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A B S T R A C T

Site-specific management in agriculture, which accounts for variability within a field, is a cornerstone of sus
tainable agronomic practices. However, despite the availability of numerous methods to measure spatial vari
ability, their limitations hinder large-scale adoption, posing challenges to the broader implementation of 
precision agriculture. This study aims to identify spectral indices derived from bare-soil analysis as potential 
substitutes for electrical conductivity (ECa) in mapping spatial variability. The approach aligns with the need for 
cost-effective, scalable, and less labor-intensive solutions to manage field variability. Using multi-temporal bare- 
soil imagery spanning five years across two fields under intermittent cultivation in Italy, we applied principal 
component analysis to evaluate correlations between spectral indices and ECa. Both fields demonstrated strong 
correlations between ECa and the first principal component (PC1). Key variables identified as highly correlated 
with ECa included the Brightness Index (0.66), Near-Infrared (0.53), and Red reflectance (0.58). The percentage 
variance explained by PC1 was 75.4 % for Field 1 and 79.0 % for Field 2. Finally, PC1 is correlated with ECa in 
the two areas in the measure of 0.73 and 0.53, respectively. This work addresses the problem of substituting ECa 
with covariates derived from bare-soil analysis from a purely statistical perspective as a first necessary step 
aiming at identifying the most promising covariates. A subsequent study will address this issue from a pedo
logical standpoint. These findings highlight the potential of remote sensing data and spectral indices from multi- 
temporal imagery to replace direct ECa measurements, enabling rapid and accurate mapping of spatial variability 
in annual croplands.

1. Introduction

In the future, European agricultural production will need to boost 
both productivity and sustainability simultaneously [1]. Addressing this 
challenge involves embracing site-specific management (SSM) as a 
pathway to bring sustainable agriculture to a new level. SSM concen
trates on comprehending how spatial variations in field properties affect 
crop yield [2]. Its assumptions propose that there is substantial spatial 
variability within fields affecting crop yield factors, and that these fac
tors can be recognized, quantified, and utilized to improve both 

economic and environmental sustainability [3]. Nevertheless, the 
effectiveness of SSM in optimizing production greatly depends on 
accurately assessing field variability. Several techniques gauge spatial 
field variability, with the most notable ones being Yield Monitoring, 
Topographic Factor Assessment, and mapping apparent soil Electrical 
Conductivity (ECa) [4].

Since its initial use in agriculture for measuring soil salinity, ECa has 
become widely accepted for assessing the spatial variability of various 
soil physical and chemical properties that directly or indirectly affect 
ECa measurements [5]. ECa measures the overall conductivity of the 

* Corresponding author at: Construction Technologies Institute, National Research Council of Italy, Bari, Italy.
** Corresponding author at: Department of Bioscience and Technologies for Food, Agriculture and Environment, University of Teramo, Via Balzarini, 1, Teramo, 

64100, Italy.
E-mail addresses: emanuele.barca@ba.irsa.cnr.it (E. Barca), gpagnani@unite.it (G. Pagnani). 

Contents lists available at ScienceDirect

Smart Agricultural Technology

journal homepage: www.journals.elsevier.com/smart-agricultural-technology

https://doi.org/10.1016/j.atech.2025.100955
Received 17 January 2025; Received in revised form 14 April 2025; Accepted 14 April 2025  

Smart Agricultural Technology 11 (2025) 100955 

Available online 15 April 2025 
2772-3755/© 2025 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://orcid.org/0000-0001-8049-0537
https://orcid.org/0000-0001-8049-0537
https://orcid.org/0000-0001-5184-9918
https://orcid.org/0000-0001-5184-9918
https://orcid.org/0000-0001-5851-3704
https://orcid.org/0000-0001-5851-3704
mailto:emanuele.barca@ba.irsa.cnr.it
mailto:gpagnani@unite.it
www.sciencedirect.com/science/journal/27723755
https://www.journals.elsevier.com/smart-agricultural-technology
https://doi.org/10.1016/j.atech.2025.100955
https://doi.org/10.1016/j.atech.2025.100955
http://crossmark.crossref.org/dialog/?doi=10.1016/j.atech.2025.100955&domain=pdf
http://creativecommons.org/licenses/by/4.0/


