectral curves were generated in 
order to descriptively characterise and compare the similarities of 
shapes and reflectance intensities at different levels of data acquisition. 
A Principal Component Analysis (PCA) was used as a complementary 
analysis to observe the capacity of the Vis-NIR-SWIR and MIR to 
distinguish sandy soils with different textures. The spectra of pure 
minerals, at Vis-NIR-SWIR and MIR wavelengths, were obtained from 
Clark et al. (2007) for identification and comparison of patterns of sandy 
soils with distinct proportions of sand. 

3. Results and discussion 

3.1. Soil fractions and spectral patterns 

Our soil dataset presented small variations for TS (56.61 to 98.46 %) 
and clay (5.07 to 266.60 %), and high variability in sand subfractions 
(92.88 to 66.08 % for FS and 53.70 to 61.87 % for VFS), as displayed in 
Fig. 3. Among the sand subfractions, the smallest range of variation was 
observed for VCS, due to its low content in highly weathered tropical 
soils. The soil particle size variations (Fig. 3) confirm that the environ
mental variables used to guide soil sampling (Fig. 1) were able to 
identify sandy soil with different sand subfractions. 

We note that decreases in the TS content result in reductions of 
reflectance intensities mainly in SWIR and MIR. The change in reflec
tance intensity occurs at both levels of data acquisition and in all sat
ellite sensors analysed, with emphasis on LS5 and ASTER, which present 
this trend in more bands (Fig. 4). Most sandy soils present higher 
reflectance values along the entire spectrum. The increase in sand con
tent generates decreases in clay content, increasing the proportion of 
quartz/opaque minerals and, consequently, the intensity of the soil 
reflection (Demattê et al., 2018b; Fongaro et al., 2018; Nascimento 
et al., 2021). However, these differences in reflectance intensity 

Table 1  

Landsat 5 - Thematic Mapper (30 m)  
Blue 450 to 520 nm 
Green 520 to 600 nm 
Red 630 to 690 nm 
NIR 760 to 900 nm 
SWIR1 1550 to 1750 nm 
SWIR2 2080 to 2350 nm 
MIR 10,400 to 12500 nm 
Sentinel 2 Multi-Spectral Instrument (20 m) 
Aerosol 430 to 455 nm 
Blue 458 to 523 nm 
Green 543 to 578 nm 
Red 650 to 680 nm 
Red Edge 1 698 to 713 nm 
Red Edge 2 733 to 748 nm 
Red Edge 3 773 to 793 nm 
NIR 785 to 899 nm 
Red Edge 4 855 to 875 nm 
SWIR1 1565 to 1655 nm 
SWIR2 2100 to 2280 nm  
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between sandy soils with different TS proportions become more pro
nounced from the Red band on, for satellite sensors, and from 1800 nm, 
for laboratory spectra (Fig. 4). Fongaro et al. (2018) affirms that Landsat 
5 spectra, obtained for low clay content soils, present reflectance peaks 
starting in red band and reaching the maximum in the SWIR1 band 
(1550 to 1750 nm). The same authors also affirm that as the soil clay 
content increases, the tendency is for the spectral shape to flatten, as is 
clearly observed in the LS5. Pereira et al. (2019) observed that in the 
SWIR the differences in reflectance intensity become clearer as the 
proportion of sand in the soil increases. Previous research has shown 
that SWIR’s variability with the TS content of sandy soils is due to 
sensitivity to variations in particle size, metal-OH absorption bands and 
water molecules (Okin and Painter, 2004; Liao et al., 2013; Castaldi 
et al., 2016; Demattê et al., 2018b; Gasmi et al., 2019). The absorption 
features, located at the 1900 nm bands, are caused by the hydroxyls of 
water molecules within quartz minerals (Rosin et al., 2023; Viscarra 
Rossel et al., 2006a,b), are quite evident in sandy soils spectra, and can 
have great influence on the ability of SWIR to distinguish this soil type. 
The PCA reinforces the potential of SWIR for the distinction of sandy 
soils, since, alone, it has a greater ability to explain the variations in the 
data set than Vis-NIR-SWIR together (Fig. 5). 

