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ABSTRACT

Soil performance is vital for the survival of human civilizations since it ensures provision of
food for the human population. Soil compaction has impacted about 45% of agricultural soil
and degraded an estimated 83 Mha of agriculture therefore reducing agricultural productivity.
The objective of this study was to model and evaluate the compaction effect of tractor wheel
traffic on sub soiling draft for soils in the agricultural farm of Egerton University, Kenya.
Tractor wheel traffic experiments were conducted on the selected plots with varying levels of
compaction. A dynamometer attached to the subsoiling equipment was used to measure the
draft requirements during subsoiling. Soil samples were collected at various depths before and
after tractor wheel passes and analyzed for physical properties (bulk density, moisture content,
porosity, infiltration rate and saturated hydraulic conductivity) and mechanical properties
(penetration resistance, cohesion, angle of internal friction and shear strength) were
determined. The study employed a factorial experiment with a Completely Random Block
design to look at the effects of five wheel passes (1, 2, 3, 4, 5) on soil properties at depths of 0
- 20, 20 - 30, and 30 - 40 cm with three replications. The wheel passes were equivalent to
vertical loads of 26, 51, 77, 102 and 128 kN respectively. Increasing the number of wheel
passes and the depth caused a significant increase in the soil's bulk density (from 1256 to 1593
kg m®), penetration resistance (642 to 1539 kPa), strength (121.20 to 156.97 kPa), internal
angle of friction (29 to 35°), and cohesion (6.84 to 8.42 kPa), while decreasing the moisture
content (from 41 to 33%), infiltration rate (15.30 to 3.35 mm ht), porosity (34 to 5%) and
saturated hydraulic conductivity (5.63 to 0.54 to mm h). The draft requirement for subsoiling
increased from 1.40 kN for the no pass at the 0 - 20 cm depth to 10.68 kN for five wheel passes
in the 30 — 40 cm depth. Subsoiling draft was modeled as a function of soil depth, bulk density,
penetration resistance, shear strength, angle of internal friction and cohesion. The R? for
Multiple Linear Regression (MLR), Dimensional Analysis, Adaptive Neuro Fuzzy Inference
System (ANFIS) and Artificial Neural Networks (ANN) were 0.9838, 0.8722, 0.9999 and
0.9941 respectively. The t-test revealed that there was no significand difference between the
measured and predicted draft for the MLR (t = 0.13), Dimensional Analysis (t = 0.15), the ANN
(t =0.12) and ANFIS (t = 0.19) models. Conclusions of this study emphasize the significant
influence of tractor wheel passes on soil properties and draft requirements. Recommendations
include the promotion of optimized subsoiling strategies. This research contributes to
promoting sustainable agricultural practices and soil management strategies.

Vi
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CHAPTER ONE
INTRODUCTION

1.1 Background to the study

Soil performance is vital for the survival of human civilizations since it ensures provision of food
for the human population, as well as feed and fodder for animals (Hillel, 2009, Songiil, 2021). Soil
compaction is a cause of productive agriculture degradation. It has impacted about 45% of
agricultural soil and degraded an estimated 83 Mha of the soil (Brus & van den Akker, 2018).
Since soil degradation is rapid and its regeneration slow, it is important to use the soil sustainably
in dealing with the problems of food security, energy demand, biodiversity and climate change
(Grigorev et al., 2020; Lal, 2009; Nawaz et al., 2013). Soil compaction is the process of
densification of the soil and distortion of the soil structure which results in deterioration or loss of
the functions of the soil (Yang et al., 2022). Compaction of soil modifies structure of the soil
irreversibly (Pagliai et al. 2003; Shaheb et al., 2021), affects ecological functions of soil (Seehusen
et al., 2014), decreases aeration and leads to higher emissions of nitrous oxide and methane gas
from the soil (Batey, 2009; Bengough et. al, 2011).

Soils that are compacted have high bulk density and strength, few macro pores and a high tortuosity
causing low water infiltration rate and hydraulic conductivity (Yang et al., 2022). These in turn
increases the risks of run off, erosion and temporal water logging (Keller et al., 2013). Compacted
soils limit crop development and soil nutrient uptake because they prevent root elongation and
growth, which results in lower yield (Horn, 2015; Martinez et al., 2008; Yang et al., 2022). Van

Camp et al. (2004) noted that soil compaction is a global threat that requires attention.

According to Kremers and Boosten (2018), compaction affects the soil to depths of about 0.75 m.
By crushing the soil aggregates and combining them into large units, soil compaction affects the
soil structure and increases the soil bulk density and penetration resistance (Shaheb et al., 2021).
Compaction affects soil nitrogen and carbon cycling, soil water dynamics, crop growth and

cultivation draft requirements (Songul, 2021).

A variability of factors affects the magnitude of compaction of the soil and its distribution within
the soil mass therefore making it a complex phenomenon (Rodriguez et al., 2012). Since soil

compaction occurs below the surface, it is a challenge to find. Soil compaction occurs in

1



conventional and no-tillage systems due to forces of compression applied by machinery wheels to
soil (Garcia-Tomillo et al., 2018).

For conventional tillage, Kroulik et al. (2011) demonstrated that at least one wheel pass tracked
85% of a field. The compacted soil can recover within two years after the first wheel pass if no
further impacts are exerted. Subsequent wheel passes will induce additional soil compaction. At
the moment complete avoidance of machinery use, and therefore wheel traffic, is not possible since

very few farm operations can be undertaken without use of machines (Shaheb et al., 2021).

Because of increased mechanization of tillage operations to meet food demand, agricultural traffic
causes the majority of soil compaction (Seehusen et al., 2014; Songul, 2021). The compaction of
soil due to wheel passes depend on the spread of vibrations in the soil, soil shear forces and the
tyre pressure (Grigorev et al., 2020). Wheel traffic increases soil strength, resulting in higher tillage
draft requirement (Keller et al., 2004). The higher energy consumption in primary tillage is
aggravated by the rapidly escalating fuel cost leading to higher cost of production to the farmer
(Raper & Bergtold, 2007).

Subsoiling can help to alleviate soil compaction. However, the alleviation of soil compaction using
this method is energy consuming. Although many studies have been undertaken on soil
compaction, not much has been documented on subsoiling draft requirements and prediction for
silt loam soils in Kenya. This study modeled subsoiling draft in a silt loam soil using four modeling
approaches of Dimensional Analysis, Artificial Neural Networks (ANN), Multiple Linear
Regression (MLR) and Adaptive Neuro-Fuzzy Inference System (ANFIS). These modeling
techniques were chosen because MLR is a simple linear modeling technique, Dimensional
Analysis offers a theoretical framework, ANFIS combines neural networks and fuzzy logic for

nonlinearity and interpretability, while ANN excels in capturing complex relationships.

1.2 Statement of the problem

In modern agricultural practices, the use of heavy machinery, particularly tractors, is essential for
efficient soil preparation and cultivation. However, the repeated passage of tractor wheels over
agricultural fields can lead to compaction of the soil, resulting in altered soil properties such as

increased bulk density, cone index, moisture content, and changes in soil strength, cohesion, and



angle of internal friction. This compaction, in turn, affects the draft requirements for subsoiling

operations, crucial for soil improvement and crop growth.

Despite the evident significance of wheel traffic compaction in agricultural operations, there is a
notable gap in comprehensive modeling approaches that quantitatively assess the complex
interplay between wheel traffic, soil properties, and subsoiling draft requirements. Consequently,
there was a need to investigate and model the effects of tractor wheel passes on soil properties,
elucidate the impact of varying levels of wheel traffic compaction on the draft requirement for
subsoiling, and develop predictive models that could accurately estimate subsoiler draft

requirements based on soil properties.

This research aimed to fill this gap by employing multiple modeling techniques, including Multiple
Linear Regression, Dimensional Analysis, Artificial Neural Networks (ANN), and Adaptive
Neuro-Fuzzy Inference Systems (ANFIS), to provide a holistic understanding of how wheel traffic
compaction influences the tillage draft required for subsoiling in silt loam soils. By doing so, this
study intends to contribute valuable insights to optimize agricultural practices, enhance soil health,

and increase crop productivity while minimizing energy consumption and environmental impact.

1.3 Objectives
The broad objective of this study was to model and evaluate the compaction effect of tractor wheel

traffic on sub soiling draft for soils in the agricultural farm of Egerton University, Kenya

1.3.1 Specific objectives
The specific objectives of the study were to:
i. Evaluate the effect of tractor wheel passes on soil physical and mechanical properties;
ii. Determine how different levels of wheel traffic compaction affect draft requirement for
subsoiling;
iii. Model subsoiler draft requirements based on selected soil properties using MLR,
Dimensional Analysis, ANFIS and ANN modeling techniques.

1.3.2 Research questions

The research questions were:



i. How do the soil physical and mechanical properties change due to wheel traffic
compaction?
ii.  How does the draft requirement for subsoiling equipment change with varying levels of
wheel traffic compaction?
iii.  How does the prediction accuracy of the MLR, Dimensional Analysis, ANFIS and ANN

subsoiling daft models compare?

1.4 Justification

Soil compaction induced by tractor wheel passes not only reduces soil quality but also diminishes
crop yields. By rigorously assessing the effect of wheel traffic on soil physical and mechanical
properties, this research sought to unveil the intricacies of soil behavior under compaction. In
doing so, it contributes directly to sustainable soil management, aiding in the preservation of this

finite and essential resource for future generations.

Moreover, the study's exploration of how varying levels of wheel traffic compaction impact the
draft requirements for subsoiling is invaluable to both farmers and agricultural practitioners. With
knowledge of how compaction affects draft needs, they can optimize their tillage practices, saving
on fuel costs, and reducing the environmental footprint of farming operations. This efficiency is
not just economically advantageous but also aligns with the global call for responsible resource

utilization.

The study employs various modeling techniques such as Multiple Linear Regression (MLR),
Dimensional Analysis, Artificial Neural Networks (ANN), and Adaptive Neuro-Fuzzy Inference
Systems (ANFIS). These modeling approaches are widely applicable in agricultural research and

can potentially be adapted for optimization problems.

