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Article info  The practice of precision farming is contingent upon a comprehensive understanding of the spatial 

variability of a multitude of physical and chemical soil parameters. The acquisition of knowledge 
regarding soil parameters necessitates the undertaking of soil sampling and subsequent analysis, 
a  process that is inherently labour-intensive and time-consuming. Consequently, precision farming 
employs the identification of homogeneous field regions through the utilisation of scanning tech-
niques, with the objective of ascertaining soil electrical characteristics, including electrical conduc-
tivity and magnetic susceptibility. The objective of this study was to attempt to predict soil compac-
tion based on selected electrical parameters. In order to predict compaction, machine learning 
methods, namely decision tree and support vector regression were employed. The highest R-value 
of 0.87 was obtained for the decision tree model and soil layer 0.1-0.2 m for the training set. For the 
test set, the highest R-value of 0.85 was obtained for soil layer 0.1-0.2 m and the support vector 
regression model, which also had the lowest MAPE error value of 11.31%. The prediction of soil 
compaction using electrical soil parameters based on machine learning methods represents a prom-
ising avenue of research. 
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1. Introduction 
 
Management zones are an effective approach to man-
aging agricultural field variability and electrical con-
ductivity (ECa), defined as a material's ability to con-
duct electric current is better known for representing 
fields based on nutrient needs [12, 10] and offers 
a  cheaper approach for detecting soil variability pat-
terns. The most useful tool in determining field vari-
ability that influences crop growth is Electromagnetic 
induction (EM). Its usefulness in precision agricul-
ture is due to its depth of inquiry, longevity, and in-
fluence on crop growth parameters [1]. 

 
* Corresponding author: krzysztof.pieczarka@upwr.edu.pl 

Soil ECa are directly related to soil texture, mois-
ture, salinity, and nutrient concentration, and are in-
versely proportional to soil depth [7, 2]. Soil ECa, ex-
pressed in milli siemens is impacted by a combination 
of physicochemical properties such as soil texture and 
moisture contents, bulk density, soil pore size and 
distribution, and soil temperature [2]. Soil conductiv-
ity is either measured by the physical direct contact of 
a minimum of four electrodes with soil or  by electro-
magnetic induction (EMI) that uses a  transmitter coil 
to induce a field into the soil and a  receiver coil to 
measure the response [4, 8]. 

Soil compaction refers to the reduction in soil vol-
ume caused by external influences that reduce soil 
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productivity and environmental quality [4, 5, 6]. Soil re-
sistivity/compaction is a critical agricultural issue and is 
responsible for variable growth in agricultural areas [4]. 
Soil strength is the primary determinant of  soil compac-
tion and is influenced by various soil variables: bulk den-
sity, moisture, and soil texture [3, 11]. Soil compaction 
can be classified into topsoil and subsoil [11] and is 
found in all types of soils. Soil compaction occurs natu-
rally, compression from machinery or stock trampling 
[5], and foot and vehicle traffic [11]. Soil compaction re-
sults in inadequate root systems and low yields affects 
trees and shrubs, reduces soil fertility, increases soil ero-
sion, reduces soil porosity, and increases soil density and 
penetration resistance [12]. 

There is a justifiable reason to propose an alternative 
method of determining soil compaction that is cheaper 
and easier and it may be possible to use scanning meth-
ods as an indirect method to estimate soil compaction. 
Soil compaction, electrical conductivity, and magnetic 
susceptibility correlate with soil texture, bulk density, 
moisture content, and organic matter content.   The use 
of electrical soil parameters offers the advantage of 
quickly scanning large areas covering several hec-
tares [13]. These techniques allow for fast, economical, 
and accurate assessment of soil texture differences, soil 
moisture levels, and soil salinity [14]. Nevertheless, there 
has been limited research focused on applying scanning 
methods to estimate soil compaction [15]. 

The aim of this study was to demonstrate that the 
appropriate application of machine learning methods 
can produce soil compaction prediction models based 
on soil electrical parameters and soil texture with suf-
ficient accuracy to be useful in agricultural practice. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

2. Materials and methods 
 
2.1. Experimental data acquisition 
 
In the spring of 2022, field tests were conducted on 
a  plot of land with the registration number 
021905_2.0007.22, spanning an area of 1.1 hectares 
and situated within the Świdnica district, Lower Sile-
sia region, Poland (GNSS 50° 54' 55.027" N 16° 35' 
35.994" E). Following the harvest of maize for grain 
during the 2020/2021 growing season, the crop resi-
dues were shredded using a mulcher and then culti-
vated with a disc harrow to a depth of 0.1 m. The 
maize was a forecrop for spring barley. Soil was clas-
sified as a silt loam, following the Polish Soil Classifi-
cation System. The soil was not intentionally com-
pacted and the variation in compaction was solely due 
to altitude and variable soil texture. 