The differences in reflectance intensity in SWIR are also influenced 
by the balance between the reflectance of clay minerals and quartz. The 
pure quartz spectrum shows high reflectivity and flat shape in SWIR 
(proximal level), while the pure clay minerals (hematite, goethite and 
gibbsite) show high absorption in this region (Fig. 2) (Clark et al., 2007; 
Poppiel et al., 2020; Rosin et al., 2023). Thus, changes in sand to clay 
proportions of sandy soils influence the intensity of reflectance and the 
flat or downward trend of the curve in the SWIR region at the proximal 
level. Besides the intensity of reflectance, it is observed that the gibbsite 
features (1400 and 2200 nm) have greater depth in sandy soils with 
higher clay content (<800 g kg− 1 of sand) and decrease gradually as the 
clay content decreases. This indicates that the clay fraction of these soils 
is rich in gibbsite, which was perfectly identified in this region. The 
orbital level spectra of the LS5, ASTER and SENT satellites were sensitive 
to the balance of forces between the clayey and quartz minerals, which 
caused changes in SWIR’s reflectance intensity. However, only ASTER 
was able to identify changes in gibbsite features located at 2200 nm, 
because of its high spectral resolution in SWIR. The low spectral reso
lution of the ASTER sensor between 750 and 1500 nm did not allow for 
the identification of gibbsite features at 1400 nm. Cardoso-Fernandes 
et al., (2021), stated that the database containing satellite and 

Fig. 3. A: Textural triangle; B: Sandy textural class for soil samples; C: Distribution of particle size fractions, in g kg− 1 (TS, Total Sand; VCS, Very Coarse Sand; CS, 
Coarse Sand; MS, Medium Sand; FS, Fine Sand; VFS, Very Fine Sand; MeA, Clayey Medium; MeAr, Sandy Medium; ArMe, Medium Sand; e MAr, High Sandy). 
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Fig. 4. Reflectance curves obtained for different Total Sand levels (in g kg− 1). A: at proximal level, in the Vis-NIR-SWIR and MIR regions; B: at satellite level for Terra 
(ASTER convolved); C: at satellite level for Landsat 5 and; D: at satellite level for Sentinel 2. 
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laboratory spectra makes it possible to compare and evaluate the in
fluence of the acquisition conditions on the final spectra. Furthermore, 
field spectra are anticipated to exhibit a closer alignment with the 
spectral signatures obtained through satellites. 

In the MIR, the distinctions between spectral curves of different TS 
proportions were clearer along the entire spectrum, both at the proximal 
and the satellite levels, with ASTER at the latter. (Fig. 4). The single MIR 
band of LS5 was not able to recognise the trend of spectral variation 
between TS contents in sandy soils. The high capacity of MIR to 

distinguish soils with different proportions of TS is due to the funda
mental quartz vibrations that manifest in the proximity of 1000 cm− 1 

(Demattê et al., 2022; Viscarra Rossel et al., 2006a,b), a spectral range 
with occurrence of Si-O-Si vibrations, and between 2500 and 1700 
cm− 1, where quartz “overtones” are manifest (Jović et al., 2019). The 
PCA confirms the high capacity of MIR to distinguish soils with different 
TS proportions, especially the 3600 to 2100 cm− 1 and 1200 to 1050 
cm− 1 ranges, that coincide with key absorption features (Fig. 5). 

The variations in reflectance intensity between 4000 and 3250 cm− 1 

Fig. 5. Differentiation of Total Sand levels (in g kg− 1) through principal components analysis utilizing different regions of the electromagnetic spectrum. A: Vis-NIR- 
SWIR-MIR spectrum; B: Vis-NIR-SWIR; C: SWIR; D: MIR; E: MIR (3600 to 2100 cm− 1); F: MIR (1200 TO 1050 cm− 1). 

L.A.D.L. Di Raimo et al.                                                                                                                                                                                                                       



Catena 234 (2024) 107604

9

are influenced by kaolinite, gibbsite and quartz features, and are in the 
ranges 2500–2000 and 1300–1050 cm− 1 by quartz features, as observed 
in the spectra patterns of these pure minerals (Fig. 4) (Clark et al., 2007; 
Rosin et al., 2023). Sandy soils with less sand (<800 g kg− 1) have 
stronger kaolinite and gibbsite features between 4000 and 3250 cm− 1 

and, consequently, higher absorption in this region, whereas sandy soils 
with more sand (>950 g kg− 1) show marked patterns of quartz, with 

higher reflectivity intensities. In the ranges 2500–2000 and 1300–1050 
cm− 1 the intensity of quartz features increases proportionally from soils 
with less sand (<800 g kg− 1) to those with more sand (>950 g kg− 1). 

Between 1000 and 500 cm− 1, there is a region with clear indications 
of the balance of forces between clay minerals and quartz (Fig. 4). Clay 
minerals (hematite, goethite, kaolinite and gibbsite) show higher ab
sorption and weak features between 1000 and 500 cm− 1, while in this 