Beneficiaries of this study encompass a diverse spectrum of stakeholders. Farmers stand to gain
through enhanced knowledge and practices that can augment crop productivity and financial
returns. Agricultural researchers will find a valuable foundation for further exploration in soil
science, while agricultural machinery manufacturers can innovate equipment tailored to address
compaction challenges. Environmentalists and policymakers can leverage the study's insights to
advocate for sustainable agricultural policies, safeguarding both soil health and the environment.



This study contributes to SDG 2 by aiming to optimize agricultural practices through better
understanding of soil compaction. By improving subsoiling techniques, it can help increase
agricultural productivity, reduce soil degradation, and ultimately contribute to food security. By
modeling and evaluating the compaction effect of tractor wheel traffic on subsoiling draft, the
study supports sustainable and efficient agricultural production practices of SDG 12. It helps
reduce unnecessary resource consumption, such as fuel and machinery wear and tear, aligning with

the principles of responsible production and consumption.

Reducing unnecessary tractor wheel traffic and optimizing draft requirements for subsoiling can
lead to lower greenhouse gas emissions. The study promotes climate-resilient agricultural
practices, aligning with the objectives of SDG 13. In line with SDG 9, the study's use of advanced
modeling techniques (ANFIS, and ANN) reflects innovation in agricultural research and
infrastructure development. These techniques can lead to more efficient machinery and improved
farming practices (UN, 2015).

1.5 Scope and limitation

1.5.1 Scope

The research sought to evaluate the effect of wheel traffic on soil bulk density, cone index
(penetration resistance), shear stress, saturated hydraulic conductivity, infiltration rate, angle of
internal friction and cohesion on the topsoil to a depth of 40 cm The effects on soil biological and
chemical properties were not considered. The changes in soil conditions resulting from wheel
traffic application were limited to the time between application of wheel traffic and immediately
after. This study did not take into account how tillage type, or tire pressure affected soil

compaction, and this can be considered for further work.

1.5.2 Limitations
The tractor used in this study was a Massey Ferguson Extra 455. The experiments were performed
on a silt loam soil with moisture content ranging between 33% and 41% dry basis. The sampling
depth was limited to the top 40 cm of soil. The modeling techniques analyzed were Multiple Linear
Regression, Dimensional Analysis, Artificial Neural Networks and Adaptive Neuro Fuzzy
Inference System.



1.6 Definition of terms

Adaptive neuro-fuzzy inference system: This is a kind of artificial neural network that is based

on Takagi—Sugeno fuzzy inference system.
Analysis of Variance Is a statistical method used to test differences between two or more means.

Angle of internal friction (friction angle): This is measurement of the soil's capacity to endure
shear stress. When failure only results from a shearing stress (o), the angle (¢), measured between

the normal force and resultant force, is obtained.

Artificial neural network: This is a computing system created to mimic how the human brain
processes and evaluates data, handles issues that, by statistical criteria, would be deemed

intractable or challenging.
Bulk density: This is the proportion of the soil's dry bulk to its overall volume.
Cohesion: This is the soil's shear strength at zero compressive loads.

Conceptual framework: This is a textual or visual depiction of a relationship between variables

that is anticipated.

Data analysis: This is the procedure for cleansing, converting, and modeling data in order to draw
out relevant information and make decisions based on the data analysis.

Defuzzification: In this method, a single number is extracted from the output of the aggregated

fuzzy set. It is used to convert the outcome of a fuzzy inference into a clear output

Dimensional analysis: Dimensional analysis is a mathematical technique used in physics and
engineering to analyze and simplify complex physical problems by examining the relationships
between the various physical quantities involved. It is particularly useful for understanding the
fundamental principles governing physical systems, scaling laws, and the behavior of systems

under different conditions without having to solve detailed equations.

Discrete element method: s a numerical technique used for simulating and analyzing the behavior

of granular materials, particles, and discrete objects in various physical and engineering systems.
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Unlike continuous methods like the Finite Element Method (FEM), DEM treats the materials or

particles as distinct entities with individual properties and interactions.
Draft: This is the force necessary to move an object in the desired direction.

Finite element method: This is a numerical technique used for solving complex engineering and
mathematical problems involving physical phenomena like heat transfer, fluid flow, structural
mechanics, and electromagnetic interactions. FEM divides a complex system into smaller, simpler

subdomains called "finite elements" to approximate the behavior of the entire system.

Fuzzification: Fuzzification is a process in fuzzy logic and fuzzy systems where crisp or precise

input data is transformed into fuzzy sets or linguistic variables.

Fuzzy inference system (FIS): A Fuzzy Inference System (FIS) is a computational framework
used for modeling and simulating complex systems where traditional binary, crisp logic or
numerical methods may not be appropriate due to uncertainty or vagueness in the input data or

problem domain.

Fuzzy logic: Fuzzy logic is a branch of artificial intelligence and mathematical logic that deals

with reasoning under uncertainty and imprecision.

Generalization: Describes how well a model will perform when faced with novel, unforeseen data

that comes from the same distribution as the model's initial data.
Hitch: This is the part of a tool that is used to attach it to a power source.

linfiltration rate: This refers to the rate at which water enters the soil surface and moves into the

soil profile.

Internal angle of friction (¢): The soil's internal angle of friction is a fundamental geotechnical
property that characterizes the shear strength and resistance to sliding or deformation of a soil

mass.

Least significant difference: This is the value at a certain degree of statistical probability that is

exceeded by the difference between two means.



Linear regression: Linear regression is a statistical method used to model the relationship
between a dependent variable (or target) and one or more independent variables (or predictors) by

fitting a linear equation to the observed data.

Mathematical model: Mathematical modeling is a process used in science, engineering,
economics, and social sciences to describe and analyze real-world phenomena using mathematical

equations, relationships, and abstract representations.
Mechanical stability of the soil: This reflects the soil's level of deformation resistance.

Modeling: Modeling is the process of creating a simplified representation or abstraction of a real-

world system using mathematical, physical, or conceptual techniques.

Model calibration: This is an iterative process where the model is compared to the actual system

and modified as necessary until the model is acceptable.

Model validation: This procedure verifies that the model serves the required goal. This entails

proving that the model is accurate under the circumstances of its intended use.
Moisture content of soil: This is the proportion of water mass to total mass of solids in a sample.

Multiple linear regression: This is a statistical technique that uses several explanatory variables
to predict the outcome of a response variable.

Operating width: This is the horizontal range within which an implement functions as intended,

measured perpendicular to the direction of motion.

Penetration resistance: This soil penetration resistance, also known as soil compaction resistance
or soil cone index, is a measure of the resistance or force required to penetrate a probe or cone into

the soil at a specific depth.

Pi theorem: The pi- theorem asserts that if there are n variables that can be defined in terms of m

dimensional units, then they may be combined in (n — m) dimensionless terms known as z-terms.

Porosity: Soil porosity refers to the volume of pore space or voids within a soil mass relative to

its total volume.



Rake Angle: This is a forward angle formed by the tool's face and the horizontal soil surface.

Saturated hydraulic conductivity: This is a measurement of how well a saturated soil transmits

water under a hydraulic gradient.

Shear strength: This is a measurement of the soil's resistance to deformation caused by the

continual movement of individual soil particles.

Soil biodiversity: Soil biodiversity refers to the variety and abundance of living organisms in the
soil, including bacteria, fungi, protozoa, nematodes, earthworms, arthropods, and other

microorganisms and macroorganisms.

Soil compaction: Soil compaction is the process of increasing the density and reducing the volume

of soil through the application of mechanical energy.

Soil failure: Soil failure refers to the condition where soil loses its ability to support an applied
load or external forces, leading to deformation, settlement, or even collapse.

Soil hydrological properties: Soil hydrological properties refer to a set of physical characteristics

of soil that influence its ability to retain, transmit, and manage water.

Soil mechanical properties Soil mechanical properties refer to the physical characteristics of soil
that relate to its behavior under applied forces or loads.

Soil physical properties: Soil physical properties are the characteristics of soil related to its

physical structure and composition.
Soil strength: This refers to a soil's capacity to withstand an applied force.

Soil-tool geometry: This refers to the relationship between the shape, design, and characteristics

of a soil cultivation tool and how it interacts with the soil during various agricultural operations.
Specific draft: This is the draft force in a tilled cross section per unit of area.

Student's t-test: The t-test is a statistical hypothesis test that is used to determine whether there is

a significant difference between the means of two groups or samples.



Sub-soiling: Sub-soiling is a farming practice that involves loosening or breaking up the soil in
the lower layers of the ground, typically below the depth of normal plowing or cultivation. This is

done to alleviate soil compaction, improve soil aeration, and promote better root growth for crops

Tillage depth: This is the vertical distance between the tool's point of penetration and the soil's

surface.
Tillage: This involves mechanically modifying the soil's properties to improve crop output.

Tool width: This is the largest horizontal tool projection, measured perpendicular to the tool's

direction of action, into the ground.

Transfer function: This mathematical function hypothetically simulates the outcome of the

system for each potential input.

Variance: This is statistical analysis of the variation in numbers within a data collection.
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CHAPTER TWO
LITERATURE REVIEW

2.1 Soil compaction

The global population is rapidly increasing, and it is expected to reach 9 600 million by 2050. This
will lead to increased demand for food leading to the challenge of sustainable agricultural
production, minimizing environmental damage, and ensuring nutrition and food security. The
development and utilization of agricultural machinery has transformed food output and
sustainability (Shaheb et al., 2021).

The performance of multiple field operations like cultivation, spraying, planting, and harvesting
require varying load demands from farm machinery (Pitla et al., 2016). Soil compaction is defined
as a decrease in total and air-filled porosity that occurs because of soil densification and distortion,
which damages or eliminates one or more soil functions (Liu et al., 2022). The additional weight
of these machines causes greater wheel loads, which increases the danger of soil compaction
(Chamen, 2015; Chamen et al., 2015; Gtab, 2014; Keller et al., 2019; Van den Akker, 2008; Van
den Akker & Schjenning, 2004). In addition, new methods of tillage and implements for farm
operations have increased tillage draft needs (Zadeh, 2006). Soil compaction is a concern for many

countries around the globe (Jones et al., 2003).

