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Abstract: Soil spatial variability mapping allows the delimitation of the number of soil samples
investigated to describe agricultural areas; it is crucial in precision agriculture. Electrical soil param-
eters are promising factors for the delimitation of management zones. One of the soil parameters
that affects yield is soil compaction. The objective of this work was to indicate electrical parameters
useful for the delimitation of management zones connected with soil compaction. For this purpose,
the measurement of apparent soil electrical conductivity and magnetic susceptibility was conducted
at two depths: 0.5 and 1 m. Soil compaction was measured for a soil layer at 0–0.5 m. Relationships
between electrical soil parameters and soil compaction were modelled with the use of two types of
neural networks—multilayer perceptron (MLP) and radial basis function (RBF). Better prediction
quality was observed for RBF models. It can be stated that in the mathematical model, the apparent
soil electrical conductivity affects soil compaction significantly more than magnetic susceptibility.
However, magnetic susceptibility gives additional information about soil properties, and therefore,
both electrical parameters should be used simultaneously for the delimitation of management zones.

Keywords: apparent soil electrical conductivity (ECa); magnetic susceptibility (MS); EM38; neu-
ral networks

1. Introduction

One of the objectives of precision agriculture is optimizing production by increasing
yield or by cost reduction due to optimizing the use of natural resources, and improving soil
quality [1]. Another important aspect is also environmental impact reduction, e.g., by the
variable-rate application of fertilizers or reduction of the application of plant protection
products. For this purpose, many new technologies have been developed and used in
practice. One available technique popular in precision agriculture is the delimitation of
management zones. Management zones are areas of the field with similar characteristics,
such as soil texture and chemical composition [2]. The optimization of crop production
requires knowledge of many soil properties. These properties are very often determined
by expensive and time-consuming methods. Delimitation of management zones allows for
a reduction in sample numbers involved in defining soil properties. However, this process
is difficult due to the high soil spatial variability and complex combination of factors that
may influence soil properties [3].

Soil spatial variations may be analyzed based on many techniques such as apparent
soil electrical conductivity (ECa) maps, crop yield maps and soil organic matter maps [4–6].
The electrical soil parameters are influenced by many physical-chemical features of soil.
The apparent soil electrical conductivity is defined as the soil capacity for conducting
electric current. ECa reflects some soil properties such as water content, bulk density, salin-
ity, clay content, texture, organic matter content, size and distribution of pores, depth to
contrasting soil layers, and organic carbon content [7–9]. Magnetic susceptibility (MS)
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expresses the level of magnetization of a soil in reaction to an applied magnetic field. Mag-
netite and maghemite as ferromagnetic minerals are the main determinants of soil magnetic
susceptibility [10]. MS is strongly affected by soil drainage class, texture, clay content,
organic matter, and organic carbon [11–14].

Geospatial measurements of apparent soil electrical conductivity and magnetic sus-
ceptibility are reliable, quick, easy, nondestructive, and economic; therefore, they are
recognized as a valuable mapping tool indicating soil productivity [15,16]. Furthermore,
the important feature of ECa is its temporal stability, which has been demonstrated in prior
literature [17,18]. Many studies have investigated the potential of soil electrical parameters
in the delimitation of management zones. Serrano et al. (2014) reported the potential
usability of ECa measurement using the Veris 2000 XA sensor for monitoring soil texture,
moisture content, organic matter, pH, and phosphorus soil content [19]. Pedrera-Parrilla
et al. (2016) delimited three management zones with similar soil conditions based on ECa
measurement [1]. They found an exponential relationship between spatially averaged soil
water content and ECa for water contents lower than 0.11 kg·kg−1. Peralta et al. (2013)
reported that ECa variability can be explained by some soil properties, namely clay content,
soil organic matter, cation exchange capacity, and soil water content [15]. de Souza Bahia
et al. (2017) reported a high correlation between MS and clay, iron oxides, carbon, and ni-
trogen, and revealed that MS is a good predictor of key properties of soils under study [20].
Magnetic susceptibility was used by some researchers for soil mapping according to the
degree of contamination with heavy metals or organic compounds [21,22]. Ayoubi et al.
(2019) reported a strong relationship between magnetic susceptibility and concentrations of
chromium, iron, nickel, zinc, cobalt, and manganese [10]. It can be stated that the apparent
electrical conductivity of soil has become one of the most popular tools for characterizing
the spatial variability of soil parameters. Magnetic susceptibility is most often used for soil
mapping in the context of environmental pollution.