Parallel lines 10 m apart were drawn along the long-
est edge of the field. Measurements of electrical param-
eters and soil compaction were taken along these lines. 
The delineated lines were traversed at 10-metre inter-
vals, resulting in 126 compaction measurement 
points throughout the plot. Soil compaction was as-
sessed for soil layers ranging from 0 to 0.5 m using 
a  cone penetrometer (Eijkelkamp Soil &Water, 
Giesbeek, The Netherlands) equipped with GPS. Field 
measurements were conducted using a cone with 
a  base of 0.0001 m2   and an angle of 600, with a pen-
etration speed of 0.03 m·s-1. The two scanners were 
utilised for measurements, namely Geonics EM38 
scanner and Veris 3100 scanner.  
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1. The cadastral boundary of the surveyed field with the two-zone division  
and the soil compaction measurement points
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The following parameters were collected: electrical 
conductivity measured using Geonics EM38 (ECa 
EM38), magnetic susceptibility measured using Geon-
ics EM38 (MS EM38), electrical conductivity meas-
ured using the Veris 3100 (ECa Veris). Following the 
completion of the compaction and scanning measure-
ments, the nearest corresponding point from the 
Geonics EM38 and Veris 3100 scanner was matched to 
each compaction measurement using GNSS coordi-
nates, employing the least squares method. The divi-
sion of the surveyed field into management zones 
numbered from 1 to 2 presented in figure 1 is based on 
soil electrical conductivity results from the Geonics 
EM38 scanner. The management zones were identified 
using the proprietary algorithm developed by the com-
pany carrying out the survey. 

In accordance with the results from the Veris 3100 
scanner, a soil coefficient (SCoef) was calculated us-
ing the formula specified in equation 1. This value 
was then incorporated into the modelling of soil com-
pactness. 
 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶%
10

+ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆%
100

+ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆%
1000

 (1) 

 
2.1. Machine learning models 
 
In this research the two machine learning algorithms 
were used, namely Decision Tree (DT) and Support 
Vector Regression (SVR). For the development 
of models the skelarn.tree and skelarn.skelarn.svm 
packages in Python 3.12 were employed. DT is a rep-
resentation of a set of rules for making decisions 
based on features or attributes of a given dataset.  The 
construction of a DT entails the incremental parti-
tioning of the training dataset, with the objective 
of  reducing the variance of the explanatory variable 
within each subset. DTs offer a straightforward 
means of comprehension and provide a graphical 
representation of their internal logic. However, deci-
sion trees are not without limitations, including the 
potential for overfitting and sensitivity to alterations 
in the data. These issues can be addressed through 
techniques such as pruning and setting the maximum 
depth of the tree. The generation of decision trees ne-
cessitates the adjustment of a number of hyper-pa-
rameters, including: splitter – strategy for choosing 
the split at each node, the maximum depth of the tree, 
the minimum number of samples required to be 
in  a  leaf node, the maximum number of leaf nodes in 
the tree, and the function used to measure the quality 
of  a split. SVR is a powerful algorithm used for pre-
dicting continuous values in machine learning tasks. 
Its primary objective is to determine a function that 
closely estimates the target variable while maintaining 

a maximum margin between the predicted and actual 
values. The "support vectors" are data points lying 
closest to the regression line, defining the margin and 
significantly influencing the final model. SVR's effec-
tiveness relies on fine-tuning hyperparameters such 
as the regularization parameter C (which balances er-
ror tolerance and model complexity) and kernel pa-
rameters (used for transforming data into higher-di-
mensional spaces for nonlinear problems). The ε-
insensitive loss function used in  SVR permits small 
deviations within a defined margin (ε), where such 
deviations are not penalized. Errors outside this range 
are penalized more stringently to ensure accurate pre-
dictions. In this research the RBF kernel with various 
γ  values was employed. All hyper-parameters of DT 
and SVR model development were fine-tuned using 
a grid search method (separately for each soil depth). 
The ranges of hyper-parameters were as follows: 
1. Decision Tree (DT): splitter [best, random], the 

maximum depth of the tree [None, 3, 5, 7, 9], the 
minimum number of samples required to be 
in  a leaf node [1, 2, 4, 6], the maximum number 
of  leaf nodes in the tree [None, 10, 20, 30], and the 
function used to measure the quality of a split 
[mse, friedman_mse, mae]. 

