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Abstract

Multispectral images obtained from Unmanned Aerial Vehicles (UAVs) have become
strategic tools in precision agriculture, particularly for analyzing spatial variability in
soil attributes. This study aimed to evaluate the spatial distribution of soil electrical (EC)
and total organic carbon (TOC) in irrigated forage cactus areas in the Brazilian semiarid
region, using field measurements and UAV-based multispectral imagery. The study was
conducted in a communal agricultural settlement located in the Mimoso Alluvial Valley
(MAV), where EC and TOC were measured at 96 points, and seven biophysical indices were
derived from UAV multispectral imagery. Geostatistical models, including cokriging with
spectral indices (NDVI, EVI, GDVI, SAVI, and NDSI), were applied to map soil attributes
at different spatial scales. Cokriging improved the spatial prediction of EC and TOC by
reducing uncertainty and increasing mapping accuracy. The standard deviation of EC
decreased from 1.39 (kriging) to 0.67 (cokriging with EVI), and for TOC from 15.55 to
8.78 (cokriging with NDVI and NDSI), reflecting a 43.5% reduction in uncertainty. The
indices, EVI, NDVI, and NDSI, showed strong potential in representing and enhancing the
spatial variability in soil attributes. NDVI and NDSI were particularly effective at finer
grid resolutions, supporting more efficient irrigation strategies and sustainable agricultural
practices.

Keywords: UAV; cokriging; mapping uncertainties; biophysical indices; soil estimation

1. Introduction

Remote sensing (RS) is an essential tool in precision agriculture, with RGB and multi-
spectral images widely used to estimate agricultural productivity and adjust management
strategies, especially in intercropping systems [1,2]. The evolution of RS techniques has
brought increasing relevance to Unmanned Aerial Vehicles (UAVs) equipped with multi-
spectral cameras, which provide greater spatial resolution and data acquisition frequency
compared with satellite images [3—6]. Silva et al. [7] highlighted the potential of biophysical
indices derived from RGB images captured by UAVs for monitoring the vegetative state of
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forage cactus, as well as for detecting bare soils and salinized areas, factors that contribute
to more sustainable agricultural practices [8,9].

Biophysical indices derived from UAV images offer robust support for agricultural
monitoring and environmental diagnostics. Among the vegetation indices, the Normalized
Difference Vegetation Index (NDVI) is one of the most widely used due to its sensitivity to
photosynthetically active biomass, exploiting the contrast between red and near-infrared
reflectance [10]. The Soil-Adjusted Vegetation Index (SAVI) and the Enhanced Vegetation
Index (EVI) are also commonly applied to minimize the influence of atmospheric and soil
background conditions, respectively, and these adjustments are particularly relevant in
canopies with sparse or heterogeneous vegetation, such as those found in forage cactus
systems [11-13]. In addition, the Modified Green—Red Vegetation Index (MGRVI) and the
Visible Atmospheric Resistance Index (VARI), which use only the visible spectral bands,
are effective under variable illumination and in conditions where near-infrared (NIR) data
are limited [14].

To assess salinity, the Normalized Difference Salinity Index (NDSI) was adopted for
its ability to highlight spectral differences caused by salt crusts or saline moisture on the
soil surface, using the red and NIR bands [15]. Studies such as [16] have demonstrated
strong correlations between NDSI and soil salinity in irrigated areas. The Generalized
Difference Vegetation Index (GDVI) was also considered due to its flexibility in different
spectral configurations and its accuracy in estimating vegetation density [17]. Collectively,
these indices provide a comprehensive spectral framework that enhances spatial modeling
capabilities when integrated with geostatistical techniques.

Recent studies reinforce the value of RGB-based indices in estimating parameters
such as leaf area index (LAI) and chlorophyll content via machine learning [18-20].
Santos et al. [18] and [12,21] demonstrated the relevance of these indices for productive
and environmental monitoring, while [2] showed that multispectral images, when includ-
ing bands beyond the visible spectrum, outperform RGB images in the classification of
forage cactus using artificial intelligence algorithms. According to [12], the integration of
biophysical indices from visible and non-visible spectral bands improves the mapping of
field conditions. Feng et al. [22] also reported a higher model accuracy with multispectral
images compared with RGB-only data.

These indices allow the indirect estimation of soil attributes through regression models
with high coefficients of determination [8] and assist in spatialization by interpolation
methods, such as kriging. Among these methods, cokriging stands out for incorporating
secondary variables (e.g., spectral indices) correlated with the primary variable, thus
reducing the uncertainty of the estimate. Studies have shown that cokriging produces
smaller prediction errors than conventional techniques, such as ordinary kriging and
inverse distance weighting (IDW) [23-25].

At the same time, the Brazilian semiarid region presents unique environmental chal-
lenges due to its unpredictable precipitation patterns, shallow and compactable soils, and
frequent salinization [26]. Marengo et al. [27] describes it as the wettest semiarid region in
the world, with annual precipitation of up to 800 mm, but with high evapotranspiration
(~2000 mm/year), which restricts groundwater recharge and compromises water security.
The limited sanitation infrastructure, present in only 243 of the 1135 municipalities [28],
contributes to the risks of contamination and reduced water quality [29]. Initiatives that
use treated domestic wastewater for irrigation have emerged as a sustainable alternative.
However, their reach is still limited, especially in rural areas [30]. Although positive results
have been observed in cactus pear irrigated with treated wastewater [31], there are still
concerns about environmental risks, such as microbial contamination and, especially, soil
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salinization [32]. On the other hand, the controlled reuse of wastewater can increase soil
organic matter content [33].

Forage cactus is a strategic plant for semiarid regions, characterized by intense radia-
tion, water scarcity, and high temperatures, affecting the availability of forage food [34].
The productivity of this crop is strongly correlated with the physical-chemical quality of
the soil, with organic carbon content (TOC) being one of the main indicators of fertility in
semiarid environments [35]. TOC contributes to greater water retention, aggregate stability,
and nutrient cycling, both of which are essential for the development of crops under a
water deficit. These benefits are enhanced by the use of forage species adapted to semiarid
ecosystems, which generally accumulate more carbon when compared with agricultural
crops due to the high density of their fasciculate root system and their ability to use small
amounts of water available in the soil [36].