Fig. 6. Average reflectance curves obtained for different Medium Sand levels (in g kg− 1). A: at proximal level, in the Vis-NIR-SWIR and MIR regions; B: at satellite 
level for Terra (ASTER convolved); C: at satellite level for Landsat 5 and; D: at satellite level for Sentinel 2. 
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same region, quartz shows high values of reflectance and strong ab
sorption feature at 810 cm− 1. This balance of forces between 1000 and 
500 cm− 1 coincides with the region contemplated by the MIR bands of 
the ASTER sensor, where it provides a slightly concave pattern in less 
sandy soils (<800 g kg− 1), which changes to convex as the sand content 
increases. Salazar et al. (2020) and Silvero et al. (2020) also observed 
the same variation of patterns in the MIR spectra of ASTER, however, 

working with greater contrasts between sandy and clay soils, which 
presented more striking patterns of concavity. These patterns identify, 
even in soils with small amplitudes of variation, the high potential of the 
ASTER sensor for characterising the texture and mineralogy of soils. 
Silvero et al. (2020) obtained correlation coefficients always higher than 
0.72 between ASTER spectra and gibbsite, vermiculite + micas, 
kaolinite and iron, aluminium, silicon, and manganese oxides in the 

Fig. 7. Average reflectance curves obtained for different Very Fine Sand levels (in g kg− 1). A: at proximal level, in the Vis-NIR-SWIR and MIR regions; B: at satellite 
level for Terra (ASTER convolved); C: at satellite level for Landsat 5 and; D: at satellite level for Sentinel 2. 
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Rhodic Hapludox, Typic Hapludox, Typic Quartzipsamments, and Typic 
Paleudalf soils (Staff, 2017). 

Figs. 6 and 7 show, respectively, the average spectral curves for 
increasing levels of MS and VFS subfractions, elaborated from satellite 
and proximal spectral data. In the Vis-NIR-SWIR it is observed that, as 
the proportion of MS particles increases in the soil (Fig. 6), reflectance 
intensities decrease. For VFS with smaller diameter particles 
(0,105–0,053 mm), there is an increase in reflectance intensity with the 
increase of their proportion in the soil (Fig. 7). This variation pattern can 
be visualized in both laboratory and satellite level spectra, highlighting 
the potential of remote sensing for the characterisation of sand sub
fractions in sandy soils. Okin and Painter (2004) studied the effects of 
changes in sand grain diameters on Vis-NIR-SWIR’s reflectance in a wind 
erosion plume from a desert in Nizzana, Israel. The authors confirmed 
the findings of the present study by observing that the reflectance values 
were inversely proportional to the particle size predominant in different 
plume regions. 

Larger diameter particles, when adjusted, generate larger porous 
spaces between them and, consequently, more dispersion paths for 
incident electromagnetic radiation, causing a decrease in reflectance. In 
contrast, smaller diameter particles adjust and provide larger contact 
surfaces for electromagnetic radiation, thus increasing the reflection 
area and reflectance values. Gomez et al., (2018) and Soltani et al. 
(2019) claim that fine particles, in a large proportion, increase the soil 
albedo, while coarse particles decrease it. According to Genot et al. 
(2014), the dispersion of reflected light is inversely proportional to the 
diameter of the particles that constitute the soil. Thus, sandy soils with 
predominance of larger diameter particles absorb lighter than those with 
fine particles in the entire spectra. According to Soltani et al. (2019), this 
phenomenon occurs due to the optical properties of different types of 
soil. In theory, soils with coarse particles cause a diffuse reflection in 
light, changing its direction of propagation and inducing its passage 
through the various materials that cause its absorption. Therefore, the 
decrease in the particle size of sandy soils’ sand subfractions provides 
increased reflectance intensity (Okin and Painter, 2004; Gomez et al., 
2018; Soltani et al., 2019). Consequently, it is concluded here that it is 
possible to distinguish between soil rich in coarse subfractions and soil 
rich in fine subfractions by proximal and satellite remote sensing. 
Ghrefat et al. (2007) concluded that it is possible to distinguish particle 
sizes in a dune area of White Sands using AVIRIS at the airborne level. In 
this study, we aim to extend their conclusion to the orbital level by 
utilizing LS5, Sentinel, and ASTER sensors. This finding holds great 
importance for the study of sandy soils, especially for the expansion of 
agricultural frontiers and the improvement of decision-making 
regarding their agricultural uses, considering that soils rich in fine 
particles present a completely different physical, chemical, and 
physical-hydric behavior from soils rich in coarse particles (Zhang and 
Han, 2019; Fidalski et al. 2013; Di Raimo et al. 2019). 

However, it is important to note that the above mentioned pattern is 
only maintained when considering particles of similar mineralogy. 
Rosero-Vlasova et al. (2018), stated that the reduction in particle size, 
from sand to clay, causes a reduction in reflectance intensities, a con
trary trend to that presented in the present study. However, the decrease 
of reflectance intensities of sand particles, generally constituted by 
quartz, to clay particles, constituted by opaque minerals (Fongaro et al., 
2018; Rosin et al., 2023), is caused by chemical and mineralogical dif
ferences between them. This differs from the increase in reflectance 
intensity observed with the decrease in the sand grains diameter, 
attributed to the physical relationship between particles and electro
magnetic radiation. Okin and Painter (2004) also evaluated the reflec
tance of sand particles encased in a crust of montmorillonite and 
hematite, and noted that the reflectance patterns vary according to the 
thickness of this coating, reaffirming the importance of the chemical 
constitution of particles in this pattern of spectral behavior. 

