
Academic Editors: Željko Barač,
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Abstract

Driving wheel slippage in agricultural tractors is influenced by soil moisture, density, and
penetration resistance. These surface variations reflect post-tillage composition, enabling
dynamic mapping via Remotely Piloted Aircraft (RPAs). This study evaluated ballast recom-
mendations based on soil surface data and slippage percentages, correlating added wheel
weights at different speeds for a tractor-reversible plow system. Six 94.5 m2 quadrants
were analyzed for slippage monitored by RPA (Mavic3M-RTK) pre- and post-agricultural
operation overflights and soil sampling (moisture, density, penetration resistance). A
2 × 2 factorial scheme (F-test) assessed soil-surface attribute correlations and slippage
under varying ballasts (52.5–57.5 kg/hp) and speeds. Results showed slippage ranged from
4.06% (52.5 kg/hp, fourth reduced gear) to 11.32% (57.5 kg/hp, same gear), with liquid
ballast and gear selection significantly impacting performance in friable clayey soil. Digital
Elevation Model (DEM) and spectral indices derived from RPA imagery, including Nor-
malized Difference Red Edge (NDRE), Normalized Difference Water Index (NDWI), Bare
Soil Index (BSI), Green–Red Vegetation Index (GRVI), Visible Atmospherically Resistant
Index (VARI), and Slope, proved effective. The approach reduced tractor slippage from
11.32% (heavy ballast, 4th gear) to 4.06% (moderate ballast, 4th gear), showing clear im-
provement in traction performance. The integration of indices and slope metrics supported
ballast adjustment strategies, particularly for secondary plowing operations, contributing
to improved traction performance and overall operational efficiency.

Keywords: wheel slippage; Digital Elevation Model (DEM); spectral indices; tractor
performance; agricultural mechanization

1. Introduction
Agriculture is a foundational activity for human survival and economic development [1].

Over the centuries, agricultural systems have evolved significantly, particularly in the wake
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of industrialization and technological innovation [2]. Mechanization of field operations
has increased productivity, reduced manual labor, and enabled more precise execution in
agricultural practices [3]. Mechanization, therefore, plays a vital role in ensuring global
food security [4].

Among the various machines employed in agriculture, the tractor holds a central
position due to its versatility and ability to power a wide range of implements [5]. Tractors
are indispensable for soil preparation, planting, fertilization, and harvesting [6]. However,
their efficiency and effectiveness depend heavily on how well they interact with the soil [7].
Inappropriate use or configuration can lead to excessive fuel consumption, soil degrada-
tion, and reduced operational efficiency [8]. One of the key factors influencing tractor
performance is wheel slippage. Optimizing tractor settings, including ballast distribution,
gear selection, and tire pressure, plays a decisive role in reducing fuel consumption, soil
compaction, and operational costs. Proper adjustment of these parameters is essential to
maximize traction efficiency while maintaining soil quality [9].

Wheel slippage refers to the loss of traction between the tractor’s driving wheels and
the soil surface, resulting in the wheels rotating faster than the forward movement of the
tractor [10]. This phenomenon is influenced by several parameters, such as soil texture,
moisture content, compaction level, slope, tire type, tire pressure, ballast weight, and gear
selection [11]. Slippage affects fuel efficiency, operational speed, and soil compaction, all of
which have direct implications for crop productivity and sustainability [12].

Numerous studies have highlighted the importance of optimizing tractor settings to
reduce slippage [13]. Proper ballasting, for instance, increases the weight on the drive
wheels and improves traction, but excessive ballast can cause soil compaction and energy
losses [14]. Similarly, selecting an appropriate gear ensures the balance between speed
and torque [15]. The challenge lies in achieving an optimal configuration that maximizes
traction while minimizing negative impacts on the soil [16].

In Brazil, where diverse soil types and climatic conditions prevail, understanding the
dynamics of tractor performance under different field conditions is essential [17]. Regional
studies that evaluate the interaction between ballast, gear selection, and soil parameters are
necessary to provide practical recommendations for farmers and equipment operators [18].
Such localized knowledge can help reduce input costs, improve operational planning,
and promote sustainable agricultural practices [19]. Beyond crop monitoring, Remotely
Piloted Aircrafts (RPAs) have been increasingly applied in agricultural engineering to
map soil variability, assess compaction, support machinery optimization, and guide pre-
cision mechanization strategies, providing high-resolution datasets that were previously
inaccessible [20].

