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ABSTRACT
Soil compaction is a global environmental problem that affects all agricultural crops, especially those with a perennial cycle, such as coffee. Machinery 
traffic imposes severe loads on soils and can reduce the productivity and longevity of coffee crops in the state of Minas Gerais. Therefore, this study aimed 
to investigate the spatial variability of soil compaction caused by repeated passages of agricultural machinery in a coffee plantation. Georeferenced soil 
Penetration Resistance (PR) samples were collected after the second pass of the coffee harvester, following crop uprooting, plowing, and land leveling, in 
an area in southern Minas Gerais state. The data were interpolated using geostatistical spatial dependence analysis using Rstudio software, and compac-
tion maps were created using Qgis. All treatments showed spatial dependence for soil PR data. No significant differences were found in soil moisture data. 
Harvesting, uprooting, and plowing operations resulted in moderate to very high soil RP levels, while leveling resulted in moderate levels of compaction. 
Plowing and leveling operations reduced soil compaction levels, while harvesting operations increased soil penetration resistance.
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1 INTRODUCTION

In coffee farming, the constant demand for process 
and product quality improvements drives the adoption of 
new technologies and sustainable practices. Among these, 
maintaining soil physical quality and reducing compaction can 
improve the efficiency of the coffee production process.

Compaction is one of the main causes of physical 
soil degradation, hindering plant growth. The process can be 
defined as a reduction in soil volume and increase in soil mass, 
typically caused by human activity, resulting in a reduction in 
pore space and soil water dynamics (Han & Zhen, 2020; Yang 
et al., 2022).

The highest degrees of compaction generally occur in 
the subsurface layer of the soil, restricting root development 
(Bento et al., 2024; Shaheb, Venkatesh and Shearer, 2021; 
Moura et al., 2021) and, consequently, impairing the 
absorption of water and nutrients by plants and reducing 
agricultural productivity (Colombi & Keller, 2019; Hussein 
et al., 2023).

Continuous agricultural machinery traffic, especially 
under high soil moisture conditions, can lead to excessive 
compaction in the soil surface and subsurface, together with 
the lack of plant species diversification and, often, poor soil 
cover provided by crop residues (Azevedo et al., 2022; Bareta 
Junior et al., 2022; Bresciani et al., 2024; Keller et al., 2019, 
Mbarki et al., 2023). Without controlled traffic, compaction 
can aggravate other soil degradation processes with erosion, 

surface runoff, and loss of soil organic carbon, which can 
lead to reduced crop productivity and increase the risk of 
greenhouse gas emissions (Alesso et al., 2020; Machado, F. et 
al., 2023; Silva, P. 2021; De Sousa et al., 2024).

The development of coffee cultivation is related to the 
use of agricultural machinery that can cause soil compaction 
(Lacerda et al., 2022; Marques Filho et al., 2022; SchjØnning 
et al., 2023), altering the environment in which the root 
system develops (Pulido-Moncada et al., 2020). Therefore, 
studies aimed at identifying, quantifying, and minimizing 
the effects of crop management on the soil are important to 
adapt management accordingly, with a view to developing 
sustainable coffee cultivation (Voltolini et al., 2023).

According to Eggers et al. (2025), a very common way to 
assess soil compaction is through soil resistance to penetration 
with a conical penetrometer, as it offers greater accuracy and 
reliability in the data. Compaction has been widely studied in 
the context of Precision Agriculture, and the most widely used 
indicator for its measurement is soil resistance to penetration 
using a penetrometer (Molin et al., 2015).

Understanding the spatial variability of soil 
physicochemical attributes is essential for sustainable crop 
growth planning (Abdelrahman & Arafat, 2020). Furthermore, 
Pathak et al. (2019) and Thompson et al. (2019) reported that 
only 66% of farmers perform soil sampling at appropriate 
densities for precision agriculture practices, and discussions 
about soil sampling tools have intensified, varying by soil 
type, management, and fertilization.
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According to Santos et al. (2023), considering that 
coffee production is strongly influenced by several factors 
that can lead to a high rate of spatial variability, Precision 
Agriculture (PA) emerges in this context with the objective of 
evaluating and quantifying this spatial variability.

