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Abstract: Precision agriculture relies on highly detailed soil maps to optimize resource use. Proximal
sensing methods, such as EMI, require a certain number of soil samples and laboratory analysis to
interpolate the characteristics of the soil. NIR diffuse reflectance spectroscopy offers a rapid, low-cost
alternative that increases datapoints and map accuracy. This study tests and optimizes a methodology
for high-detail soil mapping in a 2.5 ha hazelnut grove in Grosseto, Southern Tuscany, Italy, using both
EMI sensors (GF Mini Explorer, Brno, Czech Republic) and a handheld NIR spectrometer (Neospectra
Scanner, Si-Ware Systems, Menlo Park, CA, USA). In addition to two profiles selected by clustering,
another 35 topsoil augerings (0–30 cm) were added. Laboratory analyses were performed on only
five samples (two profiles + three samples from the augerings). Partial least square regression (PLSR)
with a national spectral library, augmented by the five local samples, predicted clay, sand, organic
carbon (SOC), total nitrogen (TN), and cation exchange capacity (CEC). The 37 predicted datapoints
were used for spatial interpolation, using the ECa map, elevation, and DEM derivatives as covariates.
Kriging with external drift (KED) was used to spatialize the results. The errors of the predictive
maps were calculated using five additional validation points analyzed by conventional methods. The
validation showed good accuracy of the predictive maps, particularly for SOC and TN.

Keywords: precision agriculture; digital soil mapping; electrical conductivity; spectroscopy;
soil monitoring

1. Introduction

Knowledge of soil spatial variability at the field scale is fundamental for site-specific
agriculture [1]. Traditional soil sampling and laboratory analysis methods provide detailed
information about soil at specific locations but are often limited in number and spatial
coverage. At the field scale, mapping the spatial variability of soil properties using only
traditional point methods is expensive, impractical, and is usually characterized by low
spatial accuracy [2]. In the last two decades, proximal soil sensing (PSS) methods have
been widely used to fill the data gap between sampling points and suitable high-detail soil
maps [3–8].

Among PSS methods, electromagnetic induction (EMI) sensing is one of the most
widely used methods to map soil spatial variability, and it has also found several agronomic
applications by private companies and consultants supporting precision agriculture [9–11].
The success of this PSS technique has been mainly due to its speed of measurement,
its relatively low cost, and the volume of the soil investigated [12]. The possibility to
use mobile EMI sensors, synchronized with GPS positioning data, allows continuous
measurements to be made and a large amount of spatial data to be obtained. EMI sensors
measure the apparent electrical conductivity (ECa) of the soil without direct contact with
the surface. ECa is an indirect indicator of several physical and hydrological parameters of
the soil, as well as of eventual salinity [13]. All these soil parameters influence the electrical
conductance pathways into the soil [14]. In non-saline soils, the factors that mostly influence
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ECa are clay content and mineralogy, cation exchange capacity (CEC), coarse fragments,
soil porosity, and moisture content [12,15,16]. Since ECa is influenced by numerous soil
properties, an accurate interpretation of the collected data is necessary to understand how
the spatial variability of ECa is correlated with the spatial variability of individual soil
properties [15]. The direct correlation between ECa and a single soil property is mainly site-
specific and sometimes subjected to temporal variation, as in the case of soil moisture [17].
Sometimes, the correlation between ECa and a single soil property can be very low, because
the spatial variation of ECa is driven by multiple soil parameters, both in the topsoil and in
the subsoil. Therefore, the calibration of inference models to predict soil properties, using
ECa maps as covariates, must be based on targeted soil observation and analysis, and,
sometimes, the inference model may be unreliable [16]. A calibration sampling design that
covers the entire study area and its spatial variability is needed [4]. On the other hand,
field-scale soil mapping must be economically sustainable, to be performed by consultants
and professional users. For commercial use of proximal soil sensing and mapping, typically
no more than one or two samples per hectare can be collected and analyzed by laboratory
methods [9]. This sampling frequency can be a major problem when the surveyed area is
only a few hectares wide, making the proximal sensing method unviable for small farms.