Soil compaction affects about 68,000,000 ha of soils worldwide (Nawaz et al., 2013) with The
European Union reporting that it has affected 32% of soils in Europe. Given its invisible nature,
there is a possibility of soil compaction affecting greater area than is documented. There is a
likelihood of further increase in the damage to the soils of developing countries by soil compaction
(Jones et al., 2003).

Soil compaction occurs when the tension applied to the soil exceeds the soil strength, according to
(Keller et al. 2019). These forces are distributed to various soil depths via the footprint formed by
the earth and tyre (Figure 2.1). Compaction has environmental and agronomic consequences. It
rearranges soil grains decreasing void spaces and increasing bulk density. This procedure is
accompanied by the removal of soil air and the densification of the soil (Defossez & Richard,
2002).
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Mechanical stress on soil surface
(applied bv wheeled or tracked tractors
and agricultural machinery)
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Figure 2.1: Basic mechanism of soil compaction

Compaction degrades land and impacts adversely on the environment and agronomic productivity
(Barbero-Sierra et al., 2015; Pagliai et al., 2003) and is a cause of erosion and flooding (Keller,
2004). Therefore, remedying soil compaction will lead to enhanced sustainable use of soils for
food security (Berisso et al., 2013; Chamen et al., 2015; Nawaz et al., 2013).

2.2 Compaction effect of tractor wheel traffic intensity on physical and mechanical
properties of soil

The susceptibility of a soil to compaction is dependent on soil structure, texture, water content and
organic matter. Compaction is more likely in soils with a weak structure and a greater clay
concentration (Nawaz et al., 2013; Schjgnning et al., 2015). It is dependent on interaction of
machine, soil-water status, soil structure and organic matter content (McGarry, 2001). Climate,
soil type, farm management practices, crop type and agricultural machinery influence soil
compaction (Tenu et al., 2012). The type of equipment, wheel passes, tyre pressure, axle load and

soil-tyre interaction affect the degree of soil compaction (Berisso et al., 2012, Chamen, 2017).

Compaction can be caused by soil consolidation or external pressure applied to the soil, as well as
by human-induced factors (machineries, tillage practice and livestock trampling) or natural causes
(tree root and precipitation). Natural causes of soil compaction are less harmful in comparison to

anthropogenic causes (Nawaz et al., 2012).
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2.2.1 Repeated tillage at same depth

Crusting is caused by tillage that breaks down the soil aggregates on the soil surface. However,
repeated tillage orients soil particles in the same direction causing a layer of compacted soil to
form beneath the tilled area. On the other hand, hardpan occurs just below the tillage depth due to
repeated cultivation at the same depth (Nawaz et al., 2012). This is because the weight of the
tillage implements causes soil contact between the soil and the tool to compress and smear. Tillage
pan can therefore be eased by altering tillage ploughing depth across seasons (Hamza & Anderson,
2005).

2.2.2 Soil moisture content

The stability of soil aggregates and their tensile strength is determined by soil moisture content.
Whereas dry soil particles are tightly bound, water loosens these bonds (Hillel, 2003; Nawaz et
al., 2013). According to Hamza and Anderson (2002), increased soil moisture content lowered the
load bearing capacity of the soil and caused compaction to penetrate further into the soil profile. It
has also been reported that moisture increases soil deformation (Hakansson & Lipiec, 2000). Drier

soils have low stress transformation, and their structure is deformed less (Batey, 2009).

When soil moisture content is increased, soil compaction increases up to an optimum water content
above which soil compaction decreases with increased moisture content under a given load. Also,
as traffic frequency reduces, soil compaction diminishes more quickly in a dry soil than it does in

a wet one (Hamza & Anderson, 2005).

Soil moisture content influences penetration resistance and soil susceptibility to compaction
(Lipiec et al., 2002). Shah et al. (2017) reported a smaller difference in soil resistance between
uncompacted and compacted soils at high moisture content. Therefore, soil moisture is an

important consideration when scheduling farm operations to minimize compaction.

2.2.3 Mechanized operations

Tillage is done to optimize germination conditions, seedling establishment, crop growth (Sahay,
2008) and to improve soil hydro-physical properties (Gachene & Kimaru, 2003). The use of
tractors to reduce drudgery in farm operations causes soil compaction (Agele et al., 2016). The use
of heavy machinery in tillage has been reported to induce subsoil compaction (Mosaddeghi et al.,
2000). Tullberg (2000) observed that over 30% of zero tillage systems is trafficked by the tyres.
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Trafficking exposes the soil to surface loads that destroy soil structure (Lamande & Schjonning,
2011). Traffic intensity affects the extent of soil compaction (Mujdeci et al., 2017) and result
compaction along the wheel tracks and on the headlands (Balbuena et al., 2000).

Soil strength is determined by soil parameters, but soil stress is determined by wheel load, the
number of wheel passes, wheel size, and tyre inflation pressure (Horn et al., 2003; Keller &
Arvindson, 2004; Lamandé et al., 2007). Figure 2.2 presents the factors that influence wheel traffic

compaction.

Soil Size of Size of . Tlrr': Number =

: external contact inflation :

moisture of passes of soil
load area pressure

il 1 0 I

Soil compaction

Figure 2.2: Factors that influence the machine induced soil compaction (Keller & Arvindson,
2004)

Different studies have reported that wheel load influence subsoil compaction, while and inflation
pressure and tyre contact area affect the topsoil (Botta et al., 2009). Therefore, wheel traffic

intensity can be defined by wheel load and the number of wheel passes (Augustin et al., 2020).

As illustrated in Figure 2.3, the depth of stress distribution and the volume of soil impacted by
compaction increase for the same vehicle as the number of passes on the same track rises.Wheel

load influences stress transmission to lower soil layers (Berisso et al., 2012).

Depth [m]

1k 1 pass 5 passes 10 passes 15 passes

Figure 2.3: Distribution of stress in soil depth as affected by wheel passes (Duiker, 2004)
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Soil structure and texture (Jones et al., 2003), soil moisture content (Yavuzcan et al., 2005), speed
of the tractor, dynamic load of compressing wheel (Aksakal & Oztas, 2010; Javadi & Spoor, 2006),
and number of tractors passes (Botta et al., 2006) affect the severity of soil compaction. Hakansson
and Lipiec (2000) reported that the number of passes of agricultural machinery increased the
deformation on the soil. Botta et al. (2009) observed that soil compaction is increased by repeated

passes of agricultural machinery over the same location.

The bulk density increased to a depth of 15 cm due to equipment usage, according to Balbuena et
al. (2000), who also noted penetration resistance increases of 16 to 76% in the first 0.40 m of the
surface layer. Yet in a case including grassland, there were no discernible differences between the

impacts of heavy and light loads on the topsoil.

The consequences of soil compaction are particularly noticeable in turning lanes and tyre tracks,
as well as on top soil (Balbuena et al., 2000). The soil vulnerability to compaction is reported to
be due to an interaction of soil physical properties and tractor wheel passes (Hamza & Anderson
2005; Shah et al., 2017). According to Duiker (2004), the first pass of a wheel does the most
compaction with studies showing that the first pass accounts for around 75% of the increase in soil
density and 90% of wheel sinking.

Topsoil compaction occurs within the cultivated horizon while subsoil compaction occurs below
the cultivated horizon (Botta et al., 2002). High wheel loads of agricultural machines induce high
pressure to the ground (Shah et al., 2017) and damage the structure of soil (Defossez & Richard,
2002). Wheel loads exert pressure vertically in course textured soils while transmission is

multidirectional in soils with fine textures (Smith et al. 2000).

The front wheel reaction can be determined using the equation:
R = mg% (2.1)
1
where Rs is the front wheel reaction (N);
g is acceleration due to gravity (m s?);
m is mass of the tractor (kg);

X1 is perpendicular distance from the rear axle to the centre of gravity (m);

X2 is the wheelbase (m).
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The rear wheel reaction is given by:
Ry = mg—R¢ (2.2)
where Ry is the rear wheel reaction (N);

Rt is the front wheel reaction (N).

In comparison to a tractor with more wheels, a tractor with fewer wheels puts more pressure on
the ground. Therefore single-tyre farm implements cause greater compaction compared to multi-
tyre farm machines (Shah et al., 2017; Schéafer-Landefeld et al. 2004). Studies have shown that for
the same axle load, single tyres have more impact on subsoil compaction compared to dual tyre
(Hamza & Anderson, 2005).

Soil-tyre interaction is influenced by dynamic axle load, tyre geometry, lug design, tyre type, and
inflation pressure (Defossez & Richard, 2002). Due to tyre stiffness, tire inflation pressure controls
the amount of soil compaction (Saffih-Hdadi et al., 2009). Pytka (2005) reported that soil-tyre
interface pressure and rutting effect were altered by lowering inflation pressure.

It was observed that the first wheel pass induced compaction to a greater degree compared to
subsequent passes (Hamza & Anderson, 2005). Botta et al. (2006) observed that many passes of a
1 Mg wheel load tractor prevented seedling emergence in a direct drilled topsoil. Compaction
effects reached 0.6 m deep in the soil profile with 10 to 12 passes of this tractor.

2.3 Consequences of soil compaction

2.3.1 Soil physical and hydrological properties

The kind of soil determines how soil compaction affects soil functions. Sandy soils are less
susceptible to soil compaction because they have larger soil particles and larger pores. In contrast,
silt clay loam soils have small particles making them more susceptible to compaction especially

when moist (Hargreaves et al., 2019).

The capacity and intensity of the soil characteristics are used to quantify the impact of soil
compaction. The composition of a certain volume of soil is defined by a capacity parameter, but
its internal structure or functions are not. Examples of capacity parameters are bulk density, pore
size distribution, grain size distribution, plant available water capacity and texture (Horn &
Kutilek, 2009).
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Intensity parameters define dynamic elements over space and time and the measurement of the
processes within the soil. These parameters include hydraulic conductivity, air permeability, soil
strength, as well as the pore continuity (Bergamin et al., 2015; Horn & Kautilek, 2009; Sahu &
Raheman, 2006). Depending on crop yield, parameters used to detect adverse changes of the soil
can have high or low indication. Parameters with low indication include penetration resistance,
bulk density, and shear resistance. On the other hand, air capacity, saturated hydraulic conductivity

and infiltration have high indication on crop yield (Horn & Fleige, 2009).