Soil electrical conductivity (EC), which is often high in areas irrigated with reclaimed
water, acts as a salinization agent, limiting water absorption by agricultural crops, affecting
their productivity. In this context, the spatial mapping of these attributes, especially with
the support of remote sensing techniques, allows more effective interventions in irriga-
tion management and the use of conservation practices, providing increased productive
resilience of forage cactus. Cheng et al. [37] found that remote sensing can be used to
map crop water productivity, leading to significant water savings while maintaining or
increasing crop yields. Pizarro et al. [38] demonstrated that multispectral indices derived
from UAVs can improve the prediction of soil properties, contributing to the more efficient
and effective management of agricultural crops.

Despite the advances in RS and geotechnologies, there is still a scientific gap regarding
the integration of RGB and multispectral indices derived from UAVs as auxiliary variables
in cokriging models aimed at estimating soil attributes in areas irrigated with reused water.
This approach remains little explored in forage cactus cultivation, especially in the Brazilian
semiarid region. Therefore, this study aimed to evaluate the effectiveness of biophysical
indices in reducing the uncertainties associated with the geostatistical mapping of organic
matter and electrical conductivity in a forage cactus production area irrigated with reused
water, in the semiarid region of Pernambuco, Brazil. In addition, we sought to investigate
the sensitivity of cokriging to the spatial resolution of secondary variables, comparing
different interpolation scales. This research offers a practical and scientific contribution to
precision agriculture by proposing an innovative, relatively low-cost approach based on
the integration of spectral data from UAVs to improve soil monitoring and increase the
efficiency of wastewater irrigation in regions of high environmental vulnerability.

2. Material and Methods
2.1. Study Area

This study was carried out in an experimental agricultural area located in the Nossa
Senhora do Rosério settlement, within the Mimoso representative basin, in the municipality
of Pesqueira-PE. The Mimoso basin is part of the Alto Ipanema basin, situated in the
semiarid region of the State of Pernambuco (Figure 1), and it serves as a tributary to the
Sao Francisco River in its middle lower section. The climate of the region is classified as
BSh (hot semiarid) according to the Koppen classification. The average annual reference
potential evapotranspiration is 2.000 mm, and the average annual temperature is 23 °C.
The region receives an average annual precipitation of 630 mm [39].
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Figure 1. Location of the study area in Pesqueira, Pernambuco state, Brazil, and the experimental site
where UAV-based multispectral images were acquired.

The soil in the study area is classified as a Regolithic Neosol, according to the Brazilian
Soil Classification System [40]. The physical and chemical characteristics of the soil, based
on saturated paste extracts, are shown in Table 1.

Table 1. Physical and chemical characteristics of the soil (analyzed using a composite soil sample) in
the experimental area, Pesqueira (Pernambuco state).

Depth Sand Silt Clay Bd Pd pH EC ocC
m % gcm3 dSm-1 g'kg1
0-0.10 74.8 8.2 17 1.34 2.56 6.3 1.2 13.27

0.10-0.20 68.4 13.3 18.3 1.42 242 5.7 14 3.93

where Bd = bulk density; Pd = particle density; pH = hydrogen potential (H,O); EC = electrical conductivity; OC
= organic carbon.

In the experimental plot, forage cactus (Opuntia stricta (Haw.) Haw.) was transplanted
on 15 May 2022 and spaced 1.0 m between rows and 0.2 m between plants. Irrigation
was applied using a localized drip system supplied with treated domestic wastewater,
following the reuse system described by Mayer et al. [30]. The irrigation schedule was set at
three-day intervals and based on 70% of the reference evapotranspiration (ET,), calculated
using the Penman—-Monteith method [41].

2.2. Soil Salinity and Soil Total Organic Matter

Soil attribute measurements were carried out using a regular grid of 96 sampling
points, spaced 2 x 1 m apart, at a depth of 0-0.1 m. Soil electrical conductivity (EC) was
determined using the saturated paste extraction method, as described by Teixeira et al. [42].
Soil carbon and organic matter dynamics were analyzed following the method of Yeomans
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and Bremner [43], based on carbon oxidation with potassium dichromate (K,Cr,O7) and
subsequent titration with ammonium ferrous sulfate (0.4 mol L~!), enabling the estimation
of total organic carbon (TOC).

2.3. Multispectral Monitoring with Unmanned Aerial Vehicle (UAV)

Multispectral images were acquired using a DJI Phantom 4 Multispectral drone, which
offers a spatial resolution of 0.5 m. The drone is equipped with an RGB camera and a set of
multispectral cameras, which captures data across five spectral bands, blue (450 nm), green
(560 nm), red (650 nm), red edge (730 nm), and near-infrared (840 nm), each with 2 MP
resolution and global shutter, mounted on a stabilized 3-axis gimbal [9]. The flight was
conducted in October 2023, following technical specifications and Brazilian Civil Aviation
Agency (ANAC) regulations. Flight parameters included a speed of 2 m/s and an altitude
of 40 m. The weather conditions on the day of capture were characterized by a maximum
temperature of 32.37 °C, a minimum temperature of 20.57 °C, and the occurrence of 0.6 mm
of precipitation. Cumulative rainfall in the preceding periods was 4.9 mm in the last
30 days, 35.9 mm over 60 days, and 77.0 mm over the previous 90 days.

An automatic survey mission was executed with 75% front and lateral image overlap
across all study dates, achieving a Ground Sample Distance (GSD) of ~2 cm? for high-
resolution analysis. Reflectance correction was performed using a Calibrated Reflectance
Panel (CRP) to minimize lighting variability and enable accurate vegetation index cal-
culations. All images met Metashape quality standards (scores > 0.75) after preliminary
assessment. A set of biophysical indices were selected that explore both the visible spectrum
bands (RGB) and the near-infrared (NIR) bands, as shown in Table 2.