Soil compaction may result from natural causes such as soil parameters, freezing,
and drying or from mechanical operations with the use of heavy wheeled machines.
As a soil compaction influences the yield, the delimitation of management zones connected
with this parameter is of great importance. Soil compaction affects the water infiltration
rate, soil air permeability, nitrogen availability, root length, root penetration, and rooting
depth [23,24]. Soil compaction mapping is necessary, e.g., for a variable-depth tillage
technology that plays an important role in applications of precision agriculture.

Artificial neural networks (ANNs) are very useful tools for solving prediction prob-
lems in agriculture, and there are many applications of neural network modelling in
state-of-the-art literature. The advantage of ANNs is the ability to produce high-quality
prediction models of complex and nonlinear relationships [25–27].

Generally, for the delimitation of management zones, a single electrical parameter
(ECa or MS) is used. ECa is more popular and is connected with many physical-chemical
properties of soil. However, there is still a lack of investigations regarding relationships
between ECa and MS with soil compaction. Thus, the objectives of this study are: (1) To
assess whether field-scale ECa and MS geospatial measurements are potential estimators
of soil compaction and (2) to indicate the optimum set of electrical soil parameters for the
delimitation of management zones connected with soil compaction.

2. Materials and Methods
2.1. Experimental Data Acquisition

The 12.86 ha (1.286 × 105 m2) large experimental area is located in Poland, Lower Sile-
sia province, Olesnica district (51◦10′13.5” N and 17◦27′6.6” E). Soil sampling was carried
out during the summer period of 2019. In the 2018 growing season, the area was grown
with winter oilseed rape, and after combine harvesting, the field was cultivated with the
universal cultivator Horsch Terrano with a depth of 0.01 m. Thereafter, until the mea-
surement procedure, no cultivation was carried out. Soil was classified as a sandy clay
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loam, according to the Polish Soil Classification System and USDA Soil Taxonomy [28].
The physical characterization of soil is shown in Table 1.

Table 1. Soil texture parameters.

Texture Diameter [mm] Percentage

skeletans >2 1.2
sand 2–0.05 57.3
silt 0.05–0.002 18.4
clay <0.002 24.3

soil texture Sandy clay loam (SCL)

The apparent soil electrical conductivity and magnetic susceptibility were measured
by electromagnetic induction with the a Geonics EM38-MK2 Ground Conductivity Meter
at two depths: 0.5 and 1 m. For the vertical dipole orientation used during measurements,
the effective depth is 1.5 m for a coil distance of 1.0 m and 0.75 m for a coil distance of 0.5 m.
The position of EM38 was registered by GPS. The technical parameters of the EM38-MK2
meter are detailed in Table 2.

Table 2. Technical parameters of the EM38-MK2 meter.

Measured quantities

1: Apparent conductivity in millisiemens per meter
(mS·m−1)

2: In-phase ratio of the secondary to primary magnetic field
in parts per thousand (ppt)

Intercoil spacing 1 and 0.5 m

Operating frequency 14.5 kHz

Measuring range
Conductivity: 1000 mS·m−1

In-phase: ± 28 ppt for 1 m separation
In-phase: ± 7 ppt for 0.5 m separation

Measurement resolution ±0.1% of full scale

Measurement accuracy ±5% at 30 mS·m−1

Noise levels Conductivity: 0.5 mS·m−1; in-phase: 0.02 ppt

The soil compaction was measured for a soil layer 0–0.5 m with a Eijkelkamp Pen-
etrologger with GPS. In measurements, a cone with an angle of 60◦ and a base of 0.0001 m2

was used. Penetration speed was equal to 0.03 m·s−1. Soil moisture was measured within
a short time period after the EM38 survey and was equal to 30%.

After the measurement of electrical parameters and analysis of results, the five manage-
ment zones were delimited (depicted in different colors in Figure 1). Then, the measurement
of soil compaction was conducted every 30 m (measurement points are depicted in Figure 1).
Based on GPS information of the penetrologger, coordinates were assigned to each measure-
ment point. Thereafter, with the use of the least squares method, the nearest point of ECa and
MS measurement was connected to each point of the soil compaction measurement.