The information collected from the EMI sensor can be combined with other sources
of information, both proximal and remote, to increase the reliability of the soil properties
estimation [18,19]. Diffuse reflectance spectroscopy (DRS) in the visible (VIS) and/or near-
infrared (NIR) range is increasingly being used for rapid soil analysis due to its low-cost
acquisition methods [20,21]. This technique offers several advantages, including minimal or
no sample preparation, rapid and non-destructive measurements, and the ability to analyze
multiple soil properties simultaneously. Today, vis–NIR DRS is considered a valuable
alternative to laboratory wet chemistry analysis to predict several characteristics of the soil,
particularly organic carbon (SOC), texture, calcium carbonate (CaCO3), cation exchange
capacity (CEC) and total nitrogen (TN) [22–26]. According to a recent review on the use of
vis–NIR spectroscopy to determine soil characteristics [26], the authors reported that, of
the 115 published articles, SOC (28.2%) and TN (11.5%) are the most frequently predicted
soil characteristics by this method.

Recently, low-cost, miniaturized, and hand-held NIR spectrometers based on Micro-
Electromechanical Systems (MEMS) have become available in the market, making the
technique more economically sustainable and suitable for professional use. Although these
spectrometers are relatively new to the market, their performance and reliability for soil
science seem to be comparable with traditional spectrometers, as reported by some recent
papers [27–29].

Coupling a detailed mapping of covariates related to soil spatial variability, such as
ECa measured by the EMI proximal sensor, with a cost-effective method to increase the
number of datapoints, such as NIR-DRS, can successfully improve the precision of soil
maps without incurring additional costs.

The objective of this work is to evaluate and enhance the effectiveness of combining
EMI proximal sensing and NIR spectroscopy for more accurate mapping of topsoil features,
while minimizing the need for laboratory analysis.

2. Materials and Methods
2.1. Study Area

The study field is a hazelnut orchard of approximately 2.5 hectares in size (Figure 1),
situated in a hilly landscape of Grosseto province, Central Italy (42◦34’45” N 11◦12’22” E).
This area is situated around 5 km from the coast of the Tyrrhenian Sea and is characterized
by small hills with gentle slopes bordering the coastal plain. The area has recently been
used for the cultivation of hazelnut trees, but the most common land uses are pastures,
cereals, vineyards, and olive groves.
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The climate is Mediterranean (Cs), according to Köppen’s classification, with an
average precipitation of 550 mm, which is less frequent in the dry months, while it increases
in the months following the summer season, and a mean annual temperature of 15.6 ◦C.
According to the regional geological map, the study area is characterized by sandy and
clayey marine deposits from the Early Pliocene [30]. The regional soil map reported the
Eutric Cambisols as the most probable soils at this site, from loam to sandy clay loam in
texture [31].

2.2. EMI Proximal Sensing

A proximal soil survey was carried out using the GF Mini Explorer EMI sensor by
GF Instruments (Brno, Czech Republic). It consists of a system of a transmitting (Tx) coil,
which operates at 30 kHz, and three receiving parallel coils (Rx), spaced 0.32, 0.71 and
1.18 m from the Tx. The survey was carried out with the coil in a vertical position, also
called vertical coplanar mode (VCP). Such survey modality allows apparent electrical
conductivity (ECa) to be detected at 3 different depths, typically 0–50 (ECa1), 0–100 (ECa2),
and 0–150 cm (ECa3). The sensor is also equipped with a GNSS system with a RTK
correction to georeference the points detected and to obtain a map of the digital model
of the terrain (DEM) with a resolution of 1 m, interpolating the measurement points by
ordinary kriging. These information layers were used to perform a k-means clustering
to individuate two homogeneous zones (HZ) in terms of morphology (DEM) and soil
physical–hydrological features (ECa). The ECa and DEM data were normalized, from 0
(minimum value) to 1 (maximum value), before k-means clustering. Normalization and
k-means clustering of the grids were carried out by SAGA-Gis 9.2.0 (System for Automated
Geoscientific Analyses, www.saga-gis.org, accessed 4 December 2024). The soil of each
HZ was described and analyzed by two soil profiles, dug near the extremes of ECa values,
to a depth of about 1.2 m. The soils were classified according to WRB 2022 [32]. The
polygons of HZs define the geometry of the soil map, whereas the description, analysis,
and classification of the two soil profiles define the information of the soil typological units
(STUs). This is the conventional and discrete soil mapping approach used by professional
users and consultants working at field or farm scale. Although this discrete approach was
commonly used in the soil mapping of small and medium fields, there is no information on
the internal spatial variability of the STUs and no validation of the STU mapping.