Table 2. Spectral indices used for vegetation and salinity assessment based on multispectral images
acquired by UAV.

Index Name Equation Reference
NDVI Normalized Difference Vegetation Index N%EN;E Rouse et al. [44]
NDSI Normalized Difference Salinity Index E;LN%E Khan et al. [45]
MGRVI Modified Green—-Red Vegetation Index gzlgi Bendig et al. [46]
VARI Visible Atmospherically Resistant Index % Gitelson et al. [47]
SAVI Soil-Adjusted Vegetation Index N (14 1) Huete [48]
EVI Enhanced Vegetation Index % Huete et al. [49]
GDVI Generalized Difference Vegetation Index NIR? —R? Wu et al. [17]

where G = green; B = blue; R = red; NIR = near-infrared; L = soil brightness correction factor (L = 0.5).

The index obtained from visible spectrum bands (RGB) will be referred to as RGB
indices, while those using bands both within and beyond the visible spectrum (RGB, RE,
and NIR) will be referred to as multispectral indices. To calculate and extract index values
at field sampling points, the Raster Calculator in QGIS® software version 3.34.10 [50] was
used. Spectral data from multispectral images were extracted based on three different
sampling grids (Figure 2) to assess the influence of sampling density on correlations with
primary soil variables, using a single image. This higher number of sampling points could
reduce the uncertainties in soil variable map estimations. The extraction followed the
original grid (grid 1) used in field sampling, with a spacing of 2 x 1 m, totaling 96 points.
Regarding grid 2 (1 x 1 m), 179 points were extracted, and for grid 3 (0.5 x 0.5 m) 636
points were considered. The higher-resolution grids were generated through the spatial
up-scaling of the UAV-derived data, without additional field soil sampling, to assess the
influence of extraction resolution on the correlation analysis and geostatistical predictions.
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Figure 2. Sample grid 1 (2 x 1 m) (A), grid 2 (1 x 1 m) (B) and grid 3 (0.5 x 0.5 m) (C).

2.4. Statistical Analysis

The data was analyzed using descriptive statistics, including the mean, minimum and
maximum values, first and third quartiles, standard deviation, and coefficient of variation
(CV). The CV was classified according to the criteria proposed by Warrick and Nielsen [51]:
low variability (CV < 12%), moderate variability (12% < CV < 60%), and high variability
(CV > 60%). Data normality was assessed using the Kolmogorov-Smirnov test at a 0.05
significance level, and logarithmic transformations were applied when necessary. Trend
analysis was performed using linear models based on the coefficient of determination,
following the methodology of Andrade et al. [52]. Outliers were identified and removed
according to Hoaglin et al. [53], considering values below the lower limit (LL) or above the
upper limit (UL).

Additionally, Spearman’s rank correlation and Principal Component Analysis (PCA)
were performed to identify potential linear relationships between multispectral indices
and soil attributes. PCA was conducted using a custom script in R software (version 4.4.2,
2022), with the FactoMineR package [54].

Spatial dependence was assessed using classical semivariograms, constructed from
semivariance estimates according to Equation (1) [55]. The fitting of theoretical semivar-
iogram models was evaluated using the Geo-EAS software Version 1.2.1 (Geostatistical
Environmental Assessment Software, Environmental Monitoring Systems Laboratory, Las
Vegas, NV, USA) [56] and GS+® version 7.0 (Gamma Design Software, Plainwell, MI,
USA) [57].

P(h) = gy D 206+ ) — ZOX) )
where y(h) = estimated value of the semivariance of the experimental data; Z(X; + h) and
Z(X;) = observed values of the regionalized variable; N(h) = number of pairs of measured
values, separated by a distance h; and X; and X; + h refer to two data points (locations
where the variable Z is measured) that are a lag distance, h, apart.

Based on the experimental semivariogram, the data were fitted to theoretical models,
testing spherical, exponential, and Gaussian models. The mathematical fitting enabled the



AgriEngineering 2025, 7,221

7 of 23

estimation of key parameters: nugget effect (Cp), range of spatial dependence (a), and sill
(Co + Cy). The degree of spatial dependence (DSD) was classified according to Cambardella
et al. [58], where the degree of dependence is considered strong, moderate, or weak when
the ratio of nugget effect (Cy) to sill (Cy + C;) is less than 25%, between 25% and 75%, and
greater than 75%, respectively.

After fitting the semivariograms, model validation was performed using the leave-
one-out cross-validation method [59], where each observed value is temporarily removed
and estimated via kriging, then replaced with the predicted value. The distribution of
standardized errors is then analyzed, which should present a mean close to zero and
a standard deviation near one [60]. Following semivariogram validation, kriging was
performed using the fitted models in Surfer®, version 13.6.618 [61]. In addition to contour
maps, standard deviation maps were also generated.

The spatial correlation between field variables and multispectral indices was assessed
using a cross-semivariogram methodology. This correlation between distinct variables,
known as inter-regionalization, was described by Goovaerts [60] and can be quantified
using the cross-semivariogram or cross-covariance, as presented in Equation (2). Standard
deviation values were extracted to analyze the frequency distribution and assess the
consistency of the correlations obtained with the spectral indices.

Yia(h) = ZrprEnt 2406) = 1%+ W)[Z2(X) — Za(X; + ) @
where Y7, (h) is the estimated value of the cross semivariogram of the experimental data;
Z(X; + h) and Z(X;) are the observed values of the regionalized variable; Z; and Z, are
spatially correlated variables; N(h) is the number of pairs of measured values separated by
a distance, h; and Xi and X; + h refer to two data points (locations where the variable Z is
measured) that are a lag distance, h, apart.