This study was conducted to evaluate the slippage behavior of a 4 × 2 front-wheel-
assist (FWA) agricultural tractor during plowing operations with a reversible disc plow.
The objective of this study was to evaluate ballast recommendations based on slippage data
and surface variability mapped by RPAs, identifying the optimal combination of ballast
and gear settings under specific field conditions. The findings are expected to contribute
to the rational use of agricultural machinery and guide decision-making in mechanized
soil preparation.

2. Materials and Methods
2.1. Experimental Area and Soil Conditions

The field experiment was carried out at the Federal University of the Jequitinhonha and
Mucuri Valleys (UFVJM), Unaí Campus, Minas Gerais, Brazil (16◦26′19.30′′ S, 46◦54′7.21′′

W; elevation 615 m). The region has a humid tropical climate (Aw), characterized by two
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well-defined seasons [21], with annual precipitation around 1200 mm and an average air
temperature of 24 ◦C [22].

Meteorological data were obtained from the automatic weather station located at
ICA–UFVJM, covering the period from 10 to 31 October 2023, which includes the dates of
soil sampling and tractor operations. The dataset comprised daily values of maximum,
minimum, and average air temperature (◦C), relative humidity (%), precipitation (mm),
and reference evapotranspiration (ET0 in mm), calculated using the Penman–Monteith
method. During this period, total precipitation reached 130 mm, with a significant rain-
fall event of 34.8 mm recorded on October 29, which notably increased soil moisture
levels. The mean air temperature was 26.2 ◦C, while ET0 totaled 127.45 mm. Relative
humidity averaged between 47.6% (minimum) and 82.3% (maximum) throughout the
evaluation period.

The soil of the experimental area is a Nitossolo Vermelho (Typic Rhodic Nitisol),
with high clay content and good drainage [23]. Physical characterization of the soil was
performed prior to field operations. Soil samples were collected using 5 × 5 cm volumetric
rings to determine bulk density, gravimetric and volumetric moisture, and penetration
resistance. Moisture was calculated by oven drying samples at 105 ◦C, and resistance to
penetration was measured with a impact penetrometer Stolf, Araras, São Paulo, Brazil,
with data converted to MPa.

2.2. Machinery, Ballast, and Implement Configuration

The tractor used in this study was a New Holland TT4.75, a 4 × 2 front-wheel-assist
(FWA) model with a nominal engine power of 75 hp (Figure 1A). The machine is equipped
with a three-cylinder diesel engine, 3.9-L displacement, indirect injection system, and water
cooling. Its transmission features 12 forward and 4 reverse gears with synchronized shuttle
shift, and a category II three-point hitch with a maximum hydraulic lift capacity of 2600 kg.
The tractor’s weight, without ballast, is approximately 2900 kg, and its dimensions measure
3.67 m in length, 1.99 m in width, and 2.53 m in height to the top of the ROPS. It is fitted with
bias-ply diagonal tires 18.4–30 on the rear axle and 12.4–24 on the front, with recommended
operating pressures of 22 psi rear and 26 psi front, adjusted based on load and terrain.

The reversible disc plow used was a Marchesan AR-PR model, consisting of
three smooth discs with a diameter of 28 inches (710 mm), mounted at a variable an-
gle to promote effective soil inversion and residue incorporation (Figure 1B). Each disc is
supported by independently articulated arms with adjustable spacing, enabling a working
width of approximately 1.20 m and depth of up to 30 cm. The total mass of the implement
is around 460 kg. It is designed for conventional tillage in clayey or medium-textured soils,
and requires moderate traction effort.

Two ballasting levels were tested: 52.5 kg/hp (3937.5 kg) and 57.5 kg/hp (4312.5 kg),
representing moderate and high ballast configurations, respectively. The ballast included
270 L of water per rear tire (equivalent to 270 kg each) and front weights totaling 240 kg,
adjusted according to the required load distribution. The percentage of added ballast
relative to the tractor’s unladen weight was approximately 35% for the 52.5 kg/hp setup
and 48% for the 57.5 kg/hp setup. The ballast configuration aimed to optimize tractive
performance while avoiding excess soil compaction, based on manufacturer guidelines and
traction theory.