The soil's capacity to support plant and animal life and preserve the quality of the water depends
on its quality (Bergamin et al., 2015). Penetration resistance, bulk density, shear resistance,
infiltration rate, air capacity and saturated hydraulic conductivity are used as indicators of soil
quality. Indicators of soil compaction include soil strength, moisture content (Hamza & Anderson,
2005), plant growth, and yield (Batey, 2009).

Lipiec et al. (2003) reported that the spatial variability of compaction is higher in topsoil and
plough pans than in sub soils, in pastures than in cropped soils, and for permeability than for bulk
density. For this reason, Alaoui et al. (2011) cautioned that it is useful to express compaction
effects relative to reference levels to assess the compaction severity for a given soil. Studies on
soil compaction therefore require many replicates before valid conclusions can be drawn (Ball et
al., 2016; Batey, 2009; Ewetola et al., 2022; Keller, 2004).

a) Bulk density
Bulk density is defined as the ratio of the dried weight of the soil to its total volume (Han et al.,
2016; Naghdi & Solgi, 2014) and is given by:

Bulk density, p = 1 (2.3)

where wgq is mass of the dry soil (kg);

V¢ is volume of the soil cores (m?).

Bulk density of soil is correlated to other soil biological, chemical and physical properties (Gao et

al., 2016). It indicates soil porosity (Casanova et al., 2016) and provides information on soil stress
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and soil penetration resistance (Al-Shammary & Al-Sadoon, 2014). The bulk density of a soil can

be used to evaluate how susceptible it is to compaction (McGarry, 2001).

Erbach (2006) observed that bulk density of agricultural soils varied between 9000 and 1800 Kg
m. Soils with bulk densities above 1400 kg m™ can withstand compaction (Powers et al., 2005).
Since bulk densities of volcanic soils are less than 1000 kg m=3, these soils are susceptible to

compaction (Parker, 2007).

The diffusion of oxygen into the soil is restricted by increase in bulk density. According to Tracy
et al. (2011) and Batey (2009), soil compaction changes root development, decreases soil nutrient

absorption, and diminishes soil hydraulic conductivity.

Because of biotic activity and organic matter, which produce a well-developed crumb structure,
soils of forested land have low bulk density in the upper layers (Corti et al., 2002). Agricultural
soil compaction appears as widespread or localized compaction that extends below the surface
with bulk densities of between 1500 to 1800 kg m™ (Spoor et al., 2003). The overall compaction
brought on by the frequent passing of large tractors penetrates deeper, with dry bulk densities
between 1900 and 2000 kg m™ (Batey & McKenzie, 2006).

The first pass is responsible for around 75% of the increase in soil density and 90% of wheel
sinking (Duiker, 2004). A soil resists further compaction once compacted because of it has more
micropores than macropores (Ampoorter et al., 2012). Soil bulk density is increased with increase
in wheel passes (Balbuena et al., 2000). Botta et al. (2004) reported that eight wheel passes of a
1400 kg tractor on a fine clay soil increased its bulk density from 1870 to 1970 kg m= in the depth
0-0.60 m.

Ahad et al. (2015) observed a positive relationship between bulk density and soil texture, mineral
content and organic matter content. However, a negative relationship with optimum moisture
content and porosity was observed. Krebstein et al. (2014) reported that compaction did not have
a significant effect on bulk density of sandy loam soil. Ahmadi and Ghaur (2015) observed a

change in bulk density of 13% for a clay loam soil when wheel passes were increased from 0 to 4.

A study was conducted by Patel and Mani (2011) on sandy loam soil to determine the effect of
wheel passes on compaction. The bulk density increased continuously with frequency of wheel
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passes. The highest bulk density of 1.66 Mg m™ was caused by a normal load of 8.40 kN after 16

wheel passes.

A study by Defossez and Richard (2002) determined soil bulk densities of untrafficked and
trafficked soil up to 0.60 m deep. The study indicated that bulk densities of non-wheeled area near
the top of the soil were 200 kg m-3 less than trafficked area up to 0.25 m deep. These bulk density

differences decreased to a depth of 0.45 m where there were no observable differences.

Chan et al. (2010) compared bulk density of soils under random and controlled traffic. They
observed the bulk density for random traffic was higher than that for controlled traffic by 7.2%
after two years. Between 0.10 and 0.20 m soil layer, random traffic showed higher bulk density
than controlled traffic by 8.3%. n the remaining soil layers, there was no discernible difference

between the treatments.

Although dry density has been used to quantify soil compaction, Alaoui and Helbling (2005)
observed that it is limited when comparing the degree of compaction between different soil types.
Alaoui et al. (2011) noted that although bulk density accounted for total soil volume, it did not
account for pore distribution or connectivity. Bulk density of gravelly soils is difficult to measure
(Webb, 2002). It does not account for shearing and dynamic damages on the pore system ( Chamen
et al., 2015; Nawaz et al., 2013). Therefore, Lipiec and Hatano (2003) noted that ss a measure of
soil compaction, soil bulk density alone is insufficient. They recommended that other soil

properties such as moisture content, aeration and strength should equally be assessed.

b) Porosity
Tractor wheel passes on soils result in external physical loading that deforms pores and reduces
pore space (Alaoui et al., 2011; Ewetola et al., 2022). Soil porosity may be calculated from particle
density and bulk density using the bulk density data according to the formula (Tanveera et al.,
2016):
Total porosity = 1 — i_b (2.5)
where pp is the bulk density (kg m™3);

ps is the average particle density (kg m).
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The volume, size distribution, shape, and connectivity of pores are altered by soil compaction
(Keller, 2004; Mossadeghi-Bjorklund et al., 2016). It fragments and homogenize pores (Alaoui et
al., 2011). When soils are compacted, the volume of pore decreases, causing the aggregates to
shatter and create smaller inter-aggregate pores. The macropores are destroyed by compaction and
become smaller pores (Alaoui & Helbling, 2006; Nawaz et al., 2013). Animal trampling reduces
the micropores whereas vehicular traffic affects the macropores and their connectivity (Boivin et
al., 2006). Mechanical operations reduce soil porosity (Silva et al., 2008). Soil compaction affects
the continuity of burrow networks (Jégou et al.,2002).

Vertical, cylindrical pores offer greater resistance to vertical compression in comparison to
horizontal, planar pores (Alaoui et al., 2011; Lipiec et al., 2003). Schwen et al. (2011) observed
that compaction distorted connectivity of many macropores thereby reducing hydraulic
conductivity. Water retention properties and pore size distribution are altered by compaction
(Dexter, 2004; Mossadeghi-Bjorklund et al., 2016). In coarse-texture soils, macroporosity is
texture-dependent, so compaction increases grain-to-grain contacts (Alaoui et al., 2011). Total
porosity is less sensitive to compaction than macroporosity (Li & Zhang, 2009). In comparison to
soils with horizontal pores, coarse-textured soils with vertical pores are less prone to compaction
(Schaffer et al., 2008).

The topsoil has an anisotropic soil pore structure with enlarged pores that are parallel to the ground
surface because of machinery wheel passes (Pagliai et al., 2003). Traffic-induced compaction
creates structural pores (Alaoui & Helbling, 2006; Dexter et al., 2008; Keller, 2004). Macropores
are sensitive to compaction. Increased soil compaction from wheel traffic reduces the volume of
the macrospores (Alaoui & Helbling, 2006). A decrease in pore space makes it more difficult for
water and air to pass through the soil. Compaction limits root penetration in the soil and decreases
the soil's ability to store water (Osunbitan et al., 2005).

Alaoui and Helbling (2006) observed that macropores comprise 0.2 to 2% of the soil volume. Less
vertical infiltration due to macropore volume might result in higher surface runoff (Alaoui, 2015).
Infiltration may be reduced, nevertheless, if the connection between the top surface and the
subsurface macropores is severed (Alaoui, 2015; Jégou et al., 2002).
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Ramezani et al. (2017) investigated water flow path in loamy clay soil by comparing five
treatments consisting of 0 (no traffic), 1, 3, 4 and 8 passes. According to the study, the number of
pores decreased as compaction levels increased. The number of pores was higher when there was
no traffic, but it was lower when the tractor made eight runs over the area. The number of big and
medium pores was lower after one wheel pass than it was compared to the control treatment by
16.5 and 13%, respectively. In comparison to one wheel pass, Zink et al. (2011) found that the

subsurface pore space decreased after ten wheel passes.

¢) Soil water content
Moisture content influences tillage soil resistance (Gitau et al., 2006). Tillage is inefficient at
reducing soil compaction if soil moisture content is not at its ideal level, and following traffic
might result in even more compaction (Spoor, 2006). Increased soil moisture raises the risk of
compaction and structural deformation of the soil (Hamza & Anderson, 2005).

The moisture content is determined using the equation below (Nkakini & Vurasi, 2015):

_ Imyw—my
w=— (2.6)
where w is moisture content db (%);
mw is the moist sample’s mass (kg);
mq is the oven-dried soil's mass (kQg).

Soil compaction in wet conditions induces soil deformation and therefore affects soil structural
characteristics (Zink et al., 2011). In a clay loam soil, Ahmadi and Ghaur (2015) examined the
relationship between the amount of wheel traffic and the soil's moisture content. Gradual increase

in the moisture content was observed to result in increased soil bulk density.

Dry soils display interlocking, frictional resistance to deformation, and a greater degree of particle-
to-particle interaction. Increased soil moisture reduces the frictional forces between soil particles,
which lowers the soil's bearing capacity (Han et al., 2006). This renders the soil extremely
vulnerable to soil compaction. More pores in a soil with a higher moisture content are filled with
water that cannot be crushed (Importer et al., 2012). Rut development results from machine-
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induced pressures placed on the soil when the moisture content rises over a specific threshold point
(Williamson & Neilsen, 2000).

Odey et al. (2014) examined the impact of tractor wheel traffic on soil moisture content both before
and during cropping. One week before to field preparation, the field moisture contents were 11,
12, and 14% (dry basis) at depths of 0 - 0.15 m, 0.16 - 30 m, and 0.31 - 0.45 m, respectively. After
six weeks after planting, the average moisture content for harrowed and ploughed plots rose from

15 to 16, and 18% for the corresponding depths.