3. Results and Discussion
3.1. Descriptive Analysis of Soil Attributes and Spectral Indices

Table 3 presents the descriptive statistics for soil electrical conductivity (EC), organic
matter (OM), and the indices derived from UAV imagery, using three different sampling
grid resolutions. The mean organic matter content was 33.831 g kg~!, while the mean
electrical conductivity was 1.83 dS m~ L. Based on the coefficients of variation (CVs), EC was
classified as highly variable (85.4%), whereas organic matter showed moderate variability
(27.6%). The high variability observed in EC may be related to localized factors such as
variations in irrigation management with reclaimed water and topographic differences
across the field [62].

Regarding the biophysical indices, the Enhanced Vegetation Index (EVI) and the
Generalized Difference Vegetation Index (GDVI) showed the highest mean values (0.426
and 0.398, respectively). In contrast, the Normalized Difference Salinity Index (NDSI) and
the Visible Atmospherically Resistant Index (VARI) exhibited negative values, which is a
common pattern in areas with low vegetation cover or exposed soils [12,63]. The variability
in the indices ranged from low to moderate, with coefficients of variation (CV) between
17.5% (NDVI) and 22% (EVI), indicating good consistency in the data, even when using a
lower-resolution sampling grid.

Considering grid 2, a slight rise in the mean values of EVI and GDVI was observed.
The data range remained stable, with minimum and maximum values similar to those of
the previous grid, and the CVs remained comparable. This suggests that increasing the
sampling density did not significantly affect the variability in the extracted indices. The
lower (LL) and upper (UL) limits confirmed that most data were concentrated within a
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statistically acceptable confidence interval, with few outliers. In the highest-resolution
grid (grid 3), a further increase in the mean values of EVI (0.440) and GDVI (0.419) was
recorded, suggesting improved spatial detail in detecting variability in soil spectral param-
eters. However, the standard deviation values remained similar to those of the previous
grids—for example, EVI showed standard deviations of 0.094 (grid 1), 0.084 (grid 2),
and 0.092 (grid 3); for GDVI, the values were 0.072 (grid 1), 0.073 (grid 2), and 0.079
(grid 3)—indicating that increasing the sampling density did not significantly reduce data
dispersion or uncertainty.

Table 3. Descriptive statistics of soil attributes and biophysical indices for different sampling grids.

Mean Minimum Maximum SD Ccv 1°Q 3°Q LL UL
A.Grid1(2 x 1 m)
EC 1.83 0.118 5.68 1.563 0.854 0.448 3.245 —3.747 7.44
oM 33.831 11.563 61.431 9.337 0.276 26.53 40.108 6.163 60.475
EVI 0.426 0.211 0.712 0.094 0.22 0.359 0.48 0.179 0.66
GDVI 0.398 0.222 0.568 0.072 0.181 0.349 0.441 0.213 0.578
MGRVI —0.224 —0.313 —0.123 0.04 —0.18 —-0.25 —0.201 —0.324 —0.127
NDSI —0.207 —0.281 —0.119 0.036 —0.175 —0.231 —0.186 —0.299 —0.118
NDVI 0.207 0.119 0.281 0.036 0.175 0.186 0.231 0.118 0.299
SAVI 0.313 0.169 0.468 0.062 0.198 0.271 0.348 0.154 0.465
VARI -0.17 —0.239 —0.091 0.03 —0.176 —0.189 —0.15 —0.248 —0.091
B.Grid 2 (1 x 1 m)

EVI 0.433 0.211 0.663 0.084 0.194 0.38 0.48 0.231 0.628
GDVI 0.404 0.222 0.595 0.073 0.18 0.358 0.447 0.223 0.582
MGRVI —0.225 —0.341 —0.103 0.043 —0.193 —0.253 —0.199 —0.334 —0.118
NDSI —-0.21 —0.309 —0.113 0.038 —0.18 —0.236 —0.185 —0.311 —0.11
NDVI 0.21 0.113 0.309 0.038 0.18 0.185 0.236 0.11 0.311
SAVI 0.316 0.169 0.478 0.061 0.192 0.277 0.353 0.162 0.468

VARI —-0.171 —0.254 —0.09 0.031 —0.183 —0.191 —0.149 —0.254 —0.087
C.Grid 3 (0.5 x 0.5 m)

EVI 0.44 0.2 0.721 0.092 0.208 0.38 0.496 0.205 0.671
GDVI 0.419 0.212 0.632 0.079 0.189 0.365 0.468 0.21 0.623
MGRVI —0.235 —0.382 —0.084 0.054 —0.232 —0.273 -0.2 —0.382 —0.091
NDSI —0.218 —0.332 —0.107 0.044 —0.203 —0.247 —0.187 —0.336 —0.098
NDVI 0.218 0.107 0.332 0.044 0.203 0.187 0.247 0.098 0.336
SAVI 0.329 0.161 0.516 0.067 0.202 0.283 0.369 0.155 0.498
VARI —-0.177 —0.28 —0.068 0.039 —0.221 —0.203 —0.151 —0.281 —0.074

where SD = Standard Deviation; CV = Coefficient of Variation; Li = Lower Limit; LS = Upper Limit; OM =
Organic Matter; EC = Electrical Conductivity; EVI = Enhanced Vegetation Index; GDVI = Green Difference
Vegetation Index; MGRVI = Modified Green—-Red Vegetation Index; NDSI = Normalized Difference Salinity Index;
NDVI = Normalized Difference Vegetation Index; SAVI = Soil-Adjusted Vegetation Index; and VARI = Visible
Atmospherically Resistant Index.

3.2. Correlations Between Soil Attributes and Spectral Indices

Table 4 presents the Spearman correlations between soil attributes and spectral indices
across the three sampling resolutions (grids 1, 2, and 3), allowing the consistency of
biophysical and physicochemical variables to be assessed under varying sampling densities.
Overall, strong positive correlations were observed among the spectral indices EVI, NDVI,
GDVI, and SAVI, particularly in grids 2 and 3. GDVI and SAVI exhibited near-perfect
correlations across all grids (=0.999), suggesting that both capture similar spectral patterns
associated with green biomass. NDVI and GDVI also showed high correlations (>0.95),
reinforcing their robustness in vegetation detection in irrigated areas. Conversely, NDSI
showed a strong negative correlation with vegetation indices such as GDVI and NDVI
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(<-0.95), indicating that increased salinity tends to be associated with reduced vegetation
cover [64].