2.2. Artificial Neural Networks

An artificial neural network is a computational tool modelled on the biological func-
tioning of the human nervous system. An ANN is made up of fundamental information-
processing units called artificial neurons. Artificial neurons are arranged in layers. At least
two layers are obligatory in the ANN structure—input and output layer. In this work,
the two types of ANNs are used for modelling relationships under study—multilayer per-
ceptron (MLP) and radial basis function (RBF) neural network. The MLP is a feedforward
neural network with one or two hidden layers of neurons placed between the input and
output layer. The MLP is trained with the use of a backpropagation algorithm. An RBF
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network is a feedforward neural network with one hidden layer. Neurons in a hidden
layer are RBF nonlinear activation units, usually with Gaussian functions [29]. The output
signal of the RBF network is calculated by a linear neuron. RBF neural networks are
considered a tool with better approximation abilities and faster learning speed than other
types of ANNs [30].
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compaction measurement points.

As a result of measurements, a set of 154 data was obtained. Outliers were removed
from the data set. For neural modelling, this data set was randomly divided into training
and validation sets in the proportion of 80:20. Prior to the neural models training process,
data were normalized into a range <0;1>. In this research, both MLP and RBF neural
models were developed in the Statistica v. 13 software. The input vector was composed of
a certain combination of apparent soil electrical conductivity and magnetic susceptibility
measured at the depth of 0.5 and 1 m. The form of input vectors determined the number of
nodes in the input layer (2 or 4). For each model, the group of 2000 neural structures was
trained. Each structure was characterized by an ANN type (MLP or RBF), the number of
neurons in the hidden layer (from 10 to 40), the initial connection weight matrix, and in
the case of the MLP network—transfer functions of neurons in hidden and output layers
(hyperbolic tangent, sigmoidal, and exponential). After the training and testing process,
the neural model of the best accuracy was indicated based on the coefficient of correlation
(R) between experimental data and data calculated by the neural model for the validation
data set. As an output model parameter, a compaction of a certain soil layer was used.

For the indication of the optimal vector of input parameters, the determination of the
contribution of independent input variables in an ANN model was necessary. For this
purpose, the sensitivity analysis implemented in the Statistica v. 13 environment was
employed. This method can be used for the MLP neural network to provide information
about the relative importance of the input model parameters. The sensitivity analysis is
based on replacing the values of each input variable by its mean values. The mean values
are calculated using the training data set. Afterward, an error ratio is calculated as follows:

Re =
Ech

Eoryg
(1)
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where Re is an error ratio, Ech is a network error with a certain input changed by its mean
value, and Eoryg is a network error with the input with its original value. Based on the
error ratio Re, the percentages of influence of the input parameters of an ANN model on its
output is calculated. This method of sensitivity analysis was used, e.g., in the modelling
and analysis of the structural damage after an earthquake [31].

3. Results and Discussion

The statistics of the experimental data (electrical and physical soil properties) are
presented in Table 3.

Table 3. Statistics of experimental data.

The Parameter Minimum Maximum Mean Standard Deviation

apparent soil electrical conductivity 0.5
m [mS·m−1] 0.39 15.23 5.10 3.05

magnetic susceptibility 0.5 m [-] −0.11 −0.01 −0.09 0.02
apparent soil electrical conductivity 1 m

[mS·m−1] 0.00 36.95 8.18 6.77

magnetic susceptibility 1 m [-] −4.18 0.16 −2.09 0.70
soil compaction (depth 0–0.1 m) [MPa] 0.17 1.03 0.40 0.17
soil compaction (depth 0–0.2 m) [MPa] 0.36 1.60 0.86 0.24
soil compaction (depth 0–0.3 m) [MPa] 0.42 2.04 1.15 0.28
soil compaction (depth 0–0.4 m) [MPa] 0.57 2.20 1.39 0.28
soil compaction (depth 0–0.5 m) [MPa] 0.65 2.20 1.41 0.28
soil compaction (depth 0.1–0.2 m) [MPa] 0.48 2.20 1.28 0.37
soil compaction (depth 0.2–0.3 m) [MPa] 0.42 3.41 1.71 0.51
soil compaction (depth 0.3–0.4 m) [MPa] 0.89 3.28 2.04 0.51
soil compaction (depth 0.4–0.5 m) [MPa] 0.17 3.39 1.14 0.58

As shown in Table 3, the apparent soil electrical conductivity is higher for the measure-
ment depth of 1 m than for 0.5 m. The magnetic susceptibility is negative when measured
at a depth of 0.5 m and changes its values from negative to positive, when measured at
a depth of 1 m. Soil compaction values increase with the measurement depth when the
soil layer being measured is between 0 and a certain depth. When the measurement is
carried out for a soil layer of 0.1 m, the soil compaction increases with the increase in soil
layer depth up to 0.4 m. The mean soil compaction of the soil layer between 0.4 and 0.5 m
is similar to 0.1–0.2 m soil layer compaction. Maps of spatial variability for selected soil
parameters presented in Table 3 are depicted in Figure 2.

