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The possibility to create accurate and functional soil maps through Digital Soil Mapping (DSM) techniques are
increasingly widespread, thanks to the recent availability of adequate remotely sensed imagery. In this study,
multispectral data from Sentinel-2 satellite images and chemical-physical soil analyses were integrated to
characterize the soil properties of two experimental areas located in Emilia Romagna (3,622 ha, Northern Italy)
and Toscana (1,082 ha, Center Italy). The methodology included topsoil sampling at 384 locations, multi-
temporal image processing to generate a Synthetic Soil Image (SYSI) via the GEOS3 technique and applying
spectral indices to highlight bare soil. Principal Component Analysis (PCA) was used to reduce data dimen-
sionality, followed by cluster optimization to delineate homogeneous zones based on soil texture, Soil Organic
Carbon (SOC) content, and macro-elements (NPK). The results revealed significant spatial variability, with a
decreasing trend in clay percentage and SOC and an increase in sand fraction moving from the first to the third
zone in both study areas. Geographically Weighted Regression (GWR) models showed good performance for clay
(R?=0.77 and 0.88; RPD = 1.59 and 2.72 for Area 1 and Area 2, respectively), SOC (R?=0.71 and 0.64; RPD =
1.59 and 1.50), and nitrogen (R2 = 0.72 and 0.66; RPD = 1.61 and 1.54). At the same time, predictive power for
phosphorus and potassium was less reliable. In conclusion, this study highlights the potential of integrating
satellite data with advanced statistical techniques to generate high-resolution soil maps, thereby supporting
precision farming practices.

1. Introduction (SOC) content is crucial for agricultural and environmental applications,

including management zone delineation, water storage solutions, and

The increasing demand for detailed information about soil condi-
tions, together with the concurrent growing availability of medium- and
high-resolution remote imagery with an acceptable revisiting frequency,
has driven the adoption of Digital Soil Mapping (DSM) strategies to
produce accurate soil maps [1]. DSM is defined as “the creation and
population of spatial soil information systems by numerical models
inferring the spatial and temporal variations of soil types and soil
properties from soil observation and knowledge and related environ-
mental variables” [2]. These digital maps which provide detailed in-
formation on soil properties such as clay, sand, and soil organic carbon

drainage classification [3]. Remote sensing has become a key tool for
improving soil mapping accuracy by providing multi-temporal and
multispectral data at various spatial scales. Numerous studies have
highlighted the impact of satellite resolution on soil mapping. Some
researchers have found that high spectral resolution images yield the
best performance in soil property estimation [4], while others empha-
size that spatial resolution plays a crucial role, as soil characteristics
vary at different scales [5]. Remote sensing applications in land cover
analysis utilize spectral reflectance signatures and textural patterns to
map surface soil distributions, vegetation, and water bodies, which also
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provide insights into subsurface conditions, such as those in copper
deposits [6,7]. Remote sensing has emerged as an efficient and
cost-effective approach for SOC assessment, enabling large-scale moni-
toring and reducing dependence on conventional field sampling. Its
growing application in SOC mapping [8] is largely due to its ability to
monitor vast areas with high efficiency, enabling rapid assessments of
SOC distribution while minimizing the need for labor-intensive ground
sampling. Moreover, remote sensing provides access to information
from regions where in-situ data collection is difficult or impossible, thus
overcoming significant logistical barriers. Its high temporal resolution
supports the monitoring of SOC changes over time, contributing to a
deeper understanding of soil carbon dynamics. As a non-invasive tech-
nique, it further simplifies the mapping process and reduces associated
costs by avoiding direct interaction with the soil. By 2020, SOC
sequestration had become a significant focus in remote sensing research,
particularly Precision Farming [9]. Precision agriculture (PA) integrates
advanced technologies to optimize resource utilization, enhance pro-
ductivity, and promote sustainable agricultural practices [10]. A key
component of PA is site-specific management (SSM), which involves
identifying management zones (MZ) based on soil spatial variability.
Various geostatistical and machine learning techniques—such as Sup-
port Vector Machines (SVM), co-Kriging, Ordinary Kriging (OK), and
Geographically Weighted Regression (GWR)—have been used to create
SOC-based pedo- geomorphometric models [11].

Achieving the goal of global digital soil property mapping requires
integrating remote sensing with DSM strategies, leveraging new data
sources, and developing sophisticated inference models to capture
complex soil variation patterns. Spectral reflectance analysis across the
visible (VIS), near-infrared (NIR), and shortwave infrared (SWIR)
spectral regions (0.4-2.5 ym) have proven to be an effective technique
for studying soil mineralogical, physical, and chemical properties. This
approach significantly reduces reliance on traditional wet chemistry
analyses. Consequently, soil spectral libraries (SSL) which compile VIS-
NIR-SWIR spectral data—have gained popularity and are extensively
used with chemometrics and machine learning models to estimate soil
attributes [12]. While laboratory-based soil reflectance measurements
are highly accurate, protocols for spectral data acquisition in field,
airborne, and spaceborne domains are still under development. Mea-
surement factors such as illumination conditions, sensor characteristics,
and sample preparation can influence results. Therefore, efforts to
standardize remote sensing methodologies remain critical [13]. Inte-
grating temporal remote sensing data into GIS-based spatial modeling
allows 3D visualization and landscape analysis, providing valuable in-
sights into surface dynamics and underlying geological processes [14,
15].

Remote sensing, as an indirect, non-contact observation method, has
significant advantages for agricultural applications, enabling rapid
acquisition of diverse soil-related data [16]. Combining non-invasive
proximal sensing technologies (e.g., spectroscopy, soil electrical con-
ductivity sensors, and VNIR sensors) with remote sensing data (e.g.,
multispectral and hyperspectral satellite imagery) enables continuous
monitoring of key soil properties, including organic matter, moisture,
texture, pH, nitrogen content, salinity, and cation exchange capacity
[13].