Table 4. Spearman’s correlation between soil attributes and spectral indices in grids 1 (2 m x 1 m), 2
(Im x 1m), and 3 (0.5 m x 0.5 m), in the area irrigated with reused water in the Mimoso Alluvial
Valley.

A.Grid 1
OM EC EVI GDVI MGRVI NDSI NDVI SAVI VARI
OM 1
EC —0.08 1
EVI 0.015 0.17 1
GDVI —0.08 0.172 0.724 1
MGRVI —0.02 0.04 0.656 0.31 1
NDSI 0.084 —0.16 —0.74 -1 —0.32 1
NDVI —0.11 0.209 0.714 0.957 0.281 —0.96 1
SAVI —0.08 0.162 0.737 0.999 0.32 -1 0.956 1
VARI —0.04 0.016 0.608 0.318 0.989 -0.33 0.283 0.325 1
B. Grid 2
OM CEA EVI GDVI MGRVI NDSI NDVI SAVI VARI
OM 1
EC —0.08 1
EVI 0.015 0.17 1
GDVI —0.08 0.172 0.596 1
MGRVI —0.02 0.04 0.644 0.234 1
NDSI 0.084 —0.16 —0.6 -1 —0.24 1
NDVI —0.11 0.209 0.593 0.953 0.214 —0.95 1
SAVI —0.08 0.162 0.604 0.999 0.24 -1 0.953 1
VARI —0.04 0.016 0.618 0.253 0.991 —0.26 0.227 0.257 1
C. Grid 3
OM EC EVI GDVI MGRVI NDSI NDVI SAVI VARI
OM 1
EC —0.08 1
EVI 0.015 0.17 1
GDVI —0.08 0.172 0.306 1
MGRVI —0.02 0.04 0.384 0.204 1
NDSI 0.084 —0.16 —0.31 -1 —0.21 1
NDVI —0.11 0.209 0.295 0.956 0.18 —0.95 1
SAVI —0.08 0.162 0.307 0.998 0.212 -1 0.955 1
VARI —0.04 0.016 0.361 0.228 0.988 —0.24 0.204 0.236 1

where OM = Organic Matter; EC = Soil Electrical Conductivity; EVI = Enhanced Vegetation Index; GDVI = Green
Difference Vegetation Index; MGRVI = Modified Green-Red Vegetation Index; NDSI = Normalized Difference
Salinity Index; NDVI = Normalized Difference Vegetation Index; SAVI = Soil-Adjusted Vegetation Index; VARI =
Visible Atmospheric Resistance Index.

Soil electrical conductivity (EC) showed moderate correlations with the spectral indices
of NDVI, GDVI, EVI, and SAVI, with values of 0.209, 0.172, 0.17, and 0.162, respectively. The
NDSI exhibited a negative correlation (—0.16), suggesting an indirect relationship between
soil salinity and the presence of forage cactus in the study area. In contrast, organic matter
(OM) showed weaker correlations. Overall, OM displayed weak or nearly null correlations
with the spectral indices, corroborating the findings of Belenok et al. [65], who reported
a low linear correlation between the OM and NDVI values derived from Landsat 5 and 8
imageries, based on Pearson’s test. The correlation patterns were consistent across all three
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Dim2 (20.9%)

Dim2 (21.6%)

Variables - PCA

Variables - PCA

sampling grids, indicating that changes in sampling density did not significantly affect the
strength of the relationships among variables.

Principal Component Analysis (PCA) was applied to the dataset, excluding outliers,
to identify correlation patterns between soil attributes and spectral indices. The resulting
biplots for the2 x 1m, 1 x 1 m, and 0.5 x 0.5 m grids are presented in Figure 3. Dimension
1 (Dim1) explained between 40.6% and 42.2% of the variance in all three grids, while
Dimension 2 (Dim2) accounted for 27.5% to 30.6%, together representing over 70% of the
total variability explained by the first two components.

Variables - PCA

B.

Dim2 (21.7%)

Dim (50.6%) Dimt (48.5%)

Dim1 (49.1%)

Figure 3. Principal Component Analysis (PCA) between soil attributes and spectral indices in grid 1
(2 x1m)(A), grid2 (1 x 1m) (B), and grid 3 (0.5 x 0.5 m) (C).

The biplots reveal that EC and OM contributed minimally to the variance explained
by the first two principal components. However, in the 2 x 1 m grid, soil electrical
conductivity showed a stronger correlation with the spectral indices NDVI, SAVI, GDVI,
and EVI, suggesting that these indices have the potential for estimating soil salinity patterns
in areas irrigated with reclaimed water. A similar behavior was observed in the higher
resolution grids (1 x 1 m and 0.5 x 0.5 m), where EC maintained a certain degree of
proximity to the spectral vectors, albeit with reduced intensity. The consistency of this
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pattern across different grids reinforces the robustness of PCA in capturing the structural
relationships between spectral data and soil chemical attributes. Nevertheless, this result
contrasts with the findings of Silva et al. [8], who reported inverse correlations between
NDVI, SAVI, GDVI, and EVI and soil EC in irrigated areas of the semiarid region. This
divergence can be attributed to the fact that the present study focused solely on the spectral
response of the soil, whereas Silva et al. [8] evaluated the spectral response of the plant.
Variations in soil type, the degree of salinization, irrigation management, soil cover, and
image acquisition period also directly affect spectral responses and their relationship with
soil properties.

3.3. Geostatistical Modeling of Soil Attributes and Spectral Indices

Table 5 and Figure 4 present the parameters of the fitted semivariogram models for
the physicochemical soil variables (OM and EC) and the spectral indices (MGRVI, NDSI,
NDVI, VARI, EVI, GDVI, and SAVI). All variables exhibited spatial dependence, with fitted
exponential or Gaussian models and high coefficients of determination (R?), indicating
good model performance.