Maps presented in Figure 2 confirm the similarity in the spatial distribution pattern
for ECa and MS, as well as for soil compaction measured at depths of 0–0.5 and 0.4–0.5 m.

An EM38-MK2 meter provides the measurement of two electrical soil parameters—
apparent soil electrical conductivity and magnetic susceptibility. Generally, the apparent
soil electrical conductivity is the parameter used for the delimitation of management zones.
In order to establish the optimum set of parameters for the delimitation of management
zones connected with soil compaction, the group of neural models was developed. As input
model parameters, the following vectors were used: [ECa 0.5 m; ECa 1 m], [ECa 0.5 m;
MS 0.5 m], [ECa 0.5 m; MS 0.5 m; ECa 1 m; MS 1 m], and [MS 0.5 m; MS 1 m]. As an output
parameter, the soil compaction of various soil layer depths was used. The type, structure,
and quality of the best neural models are summarized in Table 4.

In the process of the development of neural models, the two neural network types
were used, namely the multilayer perceptron and radial basis function neural network.
The data presented in Table 4 suggest that the better neural network type for modelling the
relationships between soil electrical parameters and soil compaction was the RBF neural
network. The number of neurons in the hidden layer varies significantly, for MLP models
from 11 to 39 and for RBF models from 10 to 36.
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Table 4. Neural models characteristics.

Input Parameters Output Parameter ANN Type ANN Structure R

ECa 0.5; MS 0.5; ECa 1; MS 1 soil compaction (0–0.5 m) MLP 4-17-1 0.769
ECa 0.5; MS 0.5; ECa 1; MS 1 soil compaction (0.4–0.5 m) RBF 4-14-1 0.826

ECa 0.5; MS 0.5 soil compaction (0–0.5 m) MLP 2-20-1 0.877
ECa 0.5; MS 0.5 soil compaction (0.4–0.5 m) MLP 2-19-1 0.846
ECa 0.5; MS 0.5 soil compaction (0–0.4 m) RBF 2-17-1 0.700
ECa 0.5; MS 0.5 soil compaction (0–0.3 m) RBF 2-24-1 0.446
ECa 0.5; MS 0.5 soil compaction (0–0.2 m) RBF 2-10-1 0.521
ECa 0.5; MS 0.5 soil compaction (0–0.1 m) RBF 2-20-1 0.615
ECa 0.5; MS 0.5 soil compaction (0.3–0.4 m) RBF 2-33-1 0.662
ECa 0.5; MS 0.5 soil compaction (0.2–0.3 m) MLP 2-12-1 0.594
ECa 0.5; MS 0.5 soil compaction (0.1–0.2 m) RBF 2-36-1 0.476
ECa 0.5; EC 1 soil compaction (0–0.5 m) RBF 2-27-1 0.759
ECa 0.5; EC 1 soil compaction (0.4–0.5 m) RBF 2-11-1 0.732
ECa 0.5; EC 1 soil compaction (0–0.4 m) RBF 2-28-1 0.656
ECa 0.5; EC 1 soil compaction (0–0.3 m) RBF 2-21-1 0.517
ECa 0.5; EC 1 soil compaction (0–0.2 m) RBF 2-15-1 0.433
ECa 0.5; EC 1 soil compaction (0–0.1 m) MLP 2-16-1 0.501
ECa 0.5; EC 1 soil compaction (0.3–0.4 m) RBF 2-21-1 0.648
ECa 0.5; EC 1 soil compaction (0.2–0.3 m) RBF 2-27-1 0.470
ECa 0.5; EC 1 soil compaction (0.1–0.2 m) RBF 2-12-1 0.471
MS 0.5; MS 1 soil compaction (0–0.5 m) RBF 2-10-1 0.725
MS 0.5; MS 1 soil compaction (0.4–0.5 m) MLP 2-39-1 0.790