soil, encompassing everything conductive within the measurement 
volume. It is influenced, directly or indirectly, by any soil property that 
impacts bulk soil conductance [6]. Measuring apparent ECa provides 
valuable insights into the spatial diversity of soil physical and chemical 
properties [7]. In non-saline soils, ECa is correlated with clay content, 
organic matter, cation exchange capacity, and water content [8]. 
Methods such as electrical resistivity and electromagnetic induction 
gauge ECa and have been linked to soil characteristics such as texture, 
salinity, nutrient levels, and organic matter [9,10]. However, proper 
measurement protocols are essential due to varied results in correlating 
ECa with yield maps [10–12].

While ECa mapping has proven effective in precision farming, its 
complexity, need for expertise, specific equipment, and susceptibility to 

secondary influences pose challenges. Factors such as variations in soil 
texture, moisture content, temperature, salinity, mineral composition, 
compactness, buried materials (e.g., rocks or anthropogenic structures), 
and surface conditions like vegetation or organic residues can mask or 
distort the true variability of soil properties [8]. The swift growth of 
Precision Agriculture (PA) demands quicker and more dependable 
methods for mapping spatial field variations, prompting satellite 
bare-soil images to emerge as a feasible alternative. These images gather 
indirect soil property information economically and over time [13]. 
Innovative methodologies, such as the Geospatial Soil Sensing System 
(GEOS3), have been introduced in recent studies. These methodologies 
utilize satellite imagery such as Landsat and Sentinel-2 to generate 
Synthetic Soil Images (SYSI) for mapping topsoil properties [14,15]. 

Fig. 1. View of field no.1.

Fig. 2. View of field no.2.
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Over the years, several authors have also tried to estimate ECa through 
remote sensing with the implementation of parameters such as geo
morphology and terrain parameters with bare soil [4,16–19].

Given the range of contemporary methods used to map within-field 
variability, no attempt has been presented to use multitemporal bare- 
soil image analysis as a proxy for assessing field-scale soil variability 
in arable cropland. Therefore, this study investigates apparent ECa 
variation in two different areas in Italy through a methodology designed 
to select the most relevant ECa-related variables from direct field mea
surements. From a purely statistical perspective, this work represents a 
first necessary step toward identifying promising covariates that could 
substitute ECa in precision agriculture. A subsequent study will explore 
this issue from a pedological standpoint, providing a more comprehen
sive understanding of the implications. The motivation stems from the 
considerable time required and high economic cost of ECa surveys, 
uncertainties in ECa measurements, and the potential to extract 
numerous variables using remote sensing techniques.

2. Material and methods

2.1. Study areas

Field no 1
Field no 1 (Fig. 1) covers an area of 12 hectares and is situated within 

the administrative region of Emilia-Romagna. From a pedological 
standpoint, as outlined in the Soil Map of Italy [20], it falls within the 
soil region of the Po plain and its surrounding hills. The pedological 
province of the area encompasses Haplic Calcisol (Endogleyic) and 
(Hypercalcic), Calcaric and Calcaric Fluvic Cambisol, and Calcaric Flu
visol. In terms of climate, the field is characterized by a temperate 
subcontinental climate of northern Italy. This type of climate is present 
in the average and high Po plain, as well as in the western and locally 
eastern morainic plains, with a supratemperate/mesotemperate 
humid-subhumid climate. Regarding micromorphology, the field has a 
maximum elevation of 1.70 m above sea level and a minimum elevation 
of − 1 m, with a range of 2.69 m The average slope of the area is 0.24 %.