2.3. NIR Spectroscopy

Producing accurate maps of soil spatial variability, also using geostatistics or spatial
statistics analysis, implies collecting a minimum number of samples for laboratory analysis.

www.saga-gis.org
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To perform a kriging interpolation at the field scale, Ref. [33] proposed about 50 sampling
units to perform a reliable semivariogram. In most cases, the collection and laboratory
analysis of such a large number of samples, primarily for small and medium farms, is not
cost-effective. To increase the number of datapoints with soil analysis without a relevant
increase in costs for analysis, NIR spectroscopy was used. Covering the whole field area,
35 topsoil samples (0–30 cm) were randomly collected by augering for NIR spectroscopy.

The samples were dried at 30 ◦C and then passed through a sieve with a 2 mm mesh.
Spectra were measured using Neospectra Scanner (NS), Si-Ware (USA), which is based on
Micro-Electromechanical Systems (MEMS) Fourier transform (FT-NIR) technology. This
type of sensor operates in the spectral range from 1350 to 2500 nm, with 252 bands at an
original resolution of 16 nm, resampled by spline to 4.5 nm. Although the resolution was
lower than that of traditional spectrometers, some recent studies demonstrated that the
prediction accuracy of the most common soil features is comparable [27–29]. In addition,
the source of the slightly higher prediction error of the FT-MEMS spectrometer was mainly
due to the lack of the visible range rather than the instrument resolution [29].

NS was used on about 5 g of sieved soil placed in a laboratory glass dish and com-
pressed only by the weight of the NS instrument. The NS was calibrated by its internal
white reference about every 15 min.

A large spectral library characterized by spectra and associated laboratory analysis
is needed to calibrate multivariate predictive models of soil features. The research group
involved in this work is developing an Italian spectral library, performed by Neospectra
Scanner, which includes 615 soil spectra. However, the spectral library was reduced to
362 spectra, removing forest soil samples, to include only soil samples from agricultural
lands, different soil typologies, and different depths, although more than 70% belonged
to the topsoil. To perform a site-specific calibration of NIR-based models, the spiking
technique is one of the most used [33–35]. The principal aim of this method is to augment
the calibration dataset with some samples of the target site, in order to achieve an improved
estimation of a target soil variable. To increase the statistical weight of local samples
within the general spectral library, some authors [33,35] proposed to add several copies
of the spiking subset into the calibration matrix (extra-weight spiking). To select another
three topsoil samples for laboratory analysis, representative of the variability of the entire
data set, a k-means clustering based on the spectral data was used. The clustering used
the 2 samples of the A horizons of the described profiles and the 35 topsoil samples
collected by augerings. Five groups were selected for clustering. The two samples of the
profiles, belonging to two different clusters (1 and 2), and one random member of each
remaining cluster (3, 4 and 5) were selected for the calibration dataset and analyzed by
traditional laboratory analysis. Laboratory analyses followed the official Italian protocol of
soil analysis [36,37]. In particular, texture was analyzed by the pipette method, according
to USDA textural thresholds; pH and EC were measured in a 1:5 soil-to-water solution;
soil organic carbon (SOC) and total nitrogen by the humid methods of Walkley–Black and
Kjeldhal, respectively; total carbonates by the gas–volumetric method using the Dietrich–
Fruhling calcimeter; cation exchange capacity and exchangeable bases by extraction in a
1 N ammonium acetate solution.

The local calibration set (5) was then added in triplicate into the spectral library (SSL),
following the extra-weighted spiking approach [36], reaching a total number of spectra of
377. The pre-treatments of the spectral library were as follows: (i) Savitzky–Golay filter
through 5 points and a polynomial model to remove eventual noise; (ii) standard normal
variate (SNV) to remove scattering effects (Figure 2).