Bare soil reflectance, derived from remote sensing images or spec-
troscopic analysis, is influenced by various factors such as organic
matter, soil moisture, clay minerals, soil texture, calcium carbonate, and
iron oxides. Studies have demonstrated the strong correlation between
soil reflectance properties (e.g., soil color and brightness) and key soil
characteristics, such as organic matter, soil moisture, and texture [17].
Ben-Dor et al. [18] highlighted that each soil component has a unique
spectral signature, allowing for spectral differentiation based on
reflectance properties. However, the complexity of soil composition
presents a challenge for remote sensing applications, as satellite sensors’
spatial, temporal, and spectral characteristics influence the scale and
accuracy of soil property predictions. This study employed a
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multi-temporal image analysis approach to improve soil mapping pre-
cision. Specifically, we utilized the GeoSpatial Soil Sensing System
(GEOS3), which generates Synthetic Soil Images (SYSI) [19]. The
method involves classification rules based on spectral indices combined
with scene quality filtering to remove cloud cover, vegetation, water,
and other confounding factors. Additional indices, including the Soil
Organic Carbon Index (SOCI), Geological Strength Index (GSI), Simple
Index (SI) and Iron Oxide Ratio (IOR) were integrated to enhance pre-
dictive accuracy. Multi-temporal imaging can provide a dynamic
perspective on soil characteristics, capturing variations that are not
evident in single-date images. However, a comprehensive framework is
still necessary to fully exploit this potential. This study aims to develop a
systematic and scalable workflow for delineating homogeneous soil
zones using multi-temporal remote sensing data. The hypothesis guiding
this research is that significant and spatially explicit relationships exist
between multi-temporal bare soil reflectance patterns and key soil
chemical-physical properties (Hi, alternative hypothesis). Conversely,
the null hypothesis (Ho) states that no statistically significant spatial
relationship exists between multi-temporal bare soil reflectance patterns
and the measured soil chemical-physical properties. To test this hy-
pothesis, the study pursues three main objectives: (i) to evaluate the
ability of SYSI, generated from multi-temporal satellite reflectance data,
to detect spatial variability within fields in soil characteristics; (ii) to
produce high-resolution functional soil maps by correlating temporally
consistent spectral patterns with field-measured attributes—such as soil
organic carbon, nitrogen, phosphorus, potassium, and texture—through
PCA combined with clustering techniques; and (iii) to enhance spatial
modelling and interpretability of soil parameters by applying GWR to
explore localized relationships between spectral indices and edaphic
variables.

The methodological innovation lies in the development of a
sequential data-driven pipeline that reduces spectral dimensionality,
identifies homogeneous soil reflectance zones and enables a detailed
spatial prediction of soil properties. While GWR is an established tool in
DSV, its integration into a multitemporal clustering workflow based on
remote sensing data represents a novel contribution. This approach can
facilitate the detection of within-field soil variability that is often
overlooked by traditional models, providing a robust tool for precision
agriculture and sustainable land management [20].

2. Materials and methods
2.1. Description of experimental sites and soil database

The study areas, Jolanda di Savoia (Area 1, Fig. la- 44°52'32.2'N
11°57'52.0"E) and Cortona (Area 2, Fig. 1b- 43°16'18.9"'N 11°52'41.0"E),
are located in Central- Northern Italy, in the Emilia-Romagna and Tus-
cany regions. Area 1 and Area 2 cover an area of 3662 ha and 1082 ha,
respectively. The selection of the two study areas was intended to test
the robustness and transferability of the proposed method across het-
erogeneous agro-pedological settings. These contrasting physiographic
and agronomic conditions provide an ideal testing ground for evaluating
the scalability of the DSM framework across variable Mediterranean
landscapes.

Soils in Area 1 are loamy-clayey, with organic matter mixed with the
mineral fraction. They have physical characteristics conditioned by the
high clay content: they are very adhesive and plastic and require
considerable timeliness in executing work, which must be carried out in
suitable humidity conditions. On the other hand, the high clay and
organic matter content gives these soils good natural fertility. The area is
located in the pedological region of the Po Valley and the neighbouring
hills. The local soil province includes Haplic Calcisols with Endogleyic
and Hypercalcic features, together with Calcaric Cambisols, Calcaric
Fluvic Cambisols and Calcaric Fluvisols. Climatically, this site has a
temperate subcontinental climate, typical of northern Italy, which
characterizes the middle to upper parts of the Po Valley and the western
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Fig. 1. Boundaries of the study areas: (a) Jolanda di Savoia (3662 ha, Area 1), and (b) Cortona (1082 ha, Area 2).

and parts of the eastern moraine plains. This climate falls into the
supratemperate to mesotemperate humid-subhumid category. In terms
of micromorphological characteristics, the altitude ranges from a
maximum of 1.70 m to a minimum of —1 m above sea level, giving a
total altitude variation of 2.69 m, and the average slope of the area is
about 0.24 %.

The soils in Area 2 are predominantly sandy and clayey of fluviola-
custrine or marine origin, being characterized by an averaged organic
substance around 1.5 %. In Tuscany, >210,000 hectares are involved in
agriculture; of these, about 30 % have a slope greater than 15 %. The
area is part of the soil region comprising the hills and alluvial plains of
central Tuscany. The pedological province includes soils such as Chro-
mic Luvisols, Eutric Cambisols and Calcaric Regosols, which occur on
both sedimentary and metamorphic substrates. The climate of the region
is classified as temperate sub-Mediterranean and is characterized by hot,
dry summers and mild, humid winters — typical of the inner valleys and
hilly areas of central Italy. This climate regime corresponds to a meso-
temperate, sub-humid to humid environment. In terms of micromor-
phology, the Cortona area has gentle slopes with elevations of around
250 to 500 m above sea level, with an average gradient of around 5-10
%, reflecting the hilly landscape.

Within the two areas, a soil sampling campaign was conducted in
2021 on 265 and 117 points for Area 1 and Area 2, respectively. The
analyses of the Soil Texture ( % of Sand, Clay, and Silt), SOC ( %), total
Nitrogen (N, %), Phosphorus (P, ppm), and potassium (K, meq/100 g)
were determined following the methods of chemical and physical
analysis of the soil reported in the Gazzetta Ufficiale Italiana [21].

2.2. Generation of a synthetic bare soil image (SYSI)

Synthetic Soil Images (SYSI) were generated for both study areas
(Fig. 2a& Fig. 2b) in Google Earth

Engine (GEE) [22] following the Geospatial Soil Sensing System
(GEOS3) technique [19,23], initially developed for Landsat and adapted
for Sentinel-2 Multispectral Instrument (S2-MSI) data. Level-2A
Sentinel-2 products, atmospherically corrected by Sen2Cor was used
[24]. The temporal range of the image collection extended from 2017 up
to 2024. Only scenes with cloud coverage below 20 % were selected. The
GEOS3 technique involved the following steps: (i) a multitemporal series
of Sentinel-2 images was acquired; (ii) bare soil areas were selected in
each scene by applying threshold-based criteria to the Normalized Dif-
ference Vegetation Index (NDVI) and the Normalized Burn Ratio 2
(NBR2). Pixels with NDVI > 0.25 were classified as vegetation, and
those with NDVI ( O were considered water. Pixels with NBR2 ) 0.15
were flagged as straw or burned areas. All non-soil pixels were masked
out; (iii) the Temporal Soil Spectral Reflectance (TESS) was calculated
by extracting each soil pixel’s reflectance across all valid image acqui-
sitions within the chosen period; (iv) the per-pixel TESS values were
aggregated using a median compositing approach, resulting in the final
SYSL

The proportion of times a pixel is observed as bare soil in relation to
the total number of valid observations is termed Soil Frequency (SF),
which indicates how often the soil was exposed during the analyzed
interval. Reflectance values in the visible (Blue: Band 2, Green: Band 3,
Red: Band 4) and near-infrared (NIR: Band 8) regions were extracted
from the SYSI. Subsequently, the following bare soil indices were

Fig. 2. Synthetic soil images (SYSI) generated for: (a) Jolanda di Savoia, and (b) Cortona in Google Earth Engine (GEE) following the Geospatial Soil Sensing System

(GEOS3) technique.
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computed (Table 1). This reflectance was then combined into a multi-
dimensional raster called the Bare Soil Cube (BSC), which provides a
comprehensive dataset for subsequent soil characterization and
modeling. At the end of this process, the multi-temporal bare soil map of
the two areas, was obtained (Fig. 2a& Fig. 2b).