The gears selected for evaluation were the 3rd and 4th reduced gears, offering theo-
retical forward speeds of 4.2 km/h and 5.6 km/h, respectively. These speeds are suitable
for heavy-duty soil preparation with moderate to high traction demand. A Garmin eTrex
20× GPS device mounted on the tractor allowed verification of operational speed consis-
tency and trajectory alignment.
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Figure 1. (A) New Holland TT4.75 tractor with ballast configuration (front weights: 240 kg; rear
water tanks: 270 L/tire). (B) Marchesan AR-PR reversible plow with 710 mm discs and adjustable
arms. (C) Slip test procedure.

In sequence, a standardized slippage test was carried out by applying a reference mark
to the rear tire and measuring the distance traveled during three complete rotations, both
with and without the plow engaged (Figure 1C). This procedure enabled the calculation of
slippage (%) using the equation proposed by Mialhe [24], as described in Section 2.3. The
resulting values were used to evaluate the traction efficiency under each combination of
gear and ballast, as well as in relation to the spatial variability in soil physical conditions.

2.3. Experimental Design and Field Procedures

The experiment was conducted using a 2 × 2 factorial design, with analysis based on
the F-test. The evaluated factors were gear selection, third and fourth reduced gears, and
ballast weight: 52.5 kg/hp and 57.5 kg/hp. Each treatment combination was applied three
times, totaling twelve repetitions. The objective was to assess the interaction between these
factors and their effects on tractor wheel slippage.

The experimental area measured 53 m in length and 14.6 m in width. It was subdivided
into six quadrants of 94.5 m2 each, arranged in three longitudinal strips of 15 m (with
4-m separations) and two transversal strips of 6.3 m (with a 2-m gap between them).
The demarcation of the quadrants was performed using measuring tape and wooden
stakes, ensuring accurate physical boundaries. Prior to the beginning of the experimental
operations, all surface straw residues were removed from the area.

Within each quadrant, twelve random points were marked for data collection. Two
distinct mechanical operations were conducted using a tractor. In the odd-numbered
quadrants (1, 3, and 5), the tractor was operated in fourth reduced gear with a ballast of
57.5 kg/hp at a working speed of 5.11 km/h. In the even-numbered quadrants (2, 4, and 6),
the operation was performed in third reduced gear with a ballast of 52.5 kg/hp and a speed
of 3.45 km/h, corresponding to the 4th and 3rd reduced gears, respectively. These speeds
were chosen because they represent typical operational ranges for heavy tillage, balancing
traction demand and field efficiency. All procedures were carried out under friable soil
conditions, which were considered suitable for the implements used in the field.
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The treatment arrangement allowed for the comparison of operational performance
under distinct gear and ballast conditions across well-defined plots. A schematic represen-
tation of the experimental layout, including dimensions and the positioning of odd and
even quadrants, is shown in Figure 2.

Figure 2. Experimental layout showing quadrants for different test conditions: Section A (Strip
2): Quadrants 2, 4, 6 (52.5 kg/hp ballast, 3rd reduced gear); Section B (Strip 1): Quadrants 1, 3, 5
(57.5 kg/hp ballast, 4th reduced gear).

2.4. Data Collection, Processing and Statistical Analysis

Operational data such as forward speed, soil adherence, and visual slippage were
manually and digitally recorded during treatments. Data were consolidated in spreadsheets
and analyzed using Sisvar 5.6 software [25]. Analysis of variance (ANOVA) was conducted
to assess the main effects of ballast and gear as well as their interaction. When significant
differences (p < 0.05) were detected, Tukey’s test was applied for mean comparisons. Prior
to ANOVA, assumptions of normality and homogeneity of variances were tested to validate
the application of parametric statistics.

2.5. Aerial Survey and Digital Elevation Model Generation

To support terrain analysis, aerial images were collected using a DJI Mavic 3 Enterprise
Multispectral remotely piloted aircraft equipped with a multispectral sensor (Figure 3A).
The flight was conducted at an altitude of 20 m and a speed of 2.0 m/s, capturing 234 images
at a spatial resolution (GSD) of 1.02 cm/pixel. The aircraft is equipped with GNSS modules
(GPS, Galileo, BeiDou, GLONASS) and an RTK system that provides horizontal and vertical
accuracy of ±0.1 m (Figure 3B). The aircraft’s stabilization system ensured image quality
and positional consistency during acquisition.