Field no 2
The second field (Fig. 2) spans 9 hectares and is located in the 

administrative region of Veneto, specifically in the city of Eraclea. This 
area is characterized by a climate classification, according to the Phy
toclimatic Map of Italy, as a Temperate climate of northern Italy, typical 
of the eastern alluvial plains and the central morainic plains and valleys 
(Mesotemperate/Supratemperate humid). From a pedological perspec
tive, the field falls within the region of soils of the Po plain and associ
ated hills and in the Calcaric Fluvic Gleyic Cambisol province; 
Thapthohistic Thionic Fluvic Gleysol; Calcaric Gleyic Arenosol; Hypo
salic; Calcaric Gleyic Fluvisols; Thionic Histosols [20].

In terms of micromorphology, the field ranges from a maximum 
elevation of − 2.64 m above sea level to a minimum elevation of − 4.34 
m, resulting in a range of 1.70 m The average slope of the area is 0.77 %.

2.2. ECa survey

An apparent soil electrical conductivity survey (Table 1) was per
formed utilizing the Veris I-scan soil electrical conductivity sensor (Veris 
Technologies Inc., Salina, KS, USA). The Veris cart was affixed to a 
tractor and pulled across the fields. The sensor operates based on the 
principle that smaller soil particles (such as clay-sized particles) conduct 
more current compared to larger particles (such as loamy or sandy 

particles). To assess this, a pair of colter electrodes was employed to 
gauge the voltage drop. The Veris I-scan produces two sets of data: 
topsoil data (EC30), which is weighted for depths of 0–30 cm, and depth 
data (EC90) covering depths of 0–90 cm. For this study, only soil data 
(EC30) were considered, as EC90 data, derived through more complex 
methodologies, are subject to greater uncertainty, which compromises 
their reliability. The monitoring was conducted by carrying out transects 
spaced 10 m apart, and within each transect, the sensor recorded the ECa 
value every 1.5 m

2.2.1. ECa(10m)
The ECa values were resampled at a spatial resolution of 10 m To do 

this, a pipeline was created in QGIS using the Model Designer tool. This 
pipeline consists of several steps and related algorithms. (a) Initially, a 
grid of polygons with 10×10 meters dimensions was created, corre
sponding to the Sentinel 2 pixels. Each polygon was assigned a unique 
ID. (b) ECa points falling within the polygons were subsequently inter
sected. Each point was assigned the ID of the corresponding polygon. (c) 
The ECa average was then calculated by aggregating the points with the 
same ID. (d) Finally, a point corresponding to the polygon’s centroid was 
created, and the average ECa value was assigned to that point.

2.3. Synthetic soil images

In Google Earth Engine (GEE), for each study area, SYSI were 
generated using multitemporal image collections from the Sentinel-2 
Multispectral Instrument satellite (S2-MSI) and the Geospatial Soil 
Sensing System (GEOS 3) technique proposed by Demattê, et al. [14]. 
The system, initially designed for Landsat, was implemented using sat
ellite images from the Sentinel-2 satellite [15]. The system can be out
lined in the following steps: (a) Acquiring and compiling a series of 
satellite images spanning multiple time periods. (b) Identifying pixels 
classified as bare soil within each image. (c) Extracting VIS-NIR reflec
tance from each bare soil pixel, forming the Temporal Soil Spectral 
Reflectance (TESS). (d) Computing the median of all TESS values to 
generate the Synthetic Bare Soil Image. A database was established using 
Level-2A products from the Sentinel-2 satellite, comprising atmospher
ically corrected surface reflectance bands processed by the Sen2Cor al
gorithm [21]. In this study, we utilized bands from S2-MSI images with a 
spatial resolution ranging from 10 to 60 m, focusing specifically on 
bands with 10-pixel sizes. For each study area, a temporal interval was 
considered for image acquisition, ranging from 28/3/2017, the earliest 
available date for Level 2A products in GEE, to the most recent date on 
which the ECa survey was conducted. The images were selected based 
on a criterion of cloud coverage (<20 %). Once obtained, spectral 
indices such as NDVI (Normalized Difference Vegetation Index) and 

Table 1 
Survey period in the fields.