2.3. Principal component analysis

The Bare Soil Cube (BSC), derived from VIS-NIR bands, requires
dimensionality reduction to minimize spectral redundancy and improve
the modelling of specific soil properties. Among the most widely applied
techniques for this purpose is Principal Component Analysis (PCA).

Outlier detection was conducted prior to PCA to avoid bias in vari-
ance estimation. Considering the approximately symmetric distribution
of the VIS-NIR data, the 3-sigma criterion was adopted. Such criterion
identifies as potential outliers any observations lying beyond three
standard deviations from the mean. 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 unacceptable. On
the other hand, Bartlett’s test evaluates whether the variables are suf-
ficiently intercorrelated to justify the application of PCA [25]. Passing
these tests ensures the robustness of the analysis and enhances the
reliability of PCA-derived conclusions.

The dataset size, comprising a medium range of 100-1000 obser-
vations and 20-200 variables, was also considered appropriate for PCA,
striking a balance between capturing meaningful variance and main-
taining computational efficiency. Computations were carried out using
the R [26] functions bart_spher() from the REdaS library [27], KMO(Q)
from the psych library [28] and prcomp() from the stats library. After
PCA, the final step was determining the optimal number of principal
components (PCs) to maximize the predictive power of VIS-NIR data
(Fig. 3a, for Jolanda di Savoia and, Fig. 3b for Cortona).

2.4. Determining the optimal number of clusters

The R package NbClust was used to determine the optimal number of
soil zone clusters. This package provides a comprehensive framework
for identifying a dataset’s optimal number of clusters by integrating
multiple clustering validation indices [29]. It evaluates 30 indices,
including the silhouette index, Davies-Bouldin index, Calinski-Harabasz
index, and Dunn index, among others, to assess clustering quality.

Table 1
Bare soil indices.
Index Formula Reference
Brightness Index (BI) //)%lue T Preen + Pred [48]
3

Saturation Index (SI) PRed ~ PBlue [48]
Pred T PBlue

Hue Index (HI) 2 PRed ~ PGreen — PBlue

PGreen — PBlue

Redness Index (RI) Pred — PGreen [49]
Pred T Pareen

Indice de Rougeur (IR) p%e " [50]
PBlue p%reen

Soil Organic Carbon Index (SOCI) PBlue [51]
PRedPGreen

Grain Size Index (GSI) PRed — PBlue [52]
Pred T Pareen + PBlve

Iron Oxide Ratio (IOR) Red [53]
Blue

Ferric Iron 3+ Index (FE3) Red [54]
Green

Salinity Index 2 (SI2 55

v 612) VJPren + Phea + Plreen )

Normalized Difference Salinity Index (NDSI) ~ PRed — /NIR [56]

Pred T PNIR

Salinity Index S4 VPRed PBlue
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NbClust systematically varies the number of clusters, distance measures,
and clustering methods to determine the most suitable clustering
scheme based on majority voting or user-specified criteria. This flexi-
bility makes it a robust tool for exploratory data analysis, particularly
when applying unsupervised learning techniques such as PCA followed
by clustering. The optimal number of soil zone clusters was three, both
for Area 1 (Fig. 4a) and Area 2 (Fig. 4b). After identification of the
number of zones, one-way ANOVA and post-hoc analysis (Tukey HSD
test) were performed. All Zones were significant with each other at the p
< 0.001 level. After the assessment of the optimal number of clusters,
the k-means algorithm was applied to find the clusters over the study
area.

2.4.1. Association of soil parameters and statistical analysis on zones

Each of the 267 existing soil samples were assigned to one of these
zones according to its geo-referencing for Area 1 (Fig. 5a), while for Area
2, each of the existing 113 soil samples was assigned to one of these geo-
referencing areas (Fig. 5b). Inside Area 1, Zone 1 included 121 samples,
Zone 2 included 108 samples, and Zone 3 included 38 samples (Table 2).
While, within Area 2, Zone 1 had 35 samples, Zone 2 included 23
samples and Zone 3, 55 samples (Table 2). After this step, soil param-
eters were associated with the three different zones for Jolanda di Savoia
(Area 1) and Cortona (Area 2). After identifying the number of Zones,
one-way ANOVA followed by a Tukey HSD post-hoc test was performed
on soil texture, SOC, and macroelements to assess differences among
subclasses. All analyses were conducted using R software.

2.5. Coefficient of variation

The Coefficient of Variation (CV) is a standardized measure of
dispersion that expresses the ratio of the standard deviation (c) to the
mean (p) of a dataset. It is commonly used to significantly compare the
relative variability of different datasets when their units or scales differ.
The CV is computed as follows:

CV =o0/u x 100 @

where CV is expressed as a percentage, making it a dimensionless metric.
A higher CV indicates greater relative variability, whereas a lower CV
suggests more consistency within the data. If the CV for a parameter
exceeds 50 %, the process will be repeated from Section 2.4. further to
subdivide the clusters into subclusters (or subclasses). This additional
step was applied only once, not recursively, to avoid excessive frag-
mentation of the spatial units. Further subdivisions were considered
operationally unhelpful for site-specific agronomic management.

2.5.1. Association of soil parameters and statistical analysis on subclasses
The new subclasses obtained were 8 for Jolanda di Savoia (Table 3,
Fig. 6a), and 6 for Cortona (Table 3, Fig. 6b). Specifically for Area 1,
Zone 1 was split into Subclasses 1 (n = 53) and 2 (n = 68), Zone 2 into
Subclasses 3 (n = 68) and 4 (n = 40), and Zone 3 into Subclasses 5 (n =
10), subclasses 6 (n = 14), Subclasses 7 (n = 12), and Subclasses 8 (n =
2). For Area 2, Zone 1 was split into Subclasses 1 (n = 20) and 2 (n = 15),
Zone 2 into Subclasses 3 (n = 12) and 4 (n = 11), and Zone 3 into
Subclasses 5 (n = 25) and 6 (n = 30). After identifying the number of
subclasses, one-way ANOVA was performed followed by post-hoc
analysis (Tukey HSD test). All Zones and Subclasses were significant
with each other at the p < 0.001 level. Subsequently, soil parameters
were associated with new subclasses obtained for Jolanda di Savoia
(Area 1) and Cortona (Area 2). After identifying the number of sub-
classes, one-way ANOVA followed by a Tukey HSD post-hoc test was
performed on soil texture, SOC, and macroelements to assess differences
among subclasses. All analyses were conducted using R software.
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Fig. 3. Spatial distribution of the first principal axis (PC1) derived from principal component analysis (PCA) in the two study areas: (A) Jolanda di Savoia and

(B) Cortona.