Classical statistical analyses that treat soils as 
homogeneous media are being replaced by analyses that 
consider correlations between various soil variables. These 
advances are possible thanks to the development of models 
and algorithms specific to agricultural engineering. The theory 
of local variables, or geostatistics, is a tool that enables the 
study of the spatial variability of soil properties.

Therefore, assessing the distribution of soil compaction 
within crops can enable the adoption of sustainable cultivation 
practices, such as localized decompaction interventions 
and intelligent soil management. According to (Galdos et 
al., 2020), management techniques used to prevent soil and 
nutrient losses in the Cerrado include intercropping with 
forage species. The use of Brachiaria species in intercropping 
systems in coffee production to generate biomass and provide 
soil cover has recently been adopted throughout Brazil (Franco 
et al., 2023).

The objective of this research was to investigate the 
spatial variability of soil compaction caused by different 
agricultural operations in a coffee plantation.

2 MATERIAL AND METHODS

The study was conducted at Fazenda Santa Helena, 
located in the municipality of Lavras, Minas Gerais state, 
Brazil, in the 2023 harvest year. The average altitude was 
930 m with an average slope of 5%. According to the 
Köppen classification, the regional climate is characterized as 
subtropical with a well-defined dry season (Cwb). In Figure 1 
shows the historical data for precipitation (mm) and average 
monthly temperature (°C) for the year 2023 up to the last 
month of data collection in the field.

The experimental area consisted of a coffee plantation 
(Coffea Arábica L.) of the Topázio MG 1190 cultivar, planted 
with a spacing of 3.5 m between rows x 0.70 m between 
plants, in an area of   18 hectares with a history of coffee 
cultivation for 40 consecutive years, 20 of which were under 
mechanized cultivation without the practice of controlling 
the traffic of agricultural machinery. The management of 
mechanization in the study area was conducted in order to 
control and characterize machine traffic during agricultural 
operations, considering the type of equipment used and the 
total mass of the mechanized units. The operational planning 
included defining traffic routes to minimize spatial variability 
associated with mechanical trampling.

In the sample area, 48 georeferenced points were 
determined Figure 2, whose geographic coordinates were 

Figure 1: Historical variation of climatic conditions up to the days of 
sample collection in the year 2023.

obtained by a GNSS receiver and later converted to UTM 
(Universal Transverse Mercator) coordinates with Datum 
(WGS 84) - UTM, zone 23 S. At each sample point, soil 
penetration resistance values   were obtained, at a depth of 0 to 
60 cm, using a Falker digital penetrometer model PLG1020. 
However, the present study focused on a single soil depth 
because the evaluated layer corresponds to the zone most 
directly affected by machine traffic during the analyzed 
operation, where the effects of compaction are expected to 
be more immediate and pronounced. Furthermore, this depth 
represents the soil layer with the highest concentration of 
roots in adult coffee plants, making it particularly relevant for 
assessing the short-term impacts of mechanized operations. 
Evaluating deeper soil layers would certainly provide 
complementary information.

Simple soil samples were collected to form composite 
samples that were used to determine moisture for each data 
collection carried out in the experiment at a depth of 60 cm in 
relation to the surface. Simple soil samples were systematically 
collected at each sampling point, at the defined depth, using 
a soil auger. A predefined number of subsamples were 
collected within a small radius around each point to capture 
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local variability. After collection, the soil samples were sent 
to the Soil Analysis Laboratory of the Federal University of 
Lavras. Soil moisture was selected as the main variable in this 
study because it plays a fundamental role in modulating soil 
compaction processes and directly influences the mechanical 
behavior of the soil during and after machine traffic. Focusing 
on soil moisture allowed us to isolate its effect on the evaluated 
operating conditions.

soil moisture reflect the combined influence of the mechanized 
operations rather than the isolated impact of each machine.