Field ECa survey

Field no 1 October 2019
Field no 2 June 2019

Table 2 
Bare soil index.

Index Formula Soil properties 
(reference)

Hue Index (HI) (2 B4-B3-B2)/(B3- 
B2)

Primary colours [22]

Brightness Index (BI) ​ Average reflectance [22] 
Magnitude [22]

Saturation Index (SI) (B4-B2)/(B4+B2) Spectra slope [22]
Coloration Index (CI) (B4-B3)/(B4+B3) Soil Colour [22]
SOCI (Soil Organic Carbon 

Index)
(B2/(B4 B3)) Organic Carbon [22]

Soil Background Line (SBL) (B8 –(B4 1.24)) ​
Ferric Iron 3+ Index (B4/B3) Iron 3+ soil content [23]
Grain Size Index (GSI) (B4-B2) 

/(B4+B3+B2)
Soil Texture [24]

Iron Oxide Ratio (IOR) (B4/B2) Iron Oxide Soil content 
[25]

Salt Index (SIndx) ​ Salt Soil content [26]
Normalize Salt Index (NSI) (B4-B8)/(B4+B8) Salt Soil content [26]
Salinity Index 2 ​ Salt Soil content [26]
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NBR2 (Normalized Burn Ratio 2) were calculated and utilized to mask 
the pixel images. Following the GEOS3 method, NDVI values falling 
within the range of 0 to 0.25 were categorized as bare soil, while values 
exceeding this threshold were marked as NA. NBR2 values > 0.15 were 
also marked as NA, indicating areas covered with straw or affected by 
burning. Subsequently, the masked images were arranged chronologi
cally, and the median reflectance was computed for each satellite.

2.3.1. Bare soil cube dataset
After generating the synthetic soil images, reflectance of the visible 

bands (458–680 nm): Blue (B2), Green (B3), Red (B4), and Near-Infrared 
(785- 900 nm) band (B8 and NIR) were extracted. Subsequently, the 
following bare soil indices were computed (Table 2). Finally, the indi
vidual VIS-NIR bands of the SYSI and the bare soil indices were aggre
gated into a single multidimensional raster (Bare Soil Cube - BSC).

2.3.2. Bare soil cube dataset reduction
To evaluate the Bare Soil Covariates (BSC) that show the strongest 

correlation with ECa (10 m), a Pearson correlation analysis was con
ducted for each study area, this step identified the six covariates with the 
highest absolute correlation coefficients. The computations were per
formed using the cor function from the R stats library. These were then 
subjected to further reduction through Principal Components Analysis 
(PCA), a key multivariate statistical tool. PCA is instrumental in 
dimensionality reduction, transforming a potentially large set of corre
lated variables into a smaller set of uncorrelated variables called prin
cipal components (PCs). These PCs are ordered based on the variance 
they explain, offering a concise yet comprehensive representation of the 
original dataset while preserving its critical patterns and structures. This 
process not only facilitates data interpretation but also enhances sub
sequent modelling efforts. Before performing PCA, outlier detection was 
essential, as PCA is highly sensitive to their influence. Outliers can skew 
the results, distorting the variance distribution among PCs and poten
tially leading to misleading conclusions. Given the relatively symmetric 
empirical distributions of the ECa data (see Table 3), the 3-sigma rule of 
thumb [27] was deemed appropriate for this task. Following outlier 

handling, the dataset’s suitability for PCA was assessed using two 
diagnostic tests: the Kaiser-Meyer-Olkin (KMO) test and Bartlett’s test of 
sphericity. The KMO index measures sampling adequacy, with values 
closer to 1.0 indicating high suitability, while values below 0.5 are 
considered unacceptable [28,29]. Bartlett’s test, on the other hand, 
evaluates whether the variables are sufficiently inter-correlated to 
justify the application of PCA (Bartlett, 1951). Passing these tests en
sures the robustness of the analysis and enhances the reliability of 
PCA-derived conclusions. The dataset size, comprising a medium range 
of 100–1000 observations and 20–200 variables, was also considered 
appropriate for PCA, striking a balance between capturing meaningful 
variance and maintaining computational efficiency. Computations were 
carried out using the R functions: bart_spher (REdaS library), KMO 
(psych library), and prcomp (stats library). After PCA, the final step was 
to determine the optimal number of principal components (PCs) to 
maximize the predictive power of ECa.