[-R1

Reflectance
o

Fig. 4. Optimal number of soil homogeneous zone clusters using the NbClust package in R for (a) Jolanda di Savoia and (b) Cortona.

2.6. Mathematical function and model evaluation

The model was tested using Geographically Weighted Regression
(GWR), an extension of traditional linear regression that accounts for
spatial variability in relationships between variables [30]. In digital soil
mapping, GWR is applied to examine how soil properties—such as
texture, organic matter content, and pH—are influenced by environ-
mental factors like elevation, slope, and rainfall. Unlike standard linear
regression, which assumes fixed coefficients across the entire study area,
GWR allows regression coefficients to vary by location, making it more
suitable for capturing local patterns. The GWR methods can be repre-
sented as:

Soll Spectrum
5
2
Zones
1
2
-
Bluw Grean Fad klﬁ
Wivelength
Soll Spettrum
3
"2
= Zonas
]
2
-
niuﬁ (u"qnn ﬂ:-,q ‘hq
Wavalength
k
Foey) = Bole,y) + D Bilx,y)xi +eilx,y) (@)

i=1

where f(x, y) is the predicted SOC in the i th site; (x,y) are the coordinates
for the i th site; k is the number of covariates; p; is the regression coef-
ficient; x; is the covariate at the site i;,; represents the error term. The
method assigns weights to observations based on geographic proximity,
giving greater importance to nearby data points. The bandwidth, which
defines the extent of spatial influence, was optimized using the corrected
Akaike Information Criterion (AICc) [31]. An adaptive kernel was used,
meaning kernel size was adjusted dynamically based on the location of
data points. The weighting function was derived from a Gaussian
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Fig. 5. Georeferencing of soil sampling points assigned to homogeneous zones: (a) 267 for Jolanda di Savoia and (b) 113 for Cortona.

Table 2
Databases of existing soil samples assigned to zones based on its georeferencing
for Area 1 and Area 2.

Area 1 — Zones of Jolanda di Savoia

Zones Soil sampling points Hectares Coefficient of variation
1 121 1592 0.50
2 108 1545 1.53
3 38 525 0.40
Total 267 3662
Area 2 — Zones of Cortona
Zones Soil sampling points Hectares Coefficient of variation
1 35 390 0.43
2 23 259 10.78
3 55 433 0.31
Total 113 1082
Table 3

Databases of existing soil samples assigned to subclasses based on its georefer-
encing for Area 1 and Area 2.

Area 1 — Subclasses of Jolanda di Savoia

Zones Subclasses  Soil sampling Hectares  Coefficient of variation
points abs

Zonel 1 53 672 0.26
2 68 920 0.44

Zone2 3 68 899 9.59
4 40 644 0.52

Zone3 5 10 174 0.30
6 14 188 0.23
7 12 121 0.25
8 2 44 0.3
Total 267 3662

Area 2 — Subclasses of Cortona

Zones Subclasses  Soil sampling Hectares  Coefficient of variation

points abs

Zonel 1 20 201 0.20
2 15 191 0.33

Zone2 3 12 135 0.81
4 11 119 0.85

Zone3 5 25 226 0.29
6 30 210 0.16
Total 113 1082

distribution. The model was implemented in the R environment using
the ‘GWmodel’ library [31]. Model performance was evaluated using
several statistical metrics, including the coefficient of determination
(R2), the root mean square error (RMSE), and the ratio of performance to
deviation (RPD):

; 2
RMSE = \/ (X [D(xi)L— D (x;)] .
o % ©)

According to Patzold et al. [32], the RPD metric provides threshold
values that classify model performance from poor to excellent. As a
*higher is better’ index, RPD values above 1 indicate improved predic-
tive reliability.

To refine the selection of predictor variables, a two-step process was
adopted: i) variables with a reciprocal correlation of 0.75 were removed;
ii) backward stepwise regression approach was applied, starting with a
comprehensive model and progressively removing less significant vari-
ables until an optimal balance between complexity and explanatory
power was achieved. GWR has proven to be an effective tool for spati-
alizing soil parameters, as it captures local variations in soil-
environment interactions and enhances prediction accuracy (see
Table 4 that reports for each response the corresponding models with its
covariates) [33].

2.7. Workflow of methodology

The proposed methodology (Fig. 7) outlines the steps to generate soil
functional maps based on soil reflectance indices and related soil
properties.

1. Topsoil sampling and outlier removal using the Interquartile
Range (IQR) method.

2. Boundaries Georeferencing.

3. SYSI image creation using Sentinel-2 satellite data (period
2017-2024) via Google Earth Engine (GEE) platform.

4. VIS-NIR band extraction and Indexes Calculations: Extraction of
visible (VIS) and near-infrared (NIR) bands from the SYSI image
were used to derive several indices.

5. PCA was applied to VIS-NIR bands, extracting the first principal
component, which captures 90 % of the variance in reflectance.

6. Determining the optimal number of clusters: Using the NbClust
package in R to identify the optimal number of clusters. Associ-
ation of Soil Parameters to Zones.

7. PC clustering: Application of K-means algorithm on the first
principal component (PC), using the number of clusters suggested
by NbClust analysis.

8. Coefficient of variation (CV): Calculation of CV for PC within
each zone. If the CV for a parameter exceeding 50 percent of PC,
the process will be repeated from step 5 to further subdivide the
clusters into subclusters. Association of Soil Parameters to
Subclasses.
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Fig. 6. Optimal number of soil homogeneous new subclasses after the CV application for (a) Jolanda di Savoia and (b) Cortona.

Performance metrics of the models obtained using Geographically Weighted Regression (GWR) for estimating soil parameters in the two study areas. For each
component (Clay, Silt, Sand, SOC, N, K, P) the following metrics are provided: the model used (with the corresponding predictive variables), the number of samples, the
training R?, the validation R, RMSE (using 10-fold cross-validation), RPD, and the mean value of the soil parameter in the test set.