This discussion can be furthered by analysing the inverse spectral 
behavior of the MIR, where, due to the grinding of soil particles in the 

sample preparation, the radiation-soil interaction is influenced only by 
chemical and mineralogical changes in the particles. In the present 
study, soils with lower levels of MS present had higher clay levels, while 
soils with lower VFS levels present had higher TS levels, a fact that 
justifies the inversion of reflectance trends from Vis-NIR-SWIR for MIR. 
These trends were observed with more clarity in the MS and VFS sub
fractions as a function of their greater amplitudes of variation (Fig. 3). 

For the sand subfractions it was not possible to assess the mineral
ogical patterns of the soil, because the mineralogy and reflectance of the 
sand subfractions were not assessed separately. Thus, we were only able 
to assess and discuss general patterns of reflectance intensity condi
tioned by changes in the proportions of each fraction in air dried sam
ples. Future studies will be carried out to evaluate the spectral and 
mineralogical behavior of each fraction separately. 

3.2. Quantitative analysis 

3.2.1. Correlation analysis 
The correlation matrices of the predictor covariates LS5 and LS5c, 

SENT and SENTc, and ASTERc and pXRF are shown, respectively, in 
Figs. 8, 9 and 10. First, we highlight the correlation between the Red and 
Near Infrared Spectroscopy (NIR) bands, which represents the soil line 
concept and, if high, confirms that the reflectance of the data set refers to 
the exposed soil site (Demattê et al., 2018a; Nanni and Demattê, 2006; 
Poppiel et al., 2020; Silvero et al., 2021; Sullivan et al., 2005). The high 
and identical correlation values (0.96) observed between the Red and 
NIR bands of LS5 and LS5c, confirm the potential of the technique used 
to obtain exposed soil (Fig. 7). For SENT and SENTc, excellent results 
were also observed, with a correlation value of 0.94 and 0.96, respec
tively (Fig. 8). 

The correlations between LS5 and SENT, as well as SENT and TS were 
both positive (0,28 and 0,26, respectively), while they were negative 
with the clay fraction (-0,33 and − 0,43, respectively) (Figs. 8 and 9). 
Our results are in agreement with Liao et al., (2013), Demattê et al., 
(2018b) and Sayão et al. (2018). These correlation patterns occur as a 
function of the mineralogy commonly observed in these fractions. The 
TS fraction is generally composed of quartz, a mineral that presents high 
reflectance, while the clay fraction is composed of iron oxides and other 
opaque minerals, such as magnetite and ilmenite, which present high 
absorbance (Sullivan et al., 2005; Demattê et al., 2018b; Fongaro et al., 
2018). 

Analysing the convolved satellite data (LS5c, SENTc and ASTERc), it 
is observed that, despite good correlation values, the expected variation 
patterns for TS and clay were not expressed for all bands. This is because 
in satellite spectral data, each band reflects a mean value for that 
spectral band. Laboratory data spectra operate within the same spectral 
range as satellite data. However, when convolving this data, the results 
may not match the satellite mean values precisely. This discrepancy 
arises because the convolution process utilizes highly detailed data, 
rather than mean reflectance values, even though both represent the 
same spectral range. 

This may have occurred because it was convolved information, 
coming from weighted means of proximal data with high spectral res
olution and, consequently, with reflectance peaks and absorption bands 
that do not present a defined pattern when considering only the range 
contemplated by each sensor band. 

All sand subfractions presented high correlation values with at least 
one of the bands or indices of satellite sensors, convolved or not. This is 
highlighted by the correlation values for MS and VFS, certainly due to 
the greater amplitudes of variation observed in these subfractions. The 
correlation analyses for the LS5, LS5c, SENTc and ASTER sensors also 
revealed inversely and directly proportional relationship patterns, with 
coarse and fine subfractions, respectively. 

Considering the potential of the different spectral regions of satellite 
sensors, it is possible to highlight that the best correlation values were 
obtained, in general, for Vis, SWIR and MIR, as well as for the GSI, Red/ 
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SWIR2 and SWIR1/SWIR ratios (Figs. 8, 9 and 10). Barnes and Baker 
(2000), Liao et al. (2013) and Fongaro et al. (2018) found that the best 
correlations between Landsat 5 data, satellite and convolved, and the TS 
and clay texture fractions occur for the SWIR1 and SWIR2 bands. Chagas 
et al. (2016) obtained significant correlations of Red/SWIR2, GSI and 
SWIR2 with the TS and clay fractions. Sousa Junior et al. (2011) and 
Gasmi et al. (2019), working with the ASTER sensor, observed better 
correlation values of the SWIR2, SWIR3, SWIR4 and SWIR5 bands with 
the clay, TS, CS and FS texture fractions. 