2.3.3. Spatial correlogram
The spatial correlogram stands as a fundamental tool in spatial sta

tistics, offering insights into the spatial autocorrelation present within 
georeferenced data. This technique examines the degree of similarity or 
dissimilarity between observations at different spatial locations, eluci
dating the presence and magnitude of spatial dependence. By quanti
fying the correlation structure across varying lag classes, the spatial 
correlogram provides crucial information about the spatial patterns, 
helping to discern the scale at which spatial processes operate. It enables 
better understanding and modeling of spatial relationships, resource 
allocation, and the diffusion of phenomena across space. The spatial 
correlogram’s ability to unveil spatial dependencies plays a crucial role 
in comparing the spatial maps of two different variables (bivariate 
correlogram or cross-correlogram) in order to understand if they could 
be considered spatially equivalent and, in the decision, if replacing one 
with the other [30]. The computations were carried out by means of the 
function spline.correlog of the R library(ncf).

Table 3 
Summary statistics for ECa related the two study areas.

n mean sd Median min max range skew kurtosis se

Field no 1 1071 46.42 10.29 46.86 15.57 77.58 62.01 − 0.09 − 0.08 0.31
Field no 2 703 49.3 12.6 49.84 9.84 88.07 78.24 − 0.18 0.42 0.48

n: number of measurements from Veris I scan; sd: standard deviation; skew: skewness; se: standard error.

Fig. 3. Workflow of methodology.
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2.4. Workflow of methodology

With the objective of substituting ECa measurements with alterna
tive variables derived from SYSI analysis, the proposed methodology 
(Fig. 3) is outlined as follows: 

1. ECa Sampling: A comprehensive ECa sampling is conducted across 
the designated area of interest.

2. Bare Soil Variable Extraction: Relevant bare soil variables are 
meticulously extracted from the SYSI.

3. Correlation Analysis: The initial set of variables is subjected to a 
thorough correlation analysis to identify and retain the most signif
icant and non-redundant factors correlated with ECa.

4. Principal Component Analysis (PCA): The reduced set of variables 
undergoes Principal Component Analysis (PCA) to capture the 
essential patterns and reduce dimensionality.

5. Spatial Mapping: Spatial maps for both ECa and the first principal 
component (PC1) are generated, facilitating a comparative analysis 
of spatial variability.

6. Validation Stage - Spatial Correlogram: The spatial correlogram is 
employed in the validation stage to assess and validate the spatial 
variability, comparing the spatial distribution of ECa with that of 
PC1.

This methodological framework aims to show that alternative vari
ables derived from SYSI can provide the same spatial variability as ECa, 
ensuring a robust and validated approach to spatial variability analysis.

3. Results

3.1. ECa basic statistics

Table 3 provides statistical summaries of ECa values for two distinct 
areas: field no 1 and field no 2. Field no 1, with a mean ECa value of 
46.42 and a standard deviation of 10.29, demonstrates moderate vari
ability in soil ECa. The distribution appears approximately Gaussian, as 
indicated by a skewness close to zero (− 0.09) and a kurtosis of − 0.08, 
suggesting symmetric tails. The median ECa value (46.86) aligns closely 
with the mean, reflecting a balanced distribution. Field no 2, displays 
characteristics similar to field 1, with a mean ECa value of 49.3 and a 
standard deviation of 12.6. The distribution also appears Gaussian, with 
a skewness near zero (− 0.18) and a kurtosis of 0.42, indicating relatively 
normal tails. The median ECa value (49.84) closely mirrors the mean, 
reinforcing the symmetry of the distribution. The computations were 
carried out by means of the function describe of the R library(psych).