Area 1 - Jolanda di Savoia

Soil Model Number of R? R Validation (CV, K = RMSE Validation (CV, K=  RPD  Mean Soil Parameter Test (CV, K
Component Samples Training 10) 10) =10)
Clay % ~RI+IOR+SOCI+FE3 265 0.77 0.78 5.57 1.59 41.43
Silt % ~ 100-(silt+clay) 265 NA 0.58 6.83 1.16  39.80
Sand % ~ RI+IOR+SOCI+FE3 265 0.63 0.60 10.00 1.24 1871
SOC % ~B3+FE3+SOCI+IOR 265 0.71 0.78 1.14 1.59  3.40
N % ~B3+FE3+SOCI+IOR 265 0.72 0.78 0.09 1.61 031
K meq/100 g ~RI+IOR+SOCI 265 0.40 0.38 0.19 1.07 0.51
P ass. ppm ~RI+IOR+SOCI+FE3 265 0.54 0.50 9.90 1.17 16.83
Area 2 - Cortona
Soil Model Number of R? R Validation (CV, K = RMSE Validation (CV, K = RPD Mean Soil Parameter Test (CV, K =
Component Samples Training 10) 10) 10)
Clay % ~ B8+FE3 117 0.88 0.92 5.20 2.72  30.00
Silt % ~ 100- 117 NA 0.40 10.70 1.09 3331
(sand+-clay)
Sand % ~ B8+FE3 117 0.57 0.70 13.80 1.82  36.60
SOC % ~ SOCI+SI 117 0.64 0.73 0.20 1.50 0.91
N % ~ B8+FE3 117 0.66 0.74 0.02 1.54 0.10
K meq/100 g ~ B8+FE3 117 0.74 0.80 0.11 1.68 0.36
P ass. ppm ~ B8+GSI 117 0.60 0.53 6.20 1.17  14.23

RMSE: root mean square error.
RPD: ratio of performance to deviation (model reliability); Excellent, RPD > 2; Acceptable, 1.4 < RPD < 2; Non-reliable, RPD < 1.4.

9. DSM, model training: the significant variables for predicting the 10. Parameters prediction: Adoption of Geographically Weighted
target soil parameter were selected through a two-step process. Regression (GWR) used to model the relationships between soil
First, auto-correlated predictor variables were removed, defined properties (texture, organic matter content, NPK) within different
as those with a correlation greater than 0.75. Then, significant clusters.
variables were selected using a stepwise regression model. 11. DSM, model Evaluation: The performance of the predictive

models was assessed using the coefficient of determination (R?),
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the correlation coefficient (r), the Root Mean Square Error
(RMSE), and the ratio of performance to deviation (RPD).

3. Results
3.1. Area 1 - descriptive statistics

3.1.1. Soil texture

Fig. 8a and Fig. 8b provide an analysis of soil texture in Area 1,
categorized into three zones and eight subclasses based on 267 obser-
vations. Zone 1 showed the highest average clay content (44.38 %),
followed by Zone 2, both statistically different from Zone 3 (p < 0.001).
Silt content was highest in Zone 2 (40.80 %) and recorded a broad range
in Zone 3, with a mean of 39.66 %. Sand content in Zone 3 was the
highest, with significant variability compared to Zones 1 and 2 (p <
0.001), which had similar low average sand contents.

Among the subclasses, Subclass 1 had the highest average clay con-
tent, while Subclass 8 recorded the lowest. The clay content decreased
progressively from Subclass 1 to Subclass 8. Silt content varied signifi-
cantly across subclasses, with Subclass 3 having a high mean of 40.60 %,
while Subclass 8 showed the most variability. Sand content increased
from Subclasses 1 to 3 to Subclasses 6 to 8, with the sandier subclasses
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showing greater variability.

3.1.2. Soil organic carbon

The three zones showed significant differences in SOC levels (p <
0.001), with a decreasing gradient from Zone 1 to Zone 3 (Fig. 8c). Zone
1 had the highest average SOC content, ranging from 1.08 % to 10.68 %,
indicating high organic matter retention and fertility. Zone 2 had a
lower average, with a range from 0.96 % to 8.27 %, while Zone 3 had the
lowest average SOC, ranging from 0.43 % to 5.21 %.

The eight subclasses revealed more detailed variations in SOC levels
(Fig. 8d). Subclass 1 had the highest average, reaching the maximum
value of 10.68 %, representing soils with the greatest SOC accumulation.
Subclass 8 had the lowest average and showed minimal variability,
reflecting soils with low organic matter retention and fertility. Overall,
SOC levels decreased progressively from Subclass 1 to Subclass 8,
following the fertility gradient observed across the zones.

3.1.3. Macroelements

Nitrogen content in Zone 1 ranged from 0.12 % to 0.89 %, with a
mean of 0.36+0.15 %, the highest among the zones (Fig. 8¢). Zone 2 had
arange of 0.10 % to 0.67 %, with a mean of 0.30+0.11 %, while Zone 3
had the lowest mean. Phosphorus values in Zone 1 ranged from 2 ppm to
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Fig. 8. Descriptive statistics in different homogeneous zones and subclasses in Jolanda di Savoia (Area 1) for (a,b) Soil Texture, (c,d) SOC, and (e,f) Macroelements.
Different lower case letters indicate significant differences at p < 0.05, Tukey HSD test.
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94 ppm, with a mean of 16.78 ppm. Zone 2 had the highest average
phosphorus (19.03 ppm), while Zone 3 showed the lowest mean (13.66
ppm) with a range from 3 ppm to 34 ppm. Potassium in Zone 1 ranged
from 96 to 480 meq/100 g, with a mean of 210.05 meq/100 g. Zone 2
showed a similar mean (207.11 meq/100 g), but a wider range (63-580
meq/100 g), suggesting more variability. Zone 3 recorded the lowest
mean (135.66 meq/100 g) and the highest variability (96.75 meq/100
g)-

At the subclass level (Fig. 8f), Subclass 1 showed the highest nitrogen
content, while Subclass 8 had the lowest. Phosphorus levels varied
across subclasses, with Subclass 4 recorded the highest average, and
Subclass 8 showed the lowest. Potassium content was highest in Subclass
2, while Subclass 8 had the lowest mean.

3.2. Area 1 - spatial distribution

3.2.1. Spatial distribution of soil texture in area 1

The predicted soil texture values (Fig. 9a& Fig. 9b) and maps for the
zones and subclasses, obtained by the GWR method, are shown in
Fig. 10a, Fig. 10b, and Fig. 10c. Zone 1 showed the highest average clay
content (45.32 %), which decreased progressively through Zone 2 and
Zone 3. Silt content increased from Zone 1 (39.33 %) to Zone 3 (42.54
%), while sand content recorded the opposite trend, increasing from
Zone 1 (13.53 %) to Zone 3 (27.27 %).

At the subclass level, clay content decreased from Subclass 1 (46.44
%) to Subclass 8 (23.37 %). Silt values ranged from 38.99 % in Subclass
1 to 42.70 % in Subclass 8, with increasing variability in the higher
subclasses. Sand content showed the most significant variation, ranging
from 14.57 % in Subclass 1 to 33.93 % in Subclass 8, with higher vari-
ability in the sandier subclasses.