Predictive models to determine sand, clay, soil organic carbon (SOC), total calcium
carbonate (CaCO3), cation exchange capacity (CEC), and total nitrogen (TN) were calibrated
using partial least square regression (PLSR). PLSR is the most widely used multivariate
statistical method in diffuse reflectance spectroscopy of soil samples and the most efficient
method, as demonstrated in a recent review [26]. To determine the performance of PLSR
in the prediction of local soil features, the PLSR validation was calculated only on the
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5 local samples. The PLSR models of the soil features were used to predict the remaining
datapoints (n = 32) not analyzed by traditional laboratory methods. Spectral pre-treatments,
clustering, and PLSR were performed using Unscrambler X software 10.4 (Camo Software,
Oslo, Norway).
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2.4. Interpolation of the Maps and Validation

The soil features of the topsoil (0–30 cm), namely sand, clay, SOC, CaCO3, CEC and
TN, were interpolated within the study field, using (i) the data predicted by NIR and PLSR
of the 32 augerings; (ii) the laboratory analysis of the A horizons of the two profiles (P24
and P25); and (iii) the laboratory analysis of the 3 augerings selected for calibration (T29,
T36, T39). Therefore, the total datapoints for interpolation were 37 within a field of 2.5
hectares, but the datapoints analyzed with traditional laboratory methods were only 5,
namely 2 analyses per hectare.

Such a limited number of datapoints (n = 37) did not allow the use of complex
interpolation approaches like machine learning methods. Moreover, it can be assumed that
the spatial distribution of the soil data was not stationary, since the field was characterized
by two soil typologies (STUs) and slope morphology, and that probably the soil features
were statistically correlated with environmental covariates. Therefore, the non-stationary
interpolation method, namely kriging with external drift (KED), was used to spatialize
the datapoints, using the digital elevation model (DEM), slope, the topographic wetness
index (TWI), and the electrical conductivity of the shallowest layer (ECa1), as covariates.
Specifically, for each variable, only those covariates that showed significant correlation
were selected and used, according to the values obtained through Pearson’s index. KED is a
kriging technique with an external trend, calculated by a deterministic function between the
target variable and the explanatory variables [38,39]. The interpolations were performed
with Saga-Gis 9.2.0, using the universal kriging module. Universal kriging (UK) is often
used as a synonym for KED, although several authors consider the two techniques to be
different. The UK is a special case of kriging with a changing mean, where the trend is
modelled as a function of coordinates [40]. If, instead of using the coordinates in the UK
equations, the drift is defined externally through some auxiliary variables, the technique
is called “kriging with external drift” [41]. The use of KED was preferred to other non-
stationary methods based on regression, like regression kriging, because of moderate
statistical relationships between target variables and covariates.

To measure the accuracy of the predicted maps, 5 additional augerings were carried out
and analyzed. The locations of the validation augerings were randomly selected. From the
differences between measured values and predicted values, extracted by the interpolated
maps, the root mean square error (RMSE), bias, and coefficient of determination (R2)
were calculated.
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3. Results and Discussion
3.1. Maps Produced by EMI Proximal Survey

The proximal soil survey carried out by an electromagnetic induction (EMI) sensor
showed the shallowest conductivity values (ECa1 0–50 cm), between 15 and 48 mS·m−1,
with average values around the 20 mS·m−1 value; intermediate conductivity (ECa2 0–75 cm)
showed values between 15 and 63 mS·m−1, whereas the deepest conductivity (ECa3
0–150 cm) varied between 15 and 61 mS·m−1. Higher conductivity values of ECa2 and
ECa3 were mainly found in the central and southern part of the field and indicated a
deep layer with high conductivity, probably characterized by high clay content. K-means
clustering using the ECa layers (Figure 3) and the DEM (Figure 4) identified two potential
soil typological units (STU). STU1 showed lower ECa values, on average 19 mS·m−1 for
ECa1 and 23 mS·m−1 for ECa2 and ECa3, but a mean higher altitude (30 m). STU2 showed
higher ECa values, from 26 to 33 mS·m−1. Two profiles (Figures 4 and 5) were dug to
a depth of 1.5 m, to have a complete view and description of the soils. The analysis of
the two profiles, reported in Tables 1 and 2, showed very similar features and analytical
parameters in the shallower horizons A and Bw (0–75 cm). Both the soils showed a sandy
clay loam texture and a low content of organic carbon (SOC) and calcium carbonate. The
soil salinity, measured by laboratory electrical conductivity (EC, 1:5 solution), was always
low (EC < 0.5 mS cm−1), whereas the pH was sub-alkaline (8.2–8.4) and slightly alkaline
(8.5–8.7) in the deeper horizons of P24 (Table 1).