The first data collection was carried out in June 2023, 
after the second pass of a TDI Top Harvester self-propelled 
coffee harvester, with a total mass of 7800 kg, equipped with 
four F-3 diagonal tires and dimensions 7.50-16, with a total 
width of 3.2 meters, in addition to a 4x2 coffee tractor model 
MF 4275, with a total mass of 3100 kg, equipped with F-1 
and F-2 directional tires and dimensions 6.00-16, 6.50-16, 
respectively. A trailer equipped with I-1 tires used to transport 
the harvested coffee beans was attached to this tractor.

The second data collection took place in August 2023, 
after the existing coffee trees in the area were uprooted at the 
beginning of the land renovation process. This process was 
performed using a Caterpillar D5 metal track-type tractor 
weighing 17,627 kg and equipped with a blade-type implement 
used to cut the coffee plants.

The third data collection was conducted in September 
2023, after plowing the soil. A 4x2 tractor, model MF 4275, 
weighing 3,100 kg and equipped with F-2 directional tires, and 
a 1,450 kg disc harrow with 14 26-inch discs were used. The 
fourth data collection was conducted in October 2023, after 
the leveling harrow, used to break up the soil clods formed 
during the plowing process and level the land for subsequent 
renovation of the coffee plantation. For the soil harrowing 
stage, a 4x2 tractor, model MF 4275, weighing 3,100 kg and 
equipped with F-2 directional tires, was used. A lightweight 
disc harrow with 18 20-inch discs weighing a total of 847 kg 
was attached to the tractor.

During each data collection, soil samples were 
obtained throughout the experimental period. These samples 
were analyzed and sent to the Soil Analysis Laboratory of 
the Federal University of Lavras to determine the gravimetric 
soil moisture index. According to Jury and Horton (2004), 
gravimetric soil moisture is the amount of water present in the 
soil relative to the dry soil mass, expressed by (Equation 1).

Figure 2: Sampling grid of the experimental area.

Figure 3: History of the process carried out in the study.

The experimental design was structured to evaluate 
the cumulative effect of mechanized traffic during coffee 
harvesting under commercial field conditions. For this reason, 
soil sampling was carried out after the second pass of the self-
propelled coffee harvester and the associated tractor–trailer 
operation, without prior baseline characterization of the area. 
This approach aimed to represent the operational reality of 
coffee harvesting, in which successive machine passes occur 
within a short time interval. Therefore, the effects observed in 

Figure 3 shows a history of the collections that were 
carried out during the study period.
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Where: Ug is the gravimetric soil moisture, mwater is the mass 
of water in the soil (g or Kg) and mdry soil is the mass of dry soil 
(g or Kg), measured after drying in an oven at 105°C for 24h.

After this process, geostatistical models were applied 
to the soil compaction data obtained by the penetrometer, and 
semivariograms adjusted by the Matheron (1962) estimator 
(Equation 2) were produced to evaluate the spatial dependence 
of the variables collected in the field.
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Where: γ (ℎ) is the semivariance, N(h) is the number 
of experimental pairs of observations Z(Xi) and Z(Xi+ h) 
at locations Xi and Xi+h, separated by distance h. The first 
model worked on was the spherical model (Equation 3), due to 
its recommendation for use in cases where phenomena present 
transition in the study region, that is, some areas (patches) 
present large values   and others small. The average diameter of 
the patches is represented by the range of the Matheron model 
(1962).

interest may lie in one or more specific points in the area or in 
obtaining a grid of interpolated points that allows visualizing 
the behavior of the variable through a map.