3.2. Bare soil variable extraction - correlation matrix analysis

For the two study areas, the variables most strongly correlated with 

ECa were identified and selected (Table 4, Table 5). This initial set of 
variables was further refined by analyzing the inverse of the correlation 
matrix and excluding columns (variables) that rendered the matrix 
singular. These variables were deemed redundant and could be safely 
excluded from further analysis. After this refinement process, the final 
set of variables considered in the study included: BI, NIR, Red, GSI, SI, 
SOCI, NSI, Salt Index, and Salt Index 2. Among these, the variables BI, 
NIR, and Red consistently ranked among the top six variables with the 
highest correlation to ECa across all plots, each demonstrating a nega
tive correlation. Additionally: 

• GSI and SI were selected for fields no 1 and no 2.
• SOCI, the only variable positively correlated with ECa, was included 

for fields no 1 and no 3.
• NSI appeared exclusively in field no 2.

3.3. PCA analysis

Firstly, the KMO and Bartlett tests were performed on the two 
datasets to check their suitability to PCA analysis. All the outcomes of 
KMO and Bartlett test are reported on Table 6 and Table 7. KMO out
comes in Table 6 are in majority larger of 0.8 that is the threshold 
testifying that datasets are well suited for PCA analysis. The outcomes of 
Bartlett tests are reported in Table 7 and show that PCA can be safely 
applied. Since KMO and Bartlett test indicated the suitability of the 
dataset to PCA/Factor Analysis, a last pre-processing step was carried 
out before applying Principal Component Analysis (PCA): the data 
standardization. This step ensures that each variable contributes equally 
to the analysis, which is particularly important when variables have 
different units or scales. Standardization rescales the data so that each 
variable has a mean of zero and a standard deviation of one, allowing 
PCA to accurately capture the underlying structure of the data without 
being biased by differences in measurement units or ranges. Afterwards, 
the above reported variables (indices) were compressed in their prin
cipal components by means of the PCA process. The variance percentage 
(var %) of the PC1 is the following for the three datasets corresponding 
to the two study areas: field no 1, PC1 var % 7.54e+01; field no 2, PC1 
var % 7.90e+01; field 3, PC1 var % 5.87e+01. The variance percentage 
contained in the PC1 of the two areas are 1071 and 703, respectively. 
Finally, PC1 is correlated with ECa in the two areas in the measure of 
0.73 and 0.53, respectively.

3.4. Spatial cross-correlation

Cross-correlation measures the degree of association between two 
variables at different space lags. Cross-correlation analysis can put on 
evidence similarities between a couple of maps and show the coinci
dence of homogeneous zones. In Table 8 are shown cross-correlation 
values at different lags between ECa and PC1 of the two study areas.

Field no 1 (Fig. 1) showed the best correlation and field no 2 the 
poorest (Fig. 2). Similar to field no 1, field no 2 demonstrates a positive 
correlation between ECa and PC1, with slightly lower correlation co
efficients compared to field no 1 across all two lags. In general, the cross- 
correlation analysis indicates a reliable positive correlation between ECa 

Table 4 
Selection of variables correlated with ECa in the two experimental area.

Field no 1 R r abs

Eca-SOCI 0,69 0,69
ECa-SI − 0,66 0,66
ECa-GSI − 0,66 0,66
ECa-Red − 0,58 0,58
ECa-BI − 0,57 0,57
Eca-Nir − 0.57 0.57

Field no 2 r r abs

ECa-Red − 0,57 0,57
ECa-GSI − 0,57 0,57
ECa-SI − 0,55 0,55
ECa-Nir − 0,53 0,53
ECa-BI − 0,53 0,53
ECa-NSI − 0.52 0.52

Table 5 
Illustrates the frequency of appearance of the selected indices in the list of 
indices most strongly correlated with ECa.