Table 1. Descriptive statistics of the soil features of Profile P24.

Feature Units Ap 0–25 cm Bw2 50–80 cm Cg 90–110 cm

Clay g·100 g−1 24 29 48

Sand g·100 g−1 58 49 15

SOC g·100 g−1 0.69 0.34 n.d.

TN g·kg−1 0.77 0.43 n.d.

CEC meq·100 g−1 18.3 21.95 n.d.

CaCO3 g·100 g−1 3.3 4.9 n.d.

pH 8.2 8.7 8.5

EC mS·cm−1 0.26 0.38 0.50

Table 2. Descriptive statistics of the soil features of Profile P25. n.d.: not determined.

Feature Units Ap 0–25 cm Bw2 50–75 cm BC 90–110 cm

Clay g·100 g−1 26 24 23

Sand g·100 g−1 56 63 60

SOC g·100 g−1 0.54 0.35 n.d.

TN g·kg−1 0.62 0.43 n.d.

CEC meq·100 g−1 17.94 18.11 n.d.

CaCO3 g·100 g−1 0.5 0.5 n.d.

pH 8.1 8.1 8.1

EC mS·cm−1 0.14 0.15 0.15
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The clearest difference between the soil profiles is due to the deepest horizon, deeper
than 80 cm. P24 showed a Cg clayey horizon (clay = 48 g·100 g−1), massive and characterized
by a greyish color of strong redox conditions. On the contrary, P25 showed a BC horizon,
scarcely structured, but with a texture similar to the topsoil (sandy clay loam). This clear
difference between the deepest horizons was the main cause that discriminated the higher
ECa values in STU 2, described by P24, compared to the lower ECa values of STU 1 (P25).
Although the ECa1 surveyed by Mini Explorer in VCP mode was indicatively referred to
a depth of about 50 cm, the sensitivity of the electromagnetic field with respect to depth
can be defined by functions, as reported by the instrument manual and by Bonsall et al.
(2013) [42]. The function of Mini Explorer ECa1 reported that about 80% of the sensitivity
is between the surface and 0.5 m, but the remaining 20% of the sensitivity is calculated
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to a depth of about 2 m. Therefore, deep soil horizons partially affect the measurements
of the shallowest ECa1. For this reason, a theoretical field having homogeneous topsoil
(0–50 cm) but different deep soil horizons can show spatial variability also in ECa1. This is
the case in this study field. The results obtained from the EMI sensor survey highlighted two
very different areas: STU1, which is located at higher elevations, shows low and constant
ECa values, probably related to a higher sand content, both in surface and in depth, as
demonstrated by the analyses carried out on the P25 profile (Figure 6). STU2, which is in the
lower part of the slope, showed a major increase in ECa between the surface layer (ECa1)
and the deeper layer (ECa3), most likely due to the strong increase in clay with depth.
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3.2. Topsoil Predicted by NIR

The analyzed samples collected by augerings (0–30 cm), three for calibration and five
for validation, randomly taken within the field (Figure 7), showed moderate variability
(Table 3). The sand content varied from 53 (T2) to 77 g·100 g−1 (T33), clay from 14 (T33) to
36 g·100 g−1 (T36); calcium carbonate (CaCO3) was low (2–5 g·100 g−1), although a few
samples showed slightly higher values (T29 = 8. 3 g·100 g−1). SOC showed mean values
of 0.77 g·100 g−1, whereas TN was 0.85 g·kg−1, on average. The cation exchange capacity
(CEC) had a mean of 18.9 cmol·kg−1, with values ranging from 13.1 (T33) to 24.3 cmol·kg−1

(T36). The NIR spectra of the three calibration augerings and of the soil horizons of the two
profiles (P24 and P25) were included in the spectral library (in triplicate), as explained in
the previous chapter, to perform PLSR predictive models. The total number of spectra used
to carry out the PLSR predictive models was then 377, including 362 spectra of the SSL and
five local samples (two profiles and three augerings) in triplicate.
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Table 3. Descriptive statistics of the soil features of 8 soil samples.