3.2.2. Spatial distribution of SOC in area 1

The predicted SOC values (Fig. 9c& Fig. 9d) and maps for the zones
and subclasses, as obtained by the GWR method, are shown in Fig. 10d
Zone 1 had the highest average SOC content (4.40 %) compared to the
other zones (3.04 % for Zone 2 and 1.62 % for Zone 3, respectively),
suggesting potentially higher fertility or more significant accumulation
of organic matter). Subclass 1 had the highest mean value (4.81 %). In
contrast, subclass 8 showed the lowest mean content (0.60 %). The
subclasses transitioned from soils rich in SOC (subclasses 1 and 2) to
those with very low contents (subclasses 7 and 8).
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3.2.3. Spatial distribution of NPK in area 1

The predicted NPK values (Fig. 9e& Fig. 9f) and maps for the zones
and subclasses obtained by the GWR method are shown in Fig. 11a,
Fig. 11b, and Fig. 11c. Nitrogen content in zone 1 showed the highest
mean value (0.38 %). Zone 2 showed a decrease in mean nitrogen
content (0.28 %). Finally, zone 3 recorded lower values in both mean
nitrogen values (0.17 %).

Phosphorus in zone 1 recorded the highest mean content with
considerable variability (16.814+6.00 ppm). Zone 2 showed a decrease in
the mean (16.52 ppm). Zone 3, on the other hand, showed a reduction in
mean phosphorus content but a more pronounced dispersion (12.59
+7.12 ppm), indicating greater variability in the data. Potassium in zone
1 recorded the highest mean value (0.54 meq/100 g). Zone 2 showed
similar but slightly lower mean values (0.50+0.07 meq/100 g). In Zone
3, the mean decreased to 0.35 meq/100 g. In general, the average po-
tassium content decreased from Zone 1 to Zone 3.

Nitrogen, in the subclass division, showed a progressive decrease in
mean values, ranging from subclass 1 (0.41 %) to subclass 8 (0.10 %).
For phosphorus, the first four subclasses showed higher mean values
(ranging from 16.65 ppm to 15.79 ppm), while in subclasses 5-8, the
values decreased, with subclass 8 recording the lowest mean value (9.74
ppm). As for potassium, the mean gradually decreased as the number of
subclasses increased (from 0.56meq/100 g to 0.21 meq/100 g).

3.3. Area 2 - descriptive statistics

3.3.1. Soil texture

The statistical summary of soil texture values (Fig. 12a& Fig. 12b)
was based on 113 observations for Area 2. Clay content was significantly
higher in Zone 1 (46.34 %) than in Zone 2 (30.78 %) and Zone 3 (18.56
%), with Zone 2 showing intermediate values significantly different
from both Zone 1 and Zone 3 (p < 0.001). Sand content was significantly
higher in Zone 3 (48.07 %) compared to both Zone 2 (30.70 %) and Zone
1 (21.23 %), with all differences being statistically significant (p <
0.001). Silt content varied less consistently, with mean values of 32.43
% in Zone 1, 34.35 4+ 12.49 % in Zone 2, and 33.36 + 13.28 % in Zone 3.

At the subclass level, Subclasses 1 and 2 showed the highest clay
content (50.55 % and 40.73 %, respectively), while Subclasses 5 and 6
had the lowest (20.88 % and 16.63 %). These differences were statisti-
cally significant (p < 0.001). Silt values were stable across subclasses,
ranging from 31.35 % to 37.18 %. Sand content increased progressively
from Subclass 1 (18.10 %) to Subclass 6 (49.33 %), with statistically
significant differences between Subclass 6 and Subclass 1 (p < 0.001).

Fig. 9. Predictive values in different homogeneous zones and subclasses in Jolanda di Savoia (Area 1) for (a,b) Soil Texture, (c,d) SOC, and (e,f) Macroelements.
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Fig. 11. Maps of predicted values for (a) Nitrogen, (b) Phosphorus, and (c) Potassium in Jolanda di Savoia (Area 1), Emilia Romagna region, obtained by GWR.

3.3.2. Soil organic carbon

A general decreasing trend in SOC content was evident from Zone 1
to Zone 3 (Fig. 12¢). Zone 1 showed the highest SOC, with a mean of
1.17 %, and was statistically different from both Zone 2 (0.91 %) and
Zone 3 (0.74 %) (p < 0.001). Moreover, Zone 2 also differed significantly
from Zone 3 (p < 0.001).

At the subclass level (Fig. 12d), Subclasses 1 and 2 maintained
relatively high mean SOC values of 1.25 % and 1.06 %, respectively. In
Zone 2, Subclasses 3 and 4 recorded mean SOC levels of 0.96 % and 0.84
%. Finally, Subclasses 5 and 6 in Zone 3 showed the lowest mean SOC
values of 0.76 % and 0.73 %, respectively, along with narrower ranges in
SOC content. The subdivision into subclasses highlighted within-zone
differences in soil SOC. Subclasses 1 and 2 showed significantly higher
SOC content compared to Subclasses 5 and 6 (p < 0.001).

3.3.3. Macroelements

Nitrogen content showed a declining trend across zones (Fig. 12e),
with Zone 1 having the highest mean (0.12 %), statistically different
from Zone 2 (0.10 %) and Zone 3 (0.08 %) (p < 0.001). Phosphorus
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concentrations varied more, with Zone 1 having a mean of 12.80 ppm,
Zone 2 slightly higher at 14.26 ppm, and Zone 3 the highest at 15.64
ppm. Potassium concentrations followed a different pattern, with Zone 1
recording the highest mean (0.54 meq/100 g), statistically different
from Zone 2 (0.42 meq/100 g), and Zone 3 (0.22 meq/100 g) (p <
0.001).

At the subclass level (Fig. 12f), nitrogen concentrations were highest
in Subclasses 1 and 2 (0.13 % and 0.11 %), while Subclasses 5 and 6 had
the lowest (0.08 %). Phosphorus varied, with Subclass 3 showing the
lowest mean (9.36 ppm) and Subclass 4 the highest (18.45 ppm). Po-
tassium showed the highest mean in Subclass 1 (0.56 meq/100 g) and
progressively lower values in Subclasses 2 to 6, with Subclass 6 having
the lowest mean (0.20 meq/100 g).

3.4. Area 2 - spatial distribution

3.4.1. Spatial distribution of soil texture in area 2
Fig. 13 showed the predicted soil texture values for the zones
(Fig. 13a) and subclasses (Fig. 13b) obtained by the GWR method
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Fig. 12. Descriptive statistics in different homogeneous zones and subclasses in Cortona (Area 2) for (a,b) Soil Texture, (c,d) SOC, and (e,f) Macroelements. Different

lower case letters indicate significant differences at p < 0.05, Tukey HSD test.
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Fig. 13. Predictive values in different homogeneous zones and subclasses in Cortona (Area 2) for (a,b) Soil Texture, (c,d) SOC, and (e,f) Macroelements.