Table 5. Parameters of the semivariograms adjusted for the soil variables and biophysical indices
evaluated in the experimental area in grid 1 (2 x 1 m).

Variable Model Co Co+Cq R DSD R2
OM Exponential 45.0 403.6 3.99 11.15% 0911
EC Exponential 1.238 2.58 6.81 47 .98% 0.771
MGRVI Exponential 0.001331 0.002872 56.25 46,34% 0.882
NDSI Gaussian 0.001099 0.002288 8.3658 48.03% 0.987
NDVI Gaussian 0.001099 0.002288 8.3658 48.03% 0.987
VARI Exponential 0.000114 0.000918 3.95 12.41% 0.671
EVI Gaussian 0.02583 0.05706 11.9165 45.27% 0.993
GDVI Gaussian 0.0035 0.00793 8.2965 44.13% 0.937
SAVI Gaussian 0.00221 0.00612 10.35 36.11% 0.930

where OM = Organic Matter; EC = Soil Electrical Conductivity; EVI = Enhanced Vegetation Index; GDVI = Green
Difference Vegetation Index; MGRVI = Modified Green-Red Vegetation Index; NDSI = Normalized Difference
Salinity Index; NDVI = Normalized Difference Vegetation Index; SAVI = Soil-Adjusted Vegetation Index; VARI =
Visible Atmospheric Resistance Index; Cy = Nugget Effect; Co + C; = Sill; R = Range; DSD = Dependence Spatial;
R? = Coefficient of Determination.

Organic matter (OM) exhibited a strong spatial dependence (DSD = 11.15%), while
electrical conductivity (EC) showed a moderate dependence (47.98%). The range values
varied from 1.08 to 3.36 m, with EC presenting the highest range, likely due to its greater
spatial heterogeneity, often influenced by irrigation practices and salt accumulation on
the soil surface [33]. The spatial dependence observed for organic matter is similar to that
reported by Fu et al. [66], who evaluated soil organic matter at depths of 0-20 cm and
20-40 cm and found models with DSD values of 10% and 13%, respectively.

Among the spectral indices, EVI presented the highest coefficient of determination
(R? = 0.993), followed by NDSI and NDVI (0.987), GDVI (0.937), and SAVI (0.930), indicat-
ing an excellent fit of the theoretical model to the experimental semivariances. In contrast,
VARI showed the lowest R? (0.671), likely due to its higher sensitivity to atmospheric
interference and illumination variability, which is common in indices based solely on
visible bands [23]. In terms of spatial dependence, VARI exhibited a strong spatial de-
pendence (DSD < 25%), while the other indices—MGRVI, NDSI, NDVI, EVI, GDVI, and
SAVI—demonstrated a moderate spatial dependence (DSD between 38.38% and 48.03%).
The observed range values varied between 3.95 m (VARI) and 56.25 m (MGRVI), reflecting
different spatial extents.
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Figure 4. Theoretical and experimental semivariograms for EC (A), OM (B), EVI (C), GDVI (D),
MGRVI (E), NDSI (F), NDVI (G), SAVI (H), VARI (I).

Table 6 and Figure 4 present the parameters of the semivariograms adjusted for
the spectral indices in both grids 2 (1 x 1 m) and 3 (0.5 x 0.5). The adjustments of the
semivariograms of the spectral indices showed different patterns of spatial structure, with
a predominance of the Gaussian and exponential models.

The spectral indices MGRVI, NDSI, NDVI, EVI, and GDVI were best represented
by the Gaussian model, with high coefficients of determination (R?) ranging from 0.986
(GDVI) to 0.850 (NDVI and NDSI), indicating an excellent fit of the data to the modeled
spatial structure. On the other hand, the SAVI and VARI indices showed a better fit to
the exponential model. The VARI stood out for having the highest range (R = 23.04 m)
along with a good R? (0.886), while EVI (R = 16.47 m) and MGRVI (R = 12.30 m) also
exhibited ranges above 10 m, indicating significant spatial continuity. Regarding the degree
of spatial dependence (DSD), SAVI showed a strong dependence (13.67%), while the other
indices exhibited a moderate dependence, with MGRVI (49.93%), NDVI (49.76%), and
NDSI (49.76%) standing out.

In grid 3 (0.5 x 0.5 m), the model fitting patterns remained consistent, particularly
for indices based on near-infrared (NIR) bands, such as NDVI, GDVI, SAVI, and EVI,
reinforcing the robustness of these indices in representing the soil’s spectral response. GDVI
showed the highest R? (0.928), followed by SAVI (0.927), and both NDVI and NDSI (0.910),
indicating their strong capacity to represent the spatial structure of the data even under a
higher sampling density. Although VARI (0.515) and MGRVI (0.556) presented lower R?
values, all indices passed the leave-one-out cross-validation test, reinforcing the accuracy
of the spatial models. Furthermore, the DSD values in grid 3 followed patterns similar
to the previous grids: VARI (11.59%) and MGRVI (13.90%) maintained a strong spatial
dependence, while EVI, GDVI, SAVI, NDVI, and NDSI showed a moderate dependence,
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ranging from 49.78% to 57.52%. The spatial range varied from 2.64 m (VARI) to 10.62 m
(EVI), indicating that the spatial dependence structure was preserved even at higher spatial
resolution.

Table 6. Parameters of the semivariograms adjusted for the spectral indices in grid 2 (1 x 1 m) (A)
and 3 (0.5 x 0.5) (B).