 

Figure 3. Equipment used for image acquisition and georeferencing. (A) DJI Mavic 3 Multispectral
with controller and case. (B) GNSS DJI D-RTK2 base station for precise positioning.
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The multispectral camera contains a 1/2.8′′ CMOS sensor with 5 MP resolution, a
73.91◦ field of view, 25 mm focal length, and an f/2.0 aperture. The sensor acquires data in
four spectral bands: green (560 nm), red (650 nm), red edge (730 nm), and near-infrared
(860 nm). Images were saved in TIFF format with a resolution of 2592 × 1944 pixels,
meeting the spectral and spatial requirements for precise mapping and surface modeling.

Post-processing was performed using Pix4DMapper 4.5.6 to generate orthomosaics
and radiometrically corrected reflectance maps. The Digital Elevation Model (DEM) was
subsequently generated and refined using Agisoft PhotoScan Professional (v1.4.4), and all
spatial analyses were conducted in a GIS environment to extract topographic attributes
and evaluate field conditions. This methodological approach ensured a comprehensive
evaluation of slippage behavior under realistic agricultural field conditions. The inclusion of
detailed soil characterization, controlled ballasting, and standardized operating procedures
allowed for reproducibility of results and application to similar mechanized tillage scenarios
in clayey soils under tropical climates.

2.6. Remote Sensing and Morphometric Indicators

Spectral indices (SPI), generally a single number obtained from the spectral reflectance
of two or more wavebands, are believed to improve remote sensing data interpretation [26].
Several of these indices obtained from RS images have been successfully used for mapping
soil exposure changes [27,28]

In this study, six indices were computed using imagery acquired by a DJI Mavic
platform equipped with a multispectral camera that does not include the blue band, which
is a common limitation in compact systems. The indices (Table 1) were adapted to the
available spectral bands, specifically Green, Red, Red Edge, and Near-Infrared, and were
calculated using the R programming language. The selected indices include the Normalized
Difference Red Edge Index (NDRE), Normalized Difference Water Index (NDWI), Bare Soil
Index (BSI), Green–Red Vegetation Index (GRVI), Visible Atmospherically Resistant Index
(VARI), and Slope, the latter derived from the DEM using GIS functions, where terrain
analysis calculated angular variation in degrees for each cell. The DEM was generated from
RS imagery processed in Pix4DMapper, refined in Agisoft PhotoScan, and then analyzed in
R software to extract slope values.

Table 1. Spectral and Topographic Indices.

Index Equation

NDRE (NIR − RedEdge)/(NIR + RedEdge)
NDWI (Green − NIR)/(Green + NIR)

BSI (Adapted)
√
((Red2 + Green2)/2))

GRVI (Green − Red)/(Green + Red)
VARI (Adapted) (Green − Red)/(Green + Red + 0.1)

Slope slope <- terrain(dem, v = “slope”, unit = “degrees”, neighbors = 8)

3. Results
3.1. Variations in Soil Physical Attributes

The variability in soil physical properties across the experimental quadrants is a
determining factor for understanding the performance of traction during tillage operations.
Table 2 summarizes the gravimetric moisture content (U), volumetric moisture content (θ),
and soil bulk density (Ds) for each quadrant, while Table 3 presents the soil penetration
resistance (PR) values converted into megapascals (MPa).
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Table 2. Soil moisture and bulk density data for each experimental quadrant.

Quadrant Ds (kg/m3) U (%) θ (%)

Q1 1231.54 28 34
Q2 1012.53 26 26
Q3 1217.28 26 32
Q4 1077.72 29 31
Q5 1185.70 32 38
Q6 890.29 31 27

Table 3. Average soil penetration resistance (PR) per quadrant.

Quadrant PR Mean (MPa) PR Min (MPa) PR Max (MPa)

Q1 3.82 3.36 4.18
Q2 2.85 2.64 3.12
Q3 2.70 2.39 3.12
Q4 2.20 1.85 2.68
Q5 2.94 2.05 4.07
Q6 3.07 2.56 3.39

The highest gravimetric moisture was found in Q5 (32%), followed closely by Q6 (31%),
while the lowest value was observed in quadrants 2 and 3 (26%). In terms of volumetric
moisture, Q5 again showed the highest value (38%), indicating a combination of high water
content and moderate compaction.