To analyze the degree of spatial dependence of the 
variable, a quantitative assessment of spatial variability called 
the degree of spatial dependence (DSD) was used, which is 
the percentage relationship between the nugget effect (Co) and 
the variance of the sill (C = C1+C0), that is, the higher this 
coefficient, the lower the spatial variability.

According to Leandro Junior et al. (2020) and Nassar 
et al. (2023), the nugget effect coefficient with a value up to 
25% is classified as having strong spatial dependence, values  
between 25% and 75% as moderate and above 75% as having 
weak spatial dependence.

The restricted maximum likelihood (REML) method 
was used to fit a mathematical model. Spherical, exponential, 
and Gaussian models were tested for each field sample. 
As described by Diggle and Giorgi (2019), the principle of 
REML is to estimate semivariogram parameters by maximum 
likelihood applied to the data using linear transformation to 
maximize the likelihood of the semivariogram parameter 
profile based on the variable transformation.

To choose the best fitting model for the semivariogram, 
cross-validation of the data was considered (Dalpasso et al., 2019). 
According to Hengl and Heuvelink (2020), cross-validation is the 
technique for evaluating estimation errors that allows comparing 
predicted values   with sampled values. This made it possible to 
analyze the choice of the best fitting method based on the Mean 
Error (ME) (Equation 6), which should be closest to zero.
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The second model worked was the Gaussian model 
(Equation 4), and the function with reverse curvature near 
the origin is continually repeated in geostatistical texts and 
software packages. c is the limit and r is a distance parameter. 
The function approaches its limit asymptotically and can be 
considered to have an effective range of approximately 3 rr.Where 
it reaches 95% of its level variation (Matheron, 1962).
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The third model tested was the exponential model 
(Equation 5), but for practical purposes it is convenient to 
assign it a practical range, and this is generally considered 
as a distance at whichγ is equal to approximately 95% of the 
variation of the Matheron (1962) plateau variation.
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One of the objectives of geostatistical analysis is 
not only to obtain a spatial dependence model, but also to 
predict values   at unsampled points (Hussain et al., 2022). The 
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Where: n is the number of data; Z (s(i)) is the observed 
value at point (i),  ( )( )iZ s refers to the value predicted by ordinary 
kriging at point(s(i)), without considering the observation Z 
(s(i))  (Dalposso et al., 2020).

According to Cressie and Wikle (2015), the reduced 
mean error (ER), the standard deviation of the mean errors 
(SDME), and the standard deviation of the reduced mean 
errors (SER) can be used to evaluate the models. The reduced 
mean error (ER) is defined by (Equation 7).

(6)

( )


( )( )( )


( )( )( )1

1 i in

i
i

Z s Z s
ER

n Z sσ=

−
= ∑

Where: σ(Z(s(i))) is the standard deviation of kriging 
at point si, without considering observation Z(si), is defined by 
(Equation 8).
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The normality of the data was assessed using the 
Shapiro-Wilk test, and a normal distribution was obtained 
after logarithmic transformation (p > 0.05) and correlation. 
However, despite meeting the normality assumption, ANOVA 
could not be applied due to the experimental design, which 
did not allow for the estimation of treatment effects due to a 
lack of replication. Therefore, the results were analyzed using 
descriptive statistics.

Using data acquired by the digital penetrometer, 
descriptive statistics were generated to demonstrate the 
variation in Maximum Pressure (MPa) values. Mean, standard 
deviation, median, variance, and coefficient of variation were 
determined using the (R Core Team, 2023) statistical software, 
using the geoR library (Dumelle et al., 2023). After adjusting 
the best semivariograms, data interpolation was performed 
using ordinary kriging in Qgis version 3.34 to create isocolor 
maps for visualizing the spatial distribution patterns of 
compaction levels in the field.