(Fig. 14a, Fig. 14b, and Fig. 14c). Zone 1 recorded the highest clay
content (46.99 %), Zone 2 had intermediate levels (29.66 %), and Zone 3
had the lowest (18.98 %). Silt content was relatively consistent, with
Zone 2 having the highest mean (36.51 %) and Zone 3 the lowest (34.56
%). Sand content increased from Zone 1 (17.73 %) to Zone 3 (46.45 %).
The zones showed more differences, with Zone 1 having higher clay
content, Zone 2 intermediate levels, and Zone 3 the highest sand
content.

Subclasses showed more variability, with clay content decreasing
from Subclass 1 (51.95 %) to Subclass 6 (17.15 %), and sand content
increasing from Subclass 1 (13.81 %) to Subclass 6 (49.26 %). Silt
content remained stable across subclasses. Compared to the zone data,
the subclasses showed more distinctions, especially in sand content
variability.

3.4.2. Spatial distribution of SOC in area 2

The predicted SOC values for Area 2 (Fig. 13c, Fig. 13d; Fig. 14d)
showed Zone 1 with the highest mean (1.21 %) and the greatest vari-
ability, Zone 2 with moderate values and variability, and Zone 3 with the
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lowest mean. These trends indicated spatial heterogeneity across zones,
with Zone 1 showing the highest SOC and greatest variation.

At the subclass level, SOC values decreased progressively from
Subclass 1 (1.32 %) to Subclass 6 (0.73 %). Despite the general trend,
some subclasses, such as 5 and 6, still exhibited broad ranges, reflecting
occasional high values. These results emphasized the spatial heteroge-
neity of SOC content, with clear distinctions among subclasses based on
SOC levels and variability.

3.4.3. Spatial distribution of NPK in area 2

The predicted NPK values (Fig. 13e, Fig. 13f; Fig. 15a, Fig. 15b, and
Fig. 15c) showed nitrogen with consistent mean values across zones
(0.12 %, 0.09 %, 0.08 %) and low variability. Phosphorus had greater
variation, with increasing mean values from Zone 1 (10.58 ppm) to Zone
3 (16.29 ppm) and higher variability. Potassium showed a decreasing
trend in mean values (0.55 ppm to 0.23 ppm) with limited variability.

At the subclass level, nitrogen exhibited low variability, with mean
values ranging from 0.08 % to 0.13 %. Phosphorus showed a wide range
and an increase from Subclass 1 (8.60 ppm) to Subclass 4 (16.90 ppm),
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Fig. 15. Maps of predicted values for (a) Nitrogen, (b) Phosphorus, and (c) Potassium in Cortona (Area 2), Toscana region, obtained by GWR.

then a slight decrease in higher subclasses. Potassium had a consistent
decrease in mean values from Subclass 1 (0.59 meq/100 g) to Subclass 6
(0.20 meq/100 g), with low variability across subclasses.

3.5. Model fitting (training and testing)

Table 4 presents the GWR results for each soil property in Area 1 and
Area 2, the number of samples, training R?, validation correlation (R),
RMSE under 10-fold cross-validation, RPD, and mean observed values.
In Area 1, Clay ( %) achieved a strong fit (R?=0.77 in training; R = 0.78
in validation), with an RMSE of 5.57 compared to a mean of 41.43,
indicating solid predictive performance. The Silt ( %) estimate, derived
by difference from Sand and Clay percentages (100 — (Sand + Clay)),
showed a more moderate validation R of 0.58 (RMSE=6.83), reflecting
lower predictive accuracy. Sand ( %), modeled from the same spectral
indices (RI, IOR, SOCI, FE3) as Clay, yielded a training R%Z0of0.63 and a
validation R of 0.60, with a relatively larger RMSE (10.00) compared to
its mean (18.71). Soil organic carbon (SOC, %), predicted using B3, FE3,
SOCI, and IOR, achieved a robust correlation (R = 0.78) and low RMSE
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(1.14) relative to a mean of 3.40; the performances are similar for total
nitrogen (N, %), with a validation accuracy of R = 0.78 and a low RMSE
(0.09). The fit for potassium (K meq/100 g) and available phosphorus
(P_ass., ppm) is more modest (R = 0.38 and R = 0.50, respectively),
suggesting the need for additional explanatory factors beyond the cho-
sen spectral indices. Additionally, for Area 1, RPD values indicated that
the models for Clay, SOC, and N achieved acceptable predictive per-
formance, each with an RPD of approximately 1.59-1.61. The models
for Sand and P were slightly below the acceptable threshold, with RPDs
of 1.24 and 1.17, respectively. The model for Silt performed poorly, with
an RPD of 1.16, and the model for K is considered unreliable, with an
RPD of only 1.07.

In Area 2, the results were similar; Clay ( %) exhibited notably high
predictive capacity (R?=0.88 in training; R = 0.92 in validation;
RMSE=5.20) relative to a mean of 30.00. In comparison, Silt ( %)—
computed as 100 - (Sand + Clay)—yielded a weaker correlation (R =
0.40) and a larger RMSE (10.70). Correlation for Sand ( %), modeled via
B8 and FE3, was moderate (R?>=0.57 training; R = 0.70 validation),
while SOC ( %) and N ( %) reflected better fits (R = 0.73 and R = 0.74,
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respectively), suggesting that SOCI, SI, and FE3 are relevant predictive
covariates. The fit for potassium (K meq/100 g) with NIR and FE3 (R =
0.80) was also good; phosphorus (P_ass., ppm) had a small drop from a
training R? of 0.60 to a validation R of 0.53, indicating potential over-
fitting or the need for ancillary covariates. For certain variables (e.g.,
Clay, SOC, N), it seems possible to effectively estimate them with GWR
models, while others (e.g., P_ass.) may require additional data to
improve predictive reliability. Moreover, for Area 2, the model for Clay
showed an RPD of 2.72, indicating excellent reliability. The models for
Sand, N, K and SOC also achieved acceptable results with RPDs between
1.50 and 1.82. Similar to Area 1, the model for P achieved an RPD value
on the borderline of acceptable, namely 1.17, while the model for silt
had the lowest RPD value of 1.09, which categorized it as unreliable.

4. Discussion

Integrating multispectral data from Sentinel-2 satellite images with
chemical-physical soil analyses has proven effective in characterizing
Jolanda di Savoia and Cortona soil properties. The SYSI, through the
GEOS3 technique, facilitated the representation of bare soil conditions
and significantly improved spatial coverage and accuracy compared to
single-date images [19,20,23]. This approach aligns with findings from
Castaldi et al. [9], who emphasized the importance of temporal
mosaicking in enhancing predictive models for soil properties, such as
Soil Organic Carbon (SOC) and clay content. In our study, PCA effec-
tively reduced data dimensionality and identified homogeneous zones,
consistent with the successful applications reported by Reyes et al. [34]
and Gavioli et al. [35] who also underscored the relevance of PCA in
delineating management zones for precision agriculture. Our cluster
optimization via the NbClust package corroborates these findings,
indicating that soil texture and macro-elements indeed exhibited
distinct spatial variations, confirming the robustness of multivariate
approaches in soil studies [36]. GWR models in our research yielded
high predictive accuracy for clay, SOC, and N content, though with
lower accuracy for phosphorus and potassium. Broeg et al. [37] and
Coblinski et al. [38] reported similar variability in model accuracy
across different soil properties and attributed discrepancies to inherent
soil variability and environmental factors.