Bulk density values varied significantly, from 1231.54 kg/m3 in Q1 (the highest) to
890.29 kg/m3 in Q6 (the lowest). These differences indicate zones of potential compaction,
particularly in Q1 and Q3, and more friable conditions in Q6. High bulk density gen-
erally indicates reduced porosity, which may result in greater traction resistance during
soil operations.

Regarding soil resistance to penetration, results are presented in Table 3, as the average
of three repetitions per quadrant. The data were calculated based on the number of
impacts per 10 cm depth, according to the Stolf [29] methodology, and then converted to
megapascals (MPa).

The highest mean PR was observed in Q1 (3.82 MPa), in agreement with its high
bulk density, reinforcing the correlation between compacted structure and resistance to
implement penetration. Conversely, Q4 showed the lowest mean PR (2.20 MPa), consistent
with its moderate moisture and relatively lower density.

Notably, Q5, despite its elevated gravimetric moisture (32%) and moderate bulk
density (1185.7 kg/m3), exhibited considerable variation in soil penetration resistance
(2.05–4.07 MPa). This behavior may be attributed to transient surface saturation resulting
from the 34.8 mm rainfall recorded on 29 October, just prior to the field trial, as reported
in Section 2.1. Given the low evapotranspiration rates and high atmospheric humidity
observed during the period, excess water likely remained in the soil profile, increasing
plasticity and reducing internal cohesion. These conditions tend to diminish the soil’s
shear strength and bearing capacity, leading to nonlinear responses in traction performance
and slippage.

3.2. Statistical Significance of Gear and Ballast Weight on Slippage

The results of the analysis of variance (ANOVA), presented in Table 4, reveal the
statistically significant influence (p < 0.05) of gear selection (G), ballast weight (W), and
their interaction (G × W) on the variation in slippage observed during plowing operations.
This highlights that ballast had the strongest effect on slip variation, but its impact depended
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on gear choice, confirming the importance of analyzing treatment combinations rather than
factors in isolation. The detailed performance outcomes are presented in Section 3.3.

Table 4. ANOVA for slippage percentage based on gear and ballast.

Source of Variation DF MS p-Value (%)

Block 2 1.03 ns 17.18
Gear (G) 1 4.81 * 0.45

Weight (W) 1 93.52 * 0.00
G × W 1 8.40 * 1.56

Residual 6 0.43 -

Total 11 - -

CV (%) - 9.30 -
DF: Degrees of Freedom; MS: Mean Square; p-value: Probability value; CV: Coefficient of Variation; *: significant
at 5% level; ns: not significant.

Analysis of variance (ANOVA) revealed significant effects (p < 0.05) of all sources
of variation analyzed on the slip percentage. Weight (W) showed the largest effect
(MS = 93.52; p = 0.00%), followed by the interaction between gear and weight (G × W;
MS = 8.40; p = 1.56%) and gear alone (G; MS = 4.81; p = 0.45%). The experimental block
also showed a significant influence (MS = 1.03; p = 17.18%), indicating variations in the
test conditions. The coefficient of variation (CV = 9.30%) demonstrated good experimental
precision, validating the reliability of the results obtained. The significance observed in the
interaction term (G × W) suggests that the effect of ballast weight on slippage is not con-
stant across different gear selections, reinforcing the need for context-specific adjustments
in field operations.

3.3. Comparative Slippage Performance

The mean values of wheel slippage for each treatment are shown in Table 5.

Table 5. Mean values of wheel slippage (%) as a function of different gears and ballast weights.

Gear
Ballast Weight (kg/hp)

52.5 (Moderate) 57.5 (Heavy)

3rd 4.47 Ba 8.38 Ab
4th 4.06 Ba 11.32 Aa

Mean 4.26 9.85
Means with the same lowercase letter (row) and uppercase letter (column) are not significantly different
(F-test, 5%).

The worst performance was observed with 57.5 kg/hp in 4th gear, reaching 11.32%,
while the best performance occurred with 52.5 kg/hp in 4th gear, resulting in 4.06% slippage.
Interestingly, the heavier ballast did not improve traction as expected, indicating that over-
ballasting under moist and compacted conditions may exacerbate slippage rather than
reduce it.

While it is common to associate greater ballast with better soil grip due to increased
downward force on drive wheels, the data suggest a threshold beyond which additional
weight leads to diminishing returns, particularly in friable, moisture-retaining clay soils.