The input parameters: Apparent soil electrical conductivity, 0.5 m; magnetic susceptibility, 0.5 m; apparent soil electrical conductivity, 1 m;
and magnetic susceptibility, 1 m are marked in the table as ECa 0.5, MS 0.5, ECa 1, and MS 1, respectively.
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Taking into account the fact that electrical parameters were measured at depths of 0.5
and 1 m, it can be expected that a better quality of models is obtained when the output
model parameter is the soil compaction measured at a depths of 0–0.5 and 0.4–0.5 m.
It was confirmed by the results summarized in Table 4. For an apparent soil electrical
conductivity of 0.5 m and magnetic susceptibility of 0.5 m, as well as for apparent soil
electrical conductivities of 0.5 and 1 m as input model parameters, the nine neural models
were developed with soil compaction measured for each soil layer described in the section
‘Materials and Methods’. The model quality increases when soil compaction is measured at
greater depths. Only when the output model parameter is the soil compaction measured for
a soil layer of 0–0.5 and 0.4–0.5 m is the correlation coefficient R for the validation data set
greater than 0.7. The high R value calculated for the validation data set proves the model
usefulness for real-life applications and means that no overfitting effect occurred during the
training process. Based on the results described above, for magnetic susceptibility, 0.5 and
1 m, as well as for a combination of all electrical parameters as input vector components,
only soil compaction measured for soil layers of 0–0.5 and 0.4–0.5 m was taken into account
as an output parameter of neural models. In the case of magnetic susceptibility, 0.5 and 1 m
as input model parameters, the values of correlation between predicted and experimental
soil compaction equal 0.725 for the soil layer at 0–0.5 m and 0.790 for the soil layer at
0.4–0.5 m. When all electrical parameters were input vector components, the R values were
0.769 for the soil layer at 0–0.5 m and 0.826 for the soil layer at 0.4–0.5 m. The highest
quality of models was obtained for an apparent soil electrical conductivity at 0.5 m and
magnetic susceptibility at 0.5 m as input model parameters. This means that both electrical
parameters play important roles in the delimitation of management zones. A slightly lower
quality of models was calculated in the case of these two electrical parameters measured at
depths of 0.5 and 1 m. It can be assumed that the quality of these models could increase
for soil compaction measured at a depth between 0.5 and 1 m. However, soil compaction
measured in deeper soil layers is of no practical relevance, because of limitations in rooting
depth, as well as characteristics of the working resistance of soil-working machines.

Based on the model of the relationship between apparent soil electrical conductivity
and magnetic susceptibility measured at depths of 0.5 and 1 m, and soil compaction 0–0.5 m,
the sensitivity analysis was performed in order to determine the average variable relative
importance. The results are depicted in Figure 3.
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As illustrated in Figure 3, apparent soil electrical conductivity affects soil compaction
about twice as much as magnetic susceptibility. Electrical parameters measured at a depth
of 0.5 m influence the compaction of the soil layer at 0–0.5 m slightly more than electrical
parameters measured at a depth of 1 m. Soil compaction is affected by many physical,
chemical and biological properties of soils, namely water content, organic matter content,
mineralogy, soil structure and texture, and particle-size distribution [32]. These parameters
also influence soil electrical parameters. Therefore, a close relation between soil compaction
and both soil apparent electrical conductivity and magnetic susceptibility can be expected.
The correlation between the compaction and electrical resistivity of noncohesive soils was
investigated by Kowalczyk et al. (2014) [33]. Al-Gaadi et al. (2012) proved the possibility
of assessing soil compaction by ECa measured by a EM38-MK2 device [34]. The level
of correlation between ECa and soil compaction depends on the EM38-MK2 orientation
(vertical or horizontal), moisture content, and the height of the device above the ground.
Keskin et al. (2011) found a negative correlation between tillage depth, which depends
on soil compaction and soil electrical conductivity [35]. The correlation coefficient ranged
from R = −0.56 to R = −0.84 depending, inter alia, on the depth of electrical conductivity
measurement. The authors stated that the electrical conductivity measurement system can
be used for tillage depth determination.