Compaction decreases water storage and root proliferation (Whitmore et al., 2010). This affects
the water use efficiency and the irrigation demands. In a vertisol that had been compacted by a
6000- and 10 000-kg axle load, Radford et al. (2001) examined the water consumption efficiency
of maize. In comparison to the 6000 kg axle load, it was found that the 10,000 kg axle load reduced
water usage efficiency from 14.3 to 9.7 kg hat. According to Chamen (2011), infiltration rose by
84 to 400% in the absence of wheel traffic compaction, increasing the amount of water that is

available to plants.

d) Infiltration rate
Water infiltrates much slower in structureless soils than in uncompacted soils (Batey, 2009;
Ewetola et al., 2022; Hamza & Anderson, 2003). Traffic intensity negatively affects the soil
infiltration (Raper & Kirby, 2006). Chamen (2011) observed that uncompacted soil had five times
higher infiltration rate than a compacted one. Higher rates of water infiltration of between 29 and
73% have been reported on untrafficked soils compared to trafficked soil (Chyba, 2012).

Li et al. (2001) compared wheeled and non—wheeled areas in a controlled traffic farming (CTF)
experiment using a 4 Mg tractor. Infiltration rates between 50 and 100 mm h~* were observed for
noncompacted soils while infiltration rates between 10 and 25 mm h were noted for compacted
areas. Infiltration rates were reduced by 50 to 90% in compacted soils as compared to non-
compacted soil. They concluded that soil compaction had a bigger impact on water infiltration than

cultivation.

The mean infiltration rates between 1.32 and 5.70 cm h! were observed on a loamy sand soil by
Chen et al. (2010). The controlled traffic showed higher infiltration ability rate than random traffic

22



by Al-Ghazal (2002) using five tractor passes (0, 2, 4, 6 and 8). The four-pass treatment reduced

infiltration rate by 69%, whereas the eight-pass treatment reduced it by 77%.

Chyba et al. (2017) investigated the impact of tractor wheel passes on soil infiltration rate.
Infiltration ate was observed to decrease with increase in number of wheel passes from zero to
three. The untrafficked soil had a high rate of soil infiltration with a value of 22.43 mm h', which
decreased by 82% after the first pass. It decreased further by 16% to 0.4 mm h after the third
pass. Compaction avoidance has been shown to lower flooding risk in wet situations and drought
risk in dry ones (Chamen et al., 2015).

e) Saturated hydraulic conductivity
Saturated hydraulic conductivity depicts the movement of water through a saturated soil (Chapuis,
2004). It regulates the rate and course of water transport through wet soil (Horgan & Ball, 2005).
The hydraulic conductivity of surface soil layers at saturation governs the partitioning between
groundwater recharge and surface runoff (Lin, 2010). Since saturated hydraulic conductivity is
connected to soil structure, transport mechanisms, and oxygen diffusion, it is one of the best
predictors of physical quality (Lipiec & Hatano, 2003; Van den Akker, 2008).

Saturated hydraulic conductivity can be calculated according to Thuku (2018):
Keat = 7o (2.7)
Where K is the saturated hydraulic conductivity (mm hrt);
Q is water volume flowing out (m°);
L is length of the soil column (m);
A is the area of cross-section (m?);
AH is difference in head at inlet and outlet (m);
tis time (h).

When the soil pores are filled with water, water moves through the soil in a saturated state; when
the bigger soil pores are filled with air, water moves through the soil in an unsaturated state. In dry
soils, a vapor movement occurs when vapor moves from a region of high vapor pressure to one of

lower vapor pressure (Oluwafemi et al., 2019).
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Krebstein et al. (2014) observed a reduction in saturated hydraulic conductivity of 26.6% in the
top soil (0 —0.10 m) and 12.5% in lower layers of the soil (10 — 20 cm) because of compaction,
According to Schwen et al. (2011), soil compaction reduces saturated hydraulic conductivity
because it distorts the connectivity, structural flow pathways, and hydraulic efficiency of several
macropores. Vehicle traffic lowered saturated hydraulic conductivity by nearly three times in a silt

loam soil (Blanco-Canqui et al., 2004).

According to Zhang et al. (2006), saturated hydraulic conductivity varied in Calcic Cambisols for
all levels of soil compaction at depths of 0 — 10 and 10 — 15 cm. Servadio et al. (2005) reported
that hydraulic conductivity for single tyres of one and four passes were 2.8 to 1.6 mm h7,

respectively.

Small bulk density increases have been reported to cause large decrease in hydraulic conductivity
and is dependent on the soil porosity and its saturation degree (Oluwafemi et al., 2019). Saturated
hydraulic conductivity results show high variability in time and space (Gtab, 2014; Reynolds et
al., 2009). Although field measurements of saturated hydraulic conductivity are more realistic and
less time-consuming (Alaoui & Helbling, 2006), they are less controlled than laboratory methods
(Rezaei et al., 2016).

f) Penetration resistance
Soil strength reflects soil resistance to a tillage tool moving through it (Hamza & Anderson, 2003)
and is measured using a cone penetrometer (ASABE, 2006). Penetration resistance can be
calculated as (ASABE, 2006):

PR= -=x100 (2.4)

where PR is penetration resistance (N m);
1 is the impression on the scale (m);
Cs is the spring constant (N m™);

Ac is the area of the cone (m?).

In contrast to bulk density data, data on penetration resistance measurement from an entire soil

profile may be collected automatically (Raper, 2005). Penetration resistance affects performance
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of tractors, water infiltration and tillage draft (Botta et al., 2006; Manuwa & Ademosun, 2007;
Mari et al., 2006).

Penetration resistance has been reported to increase by 76% for loam, 45% for clay and 92% for
silt due to soil compaction (Pagliai, 2003; Stenitzer & Murer, 2003). Patel and Mani (2011)
working on sandy loam soil reported increase of penetration resistance in the 0 — 15 cm soil layer
with increase inf wheel passes. For soil depths of 0 - 5, 5 - 10 and 10 - 15 cm, a load of 8.40 kN
and 16 wheel passes produced penetration resistance of 2750, 3873 and 4243 J m, respectively.

The influence of wheel traffic on soil compaction in a clay loam soil were investigated by Capello
et al. (2018). In controlled grass treatments, the penetration resistance along the profile varied
between 1500 and 3700 kPa and from 2500 to 4300 kPa in no-track and in track positions,
respectively. The penetration resistance increased to 9500 kPa in the first 0.20 m of soil profile
with a maximum value of 25000 kPa at 0.07 m depth after 5 passages.

Chyba et al. (2017) reported that penetration resistance increased thought the soil profile with
increase in wheel passes. Naderi-Boldaji et al. (2018) and Botta et al. (2009) reported linear
increase in penetration resistance with the number of subsequent wheel passes on the soil.
Taghavifar and Mardani (2014a) observed highest penetration resistance of 0.260 MPa at a depth
of 0.21 m at the third pass and wheel load of 3.00 kN. The least penetration resistance of 121 kPa

was observed at the first pass with a wheel load of 1.00 kN.

Jabro et al. (2009) observed that penetration resistance increased with depth for a sandy loam soil.
They reported a mean penetration resistance of 640 kPa from 0 to 5 cm, 1840 kPa from 5to 10 cm
and 2270 kPa from 10 to 15 cm depths. Field tests were conducted by Servadio et al. (2015) to
compare the compaction effects of one to four wheel passes of two different tyre configurations.
The mean values of penetration resistance were 2.02MPa for the one-tyre tractor and 1.86 MPa for
the two-tyres tractor in the top 0.20 m of soil. A mean penetration resistance of 2.72 MPa for the

single tyres tractor and 1.72 MPa for the two-tyre tractor were recorded in the 0.21 to 0.35 m layer.

Chan et al. (2010) compared the penetration resistance of soils under random and controlled traffic
in 0 to 40 cm soil layer. The results indicated that the penetration resistance for controlled and
random traffic were 1.051 MPa and 1.487 MPa after two years of experiment, respectively.
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Controlled traffic was reported to reduce penetration resistance by 29.3% compared with random

traffic treatment.

It may be difficult to detect compacted soil layers if penetration resistance is measured under high
soil moisture contents because penetration resistance reduces with increased moisture content at a
faster rate in higher bulk densities (Vaz et al., 2011). Furthermore, penetration resistance is affected
by soil type, organic matter content, soil texture, soil compressibility and metal-soil friction (Sun
et al., 2012). Being a point measurement and not a bulk soil measurement, penetration resistance
varies spatially (Alaoui & Helbling, 2006; Lipiec and Hatano, 2003; Nawaz et al., 2013; Van den
Akker, 2008). Therefore, used alone as compaction indicator, penetration resistance can give a

misleading picture about soil compaction (Batey, 2009).

g) Shear strength
The capacity of a given soil to withstand an applied load is known as soil strength. When an
external stress exceeds the mechanical stability of soil, compaction occurs (Nawaz et al., 2003).
Mechanically or hydraulically applied stress causes soil deformation. Whereas soil stress
propagation depends on both soil strength and soil deformation, soil deformation depends on both
soil stress and soil strength (Keller et al., 2013).

The greatest stress a soil has ever experienced before to loading is called precompression stress.
Deformation has been found to be elastic for stresses below precompression stress and plastic for
stresses above precompression stress (Schaffer et al., 2007). Krebstein et al. (2014) observed an
increase in the precompression stress of a sandy loam soil of 12.6% in the upper soil layer (0 to

0.1 m) and 15.2% at a depth of 0.1 to 0.2 m because of soil compaction.

Compaction occurs at stresses greater than precompression stress and increases its value
irreversibly (Lipiec et al., 2003). Although precompression stress directly relates soil strength to
soil stress, the concept relates to equilibrium conditions and laterally confined expansion (Abu-
Hamdeh & Reeder, 2003). Schaffer et al. (2007) cautioned that the soil's water content and

drainage parameters affect precompression stress.