3.4. Spectral and Terrain Indices

The Vegetation and Topographic indices were computed using the formulas shown
in Section 2.6 (Table 1). To evaluate the spatial variability in vegetation, soil exposure,
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moisture conditions, and terrain morphology across the experimental field, six key indices
were analyzed: NDRE (Normalized Difference Red Edge), NDWI (Normalized Difference
Water Index), BSI (Bare Soil Index), GRVI (Green-Red Vegetation Index), VARI (Visible
Atmospherically Resistant Index), and Slope. The results are presented in Table 6 and
Figure 4.

Table 6. Mean values of selected spectral and terrain indices for each quadrant.

Quadrant NDRE NDWI BSI (Adapted) GRVI VARI (Adapted) Slope (◦)

Q1 –0.00528 –0.47341 0.000235 –0.35794 –0.00153 14.26
Q2 –0.01432 –0.46805 0.000244 –0.36886 –0.00166 13.69
Q3 0.00344 –0.45639 0.000232 –0.34290 –0.00147 14.52
Q4 –0.00163 –0.47209 0.000232 –0.34655 –0.00147 14.16
Q5 –0.00095 –0.45488 0.000234 –0.35282 –0.00149 14.22
Q6 0.00000116 –0.47730 0.000221 –0.36427 –0.00148 13.50

 

Figure 4. Spatial distribution of key spectral and terrain indices across the experimental field:
(A) NDRE—Normalized Difference Red Edge; (B) NDWI—Normalized Difference Water Index;
(C) BSI—Bare Soil Index; (D) GRVI—Green-Red Vegetation Index; (E) VARI—Visible Atmospherically
Resistant Index; (F) Slope (degrees).

The NDRE, which uses red-edge and near-infrared reflectance to detect chlorophyll
content and early vegetation stress, presented low values in most quadrants, with the
highest in Q3 (0.0034) and the lowest in Q2 (–0.0143). These values suggest low vegetative
vigor, consistent with a transitional or fallow phase in the crop cycle (Figure 4A).

The NDWI, sensitive to moisture in vegetation and surface soil, showed uniformly
negative values, indicating low water content or bare soil presence. Quadrant 6 had
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the lowest NDWI (–0.477), while Q5 showed the highest (–0.455), consistent with field
observations and precipitation history (Figure 4B).

The BSI, designed to emphasize bare soil exposure, showed minimal variation across
quadrants, with slightly elevated values in quadrants 1 and 2, indicating greater exposure
or less biomass cover (Figure 4C).

The GRVI, a simple index contrasting green and red reflectance, also revealed con-
sistent patterns of low to moderate vegetation presence. Values ranged from –0.368 in
quadrant 2 to –0.342 in quadrant 3, confirming that biomass was sparse or partially de-
graded (Figure 4D). The VARI, which enhances vegetation detection in RGB imagery under
varying atmospheric conditions, showed similarly low variation, but slightly higher values
in quadrant 3 (–0.00147) and lower in quadrant 2 (–0.00165) (Figure 4E).

Finally, the slope, derived from elevation data, varied from 13.50◦ (Q6) to 14.52◦ (Q3),
indicating mild topographic variation. This variable is important for interpreting traction
dynamics and water flow, particularly in mechanized operations (Figure 4F). The mean
values of each index per quadrant are summarized in Table 6, and the spatial distributions
are illustrated in Figure 4.

4. Discussion
The comprehensive analysis of soil physical properties, mechanized operation effi-

ciency, and spectral/terrain indices in this study provides critical insights into the spatial
variability and management requirements of the experimental field.

The results revealed a clear relationship between soil physical properties in the dif-
ferent quadrants, particularly regarding the interaction between bulk density, moisture
content, and water content. Soil bulk density values varied significantly among the studied
quadrants, reflecting distinct compaction conditions. According to Jones et al. [30] and
Paltineanu et al. [31], soils with a bulk density (Ds) > 1.75 g/cm3 are considered compacted,
while values between 1.40–1.75 g/cm3 indicate moderate compaction, and Ds < 1.40 g/cm3

characterize slightly compacted soils. In this study, 50% of the quadrants (Q2, Q4, Q6)
presented low compaction (Ds < 1.40 g/cm3), while the others (Q1, Q3, Q5) exhibited mod-
erate compaction (1.20–1.23 g/cm3), with no records of high compaction (Ds > 1.75 g/cm3).
These differences demarcate critical zones, such as Q1 and Q3, which approach the upper
limit for moderate compaction, and more friable areas, such as Q6.