Strong correlations with Vis bands may, according to Fongaro et al. 
(2018), be related to the influence of the high albedo of quartz, pre
dominant in sandy soils. Correlations with SWIR bands certainly 
occurred due to the influence of the texture fractions in this region, since 
particles of different sizes, metal-OH absorption bands and water mol
ecules cause significant changes in the reflectance values of this region 
(Okin and Painter, 2004; Liao et al., 2013; Castaldi et al., 2016; Demattê 
et al., 2018b; Gasmi et al., 2019). Regarding the MIR, the correlation 

results obtained here highlight and confirm the importance of this re
gion for the analysis of sandy soils, as these regions include the main 
bands of quartz absorption (Hunt, 1977; Jović et al., 2019; Rosin et al., 
2023; Viscarra Rossel et al., 2006a,b). Quartz is an important and 
prominent constituent in the composition and, consequently, in the 
distinction between different sandy soils types. 

The results of total element contents, obtained in pXRF, showed high 
correlations with the particle size fractions of the sandy soils studied 
here (Fig. 11). The elements with the greatest ability to explain the TS 
and clay variations of the data set were Aluminium (Al), Silicon (Si), 
Titanium (Ti), Iron (Fe), Rubidium (Rb), Yttrium (Y) and Niobium (Nb), 
while sand subfractions were most correlated with the elements Rb, Sr, Y 
and Zr. The high correlations of the elements Al, Ti, and Fe with the clay 
fraction are due to the constituents of this textural fraction (O’Rourke 
et al., 2016), such as oxides of Fe, Al and Ti (hematite, goethite, Gibbsite, 
Titania, Titanohematite and Titanogoethite), usually found in tropical 
soils. Zhu et al. (2011), Wang et al. (2014), and O’Rourke et al. (2016), 

Fig. 8. Correlation matrix between LandSat, LandSat convoluted and granulometric fractions (VCS, Very Coarse Sand; CS, Coarse Sand; MS, Medium Sand; FS, Fine 
Sand; VFS, Very Fine Sand). 

L.A.D.L. Di Raimo et al.                                                                                                                                                                                                                       



Catena 234 (2024) 107604

13

in subtropical environments, also observed high correlation values of 
the TS and clay fractions with the Ti, Rb and Fe elements. 

In the correlation analyses between texture fractions and proximal 
reflectance values, the variations of correlation coefficients for TS and 
clay present very similar patterns, with visibly higher values from 2150 
nm, which comprise the SWIR and MIR (Fig. 11). From this region, the 
correlation values were mostly concentrated in the ranges − 1 to − 0.,6 
and 0.,6 to 1. These results confirm the capacity of SWIR and MIR ca
pacity for the characterisation of sandy soils characterization, as well as 
the agreement between satellite and proximal data. We observed an 
exact inverse pattern between the correlations of TS and clay (Fig. 11), a 
fact also observed by Nanni and Demattê (2006). This behavior is 
common in tropical soils, where reductions in the contents of one of 
these fractions are inversely proportional to increases in the other. The 
high correlation value between clay and TS, obtained in the present 
study, confirms the inverse relationship between these fractions (Figs. 8, 
9 and 10). 

Among the sand subfractions, the correlations remained between 
− 0.6 and 0.6 (Fig. 11). Throughout the Vis-NIR-SWIR, the MS sub
fraction showed negative correlations with reflectance values, while the 
VFS subfraction showed a positive correlation. These patterns indicate, 
again, that the variables “sand particle size” and “reflectance intensity”“ 
present inversely proportional quantities, as previously discussed. As 
observed in the descriptive analysis of the spectra, inversions of the 
correlation patterns occurred from Vis-NIR-SWIR to MIR. This confirms 
that the effect of particle size is dominant in the Vis-NIR-SWIR, whereas 
in the MIR, the chemical and mineralogical characteristics dominate. 
This confirms that, due to the grinding of particles, the physical effect (of 
particles with large and small diameters) manifested in the Vis-NIR- 
SWIR, change for a chemical/mineralogical effect in the MIR. This 
change attenuates the highest levels of clay (opaque minerals) and sand 
(quartz) in the soils, instead of the particle size. When we analyse the TS 
and clay fractions, this inversion of patterns does not occur. This 
observation confirms the theory of chemical/mineralogical effect in 

Fig. 9. Correlation matrix between Sentinel 2, Sentinel 2 convoluted and granulometric fractions (VCS, Very Coarse Sand; CS, Coarse Sand; MS, Medium Sand; FS, 
Fine Sand; VFS, Very Fine Sand). 
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MIR, since the relationship between TS and clay is always negative. 