2. Support Vector Regression (SVR): C – from 100 to 
1000, γ  = [0.001, 0.01, 0.1, 0.2, 0.3]. 

 
Independent models were constructed for the meas-
urement of soil compaction in the following soil lay-
ers: 0.1–0.2 m, 0.2–0.3 mm and 0.3–0.4 m. The fol-
lowing parameters were employed as independent 
variables in the models: electrical conductivity meas-
ured using Geonics EM38, magnetic susceptibility 
measured using Geonics EM38, electrical conductiv-
ity measured using the Veris 3100, soil coefficient. 
The 126 data sets acquired from the field experiment 
were randomly split 80:20 into a training set and a test 
set. The data were normalized. 

The three metrics described below were used to 
evaluate the performance of the models. 
The mean absolute percentage error (MAPE): 
 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 =  1
𝑛𝑛
∑ �𝑌𝑌𝑡𝑡−𝑌𝑌𝑝𝑝

𝑌𝑌𝑡𝑡
�𝑛𝑛

𝑖𝑖 = 1  (2) 

 
The correlation coefficient (R) between the target and 
predicted values: 
 
 

𝑅𝑅 =  
∑(𝑌𝑌𝑡𝑡−𝑌𝑌�𝑡𝑡)(𝑌𝑌𝑝𝑝−𝑌𝑌�𝑝𝑝)

�∑(𝑌𝑌𝑡𝑡−𝑌𝑌�𝑡𝑡)2 ∑�𝑌𝑌𝑝𝑝−𝑌𝑌�𝑝𝑝�
2
 (3) 
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The root-mean-square error (RMSE): 
 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  �1
𝑛𝑛
∑ (𝑌𝑌𝑝𝑝 − 𝑌𝑌𝑡𝑡)2𝑛𝑛
𝑖𝑖 = 1  (4) 

 
where Yt is the absolute target value, 𝑌𝑌�𝑡𝑡 is the mean 
target value Yp is the absolute predicted value,𝑌𝑌�𝑝𝑝 is 
the mean predicted value, and n is the amount of vec-
tors in a data set. 
 
3. Results and their analysis 
 
Figure 2 illustrates the electrical parameters of the soil, 
as measured with the Geonics EM38 scanner, along-
side the soil compaction, as measured with a cone 
penetrometer, divided into soil layers of 0.1–0.2 m, 
0.2–0.3 m, and 0.3–0.4 m. 

 
 

 
 

Upon examination of the soil electrical conduc-
tivity map presented in Figure 2, it becomes evident 
that two distinct areas can be identified within the 
surveyed field, thereby corroborating the delinea-
tion of the two management zones illustrated 
in Figure 1. Upon analysis of the soil compaction 
values of  the individual layers, it becomes evident 
that there is minimal discrepancy between them. 
Notably, these variations occur in specific regions 
of the field, exhibiting a discernible pattern when 
comparing the soil compaction maps with the elec-
trical conductivity map. The analogous variation 
in soil compaction across the layers and electrical 
conductivity may serve as a foundation for the as-
sertion that selected electrical parameters of the soil 
can be utilized to predict its corresponding me-
chanical parameters. 
 
 
 

 
 
 

Fig. 2. The cadastral boundary of the surveyed field with the two-zone division  
and the soil compaction measurement points 
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Table 1. Parameters of models  

Dependent variable Model Training data Test data 
R RMSE MAPE R RMSE MAPE 

Soil compaction (depth 0.1-0.2 m) DT 0.87 0.18 13.31 0.70 0.21 16.91 
Soil compaction (depth 0.1-0.2 m) SVR 0.86 0.19 14.24 0.85 0.16 11.31 
Soil compaction (depth 0.2-0.3 m) DT 0.80 0.22 13.28 0.77 0.22 11.62 
Soil compaction (depth 0.2-0.3 m) SVR 0.83 0.20 11.68 0.76 0.24 13.78 
Soil compaction (depth 0.3-0.4 m) DT 0.73 0.20 9.62 0.73 0.21 12.01 
Soil compaction (depth 0.3-0.4 m) SVR 0.77 0.119 8.26 0.72 0.21 11.75 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 3. Predicted values versus target values of soil compaction [MPa] measured at different depths for the best models 