A critical level of stress is reached when a tillage tool is dragged into the soil, creating failure
planes in the ground. When Mobhr's circle meets the failure envelope, the critical normal and shear
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stress that results in soil failure is achieved (Ahmadi, 2016). As shown in Figure 2.4, a straight line
with an intercept (soil cohesion, C) and an angle with the horizontal (soil internal friction, )

characterizes the soil failure zone (Kasisira & du Plessis, 2006).
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Figure 2.4: Mohr-Coulomb failure criterion and failure envelope (Kasisira & du Plessis, 2006)

According to the Mohr-Coulomb criteria, soil cohesion and internal friction affect soil shear
strength. Only the links between nearby soil particles can cause soil cohesion, which is the
maximal shear stress at zero normal stress (Zadeh, 2006). Cohesion is the binding force between
particles of the soil per unit area. It is affected by pore space, soil type and moisture content and is

independent of the applied force.

Depending on the kind of soil and the moisture content, the soil cohesion rises as the soil bulk
density increases. In comparison to fine-grained soils, coarse-grained soils showed larger internal
friction angles (Gitau et al., 2006).

Wang et al. (2022) carried out a field experiment to investigate the stress transfer by several passes
with various tractors. The findings demonstrated that tractors with small axle-loads produced
greater soil extra stress from 0 to 20 cm depth at each number of passes, whereas tractors with big

axle-loads produced higher soil additional stress at 20 to 80 cm depth.

According to research by Battiato et al. (2013), more wheel passes on the same track on mineral
soils result in deeper stress distribution and more compaction-affected soil volume. Pytka and

Szymaniak (2005) demonstrated that the first two wheel passes of a tractor induce the most soil
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deformation, which diminishes in subsequent passes. According to Schjnning et al. (2012), the
greatest stress in the tyre-soil contact region is more than twice as high for narrow, high-pressure
tires and almost comparable to the ground pressure for big, low-pressure tires. Berisso et al. (2013)
indicated that soil pore continuity was affected by deviatoric stresses.

Pytka and Szymaniak (2004) determined the stress distribution under multiple passes of a 29-kW
tractor of mass 2480 kg. They reported a significantly higher increase in maximum stress between
the first two passes, than between the second and third pass. They ascribed the difference in stresses
detected between the second and third wheel passes to soil consolidation

The interlocking of uneven soil particles causes internal friction in the soil, which is influenced by
the typical load applied (Gitau et al., 2006; Marenya, 2009). The angle of internal friction reveals
whether soil granules are in contact with one another. It is affected by normal stress, water content,
soil porosity and grain size distribution. Increased soil moisture content and density have been

reported to increase angle of internal friction and cohesion of coarse-grained soils (Zadeh, 2006).

According to some reports, the rate of shear has no effect on the internal angle of friction. In
comparison to sandy soils, clay soils have a smaller internal friction angle. Depending on the kind
of soil, this angle can range from 25° for loose, fine-textured moist soils to around 45° for thick,
coarse-textured dry soils (Zadeh, 2006). The adhesion between soil and metal surfaces when they
come into contact is known as soil-metal friction. It occurs when the cohesive forces of the soil
aggregate are less than the frictional and adhesive binding forces between the soil and the metal
surfaces in contact (Ren et al., 2001). Because of this, equipment design must consider soil-metal
friction (Sahu & Raheman, 2006).

2.3.3 Crop yield

The increased contact between soil particles and roots caused by compaction results in a fast
exchange of ions. Nevertheless, soil compaction reduces root penetration ability since it increases
soil strength (Hamza & Anderson 2005; Kirby & Bengough, 2002). The turgor pressure within the
elongating zone of the root provides the force required to push the root cap through the soil. If this

pressure is insufficient to overcome soil resistance, the root tip growth ends (Odey et al., 2014).
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Topsoil compaction limits root development more so than subsurface compaction (Botta et al.,
2006). Rooting depth and length are reduced because of soil compaction (Kristoffersen & Riley,
2005). Since roots can't grow as widely in compacted soils, there is less availability to nutrients
(Miransari et al., 2009: Nawaz et al., 2012). Root penetration was reported to be limited by
compaction of calcareous loamy soils with 5% organic matter at depths greater than 0.20 m.
(Bouwman & Arts, 2000). According to Saqib et al. (2004a), wheat plant root density decreased
when a sandy clay loam soil was compacted from 11210 to 1650 kg m™.

Because the roots of plants extend less slowly in compacted soils, they have limited access to soil
nutrients (Miransari et al., 2009). Significant soil compaction might lead to stunted plant shoot
development (Nawaz et al., 2012). Seedling emergence is also negatively impacted by soil
compaction (Shaheb et al., 2021). Low germination rate, late germination, and high mortality rate
are some additional impacts of soil compaction (Nawaz et al., 2012). In a greenhouse experiment,
Jordan et al. (2003) noted a rise in the bulk density of a dry soil from 1300 to 1800 kg m=. Oak
seedlings emerged later because of this. Young seedlings' reduced height was also seen. Silva et

al. (2008), however, found no correlation between soil compaction and plant height.

Chamen et al. (2015) observed that lower revenue and high production costs and are imposed by
soil compaction. Lower revenues arise from lower yields and additional fertilizer use (Sagib et al.,
2004a) while decreased vyield result from the reduced accessibility of nutrients (Chamen et al.,
2015). The impacts of soil compaction on crop productivity are doubled by salinity (Koch et al.,
2008; Sagib et al., 2004a; Whalley et al., 2008).

For some crops, light compaction of the soil has been proven to be beneficial. Alameda and Villar
(2009) reported that compacting sandy soils moderately can enhance the growth of woody plant
species seedlings growth. A loamy sand soil was subjected to different loads by Bouwman and
Arts (2000). They found that after five years, a moderate degree of compaction gave the highest

crop yield.

Hakansson (2005) analyzed yield reductions against degree of compactness for different crops in
terms of soil density. According to the study's findings, less compaction is preferable for oil seed,

whereas more compaction is better for cereal crops. High soil compaction reduced potassium
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absorption and barley output in clay loam, silt and loam soils with relative compactness levels of
75 and 90% of the typical level (Kristoffersen & Riley, 2005).

2.3.4 Environmental impacts
The wheel traffic-induced soil compaction affects the environment in various ways as summarized

in Figure 2.5.
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Figure 2.5: Implications of compaction to the environment (Chamen et al., 2015)

Soil compaction causes emissions of N2O (Ball et al., 2008; Hansen et al., 2008; Vermeulen &
Mosquera, 2009) and increase denitrification rate and emissions of N2O by 400 to 500% (Nawaz
etal., 2012). In the absence of traffic, Vermeulen and Mosquera (2009) observed a 50% reduction
in N2O emissions. Milne et al. (2011) predicted N2O emissions from soil using water-filled pore
space and nitrate. The primary parameters influencing N2O emissions from arable soils were found
as water-filled pore space and temperature (Dobbie & Smith, 2003; Milne et al., 2011). Lower

efflux of CO> has been observed when soil is compacted (Silveira et al., 2010).

Increased anaerobic soil conditions brought on by soil compaction lead to an increase in
methanogenic bacteria and a decrease in methanotrophic bacteria. This results in the lower
oxidation rate than its production rate of CH4 (Nawaz et al., 2012). Furthermore, anaerobic soil

conditions might lead to higher leaching and less pesticide breakdown (Alletto et al., 2010).
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2.3.5 Soil biodiversity

The microbial biomass of the soil is affected adversely by soil compaction Beylich et al., 2010;
Frey et al., 2009; Pupin et al., 2009; Shestak & Busse, 2005). Due to soil compaction, air-filled
porosity was reduced by 13 to 36%, which led to a decrease in microbial biomass carbon and
nitrogen (Tan & Chang, 2007). The amount of nitrogen available to plants can be reduced by
microbial processes occurring in compacted, waterlogged soils (Chamen et al., 2015; Tan et al.,
2008).

Stresses in the soil have an impact on enzyatic activity. The activities of amidase, dehydrogenase
phosphatase, and urease are decreased because of soil compaction (Tan et al., 2008;) while the
activity of phosphatase increased (Pupin et al., 2009). Comparing compacted and non-compacted
soils, researchers have shown that the former had greater methanogen levels and lower
eukaryotic/prokaryotic ratios (Jordan et al., 2003; Schnurr-Putz et al., 2006).

Compaction reduces macro pores affecting the movements of the soil fauna (Bouwman & Arts,
2000; Radford et al., 2001). Larger soil fauna in interstitial spaces in the soil influence
decomposition of soil organic matter. Compaction also reduces the population of nematodes (Chan
& Barchia, 2007). In highly compacted soils, there has been a documented rise in herbivore
nematodes and a decline in bacterivore and omnivore nematodes (Bouwman & Arts, 2000).
However. Beylich et al. (2010) reported that compaction of the soil had no impact on the soil's
biota or biological processes. Ground flora is important in revegetation, water and nutrient cycling
and aesthetics (Zenner et al., 2006). Some plant species can recover after severe soil degradation
(Demir et al., 2008).

2.4 Alleviation of soil compaction

Avoidance of compaction is more effective and less costly than remediation. The strategies to
reduce compaction caused by agricultural operations depend on climate, soil type, and land use
(Chamen et al., 2015). Biological activity, natural weathering and agronomic measures are
ineffective in amelioration of compaction (Spoor et al., 2003) necessitating the use of mechanical

measures to hasten the recovery of the compacted soil (Radford et al., 2007; Spoor, 2006).
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2.4.1 Controlled traffic

According to Antille et al. (2015), controlled traffic farming (CTF) is a mechanized system where
machinery have the same track width to restrict traffic to lowest possible regions covered by
permanent traffic lanes. This restriction of wheeling to permanent traffic lanes improves tractive
efficiency (Alakukku et al., 2003). Controlled traffic improves soil conditions for both crops and
tyres (Hamza & Anderson, 2015). The system slows down recompaction of cultivated soil reduces
slipping and enhances water penetration in the soil (Li et al., 2001). It reduces run-off, improves
soil structure, minimizes nitrogen losses, and increases soil moisture (Li et al., 2000). Chamen

(2003) reported yield improvements of up to 35% for CTF systems.