3.2.2. Predictive analyses 
After testing different pre-processing and modeling techniques for 

model elaborations, we observed, for the satellite level data that the best 
adjustments were made using a Support Vector Machine (SVM) model 
with a radial kernel. Probably because SVM is less impacted by soil 
sample size and class imbalance than other ML algorithms (Thanh Noi 
and Kappas, 2017). Gholizadeh et al. (2018) also tested model types for 
satellite data and found better predictive performance of texture frac
tions using SVM. The authors attributed this fact to the high capacity of 
the method to generate nonlinear adjustments, consistent with the 
relationship between soil attributes and satellite level reflectance values. 
In addition, Cardoso-Fernandes et al., (2020) stated that SVM may 
indicate more overtraining and lesser ability to generalise to unknown 
data during the modeling process, which can contribute to model per
formance. For the Vis-NIR-SWIR and MIR data, the best modelling 
method was Partial Least Square Regression (PLSR), currently consid
ered the standard for spectrum modelling (Rosero-Vlasova et al., 2018) 
because of its ability to reduce collinearity between reflectance values. 
The pXRF data was best fit using a Random Forest model. The different 
pre-processing methods tested did not provide increased accuracy in the 

mathematical models. 
Fig. 12 displays R2, RMSE, and RPIQ values for the calibration and 

validation datasets. All the texture fractions studied showed correlations 
with at least one of the predictor variables of both the proximal and the 
satellite levels. Fig. 13 shows the scatter plots of observed and predicted 
values for the calibration and validation datasets, as well as the 
importance of the variables in the models. This information was pre
sented only for the best models at each level (proximal and satellite) 
obtained for each textural fraction. 

For the TS fraction the best performance at the proximal level was 
obtained by VNS + M, and at the satellite level by ASTERc (Fig. 12). At 
the proximal level, the SWIR bands were more important to the 
adjustment of the model than the entire MIR (Fig. 13). Possibly, this 
result can be attributed to the high content of TS in soils, which caused 
high homogeneity in the mineralogical constitution of the samples and, 
consequently, increased the importance of the SWIR, that is sensitive to 
particle sizes (Okin and Painter, 2004). At the satellite level, in spite of 
the importance of the SWIR, specifically bands SWIR5 and SWIR6, and 
the SWIR1/SWIR2 index, the MIR showed the greatest weight overall 
within the model (Fig. 12). 

As for the clay fraction, the VNS + M and ASTERc models performed 
best at the proximal and satellite levels, respectively (Fig. 12). Similar to 

Fig. 10. Correlation matrix between ASTER convoluted, pXRF and granulometric fractions (VCS, Very Coarse Sand; CS, Coarse Sand; MS, Medium Sand; FS, Fine 
Sand; VFS, Very Fine Sand). 
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TS, SWIR was more important than MIR for clay models, and showed 
even more prominence compared to that observed for the TS fraction. 
However, the peaks close to 8000 and 20000 nm were of increased 
importance for clay prediction (Fig. 13), possibly due to the sensitivity 
of this region in identifying quartz. Quartz normally presents an 
inversely proportional relationship to the level of clay in the soil (Pop
piel et al., 2020; Viscarra Rossel et al., 2006a,b). The relative importance 
of the ASTERc variables for predicting clay fraction were very similar to 
those observed for TS. 

For VCS the best accuracy was observed for pXRF, at the proximal 
level, and for LS5c, at the satellite level (Fig. 12). The elements Fe, U, Ti, 
Rb, Sr and Y were most important within the pXRF model, with amounts 
always higher than 70% (Fig. 13). For the LS5c sensor, the MIR and 
SWIR regions were of greatest importance, particularly the SIWR1/ 
SWIR2 index. The CS subfraction predictions were best done using VNS 
+ M and LS5c at the proximal and satellite levels, respectively. The most 
important regions within the VNS + M were SWIR and MIR (±20000 
nm) and, for the LS5c sensor, the MIR band (Figs. 12 and 13). 

The VNS + M, for proximal level, and ASTERc, for satellite level, 
were the best variables for MS prediction (Fig. 11). Again, SWIR and MIR 
(±20000 nm) were most important within the proximal model, while 
the MIR4 and MIR5 bands were most important for the satellite sensor 
(Fig. 11). At the proximal level, none of the predictor variables pre
sented good statistical parameters for FS prediction, however, good re
sults were obtained for the satellite level sensor LS5, specifically the 
indices SWIR1/SWIR2 (74%) and Red/SWIR2 (100%) (Figs. 12 and 13). 