Model C() C() + C1 R DSD R2
A.Grid 2 (1 x 1)
MGRVI Gaussian 0.00363 0.00727 12.2976 49.93% 0.855

NDSI Gaussian 0.001059 0.002128 7.3093 49.76% 0.85
NDVI Gaussian 0.001059 0.002128 7.3093 49.76% 0.85
VARI Exponential 0.001634 0.004288 23.04 38.10% 0.886
EVI Gaussian 0.0663 0.1416 16.4718 46.82% 0.984
GDVI Gaussian 0.00425 0.0128 8.581 33.20% 0.986
SAVI Exponential 0.00254 0.01858 15.15 13.67% 0.954
B. Grid 3 (0.5 x 0.5)

MGRVI Exponential 0.00057 0.0041 3.33 13.90% 0.556
NDSI Gaussian 0.001499 0.002606 8.5766 57.52% 0.91
NDVI Gaussian 0.001499 0.002606 8.5766 57.52% 0.91
VARI Exponential 0.000258 0.002226 2.64 11.59% 0.515

EVI Gaussian 0.01173 0.02356 10.6175 49.78% 0.756
GDVI Gaussian 0.00399 0.00799 7.9848 49.93% 0.928
SAVI Gaussian 0.003143 0.006296 8.0194 49.92% 0.927

where MGRVI = Modified Green-Red Vegetation Index; NDSI = Normalized Difference Salinity Index; NDVI
= Normalized Difference Vegetation Index; VARI = Visible Atmospheric Resistance Index; EVI = Enhanced
Vegetation Index; GDVI = Green Difference Vegetation Index; SAVI = Soil-Adjusted Vegetation Index; Cy = Nugget
Effect; Cy + C; = Sill; R = Range; DSD = Dependence Spatial; R? = Coefficient of Determination.

The parameters of the cross-semivariogram models between organic matter (OM) and the
spectral indices are presented in Table 7 and Figure 5. The Gaussian models were predominant,
with EVI showing the highest spatial dependence (DSD = 26.36%), followed by SAVI with
a very low DSD (0.17%) and a range of 16.09 m, indicating a well-defined spatial structure.
NDVI and NDSI presented similar low DSD values (0.18%), suggesting a strong spatial
correlation with OM. GDVI had a range of 12.66 m and DSD of 8.33%, indicating a moderate
spatial dependence. MGRVI and VARI did not yield valid semivariogram models at this scale,
indicating limited applicability in coarser sampling grids.

Table 7. Fitting parameters of the cross-semivariograms between soil organic matter and spectral

indices.
X-Semivar Model Co Co+Cp R DSD R2
OM x EVI Gaussian 0.075763 0.287383 14.1488 26.36% 0.677
OM x NDSI Gaussian —0.0001 —0.0558 14.94 0.18% 0.711
OM x NDVI Gaussian 0.0001 0.0558 14.94 0.18% 0.711
OM x SAVI Gaussian 0.0001 0.0574 16.0908 0.17% 0.619
OM x GDVI Gaussian 0.0093 0.1116 12.6613 8.33% 0.783
OM x MGRVI EPP - - - - -
OM x VARI EPP - - - - -

where MGRVI = Modified Green—-Red Vegetation Index; NDSI = Normalized Difference Salinity Index; NDVI
= Normalized Difference Vegetation Index; VARI = Visible Atmospheric Resistance Index; EVI = Enhanced
Vegetation Index; GDVI = Green Difference Vegetation Index; SAVI = Soil-Adjusted Vegetation Index; Cy = Nugget
Effect; Cy + C; = Sill; R = Range; DSD = Dependence Spatial; R? = Coefficient of Determination.

The cross-semivariogram adjustments between electrical conductivity (EC) and the
spectral indices revealed different levels of spatial dependence, as shown in Table 8 and
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Figure 6. For this soil attribute, the SAVI exhibited the highest degree of spatial dependence
(DSD = 41.91%) with a range of 11.58 m, followed by NDVI and NDSI (DSD = 34.41%),
which both fitted with exponential models and showing a broader spatial range (21.09 m).
EVI also showed a significant spatial relationship with EC (DSD = 29.85%) and a range of
12.97 m, indicating its potential for mapping soil salinity variations over larger scales. GDVI
exhibited the lowest range (7.39 m) and a DSD of 23.24%, suggesting a less continuous
spatial structure. MGRVI and VARI did not yield valid model fits at this scale.
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Figure 5. Cross-semivariograms between Organic Matter (OM) and EVI (A), GDVI (B), NDSI (C),
NDVI (D), SAVI (E).

Table 8. Fitting parameters of the cross-semivariograms between soil electrical conductivity and
spectral indices.

X-Semivar Model Co Co+C R DSD R2
EC x EVI Gaussian 0.024 0.0804 12.9731 29.85%  0.775
EC x NDSI Exponential —0.01082 —0.03144 21.09 34.41%  0.583
EC x NDVI Exponential 0.01082 0.03144 21.09 34.41%  0.583
EC x SAVI Gaussian 0.013502 0.032223 11.5785 4191%  0.468
EC x GDVI Gaussian 0.00903 0.03886 7.3959 23.24%  0.655
EC x MGRVI EPP - - - - -
EC x VARI EPP - - - - -

where MGRVI = Modified Green-Red Vegetation Index; NDSI = Normalized Difference Salinity Index; NDVI
= Normalized Difference Vegetation Index; VARI = Visible Atmospheric Resistance Index; EVI = Enhanced
Vegetation Index; GDVI = Green Difference Vegetation Index; SAVI = Soil-Adjusted Vegetation Index; Cy = Nugget
Effect; Cy + C; = Sill; R = Range; DSD = Dependence Spatial; R? = Coefficient of Determination.
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Figure 6. Cross-semivariograms between electrical conductivity (EC) in layer A and EVI (A),
GDVI (B), NDSI (C), NDVI (D), SAVI (E).

3.4. Uncertainty Analysis and Mapping Performance

The frequency distributions of the standard deviations associated with ordinary krig-
ing and cokriging between organic matter and biophysical indices are presented in Figure 7.
In grid 1, with the lowest resolution (2 x 1 m), the ordinary kriging of organic matter
(OM) yielded a mean standard deviation of 15.55. Cokriging with EVI reduced this value
to 9.317, while GDVI, NDVI, and NDSI each reduced it to 13.19. In grid 2 (1 x 1 m),
cokriging with EVI, NDSI, and NDVI produced the lowest deviations (9.409, 8.981, and
8.981, respectively), indicating improvements in prediction accuracy. In grid 3 (0.5 x 0.5 m),
the lowest deviations were observed with NDSI and NDVI (both at 8.783), followed by EVI
(9.317) and MGRVI (15.073).