High soil density is often associated with reduced porosity, which can increase penetra-
tion resistance and limit root development [32,33]. The results revealed a clear relationship
between density, moisture, and water content: quadrants with moderate compaction
(Q1, Q3, Q5) had higher water contents (θ = 32–38%), suggesting that the lower porosity
in these locations favored water retention. However, the exception observed in Q6—low
density (0.89 g/cm3) despite high moisture content (31%)—indicates the influence of other
factors, such as organic matter content or textural heterogeneity.

These findings corroborate previous studies on the complex relationship between
compaction and water dynamics in agricultural soils [34], but highlight the importance
of considering spatial variability, even in apparently homogeneous areas [35]. Although
current compaction levels do not represent severe restrictions on root growth, continu-
ous monitoring is essential, especially in quadrants such as Q1 and Q3, where density
approaches critical limits. The absence of extreme compaction suggests that appropriate
management practices can prevent physical degradation, but identifying local factors
(e.g., organic matter, cultivation history) is crucial to guide differentiated
management strategies.

The data revealed a consistent relationship between penetration resistance (PR) and
bulk density, with quadrants Q1 (mean PR = 3.82 MPa) and Q5 (maximum PR = 4.07 MPa)
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presenting the highest values for both parameters. This correlation reinforces the under-
standing that soils with a more compacted structure offer greater resistance to implement
penetration, as observed in previous studies [36]. Particularly noteworthy is the case of
Q1, which combined the highest mean PR (3.82 MPa) with high bulk density (1.23 g/cm3),
suggesting the formation of a compacted layer that can restrict root development and
increase energy demands in agricultural operations [37].

In contrast, Q4 showed the lowest and most consistent values (1.85–2.68 MPa), asso-
ciated with its lower bulk density and moderate moisture content. This condition can be
attributed to transient water saturation resulting from the 34.8 mm of rainfall recorded
immediately before the tests, as detailed in Section 2.1. As demonstrated by [38] excess
water in the soil profile reduces internal cohesion and shear strength, explaining the lower
RP values in this quadrant.

These differences have important practical implications: soils such as Q1 will require
greater traction force, increasing wheel slippage and fuel consumption, while areas such as
Q4, although less energy-intensive, may be more susceptible to compaction under heavy
traffic in wet conditions [39]. This spatial variability reinforces the need for differenti-
ated management strategies to optimize operational efficiency and minimize impacts on
soil structure.

The ANOVA results conclusively demonstrate that ballast is the most critical factor
in controlling slippage during plowing operations, explaining the largest portion of the
observed variation. This finding corroborates previous studies that emphasize the impor-
tance of adequate tractor balancing for optimizing traction [40]. The significant interaction
between gear and weight (G × W) suggests that integrated adjustment strategies are more
effective than isolated adjustments, allowing simultaneous gains in operational perfor-
mance and energy efficiency. Additionally, the non-significant block effect (p = 17.18%)
indicates that the replication structure of the experimental design did not introduce substan-
tial variability, validating the factorial arrangement used and confirming the consistency
across plots. The significant influence of the experimental block highlights the importance
of considering natural soil variability, reinforcing the need for prior mapping with RPAs
for accurate decisions.

The low CV (9.30%) confirms the reliability and precision of the experimental setup,
while the p-values suggest potential reductions of up to 20% in slippage with appropriate
technical adjustments. According to Gomes et al. [41], CV values below 10% in field
trials are indicative of high experimental accuracy and minimal uncontrolled variation,
supporting the robustness of the findings.

When analyzing sliding performance, the results demonstrate the strong interaction
between gear selection and ballast weight on wheel slip during tillage operations. The
heaviest ballast configuration (57.5 kg/hp) consistently produced greater wheel slip (mean
of 11.32%) compared to moderate ballast (mean of 4.06%), regardless of gear selection
(p < 0.05). This suggests that excess ballast may increase wheel slip rather than improve
traction, particularly when operating in 4th gear, where wheel slip reached 11.32%. This
implies that the effects of gearing and ballast cannot be optimized independently, since the
performance of one depends on other level.