At the proximal level, the VFS subfraction was better predicted using 
VNS + M and, again, the patterns of variable’s importance pointed to the 
high contribution of SWIR and MIR (±20000 nm) (Figs. 12 and 13). 
Among the satellite sensors, LS5c estimated with greater accuracy the 
VFS subfraction. In addition to the MIR band, observed as an important 
variable for the prediction of other sand subfractions, the Green, Red 
and NIR bands, as well as the GSI index, showed greater influence on the 
model adjustment. 

For proximal-level sensors evaluated, the excellent results obtained 
for VNS + M are unquestionable, as it is the best model for six of the 
seven texture fractions analyzed. Viscarra Rossel et al. (2006b) also 

found better predictive capabilities for sand, silt and clay using VNS +
M, compared to Vis, NIR-SWIR and MIR separately. The performance of 
individual proximal sensors VNS, MIR and pXRF were overshadowed by 
the excellent results of VNS + M, however, they are also good predictors 
of sandy soil texture fractions (Fig. 12). Among the satellite sensors, 
ASTERc and LS5 were highlighted. The SENT satellite sensor, despite 
good predictive capabilities for most of the texture fractions (Fig. 12), 
never led to the best model. Possibly, this was due to the absence of a 
MIR band, a region that, in the present study, proved to be very 
important for estimating texture fractions of the sandy soils. 

Predictor variables of high importance are predominantly contained 
in the SWIR and MIR. This pattern again confirms the importance of 
these regions for characterization and modelling of sandy soil attributes, 
precisely because of their sensitivity to identify particles of different 
sizes, metal-OH absorption bands, water molecules, quartz, Si-O-Si, 
silicates and H2O of crystalline structures (Okin and Painter, 2004; 
Liao et al., 2013; Castaldi et al., 2016; Demattê et al., 2018b; Gasmi 
et al., 2019; Hunt, 1977; Viscarra Rossel et al., 2006a; Jović et al., 2019). 
The importance of visible bands (Red, Green and the related GSI Index) 
for predicting texture fractions of sandy soils, specifically the finer ones, 
may be related to the influence of quartz and fine particles in the soil 
albedo (Fongaro et al., 2018; Gomez et al., 2018). 

Throughout the present study it was possible to observe that the 
models obtained with the sensor at the proximal level were, in general, 
more accurate than those at the satellite level. Such superiority could be 
attributed only to the controlled conditions offered by the laboratory 
(Demattê et al., 2007a,b; Gallo et al., 2018; Demattê et al., 2018b; 
Fongaro et al., 2018). However, from the important analysis of the 
predictor variables, it is concluded that the spectral resolution in the 
SWIR and MIR, little explored by Landsat and Sentinel, are of extreme 
importance for the prediction of texture fractions in sandy soils. 

Sousa Junior et al. (2011) and Gasmi et al. (2019), used the ASTER 
sensor, which presents six bands in the SWIR and five in the MIR, for 
texture fractions prediction and also obtained excellent results. Gomez 
et al. (2018) obtained better predictive performance of texture fractions 
using the ASTER sensor in relation to Landsat and Sentinel 2. Multiple 
authors have therefore concluded that the development of satellite 

Fig. 11. Correlation between reflectance values in Vis-NIR-SWIR and MIR regions and granulometric fractions (VCS, Very Coarse Sand; CS, Coarse Sand; MS, 
Medium Sand; FS, Fine Sand; VFS, Very Fine Sand). 
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sensors with increasing spectral resolution and increasing band speci
ficity are key to the improvement in large-scale soil attribute charac
terisation, and thus contribute to sustainable land use (Demattê et al., 
2007a,b; Fongaro et al., 2018)). With this in mind, Silvero et al. (2020) 

concluded that in the near future, new sensors applying to soil science 
would benefit from new spectral regions, highly rich in mineralogical 
constituents and soil attributes. 

Works using satellite sensors to estimate TS and clay fractions were 

Fig. 12. Performance of models using satellite and proximal level remote sensing parameters to predict granulometric fractions.  
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developed by Liao et al. (2013), Chagas et al. (2016) and Sayão et al. 
(2018) with Landsat 5, Demattê et al. (2007a,b) with Landsat 7, Rosero- 
Vlasova et al. (2018) and Gomez et al. (2018) with Sentinel 2, ASTER, 
Landsat 8 and Landsat 7 simulations. These authors obtained models 

with R2 values approximately 0.8 for most of the soil attributes analysed, 
which are generally lower than those obtained in the present study. Even 
with sensors located miles away from the soil surface, having a spatial 
resolution between 20 and 30 m, low spectral resolution, and being 

Fig. 13. The best proximal and satellite level models for entire sand subfractions and clay prediction.  
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exposed to moisture and atmospheric conditions (Demattê et al., 2007a, 
b; Gallo et al., 2018; Demattê et al., 2018b), the satellite level models 
presented performance very close to those generated with convolved 
laboratory data (Fig. 12). This is despite the fact that laboratory data 
was obtained in a controlled environment and with high spectral reso
lution (Fongaro et al., 2018). The present results highlight the capacity 
of satellite data, not only for the characterisation, but also for the 
modelling of the texture fractions of sandy soils in large areas. 