Bulinski and Niemczyk (2001) reported that the soil bulk density in CTF system was higher by up
to 39% compared to cropped area outside the traffic lanes. Hamza and Anderson (2015) observed
that up to 79% less energy for disc ploughing was used up in controlled traffic. Nikolic et al. (2001)
approximated this saved energy to be between 20 and 25%. Chen and Yang (2015) reported that
CTF systems increased soil compaction in traffic lanes thus reducing it in crop zone. They added

that the system reduced fuel consumption by 24%.

Up to 86% of the field in random traffic farming (RTF) has tyres on it in a season (Kroulik, 2009)
with 95% of the field experiencing at least a wheel pass (Kroulik et al., 2011). This percentage
reduced to 45% when a one-pass system of cultivation was used (Chamen et al., 2015). According
to Kingwell and Fuchsbichler (2011), the productivity of sandy loam soils improved by 53% under
CTF systems. Chamen (2011) reported that CTF increased yields by 8% on silt, 19% on clay, 20%

for root crops and 22% on loam.

Because of the high entry cost and the difficulties of matching axle and implement widths, CTF
adoption has been delayed (Chamen et al., 2015). Although CTF is achievable because of the usage
of auto steering systems and Global Positioning System (GPS), definite field layouts and

machinery operating width are necessary.

2.4.2 Tyres with low ground pressure
These who are a preventative measure that only work on topsoil for tyres and on subsoil for tracked
vehicles (Ansorge & Godwin, 2008). Lower inflation pressure spreads the load across a larger

region, lowering ground pressure and enhancing pressure distribution uniformity (Alakukku et al.,
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2003). Bigger tyres with low inflation pressures lessen the possibility for soil compaction (Hetz,
2001).

Using 1000 kg loads to compare rubber tracks and tyres, Pagliai et al. (2003) concluded that the
tracks confined compaction to the surface layers. Similar findings were reported by Ansorge and
Godwin (2007) with weights of 12000 kg. Lamandeé and Schjgnning (2011) postulated that stresses
in the topsoil increased with contact pressures whereas those at lower depths rise with load. They
observed that in a silty clay loam, the maximum stress was correlated with the mean ground

pressure at 0.30 m depth, whereas the stress was correlated with wheel load at 0.90 m deep.

2.4.3 Deep ripping

Tillage can reduce topsoil compaction's negative impacts (Berisso et al., 2012). According to
Schjgnning et al. (2016), subsoil compaction occurs below 25 cm depth and cannot be removed
by conventional tillage. Hard pans form at soil layers between 15 and 36 cm deep (Alakukku et
al., 2003; Kumar & Thakur, 2005). Chisel plough, subsoilers, and cultivators are used in deep
tillage operations to reduce soil compaction (ASABE Standards, 2009). Deep ripping ameliorates
hard setting soils and destroys hard pans (Hamza & Anderson, 2003; Torella et al., 2001). It is
employed to break up the compacted soil horizons below the topsoil that limits the infiltration of
water and penetration of roots (Bateman & Chanasyk, 2001).

Improved soil health can result from deeply ripping compacted soil (Laker, 2001). Deep loosening
of soil overcomes friction, shear resistance and soil adsorption force (Sahu & Raheman, 2008).
According to Hamza and Anderson (2002), the impact of ripping on water infiltration decreased
drastically in the second year, indicating that the soil re-compacted. Ripping enhances water and
nutrient infiltration as well as plant root development (Borghei et al., 2008). At depths ranging
from 0.25 - 0.90 m, a subsoiler splits up compacted strata of soil to form continuous grooves

created by shanks drawn into the soil (Kees, 2008).

Subsoiler shanks are of different shapes and may be straight or parabolic shaped, having wings or
with no wings. Parabolic shanks require less power to pull them than straight shanks. Winged

parabolic or straight shanks require more power to pull them (Li et al., 2012;).
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To improve drainage and root penetration, Spoor et al. (2003) advised cutting cracks across the
compacted regions. Chamen (2011) reported that subsoiling increased infiltration by around 1.7
times on clay and sandy loam soil. Allen and Musick (2001) reported a similar observation on
infiltration in watered furrows, which rose by 28% owing to subsoiling. According to Said (2003),
subsoiling enhanced overall porosity, macropores, and movement of water vertically in the soil

profile.

Working on a sandy loam soil, Chamen (2011) reported no response from winter wheat despite
loosening the soil to 0.35 m depth. Two tractor passes afterwards restored the soil to its previous
strength. Olesen and Munkholm (2007) investigated the effect of subsoiling on a sandy loam and
loamy sand and concluded that loosening the subsoil was ineffective in reducing subsoil
compaction. Ripping should be undertaken at an optimum moisture content to reduce cost (Hamza
& Penny,2002; Lacey et al., 2001). The depth of ripping for breaking the hard pan layer is greater

for deeper cultivations.

2.4.4 Using lighter machinery

Less soil compaction is attained by using lighter equipment. When two tractors of different masses
with a similar contact pressure are compared, the larger tractor will result in a higher rise in bulk
density for the same number of wheel passes. More passes with the lighter tractor might result in

just as much compaction (Chamen et al., 2015).

Botta et al. (2006) showed that numerous wheel passes with a 1000 kg tractor rendered direct
drilled topsoil unsuitable for seedling emergence. During 10 to 12 passes of this tractor, the effects
of soil compaction reached a depth of 0.60 m in the same profile.

2.4.5 Cover crops

Soil compaction increases mechanical resistance to the growth of roots and changes pore space
configuration and their extent (Hamza & Anderson, 2005). Plant species with deep tap root can be
used in soil compaction alleviation (Rosolem et al., 2002). Biological tillage is whereby deep-
rooted crops penetrate through compacted soils and causes the soil to fragment (Chen & Weil,
2010). The force required to push the root cap through the resisting soil is provided by the turgor

pressure within the elongating region of the root.
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According to Hamza et al. (2001), lupin (Lupinus spp.) and radish (Raphanus spp.) roots have a
brief reduction in diameter when transpiration begins, followed by a brief rise. This diurnal
oscillation destabilizes and loosens the soil. Cover crop leaves also generate a thick mat of biomass
on the ground that supplies organic matter and conserves moisture, increasing earthworm activity

in the soil and resulting in lower soil bulk density (Weil & Williams, 2004).

2.4.6 Organic matter in the soil

Retaining sufficient organic matter improves soil stability and resistance to deterioration. Organic
matter bind soil mineral particles together and therefore influence soil compatibility. This
influence is related to C/N ratio, degree of resistance to decomposition, organic matter, soil type,

moisture, and temperature (Sainju et al., 2007)

Cover crops were reported to improve carbon sequestration in irrigated crops. Since organic
materials have higher porosity and less bulk density than soils, integrating organic matter with soil
increases soil porosity and bulk density. The organic matter's elasticity restricts the passage of
forces to the subsoil, functioning as a buffer to lessen the effect of agricultural equipment on the
soil. The demand for N, P, and K nutrients decreases as a result of bacterial activity and other

activities on organic matter increasing the amount of nutrients in soil (Cuttle et al., 2003).

The effects of sheep manure and vermicompost at values of 0, 2, 4, 6, and 8% on soil compaction
in loam and clay loam were studied by Shahgoli and Jnatkhah (2018). It was reported that both
organic matter applications at all levels significantly reduced soil compaction. Application of 8%
organic matter resulted in a 9.3% decrease in soil compaction. With 8% organic matter added, the
smallest bulk density of 1.48 g cm was reached, resulting in a 10% drop in compaction.

Morvan et al. (2018) investigated the impact of organic farming on the physical parameters of silty
soils in France's Brie region. They found no statistically significant variations in saturated
hydraulic conductivity or bulk density. Mosaddeghi et al. (2000) observed that mixing 50 and 100
Mg ha of livestock dung into silty clay loam topsoil decreased the compaction impact of two
tractor runs of 48.5 kW. According to Hamza and Anderson (2005), applying 10 Mg ha™ of green
leaf manure resulted in a drop in bulk density of 20 kg m-3and an increase in sol strength of 11800

kPa for sandy loam soil, while increasing infiltration rate by 40 mm h.
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Growing green manure crops, keeping previous crop remains on the soil's surface, and adding
animal manures or sludge are all ways to absorb organic manure into the soil. Hence, soil structure
is strengthened (Culttle et al., 2003). The susceptibility of soils to compaction was found by Diaz-
Zorita and Grosso (2000) to reduce when organic carbon levels were raised for clay loam. For sand
and clay soils, Kumar et al. (2009) reported a similar finding. The efficiency of various techniques
of incorporating organic matter into the soil varies. Powlson et al. (2011) disproved the notion that

incorporating straw into the soil improved organic matter levels in less than ten years.

2.4.7 Conservation tillage

Conservation tillage decreases the requirement for soil cultivation and reduces the amount of soil
compaction caused by vehicle activity. Low tillage measures assist to decrease soil crusting and
improve the soil's organic matter content by retaining residues on the surface of the ground. As it

rains, the residue on the soil surface absorbs the impact of water droplets.

Petersen et al. (2004) reported that reducing secondary tillage lowered the susceptibility of soils to
compaction, hence retaining soil aggregates. Over tilling disrupted the natural soil structure,
leaving the soil more prone to compaction and crusting. According to Powlson et al. (2012),

reduced tillage has the potential to increase nitrous oxide emissions.

2.4.8 Crop rotations and management

Crop rotations should include crops that vary in depth and zone of rooting. They should be
combined with agronomic management practices which promotes plant roots to grow through and
shatter soils that are compacted, enhance soil structure, water infiltration organic matter content

and biological diversity (Bavin et al., 2009).

2.5 Compaction effect of tractor wheel traffic intensity on subsoiling draft

Draft is the amount of force needed to move a tillage tool in the tractor's forward motion (ASABE,
2006). It is the portion of the pulling power that is created horizontally by the tractor when pulling
an implement during ploughing (Olatunji et al., 2009). Tillage causes soil failure by tension, shear,
compression, and plastic flow (Zadeh, 2006). While wheel activity increases soil strength and the
need for tillage draft, tillage diminishes soil strength (Tullberg, 2000).
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A portion of tillage energy requirement is used to overcome the soil particles that are interlocked.
Increased draft leads to significant energy consumption with attendant economic and
environmental challenges (Godwin, 2007; Nawaz et al., 2012). According to Tullberg et al. (2003),
the compacting and decompacting of the tractor's own wheel tracks uses up half of the tractor's
overall power output. According to Moitzi et al. (2006), 20% of ploughing fuel usage is utilized to
drag the plough through the soil. The remainder of the fuel usage is attributable to efficiency losses

in the gearbox, engine, and wheel-oil contact.