4.1. Soil texture

The soil analyses and modeling results for Areas 1 and 2 are in
agreement, outlining a decreasing gradient in the average clay content
and a progressive increase in sand content from Zone 1 to Zone 3.
However, some discrepancies emerge in the estimation of variability. In
the analyzed samples for Area 1, Zone 3 exhibits the highest dispersion
for clay, with an SD+9.47 %, whereas the model-estimated data suggest
lower dispersion, SD+7.28 %. This gap could reflect a limited ability of
the model to capture local heterogeneity or the influence of interpola-
tion methods used. These findings align with Gasmi et al. [39] who
demonstrated that the use of multi-temporal imagery improves the ac-
curacy of clay content predictions, reflecting trends in the analytical
data used for model calibration. Regarding silt, both methods confirm a
similar concentration between zones, with negligible differences in
mean values for Area 1 (40.80 % vs. 42.54 %) and for Area 2 (36.51 %
vs. 34.35 %). However, the greater variability in Area 1 observed in the
analyses for silt in Zone 3 (SD+11.91 %) compared to the models (SD
+5.79 %) suggests a tendency of the model to underestimate spatial
variability. In this context, Silvero et al. [23] highlight that models based
on multi-temporal Sentinel-2 and Landsat-8 imagery show high corre-
lations with soil analytical data, accurately predicting properties such as
clay and organic carbon. Furthermore, Dematté et al. [40] emphasize
that methods used to analyze bare soil surfaces enable precise capturing
of general trends over extended temporal scales. These results confirm
that models can represent general trends, albeit with limitations in
capturing local heterogeneity.
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4.2. Soil organic carbon

Regarding SOC content, both approaches indicate decreases in
average content from Zone 1 to Zone 3 for both Areas under analysis.
Also, in Area 1, the averages between descriptive analysis and modeling
show similar mean values for Zone 1 (4.08 % vs. 4.40 %, respectively)
and Zone 3 (1.54 % vs. 1.62 %, respectively). However, the soil analysis
data reveal greater variability in Zone 1, with a standard deviation of
+1.98 %, compared to the models (SD+1.43 %). Similarly, in Area 3, the
models underestimate the dispersion of the data (SD+0.78 % vs. SD
+0.90 %). In Area 2, due to the influence of fewer soil samples (n. 267
vs. n. 113, for Area 1 and Area 2, respectively) and territorial diversity,
the values are less variable and lower in their value. The subclasses
confirm a transition from organic matter-rich soils (Subclass 1) to poor
soils (Subclass 8), with a progressive reduction in variability. Data from
analyses show greater heterogeneity in the initial subclasses, whereas
the models tend to underestimate this dispersion. Notably, Subclass 6
exhibits significant variability in SOC in the empirical data, which is not
fully captured by simulations. This discrepancy reflects the limitations of
models in interpreting local variability while demonstrating a good level
of effectiveness in representing general trends. This outcome is consis-
tent with Dvorakova et al. [41], who highlighted that Sentinel-2-based
models accurately reflect analytical data, with a low margin of error
between predicted and measured values. Similarly, Zepp et al. [42] and
Zhu et al. [43] underscore that multi-temporal approaches based on bare
soil imagery significantly improve SOC predictions compared to
single-image use, mirroring trends observed in analytical data.

4.3. Macroelements (NPK)

NPK levels progressively decrease from Zone 1 to Zone 3 in both
descriptive statistics and spatial distribution in Area 1. The main dif-
ferences concern variability: values derived from chemical analyses
indicate greater dispersion, particularly for phosphorus in Zone 2
(standard deviation 12.78 vs. 7.12 in models). For nitrogen and potas-
sium, differences between the two approaches are less pronounced,
reflecting greater homogeneity. Within the subclasses, both methodol-
ogies show a progressive reduction in nutrients but with variations in
dispersion. Chemical analyses indicate greater heterogeneity in the
upper subclasses (1-3) and greater homogeneity in the lower subclasses
(7 and 8). Models tend to represent this trend but with slightly lower
variability than observed data. For example, phosphorus in Subclass 6
exhibits the highest variability in analytical data (SD+31.37 ppm),
while models show reduced heterogeneity. This discrepancy could stem
from aggregation methodologies that inadequately reflect local fluctu-
ations in low-fertility areas [44,45]. The results support findings by
Nguyen et al. [46] and Xue et al. [47], who demonstrated that models
based on multi-temporal imagery or specific frameworks, such as
Two-Dimensional Bare Soil Separation (TDBSS), significantly improve
the precision of nutrient maps on a local scale. The convergence of data
derived from both methodologies highlights the effectiveness of models
in representing spatial trends and the average characteristics of soils in
both Jolanda di Savoia and Cortona. However, the lower variability
estimated by the models underscores the need for further calibration
improvements, mainly to capture local-scale heterogeneity. From an
implementation perspective, the high heterogeneity observed in
analytical data emphasizes the importance of targeted interventions to
optimize soil and nutrient use. The integration of analytical data and
more accurate models could enhance agronomic zoning strategies and
resource management.

5. Conclusion
The study illustrates the potential of integrating multispectral remote

sensing data with traditional chemical-physical soil analyses to generate
functional soil maps. By combining the SYSI approach with advanced
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techniques such as PCA and GWR, the proposed method allows
capturing the spatial variability of soil properties such as texture, SOC,
and NPK levels across the study areas. Although the models were suc-
cessful in representing overall trends, they also revealed certain limi-
tations, particularly in accurately reflecting local heterogeneity and in
predicting specific nutrients like phosphorus and potassium. The find-
ings suggest refining the calibration process and expanding the soil
database can considerably improve model accuracy. A more robust and
homogeneous dataset would likely enhance the reliability of the pre-
dictive models, enabling them to capture subtle spatial variations better.
Furthermore, integrating additional spectral indices and environmental
covariates and leveraging higher spatial and temporal resolution data
could further refine the models’ performance. These advancements are
expected to lay the groundwork for producing more precise soil mapping
and supporting more effective precision agriculture practices, which
rely on accurate soil information to optimize resource management. In
essence, while the current methodology offers a promising framework
for soil characterization, future efforts should concentrate on developing
more comprehensive databases and enhancing calibration techniques.
Such improvements would ensure the models capture general trends and
those intricate local variations critical for informed agricultural and
environmental management decision-making.
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