3 RESULTS

Initially, the data were evaluated for compliance with 
the assumptions necessary for inferential statistical analyses. 
Normality was assessed using the Shapiro-Wilk test. Although 
the original data did not present a normal distribution, the 
logarithmic transformation resulted in data with a normal 
distribution (p > 0.05), as shown in Table 1.

treatments and the lack of experimental replication prevented 
the application of inferential statistical tests such as ANOVA. 
Similar behavior has been reported in soil compaction studies, 
where spatial variability and intrinsic soil heterogeneity often 
mask treatment effects.

Even though data normality was achieved after 
transformation, the experimental design did not allow the 
application of ANOVA due to insufficient replication to 
estimate treatment effects. Additionally, correlation analysis 
indicated weak relationships among variables, suggesting 
that the observed variation is primarily related to inherent soil 
variability rather than treatment effects. For this reason, the 
results were interpreted using descriptive statistics, which is 
a common approach in soil compaction studies under field 
conditions.

Regarding soil moisture, all samples collected and 
sent to the Soil Analysis Laboratory of the Federal University 
of Lavras showed variations between the composite soil 
samples. For the collection taken after the second pass of 
the coffee harvester, the moisture content was 36.85%, while 
for the uprooted soil, it was 36.11%. Both collections were 
conducted two months apart during the region’s dry winter, 
showing a slight drop in soil moisture between collections. 
For the plowed soil, the moisture content was 38.26%, and for 
the leveling soil, 39.65%, an increase compared to previous 
moisture levels due to the onset of spring and the consequent 
rainy season in the region, naturally reducing soil penetration 
resistance.

This moisture content present in the collected soil 
samples contributed to increased soil resistance in areas with 
higher agricultural machinery traffic. According to Campos 
et al. (2013), soil moisture can influence the collection of 
penetration resistance data and affect the results.

The arithmetic mean of the treatments evaluated 
in this study represents the center of the data distribution. 
The uprooting treatment had the highest mean among the 
others, a result attributed to the soil condition, which had not 
undergone prior decompaction, and to the moisture content, 
which decreased compared to the pre-uprooting treatment. 
Compaction was intensified by the second pass of the 
harvester and the mechanized uprooting of the coffee trees by 
the tracked tractor, contributing to the increase in the mean. 
With plowing, there was a reduction in maximum soil pressure 
levels. However, subsequent leveling activities promoted a 
further increase in compaction, although at lower levels than 
those observed after harvest and uprooting.

As presented, the data referring to the arithmetic mean 
allowed us to observe the variation in the values   expressed 
by the studied variables. However, knowledge of these 
measures alone is not sufficient to accurately characterize 
the spatial expression of a variable in a given area (Carvalho 
et al., 2013).
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Table 1: Normality test of the data collected for the study.

Treatment Normality test (p>0.05)
Harvest 0.967 0.193

Dragging 0.970 0.254
Plowing 0.964 0.147
Leveling 0.890 0.309

However, despite meeting the normality assumption, 
the experimental design did not allow the application of 
analysis of variance (ANOVA). Correlation analysis was 
also performed, the data from the second pass of the coffee 
harvester and the other collected data showed a variation from 
-0.017 to 0.33. which revealed weak associations between the 
variables evaluated.

Although the data met the assumption of normality, 
the absence of a statistically significant correlation among 
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In this case, the median is represented by the point at 
which half of the observations are above the value and half 
of the observations are below it. The standard deviation and 
variance presented demonstrate how dispersed the data are in 
relation to the arithmetic mean; that is, the further away the data 
are from the mean, the greater the dispersion. The coefficient 
of variation ranged from 19.35% to 35.92%, demonstrating 
that the data collected after uprooting had greater variation in 
relation to the mean, compared to the other treatments.

None of the samples studied presented a coefficient 
of variation lower than 10%, indicating that they all had 
variability, since according to (Machado, T. et al., 2023), 
a coefficient of variation lower than 10% would indicate 
homogeneity. According to (Liu et al., 2021), high values  
of the coefficient of variation can be considered as the first 
indicators of the existence of heterogeneity in the data.