Indices N Field

BI 3 All
Nir 3 All
Red 3 All
GSI 2 Field no 1 and no 2
SI 2 Field no 1 and no 2
SOCI 2 Field no 1
NSI 1 Field no 2
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and PC1 across all research sites, with field no 1 demonstrating the most 
robust correlations, trailed by field no 2 . Additionally, the correlations 
tend to weaken as the lag between ECa and PC1 increases, indicating a 
decrease in the strength of the relationship over space.

Moreover, has been outlined the concluding step of the methodology 
used to compare the spatial variability of ECa with that of the synthetic 
variable PC1. Through examination of maps depicting these variables 
across two designated study areas, it becomes evident that they display 
similar patterns.

4. Discussion

This study outlines a statistical pathway for identifying variables that 
can potentially replace ECa as the primary descriptor of soil variability. 
The proposed approach leverages statistical methods to identify the 
most promising covariates derived from bare soil analysis. Fields no 1 
and no 2 exhibit relatively similar distributions, characterized by mod
erate variability and an approximately Gaussian shape. To date, no 
experimental studies have explored the correlation between specific 
bare soil indices, extracted from Synthetic Soil Images (SYSI), and 
apparent electrical conductivity (ECa) values obtained through prox
imal sensing.

The selection of variables for bare soil analysis builds upon the 
established notion that in non-saline soils, apparent electrical conduc
tivity correlates with various properties such as clay content, cation 
exchange capacity, and organic matter content [7,8,31]. Numerous 
studies highlight that bare soil reflectance, captured via remote sensing, 
alongside associated indices, can serve as reliable indicators for esti
mating soil texture and organic matter characteristics [32–34]. Among 
the indices analyzed, the Brightness Index (BI) and Saturation Index (SI) 
stand out as soil colorimetric indicators. BI quantifies soil reflectance, 
correlating with ground brightness, while SI measures the gradient 
across the visible spectrum (red to blue), indicating deviations from a 
neutral, grey-like spectrum [22]. Soil color, a qualitative indicator of soil 
properties, is strongly associated with characteristics such as organic 
matter and texture [35]. Furthermore, Silvero, et al. [15] demonstrated 
that reflectance in the Red and NIR bands, derived from 
Sentinel-2-based SYSI, negatively correlates with clay and organic 
matter content. In our analysis, NIR reflectance exhibited a distinct 
pattern: Field no 1 < Field no 2. Similarly, the Grain Size Index (GSI), 

typically associated with fine sand content [24], showed a negative 
correlation with ECa in all plots, corroborating findings from Carroll and 
Oliver, [36] and Medeiros, et al. [37] about the inverse relationship 
between sand content and ECa.

The Soil Organic Carbon Index (SOCI), designed to estimate soil 
organic carbon based on reflectance in visible bands [38], was the only 
bare soil index positively correlated with organic matter in our study, 
reinforcing the validity of the approach.

The Normalized Salt Index (NSI), along with Salt Index and Salt 
Index 2, has historically been used to predict soil electrical conductivity 
and identify salinity risks [26]. Interestingly, these indices were present 
only in Field no 3, which might suggest saline soil presence. However, 
this claim is contradicted by the low ECa values observed. Saline soils 
typically exhibit high reflectance due to their light color and surface 
crust formation, particularly in dry conditions [26]. In this case, the 
elevated Salt Index values could instead be attributed to sandy soil 
properties, which do not consistently align with high EC readings [39]. 
This interpretation also aligns with the observed higher NIR reflectance 
values in Field no 3 and the overall lower ECa levels compared to Fields 

Table 6 
KMO index estimation outcomes.

KMO index values

Study Area SOCI red BI nir salt_index2 salt_index green GSI IOR

field no.1 0.878 0.813 0.813 0.849 0.848 0.836 0.804 0.736 0.733
field no.2 0.801 0.794 0.831 0.895 0.879 0.798 0.795 0.8 0.802

Table 7 
Bartlett Sphericity tests outcomes.