The estimation of soil organic matter (OM) based on the EVI, GDVI, NDSI, NDVI,
and SAVI indices resulted in a reduction in the mean standard deviation in all cases
evaluated, except for the GDVI of the 0.5 x 0.5 m grid, where an increase in uncertainty
was observed. This improvement in estimates is supported by Gou et al. [67], where
the authors highlighted the effectiveness of indices such as NDVI in predicting organic
carbon in small properties using UAV-derived images. Overall, it was observed that some
indices, such as NDVI and NDSI, performed better as the extraction grid was refined,
with successive reductions in mean standard deviations: 13.19, 8.918, and 8.783 for the
2x1,1x1,and 0.5 x 0.5 grids, respectively. These results are consistent with those found
by Lundgren et al. [68] who evaluated the sensitivity of grid resolution and the inverse
relationship with standard deviations. On the other hand, indices like GDVI showed an



AgriEngineering 2025, 7,221

16 of 23

increase in standard deviation as the grid was refined, suggesting a greater sensitivity to
the interpolation scale. Still, all indices evaluated contributed to reducing uncertainty in
OM estimates, except for GDVI at the densest grid, indicating the importance of selecting
appropriate indices based on the spatial scale of the analysis.
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Figure 7. Frequency distribution for standard deviation of kriging and cokriging of organic matter
(OM) with biophysical indices in grid 1 (A), grid 2 (B), and grid 3 (C).

For electrical conductivity, the frequency distributions of the standard deviations
associated with ordinary kriging and cokriging are presented in Figure 8. Kriging showed
a mean standard deviation of 1.39. In the first grid, cokriging with EVI provided the best
result, reducing the standard deviation to 0.666, followed by GDVI (0.686). In grid 2, GDVI
showed the lowest deviation (0.396), followed by NDSI and NDVI (both 0.674). In grid 3,
EVI again exhibited the lowest deviation among the indices, with a standard deviation of
0.67, followed by SAVI (0.773) and NDVI and NDSI (0.785 and 0.785, respectively).
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Figure 8. Frequency distribution of kriging and cokriging standard deviation of electrical conductivity
(EC) with biophysical indices in grid 1 (A), grid 2 (B) and grid 3 (C).

The frequency distribution of the standard deviations obtained from the mapping
shows improvements in the estimates when biophysical indices are used as secondary
variables. The best results for estimating EC and OM are shown in Figure 9A,B. OM
values were achieved with the 0.5 x 0.5 grid, using the NDVI and NDSI indices to reduce
uncertainty in organic matter estimation, with an approximate reduction of 43.52% in
the mean standard deviation compared with kriging performed using only the primary
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variable. However, the frequency distribution of the standard deviations observed in the
estimates indicates a significant improvement for the evaluated indices.
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Figure 9. Frequency distribution for standard deviation of cokriging of organic matter (A) and
electrical conductivity (B) with biophysical indices for the best results of each grid.

Regarding electrical conductivity, the EVI and GDVI indices stood out for having the
lowest mean standard deviations, indicating a higher precision in the estimates. These
results corroborate previous studies, such as those by Taghadosi and Hasanlou [64], who
demonstrated the effectiveness of both indices as indirect indicators of salinity in vegetated
areas. Similarly, Silva et al. [8] highlighted GDVI as a promising index for predicting soil
electrical conductivity. These findings reinforce the potential of using spectral indices in
salinity modeling, especially when applied to environments with vegetative cover.

3.5. Spatial Distribution Maps of Soil Attributes

To complement the uncertainty analysis, spatial distribution maps were generated to
visualize the improvement in soil attribute predictions achieved by incorporating spectral
indices as secondary variables in the cokriging models (Figure 10).
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Figure 10. Spatial distribution maps of organic matter (OM) and soil electrical conductivity (EC)
obtained by ordinary kriging (A,B) and cokriging models incorporating spectral indices as secondary
variables (C-H).

The spatial distribution maps of OM and EC illustrate the performance of kriging and
cokriging approaches. While ordinary kriging (Figure 10A,B) produced more generalized
spatial patterns, the integration of spectral indices in the cokriging models (Figure 10C-H)
enhanced the spatial detail, particularly for EC, where zones of higher salinity were more
sharply delineated. These improvements reflect the ability of multispectral indices to cap-
ture the spatial variability associated with vegetation vigor and salinity effects, contributing
to more accurate and spatially consistent predictions of soil attributes in wastewater-
irrigated systems.

4. Conclusions

This study highlighted the potential of using UAV-derived multispectral images
integrated with geostatistical techniques for mapping the spatial variability in soil salinity
and total organic carbon in areas irrigated with wastewater in the Brazilian semiarid region.
The use of cokriging models incorporating spectral indices as secondary variables enhanced
the accuracy of soil attribute predictions and reduced associated uncertainties.

Regarding the indices analyzed, NDVI, EVI, and NDSI stood out as the most promis-
ing, particularly NDVI and NDSI, which contributed significantly to reduce uncertainties
in spatial interpolation, especially in grids with a higher resolution. These findings empha-
size the importance of integrating remote sensing and geostatistics as a strategic tool for
monitoring soil quality and supporting more sustainable agricultural practices, thereby
enhancing water use efficiency in regions vulnerable to water scarcity. Moreover, the sensi-
tivity analysis across different sampling grids provided valuable insights into the balance
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between sampling density and model performance, which can guide future operational
decisions.

Additionally, the incorporation of NDVI and NDSI into the cokriging models led to
reductions of up to 43% in prediction uncertainty for total organic carbon under higher
sampling densities. The consistency of the correlations across different grid resolutions
further supports the robustness of the proposed approach for practical field applications.
By improving soil attribute mapping and supporting more efficient wastewater irrigation
management, the proposed methodology contributes to more sustainable agricultural
practices and enhances the resilience of forage cactus production systems in vulnerable
semiarid environments.
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