Table 2 presents the results of the descriptive statistics 
of the harvesting, uprooting, plowing and harrowing samples 
collected from 0 to 60 cm deep in the soil.

Descriptive statistics revealed variation in the data, but 
this data alone was insufficient to identify the locations of high 
and low soil compaction rates in the study area. In this case, 
geostatistical techniques were required to identify the spatial 
variability of the penetrometer data, enabling detailed analyses 
of compaction variations using geostatistics.

Based on geostatistical analyses, the nugget effect 
is an important semivariogram parameter, indicating the 
unexplained variability of sample data (Jin et al., 2019; Zhao et 
al., 2020). The nugget effect can be expressed as a percentage 
of the threshold to compare the degree of spatial dependence 
of the variables under study (Silva, P. et al., 2021) (Table 2).

The variables submitted to geostatistical analyses 
showed spatial dependence (Table 2), thus, there was stability 
in the semivariogram, defining the maximum distance at which 
the variables showed spatial dependence. (Secondi, 2021).

According to Cressie and Wikle (2015), the range 
determines the space over which the variable is correlated. The 
largest range was 7.74 m for the spherical model of the harvest 
sample, and the smallest range was 1.16 m in the Gaussian 
model for the uprooting operation. For the practical range, 
which is defined as the distance at which the model value is 
95% of the threshold (Hengl & Heuvelink, 2020), the largest 
practical range value of 10.29 m was for the exponential 

model of plowing, and the smallest value of 1.53 m was for 
the spherical model of leveling.

The estimated variables presented in this study using 
the residual maximum likelihood (REML) method were 
adjusted by the spherical, exponential, and Gaussian models. 
According to (Nassar et al., 2023), the studied samples showed 
a moderate degree of spatial dependence for the spherical 
and Gaussian models for harvesting, and for plowing in the 
spherical exponential and Gaussian models. For uprooting, 
the spherical and Gaussian models showed a strong degree 
of spatial dependence; however, for the exponential model 
for harvesting and the spherical, exponential, and Gaussian 
models for leveling, they showed a weak degree of spatial 
dependence.

In this study, the model that best fitted the data, 
according to the smallest mean and reduced errors presented; 
the closer to zero, the better the fit. For the harvest and leveling 
samples, it was the spherical model with a mean error of-9,58 
x 10-4 e -2,25x 10-4, respectively, and the reduced errors of-1,3x 
10-3 e -5,33x 10-4,in that order. In the beginning, the model that 
best fitted the collected data was the Gaussian, with an average 
error of-6,5x 10-3 and reduced error -6,4x 10-3.For plowing, the 
best fitted modelwas the exponential one with an average error 
value of3,29 x 10-3and reduced error6,54x 10-3.

Based on the geostatistical analysis methodology, it 
was possible to quantify the magnitude and spatial dependence 
of the study samples, as shown in Table 3.

According to Figure 4, penetration resistance values  
ranged from moderate to very high in the samples collected 
after the second pass of the coffee harvester. This means that the 
study area experienced a greater impact, with points with a high 
compaction index due to the lack of decompression in the area 
during the 20 years the crop was present. If the coffee plant had 
remained in the area without intervention to renew the crop, it 
would have been necessary to decompress the soil through the 
cultivation of forage plants, improving soil structure, fertility, 
and water retention capacity (Franco et al., 2023).

Furthermore, the Soil Survey Staff (2017) and (Bento 
et al., 2024) Classified penetration resistance below 0.01 MPa 
as extremely low, from 0.01 to 0.1 MPa as very low, from 0.1 
to 1.0 MPa as low, from 1.0 to 2.0 MPa as moderate, from 
2.0 to 4.0 MPa as high, from 4.0 to 8.0 MPa as very high and 
above 8.0 MPa as extremely high.

Table 2: Descriptive statistics data.