Feature Units Mean SD Min Max

Clay g·100 g−1 24 8.66 14 36

Sand g·100 g−1 60 6.92 52 77

SOC g·100 g−1 0.77 0.29 0.31 1.31

TN g·kg−1 0.85 0.28 0.39 1.37

CEC meq·100 g−1 18.89 3.98 13.08 24.32

CaCO3 g·100 g−1 2.38 2.71 0.5 8.3

Calibration of the PLSR models used nine factors for most of the variables, except
for CEC and CaCO3, which performed better with five and three factors, respectively.
The PLSR predictions for clay, sand, and CEC show the lowest R2 values, namely 0.76,
0.68, and 0.79, respectively. Higher R2 values were calculated for SOC (0.93), TN (0.95),
and CaCO3 (0.95). The root mean square error of prediction (RMSEP), calculated only in
the five local samples, as explained in the previous chapter, shows lower values for SOC
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(0.08 g·100 g−1), TN (0.11 g·kg−1), and CEC (1.27 cmol·kg−1), but higher ones for CaCO3
(2.19 g·100 g−1), clay (4.98 g·100 g−1) and sand (14.48 g·100 g−1) (Table 4). The results
obtained by the PLSR models in terms of R2 and RMSEP can be considered satisfactory for
a quantitative prediction of the soil features. The prediction of sand was the only one with
excessive RMSEP, although R2 showed acceptable results. This was mainly due to a general
underestimation of the model for this soil feature. A possible explanation could be given by
the non-parametric distribution of the sand, both in the five local samples and in the total
calibration set (global + local). Unfortunately, the distribution of the data,—homogeneous
frequency for low and medium values, lower frequency for high values—did not allow
us to apply efficient data transformations to improve the parametric distribution of the
data. In the case of sand, we must accept a semi-quantitative prediction of the PLSR. In the
context of laboratory analysis, cost is a critical variable, especially when a large number of
samples are required for analysis. The introduction of near-infrared (NIR) spectroscopy has
resulted in significant cost savings. In this work example, a lab-based methodology would
have required 35 samples to be processed, whereas the use of NIR spectroscopy reduced
this number to only five samples. Considering that the cost of soil analysis is between EUR
80 and EUR 100 per sample, the total cost of the analysis could be between EUR 2800 and
EUR 3500. However, if only five samples were analyzed by a laboratory, and the rest of
datapoints were predicted by NIR, the total costs for analysis could be reduced to around
EUR 500, saving more than 80% of total costs. This technology makes it possible to obtain
equally reliable information with far fewer samples, resulting in significant savings for
companies facing routine or large-scale analysis.

Table 4. Results of PLSR models of NIR spectra to estimate clay, sand, SOC, TN, CEC and CaCO3.

Variable Loc 5

Clay
PLSR factors 9

RMSEP (g·100 g−1) 4.98
R2 0.76

Sand
PLSR factors 9

RMSEP (g·100 g−1) 14.48
R2 0.68

SOC
PLSR factors 9

RMSEP (g·100 g−1) 0.08
R2 0.93

TN
PLSR factors 9

RMSEP (g·kg−1) 0.11
R2 0.95

CEC
PLSR factors 5

RMSEP (meq·100 g−1) 1.27
R2 0.79

CaCO3

PLSR factors 3
RMSEP (g·100 g−1) 2.19

R2 0.95

3.3. Interpolation of Topsoil Parameters

The maps of topsoil features were generated by the interpolation of the NIR predicted
values (n = 32) and the five datapoints (two profiles and three augerings) analyzed by
traditional laboratory analysis using kriging with external drift (KED). As already men-
tioned in the previous chapter, KED was preferred to other regression methods, such as
regression kriging, because of the moderate statistical relationships between covariates and
target variables (Table 5). The covariates selected as drift for KED were selected based on
a significant correlation between the target variable and the covariates. Therefore, TWI
was selected for all the interpolation models, whereas elevation (DEM) and slope were
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alternatively selected: the first for Clay, SOC and CEC; the second for sand, TN and CaCO3
(Table 5).

Table 5. Pearson’s correlations between topsoil features, predicted by NIR, and covariates used for
spatialization. In bold, significant correlations for p < 0.05.