Bartlett test outcomes

X2 statistics df p-value

6429.508 171 < 2.22e-16
113,128.633 171 < 2.22e-16
171,284.754 171 < 2.22e-16

Table 8 
Cross-correlation values at two lags between ECa and PC1.

Study area 0m 10m 20m 30m

Field no 1 0.69 0.64 0.55 0.45
Field no 2 0.57 0.50 0.45 0.40

Fig. 4. Field no 1 maps of (top) synthetic variable PC1 and (bottom) spatial 
variability of ECa.
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no 1 and no 2.
Spatial cross-correlation analysis further revealed the degree of as

sociation between ECa and the first principal component (PC1) across 
varying spatial lags. Field no 1 showed the strongest correlation, fol
lowed by Field no 2, likely influenced by differences in dataset size 
(Table 3). Despite variations in correlation strength, a consistent posi
tive association between ECa and PC1 was evident across all study areas, 
with correlations decreasing as spatial lag increased (Table 7). This 
consistency underscores the potential of synthetic variables derived 
from remote sensing as proxies for ECa measurements, offering cost- 
effective solutions for assessing soil variability on larger spatial scales. 
Silvero et al. [15] emphasized that enhanced access to synthetic imagery 
significantly improves the coverage of bare soil pixels, boosting the 
accuracy of predictions for soil properties such as ECa, clay content, 
organic matter, and cation exchange capacity. However, not all bare soil 
pixels are equally effective for accurate soil property predictions. In 
agricultural contexts, irrigation practices and farm management tech
niques can heavily influence soil spectral attributes. Activities like salt 
leaching and organic fertilization tend to lower salt content in the root 
zone, particularly in arid irrigation areas where soil moisture is critical 
for vegetation growth [40].

Lastly, a comparison of ECa and PC1 maps revealed similar spatial 
patterns across the study areas (Fig. 4 and Fig. 5), further validating the 

utility of synthetic variables for capturing soil variability. This study 
reaffirms the significant potential of remote sensing to extract mean
ingful information about soil properties, thereby facilitating more 
informed decisions in agricultural and environmental management. 
Moreover, the methodology proposed in this study entirely based on 
open-access data offers a scalable and cost-effective solution for moni
toring large-scale agricultural areas. By reducing the reliance on tradi
tional proximal sensing equipment and labor-intensive field surveys, 
this approach markedly enhances the operational feasibility of precision 
agriculture, especially in regions where data are scarce or resources are 
limited.

5. Conclusions

Traditionally, ECa has been relied upon as a primary indicator for 
assessing soil organic matter content, crucial for effective agricultural 
management. However, conducting ECa assessments is expensive and 
often yields spatial maps with significant uncertainty, diminishing their 
usefulness. To address this, the study proposes extracting a set of vari
ables from the analysis of bare soil synthetic images to replace ECa 
measurements. Bare soil images are constructed by collecting over time 
a series of remotely sensed images and isolating pixels with specific 
spectral signatures related to bare soil. This approach allows for the 

Fig. 5. Field no 2 maps of (top) synthetic variable PC1 and (bottom) spatial variability of ECa.
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creation of bare soil images on a pixel-by-pixel basis, providing a cost- 
effective alternative to traditional ECa assessments that also minimizes 
the need for extensive field data collection. Furthermore, analyzing 
variables derived from synthetic soil images can offer insights into the 
underlying processes influencing the spatial distribution of apparent 
electrical conductivity. By condensing and consolidating the valuable 
information contained within these variables into a single principal 
component using PCA technique, the methodology becomes more user- 
friendly for both scholarly and practical applications. The study utilized 
spatial statistics techniques, specifically cross-correlation at various 
lags, to examine the relationship between ECa and PC1 respective 
spatial maps. Through this approach, similarities between the two var
iables were identified and quantified. PC1 serves as a summary of the 
SYSI variables considered in the study, facilitating comparative analysis 
through the examination of their respective maps.
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