Electrical soil parameters are increasingly popular for the delimitation of management
zones in precision agriculture. Some measuring instruments were developed for this
purpose. Some of them measure only one parameter (apparent soil electrical conductivity
or magnetic susceptibility). Some instruments allow the measurement of both those
parameters (e.g., Geonics EM38). Therefore, various surveys have been presented in
the literature for the delimitation of management zones. Guo et al. (2019) presented a
geostatistical method combined with a fuzzy clustering algorithm for determination of the
spatiotemporal variation of soil salinity based on ECa measurement conducted with the
EM38 tool [36]. Machado et al. (2015) reported a relatively high linear correlation (R = 0.778)
between ECa measured by the EMP-400 profiler sensor at 15 kHz and cation exchange
capacity. They found a lower correlation between ECa and other soil parameters, namely
organic matter, potassium, and base saturation [37]. Valente et al. (2014) indicated ECa as
an important tool for defining management zones due to its significant correlation with
the micronutrients manganese, zinc and copper, as well as with macronutrients potassium
and phosphorus [6]. They also found a strong correlation of ECa with the remaining
phosphorus. It proves the usability of ECa measurement in precision fertilizer application.
Grimley et al. (2004) used only magnetic susceptibility for the delineation of hydric soils
in the midwestern USA. They found the critical MS values for differentiation of silty and
sandy surface soil textures [11]. Soderstrom et al. (2013) used ECa, MS, and gamma ray
data for mapping soil properties. They reported that ECa and MS were better indicators of
soil properties under study than gamma ray measurements [38]. Jordanova et al. (2013)
suggested that the combination of ECa and magnetic soil parameters can improve the
process of soil classification by decreasing the nonunique interpretation of the relationship
between apparent conductivity and certain soil physical properties [39].

Artificial neural networks have been employed by many researchers for prediction of
soil properties and, based on results, ANNs have been introduced as an efficient model of
relationships under study. In our research, the correlation coefficient R does not exceed
0.877, which is not a very high correlation when compared with other neural prediction
models evaluated by authors [40,41]. It can be assumed that in addition to the soil parame-
ters reflected by ECa and MS, other soil features influence the soil compaction. Similar or
lower neural models’ quality was reported in a prior literature for ANNs as a tool for
the prediction of soil properties. Khanbabakhani et al. (2020) indicated ANNs as an ef-
ficient model of the relationship between soil texture and longitude, altitude, elevation,
and slope percentage. They compared an ANN model with three other interpolation
methods including inverse distance weighting, kriging, and co-kriging used for soil texture
mapping. Based on statistical indices, the efficiency of the ANN model was better than
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other methods. However, the correlation of the model was less than 0.5 [42]. A feed-
forward back-propagation network with one hidden layer was used by Aitkenhead et al.
(2015) as a predictive model of soil organic matter [43]. They calculated different qualities
of models depending on values of organic matter in the training data set. For a full-organic-
matter-content-range model, they reported R = 0.93, and for a small-organic-matter-content
model (less than 20%), R = 0.82. Tasan et al. (2020) used a MLP neural network for the pre-
diction of soil moisture described by two parameters, namely field capacity and permanent
wilting point [44]. Among the ANN models developed in this research, a model with four
input parameters (sand, clay, percent calcium carbonate, and cation exchange capacity)
yielded the greatest quality (R = 0.88 for field capacity and R = 0.81 for permanent wilting
point as output parameter of model).

4. Conclusions

In recent literature, there is a lack of scientific papers regarding relationships between
electrical parameters and soil compaction. Therefore, in this research, two parameters:
ECa and MS, as potential estimators of soil compaction were investigated. The spatial
variability maps present similar patterns for apparent soil electrical conductivity and
magnetic susceptibility, both measured at a depth of 0.5 m. A similar pattern was also
found for soil compaction measured at a depth of 0–0.5 m, and soil compaction measured
at a depth of 0.4–0.5 m. The neural models of high quality were developed for prediction
of soil compaction measured for soil layers at 0–0.5 and 0.4–0.5 m based on electrical
parameters of the soil. The RFB neural network turned out to be a better prediction tool
for this purpose. In the mathematical model, the apparent soil electrical conductivity
affects soil compaction significantly more than magnetic susceptibility. In spite of this fact,
MS provides additional information about soil properties. Therefore, MS should be used as
a complementary parameter to ECa in the process of the delimitation of management zones.
It can be concluded that the measurement of ECa and MS can be considered a relatively
inexpensive, easy, and fast technique with the potential to make significant contributions
to the identification and prediction of soil compaction. This technique is promising for
real-life applications, e.g., for variable-depth tillage technology based on soil compaction
mapping that can reduce fuel consumption.
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