DEM Slope TWI ECa1 ECa2 ECa3

Clay 0.561 0.111 −0.657 0.101 0.119 0.003

Sand −0.304 −0.426 0.572 −0.161 −0.156 −0.055

SOC −0.637 −0.241 0.678 −0.060 −0.042 0.131

TN −0.244 −0.333 0.399 −0.207 −0.182 −0.074

CEC 0.642 −0.024 −0.563 −0.010 −0.001 −0.102

CaCO3 −0.129 0.440 −0.261 0.300 0.259 0.198

Semivariogram modeling for kriging was possible with this number of datapoints
(n = 37). The average distance between all pairs of sampling points was 85 m (median = 70 m),
with a minimum distance of 9 m and a maximum distance of 190 m. To model the semivari-
ograms of the different variables, a lag distance of 20–30 m and a range varying from 140 to
180 m were selected, according to the best semivariogram performance. Linear or Gaussian
models were selected, according to the best performance (R2).

The maps obtained by KED show a variability from 20 to 32 g·100 g−1 for clay, from
40 to 60 g·100 g−1 for sand, and from 0.30 to 0.95 g·100 g−1 for SOC (Figure 8), and a
variability from 0.60 to 1.15 g·kg−1 for TN, from 17 to 23 meq·100 g−1 for CEC and from
0.02 and 8.80 g·100 g−1 for CaCO3 (Figure 9). The highest map errors occur for clay, sand
and CaCO3 (Figure 10). Table 6 shows the results of the validation performed on the five
additional samples (T2, T11, T14, T23, and T33), not used during PLSR or even during map
interpolation (Figure 11). Although such a number of external validation points was very
low, and then the calculation of errors could be highly subject to randomness, it is possible
to verify the reliability of the soil feature spatialization in such a small field. Clay and sand
predicted versus measured showed a good coefficient of determination (R2 0.53 and 0.70,
respectively, Table 6), which demonstrates a good spatialization pattern. The RMSEP of
these maps was low, at 1.90 and 3.62 g·100 g−1, respectively. Better results were provided
by the map of SOC, which showed R2 of 0.93 and RMSEP of 0.11 g·100 g−1, demonstrating
a high accuracy of prediction. TN, CaCO3, and CEC showed lower R2 (0.27 to 0.49) but
acceptable errors of prediction. These low R2 together with the moderate error of prediction
(RMSEP) can be explained by the low number of validation data used. For this reason,
RMSEP data are more efficient for evaluating the reliability of the model with this low
number of validation sampling points.

Table 6. Validation of the KED for clay, sand, SOC, TN, CEC, and CaCO3. It was carried out on the
5 samples not used in the calibration model (T2, T11, T14, T23 and T33).

R2 RMSE BIAS

Clay 0.53 1.90 0.29

Sand 0.70 3.62 2.09

SOC 0.93 0.11 −0.07

TN 0.27 0.18 −0.14

CEC 0.46 1.62 0.46

CaCO3 0.49 2.84 −2.20
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The method proposed in this work allows the discrete maps of soil typological units
(STUs) of small fields to be improved, taking into account the spatial variability of the
topsoil features, namely clay, sand, SOC, TN, CEC, and CaCO3. The innovation of this
approach is related to the very low number of samples required for traditional laboratory
analysis, which includes the samples of the two soil profiles, describing the STUs, and three
manual augerings, in a total surface area of about 2.5 hectares. The use of NIR spectroscopy
allowed to increase the number of sampling points required for spatial interpolation of soil
features, without significant costs.
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4. Conclusions

The main objective of the study was to improve the accuracy of soil mapping of small-
and medium-sized fields without significantly increasing the cost of analysis. The high
cost of laboratory analysis did not allow a sampling frequency greater than 1–2 samples
per hectare, which does not allow spatial interpolation of soil characteristics in small and
medium fields. Although the grids correlated with soil features, such as DEM and ECa
maps obtained by EMI proximal sensing, supported the interpolation of soil feature data, a
minimum amount of data are required to perform spatial or regression analysis.

NIR spectroscopy and PLSR prediction allow the number of soil datapoints to be
multiplied at low cost and appropriate spatial interpolation of the data to be performed.
Kriging with external drift (KED), using the most correlated covariates as drift, produced
accurate maps of clay, sand, and SOC, as well as fair accuracy for maps of TN, CEC,
and CaCO3.

Further improvements should be made in sampling strategies and in the use of other
low-cost covariates, such as those derived from remote sensing, that can support and
enhance spatial interpolation of soil characteristics.
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