Treatment Arithmetic Mean 
(Mpa)

Standard 
Deviation (Mpa) Median (Mpa) Variance (Mpa) Coefficient of 

Variation
Humidity

Harvest 3.472 1.123 3.420 1260.857 32.33% 36.85%
Dragging 3.739 1.343 3.782 1803.695 35.92% 36.11%
Plowing 1.383 0.477 1.260 227.275 34.49% 38.26%
Leveling 2.800 0.542 2.737 294.170 19.35% 39.65%
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Table 3: Geostatistical analysis of samples collected in the experiment.

Harvest

Model Nugget 
Effect Contribution Level Range Practical 

Range
Sum of 
Squares GD ME SDME RE SDRE

REML Esph 0.0466 0.0565 0.1031 2.6641 2.2935 WLS 45.19 Moderate -9.58e-04 0.3008 -1.3e-03 0.9919

Gaus 0.0485 0.0548 0.1033 1.3251 2.2935 WLS 46.95 Moderate 1.54e-03 2.42e-03 0.2983 0.9895

Start-up

Model Nugget 
Effect Contribution Level Range Practical 

Range
Sum of 
Squares GD ME SDME RE SDRE

REML Esph 0.0698 0.2764 0.3462 2.3405 2.3405 WLS 20.16 Strong -5.8e-03 0.5858 -5.4e-03 1.0522

Gaus 0.1001 0.2444 0.3445 1.1646 2.0157 WLS 29.05 Strong -6.5e-03 0.5856 -6.4e-03 1.0501

Plowing

Model Nugget 
Effect Contribution Level Range Practical 

Range
Sum of 
Squares GD ME SDME RE SDRE

Esph 0.0422 0.0381 0.0803 7.7492 7.7492 WLS 52.55 Moderate 2.71e-03 0.2531 5.51e-03 1.0126

REML Exp 0.0421 0.0398 0.0819 3.4381 10.2995 WLS 51.40 Moderate 3.29e-03 0.2587 6.54e-03 1.0125

Gaus 0.0461 0.0360 0.0821 3.9631 6.8594 WLS 56.15 Moderate 2.39e-03 0.2498 4.88e-03 1.0131

Leveling

Model Nugget 
Effect Contribution Level Range Practical 

Range
Sum of 
Squares GD ME SDME RE SDRE

REML Esph 0.0372 0.0078 0.045 1.5319 1,5318 WLS 82.66 Low -2.25e-04 0.2179 -5.33e-04 1.0205

 REML = Residual Maximum Likelihood; Esph. = Spherical; Exp. = Exponential; Gaus. = Gausian; WLS = Weighted Least Squares Classical 
estimator; GD = Degree of Dependence; ME = Mean Error; SDME = Standard Deviation of the Mean Error; RE = Reduced Mean Error; SDRE = 
Standard Deviation of the Reduced Error.

Figure 4: Thematic maps of soil compaction in the study area.
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4 DISCUSSION

After crop removal, soil penetration resistance showed 
marked spatial variability, ranging from low values   in small, 
localized areas indicating the beginning of soil decompaction 
to very high values   in a large part of the cultivated area. This 
increase in compaction, compared to the previous sampling, is 
mainly attributed to the traffic of tracked tractors, particularly 
in areas adjacent to the old coffee planting rows. After 
plowing, penetration resistance values   ranged from low to 
high, indicating a general reduction in surface compaction; 
however, isolated zones of high compaction persisted and 
showed a wider spatial distribution than those observed after 
coffee crop removal.

Following the soil leveling operation, the penetration 
resistance patterns were similar to those observed in the 
previous sampling. Although partial decompaction was evident, 
a large part of the area remained moderately compacted. The 
zones that showed high compaction coincided with areas 
subjected to repeated heavy machinery traffic over successive 
years, including soil preparation operations such as plowing 
and leveling. These results highlight the cumulative effect of 
mechanized traffic on the physical degradation of the soil.