 
Table 1 presents the parameters of the DT and SVR 
models. With regard to the training set, the DT 
model for a soil layer of 0.1–0.2 m yielded the high-
est R-value of 0.87, while the SVR model for the 
same soil layer exhibited a slightly lower value of 
0.86. The lowest R-value of 0.73 was observed for 
the DT model for a soil layer of 0.3–0.4 m. In the 
training set, the lowest MAPE error values were ob-
served for depth 0.3–0.4 m for the SVR model 
(8.26%) and for the DT model (9.62%). With regard 
to the test set, the highest R-value of 0.85 was ob-
tained for the SVR model for a  soil layer 0.1–0.2 m. 
This model also exhibited the lowest MAPE error 
value of 11.31%. The hyper-parameters of the 

model were as follows: C = 100, and γ=0.001. In the 
case of the DT model and depth 0.1–0.2 m, the 
highest MAPE error value of 16.91% was observed, 
accompanied by the lowest R-value of 0.7. The dif-
ferences in the quality of the models obtained for 
soil compaction measured at different depths are 
not great, but it can be seen that the models for 
depths of 0.3–0.4 m are of slightly lower quality. 
This may be due to the fact that the ECa measure-
ments with the Veris 3100 scanner were taken for 
a shallow (0–0.3 m) soil depth. This means that this 
parameter better illustrates changes in soil compac-
tion for soil layers closer to the surface. 
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4. Discussion 

The use of soil electrical parameters to assess soil 
compaction or other parameters that are its key indi-
cators has been presented in the scientific literature. 
Predictive models have been developed using both 
statistical and machine learning methods. Pathirana 
et al [15] used geophysical data to predict soil bulk 
density, a key indicator of soil compaction. They used 
random forest regression and obtained a model accu-
racy assessed by a coefficient of determination 
of  R2>0.8. An unsupervised machine learning algo-
rithm was successfully used by Romero-Ruiz et al [16] 
to identify field clusters associated with soil compac-
tion values. The XGBoost model developed by Driba 
et al. was reported to be an accurate tool for predict-
ing the spatial variability of soil parameters based on 
ECa values [17]. EM38-mk scanner data as input pa-
rameters to ML models were used by Zeyliger et al. 
[18] to produce accurate (R2>0.6) cartographic mod-
els of gravimetric soil moisture. 

5. Conclusions 
 
The challenges facing agricultural crop production 
are significant, with climate change and market com-
petition representing two of the most pressing issues. 
Farmers are compelled to enhance yield while curtail-
ing production costs in order to optimise profitabil-
ity. An understanding of the prevailing climatic con-
ditions in the field, the abundance of soil nutrients 
and the use of informed chemical crop protection are 
of significant importance in achieving maximum 
yields. The market offers a range of technical solutions 

that assist farmers in monitoring various soil and cli-
mate parameters. One parameter that has a signifi-
cant impact on plant growth and yield is soil compac-
tion, as evidenced by the findings of numerous 
researchers. Excessive soil compaction impairs the 
formation of the root system, thereby reducing the 
uptake of nutrients and ultimately leading to a decline 
in yield. However, measuring soil compaction with 
a cone penetrometer is a laborious and time-consum-
ing process, making it challenging to implement on 
large-scale farms. The study concluded that the 
knowledge of soil electrical parameters, such as elec-
trical conductivity and magnetic susceptibility, can be 
employed to predict soil compaction through the uti-
lisation of machine learning techniques. The results 
of the analyses indicated that the SVR and DT models 
analysed in this study have the potential to predict soil 
compaction in different soil layers. However, the 
analysis did not provide a definitive answer regarding 
the superiority of either model for predicting com-
paction. The combination of soil scanning and ma-
chine learning methods represents a promising ap-
proach for a prediction of soil compaction in a  rapid 
and cost-effective manner. Knowing the spatial distri-
bution of soil compaction makes it possible to plan 
tillage at variable depths, resulting in reduced fuel 
consumption, which has a positive impact on the eco-
nomic and environmental aspects of farming. It is 
also possible to plan soil loosening treatments accord-
ing to the depth of the root system of the crops being 
grown. Quick and inexpensive prediction of soil com-
paction may lead to more farmers taking such meas-
urements.  Using our results on a large scale will re-
quire additional trials on soils of different textures. 
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