Third gear performed best with both ballast levels, maintaining slip below 8.5%, which
is in line with the findings of Kichler et al. [42] who demonstrated that lower gear selections
improve power transfer efficiency. Notably, moderate ballast (52.5 kg/hp) maintained
acceptable slip levels (4.06–4.47%) in both gears, suggesting that this configuration may
offer the best compromise between traction and operational efficiency for the tested soil con-
ditions. The results indicate that increasing ballast weight contributed to greater efficiency,
particularly in fourth gear, which exhibited the highest efficiency under heavy ballast
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conditions. This reinforces the importance of adjusting the ballast to the gear used, since
higher gears, when combined with greater ballast, result in better operational performance.

These findings are consistent with Lontseva et al. [43], who emphasize that correct
ballast configuration, combined with appropriate gear selection, reduces losses due to
excessive slippage and improves the utilization of the tractor’s power. The improperly
calculating ballast weight can lead to wasted fuel and operating time. According to the
authors, wheel slip is a key indicator for correct ballast adjustment. When ballast is insuf-
ficient, there is reduced traction efficiency, increased drive wheel slip, and, consequently,
higher fuel consumption [44]. On dry, firm soils, ideal wheel slip varies between 6% and
12%, while on moist or prepared soils, values between 10% and 15% are acceptable [15,45]

The analysis of spectral and terrain indices across the experimental field revealed a
landscape characterized by low vegetation vigor, limited moisture availability, and minimal
topographic variation. These conditions directly influence the performance and efficiency
of mechanized operations as described by Pinon et al. [46]. The consistently negative
NDRE and NDWI values indicate a predominance of areas with sparse vegetation or fallow
conditions, reflecting low photosynthetic activity and reduced surface moisture content, in
agreement with [47]. This interpretation is further supported by the low GRVI and VARI
values, which show only slight variation among quadrants but confirm the limited presence
of biomass and vegetation cover, consistent with [48].

The BSI values were slightly higher in quadrants 1 and 2, suggesting greater soil
exposure in these areas, which can affect rolling resistance and tire traction during soil
preparation, as noted by Ribeiro et al. [49]. The slope index varied moderately, rang-
ing from 13.5 to 14.5 degrees, indicating a relatively uniform terrain. According to
Macdonald et al. [50], this level of variation may influence surface water runoff and mois-
ture distribution, particularly during rainfall events. Overall, Q3 stands out with slightly
more favorable values in NDRE, NDWI, and GRVI, suggesting a marginally healthier area,
while Q2 and Q6 present the worst indicators. These findings emphasize the importance of
using a combination of spectral and morphometric indices to assess the spatial variability
of key attributes relevant to the planning and adjustment of field mechanized operations.
This study has some limitations. The results are restricted to a single soil type (clayey
Nitisol) and to one experimental season under tropical conditions, which may limit broader
generalization. In addition, the analysis of RPA-derived indices and tractor performance
was descriptive, without statistical modeling, which reduces predictive capacity. Future
research should validate these findings in different soils, seasons, and operational scales,
and include more robust correlation analyses to strengthen the conclusions.

5. Conclusions
The use of Remotely Piloted Aircraft (RPA) allowed the mapping of spatial variability

in soil surface conditions through spectral indices such as the Normalized Difference Red
Edge (NDRE), Normalized Difference Water Index (NDWI), Bare Soil Index (BSI), Green–
Red Vegetation Index (GRVI), and slope. These indicators showed consistent alignment
with field-measured attributes, including bulk density (ranging from 890 to 1231 kg/m3),
penetration resistance (2.20–3.82 MPa), and soil moisture.

The RPA-derived indicators reflected differences in tractor performance. For example,
quadrants with higher compaction and bare soil exposure (Q1 and Q3) presented greater
traction demand and higher slippage. In contrast, the best operational efficiency was
observed with the combination of third reduced gear and moderate ballast (52.5 kg/hp),
resulting in the lowest slippage (4.06%), compared with the highest slippage of 11.32%
under heavy ballast in 4th gear.
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It is therefore concluded that geospatial information derived from RPA imagery can
support localized ballast and gear adjustments, reducing slippage and improving trac-
tion efficiency. This approach enhances precision mechanization strategies and supports
decision-making under variable soil and surface conditions.
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