According to Palma et al. (2013), coffee cultivation 
systems tend to exhibit greater resistance to deep soil penetration 
compared to annual crops, mainly due to repeated machine traffic 
along fixed strips parallel to the planting lines. Furthermore, the 
inadequate weight of the machines was identified as one of the 
main factors in agricultural soil compaction (Mileusnić et al., 
2022). Repeated machine passages or increased load intensity 
over time promote physical and mechanical changes in the 
soil, with direct consequences for both soil structure and plant 
development (Silva, P.L.F., 2021).

The persistence of moderate levels of compaction after 
leveling suggests that an additional leveling operation may be 
necessary to achieve more effective soil decompaction and 
adequately prepare the area for replanting. In this context, 
understanding the soil’s load-bearing capacity and moisture 
conditions during mechanized operations is essential to avoid 
further compaction induced by machine traffic (Sandoval et 
al., 2020).

The spatial distribution maps generated in this study 
demonstrated that the sampling carried out after the second 
pass of the coffee harvester and after the uprooting of the 
crop showed the highest values   of soil penetration resistance, 
reflecting the increased weight and intensity of the machine’s 
traffic. These results reinforce the relationship between the 
intensity of machine traffic and the progressive increase in soil 
compaction.

The decision to evaluate a single soil depth was based 
on the fact that this layer is the most directly affected by 
machine traffic, where the effects of compaction tend to be 

more immediate and pronounced. Furthermore, this depth 
corresponds to the zone of greatest root density in adult coffee 
plants, making it particularly relevant for interpreting the short-
term impacts of mechanized operations on crop development. 
Although deeper soil layers were not evaluated in this study, 
their inclusion could provide complementary information on 
the vertical propagation of compaction effects. Andrade et al. 
(2018) reported that compaction variability is typically greater 
in surface layers, where the effects of machine traffic are more 
strongly expressed.

The evidence of soil compaction observed in the 
analyzed layer, expressed by the increased resistance to 
penetration, indicates a structural condition that may restrict 
water movement and root growth in the short term. In this 
context, the adoption of Brachiaria species emerges as a 
promising management strategy to mitigate the effects of 
compaction. The aggressive and extensive root system of 
Brachiaria promotes the formation of biopores, improves 
soil aggregation, and increases hydraulic conductivity, thus 
contributing to the improvement of soil physical quality and 
microbial activity. Although the establishment of the cover 
crop was not directly evaluated in this study, the identified 
compaction patterns corroborate the relevance of these 
practices as complementary strategies for soil recovery and 
the long-term sustainability of the system.

Intensive mechanization in coffee production has been 
associated with physical soil degradation due to increased 
traffic of machinery and implements (Franco et al., 2022). 
With the increase in soil bulk density, there is a reduction 
in water content and aeration, resulting in greater resistance 
to penetration (Keller et al., 2019). Although agricultural 
mechanization can increase the load-bearing capacity of the 
soil (Vogelmann et al., 2012), repeated traffic generally results 
in soil compaction, increasing bulk density and mechanical 
resistance to penetration (Ribeiro et al., 2024), which can 
negatively affect root development and water dynamics.

Despite these challenges, mechanization in coffee 
cultivation represents a significant advance, increasing 
operational efficiency, reducing production costs and, when 
properly managed and supported by precision agriculture 
tools, contributing to more sustainable production systems.

5 CONCLUSIONS

Geostatistica l analysis confirmed the spatial dependence 
of soil penetration resistance across the coffee plantation, 
highlighting the influence of mechanized operations on soil 
compaction. While soil moisture remained relatively uniform, 
penetration resistance varied substantially among operations. 
The second pass of the coffee harvester produced the greatest 
compaction effect, whereas soil leveling had the lowest impact. 
These findings demonstrate the value of geostatistical tools for 



Coffee Science, 21:e212480, 2026

Soil compaction in coffee farming under different agricultural mechanization processes

identifying compaction patterns and supporting site-specific 
soil management in mechanized coffee production.
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