Nanni and Demattê (2006) concluded that convoluted laboratory 
data was always better than satellite data for predictive models due to 
certain soil factors, such as moisture and the occurrence of crusts. 
However, the limitations found by Nanni and Demattê (2006) may be 
related to the origin of their satellite data, extracted from a single image, 
and the process used to identify exposed soil pixels. In the present work, 
satellite information was obtained from a historical series of 27 years, 
for Landsat, and 7 years, for Sentinel 2, with efficient and diversified 
ways of identifying exposed soil pixels. These results highlight the 
evolution of remote sensing techniques and their growing benefits to soil 
science. 

Among the sand subfractions, it can be observed that the models with 
the best accuracy were obtained for MS and VFS, precisely those with 
the greatest variation. Demattê et al. (2007a,b), Gomez et al. (2012), and 
Chagas et al. (2016) affirms that data sets with large variation provide 
more accurate models. Sousa Junior et al. (2011) generated models for 
CS and FS subfractions, using reflectance values from the ASTER sensor, 
and obtained good accuracy for the CS subfraction, which ranged from 
0 to 700 g kg− 1. 

The results of the present study will hopefully lead to more complex 
models that will allow for mapping the spatial variability of sandy soils 
over large areas, similar to the work of Liao et al. (2013), Fongaro et al. 
(2018) and Sayão et al. (2018). The analysis of spectral behavior specific 
to combinations of particle size and mineralogical composition related 
to different sandy soil profiles will also be critical to further the un
derstanding of the complexity and variability of sandy soils. 

3.2.3. Study limitations and recommendations 
The main limitations of this study were related to: limited applica

bility in vegetated areas, changing policies, dependency on field data, 
incomplete elimination of strawman, limited impact of strawman effect, 
lack of discussion on model generalisability, absence of statistical data, 
and spectral similarity of straw and soil. 

At an orbital level, images featuring exposed soil exhibit high accu
racy when utilized in regions with agricultural activities that have dis
rupted and uncovered the soil. Conversely, areas with native vegetation 
lack a significant history of soil exposure, making it challenging to 
generate images of exposed soil. It is worth noting that both national and 
international public policies are increasingly focused on preserving 
vegetation cover in agricultural regions. As a result, this technique is 
likely to become more limiting in the near future. The modelling of a 
particular attribute relies heavily on field data, which implies that a 
single universal model is highly improbable. Instead, specific regional 
models would be more feasible. 

An integral aspect of the methodology involves mitigating the 
strawman effect. While GEOS3 substantially reduces this effect, it does 
not completely eliminate it. This is because the spectral signature of 
straw often resembles that of sandy soils. Consequently, if the filter al
lows straw to pass through, it may indicate the presence of either sandy 
or clayey soil at the site. Nevertheless, this observation has been found to 
have a limited impact. 

4. Conclusions 

Based on our findings, we observed an inverse relationship between 
the Vis-NIR-SWIR reflectance intensity of sandy soils and the grain 
diameter of the predominant sand subfraction, a pattern evident at both 
proximal and satellite levels. In contrast, the MIR spectrum reflects the 

chemical/mineralogical effects more prominently, resulting in reversed 
reflectance patterns. The SWIR and MIR bands prove pivotal in char
acterising and predicting sandy soil texture fractions. The ASTER sat
ellite exhibits significant potential in distinguishing texture classes and 
mineralogical compositions of sandy soils. Proximal models exhibit 
slightly higher accuracy in predicting the texture fractions of sandy soil 
compared to satellite models, with similar accuracy between standard 
and convolved satellite models. This demonstrates the strong capabil
ities of satellite sensors for predicting the total sand (TS) content, clay 
content, and sand subfractions of sandy soils. Notably, the most accurate 
predictions for sand subfractions, regardless of data acquisition level, 
were achieved with MS and VFS data. These findings signify a major 
advancement in soil science, enabling the optimisation of agricultural 
expansion into sandy soils with varying particle compositions, which 
exhibit distinct physical, chemical, and hydrological behaviors. 
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Demattê, J.A.M., Guimarães, C.C.B., Fongaro, C.T., Vidoy, E.L.F., Sayão, V.M., Dotto, A. 
C., Santos, N.V. dos, 2018b. Satellite Spectral Data on the Quantification of Soil 
Particle Size from Different Geographic Regions. Rev. Bras. Ciência do Solo. 
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