Draft measurements are needed for determination of tractive performance and energy requirement
of a tractor (Chen et al., 2008; Kathirvel et al., 2001; Mamkagh, 2016). According to Arslan et al.
(2015), compared to non-trafficked areas, tyre tracks needed 47% and 49% more draft during
tillage operations for RTF and CTF, respectively. The draft needs for deep tillage for CTF and
RTF treatments, respectively, were 39% and 13% less in the non-compacted zone.

2.5.1 Soil parameters

Soil properties affecting draft include soil strength, bulk density, soil texture and structure, and
moisture content (Alimardani et al., 2009). Changes of soil bulk density during tillage operations
affect mechanical behavior of soil. Chamen et al. (2015) observed that a compacted soil resulted
in more energy consumption to pull tools through it. They observed a draft reduction of 25% in
non-compacted loam and clay soils. Gasso et al. (2013) concluded that non-compacted soil
requires less tillage energy than compacted soils. Higher traction force has been reported for chisel
plough in soils of higher bulk density (Dahab & Mutwalli, 2002).

According to Mouazen and Ramon (2002), implement draft rose as penetration resistance
increased. Manuwa and Ademosun (2007) found similar results, noting that the rate of draft
increased sharply when penetration resistance rose from roughly 200 to 850 kPa. Increase of
moisture content reduces soil cohesion and friction angle resulting in reduced strength. Elevated
moisture content reduces soil shear strength, weakens the inter-particle bonds, reduces internal
friction, and increases the workability and compatibility of the soil. Mouazen et al. (2003) showed
that draft decreased with increasing moisture content. Reduced moisture lowers soil-metal sliding

friction leading to less subsoiler energy consumption. Raper and Sharma (2004), on the other hand,
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advised that certain soils attach to metals with increasing moisture content in the soil, leading to

greater draft.

Bulk density is a pertinent variable in draft considerations since draft increases when the density
of soil is increased. Nkakini and Vurasi (2015) reported that when bulk density increased, so did
the power needs of a disc plough. Manuwa and Ademosun (2007) found that increasing the soil
bulk density of a fine sandy loam from 1680 to 1830 kg m= resulted in a 15 to 35% increase in
draft. This was attributed to the fact that more soil mass is moved by the plough if the soil is dense
than if it were less dense, for the same width and depth of cut. An increase in draft is therefore

needed to counteract for the larger soil mass's acceleration (Kawuyo, 2011).

Adhesion is affected by the tool characteristics and physical properties of the soil (Sharifat &
Kushwaha, 2000). Soil properties affecting adhesion include void ratio, water content, organic
matter content, clay content and grain size distribution while the properties of the tool include tool
geometry, Operating speed and surface roughness (Ren et al., 2001). Adhesion of soil increases

fuel consumption, leading to higher draft and reduced efficiency (Birch et al., 2016).

The draft force of subsoiler was observed by Mouazen and Ramon (2002) to decrease with
moisture content linearly and to be a cubic function of dry density and a quadratic function of wet
bulk density. Tong and Moayad (2006) found that the draft increased with increasing soil bulk

density from field experiments with a chisel plough.

Khan et al. (2010) showed that certain soils exhibited their best adhesion at water contents between
22 and 32%. Satomi et al. (2012) observed that when void ratio rose, the adhesion reduced.
According to Birch et al. (2016), compaction effort had a substantial impact on the angle of internal
friction and the adhesion constant. They ascribed the greater adhesion value in clay soils to the

increased surface area formed at the soil-metal contact and the fineness of the particles.

Raper and Sharma (2004) subsoiled at a depth of 33 cm with soil water content of 6.1, 6.5, 9.9,
and 11.2%. The findings indicated that the lowest moisture content (6.1%) produced the greatest
draft and vertical forces. At a moisture level of 6.5%, when draft forces were reduced by 25% to

32%, the soil was at its most conducive for subsoiling.
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Arvidsson et al. (2004) measured draft during tillage at depths of 0.13, 0.17 and 0.21 m with a
mould board and a chisel plough. The mould board plough had higher specific draft than chisel
plough. The specific draft rose as the moisture content dropped. This rise in specific draft with

decrease in soil moisture was larger for the chisel than for mould board plough.

2.5.2 Tool parameters

Rake angle, aspect ratio, shape, soil-metal sliding friction, tool type, share sharpness, attachments,
and furrow width are some of the elements that affect tool design (Odey et al., 2018; Tong &
Moayad, 2006). Cutting forces rose nonlinearly when the cutting breadth was increased (Abo-
Elnor et al., 2004). However, Zadeh (2006) reported that draft and tool width had a linear
relationship. Differences in the specific drafts of chisel, mouldboard, and disc harrow were
reported by Arvidson et al. (2004). The chisel plough was observed to have higher specific draft
than the disc harrow and the mouldboard plough. They attributed the difference to the geometric

differences of implements and the mode of break-up of the soil.

Draft of a subsoiler is affected by shank shapes. Shank shapes include straight shank, no-wing
type, swept shank, curved shank, parabolic shank, winged type, non-vibration type, vibration and
rotary types (Raper & Sharma, 2004). In sandy soil, straight shanks that are vertically inclined give
reduced draft compared to curved subsoiler (Raper & Bergtold, 2007). A moldboard plough and
field cultivator have drafts that are approximately 2.1 and 1.8 times that of a chisel plough and disc
harrow, respectively. This means that utilizing energy-efficient tillage equipment can result in

significant energy savings (Askari & Khalifahamzehghasem, 2013).

2.5.3 Operational parameters

Operational parameters include tillage depth, width of cut and implement travel speed (Naderloo
et al., 2009; Shafaei et al., 2018a). The connection between speed and draft has been described as
exponential, parabolic, linear, and polynomial. These discrepancies are attributable to the influence
of shear rate on soil-metal friction, the effect of shear rate on soil shear strength, and the inertia

required to accelerate soil (Zadeh, 2006).

When the speed of a tillage implement increases and the fresh mass of soil disturbed accelerates,
dynamic effects on the cutting force prevail. In sandy soils, soil strength does not vary much with

shear rate (Gitau et al., 2006; Olatunji et al., 2015). When speed rises, inertial forces are engaged
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in accelerating the soil. Clay soils exhibit increases in shear strength at higher speeds, with rising

shear rate outweighing inertial forces (Zadeh, 2006).

Increase in draft with speed was suggested by Zadeh (2006) to be due to wave propagation effect
in which tillage draft requirements decrease when the tillage tool speed exceeds a certain optimum
limit. This may be explained by the fact that the plastic zone of soil in front of the tool is reduced
when the tool's speed is higher than the speed of wave of soil stress propagation lowering soil
cutting resistance (Al-Suhaibani, 2010).

Askari et al. (2017) investigated the influence of tine type, operating depth, and forward speed on
subsurface tillage tine draft demands in a clay loam soil. Three subsoil tillage tines, four speeds
(1.8, 2.3, 2.9, and 3.5 km h!), and three depths were applied (30, 40 and 50 cm). They found that
tine type and depth had a greater influence on tine draft than speed. They noticed an increase in
draft as their speed and depth increased.

Metwalli et al. (2002) showed that ploughing depth and inflation pressure had significant effect on
draft in clay loam soil. Draft was observed to increase linearly with depth in non-cohesive soils,
whereas this relationship was quadratic in highly cohesive soil. Zadeh (2006) reported that draft
force increased with depth of operation. The impact of the weight of the disc plough and the depth
of the tilling on the draft needs was examined by Olatunji et al. in 2009. Increasing velocity and
soil moisture content were observed to increase the draft demand. Aday et al. (2001) found that

the draft requirement dropped by 6% when speed rose from 0.28 to 0.77 m s,

According to Sahu and Raheman (2006), the reason why the draft increased with speed and depth
was because greater soil volume was handled as depth increased and therefore accelerating the soil
mass at a faster speed needed more effort due to higher soil resistance. Although Aday and Nassir
(2009) reported an increase in specific energy of chisel plough with forward speed, they observed
a reduction of the specific energy with reduced ploughing depth.

Ploughing depth and speed were reported by Al-Janobi et al. (2002) to affect the horizontal force
required to pull chisel plough. According to Khader (2008), as ploughing speed was raised from

0.89 to 1.92 m s, the energy used by a chisel plough to pulverize soil increased from 0.080 to
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0.108 MJ m3. Mileusnic et al. (2010) reported that zero tillage used between 80 and 284 MJ ha*

of fuel energy, while conventional tillage used between 412 and 740 MJ ha™.

According to Kosuti¢ et al. (2005), a conservation system with a chisel plough required 37.5% less
energy than a conventional tillage system. Compared to traditional tillage, which had a fuel
efficiency of 0.27 hah™* and a fuel use of 54 L ha'*, direct drilling used 8.9 L ha™* of fuel per hectare
(YYalcin et al., 2005).

2.6 Modeling of compaction effect of tractor wheel traffic on sub soiling draft

A model is a scaled replica and a simplified representation of a complex system (Yusuf, 2015). A
model is an abstract, mental, physical, and/or mathematical representation of a system (Putri et al.,
2020); a system comprises of interrelated elements, while simulation involves the utilization of

computer models to imitate a process or a condition (de Wit et al., 2019).

Models can be classified as deterministic or stochastic, static or dynamic, iconic or analog,
discrete, or continuous, and mathematical or conceptual (Makange et al., 2021). Mathematical
models are sets of equations representing interconnections in a system. Conceptual models are a
set of mathematical expression that explain causes and effects in the system; a set of general laws
or theoretical principles governing the operation of the units or the entire process in the system
(Nyaanga, 2000). Most models for draft prediction characterize compaction from bulk density,
penetration resistance and water content (Stenitzer & Murer, 2003). Cohesion is the primary
characteristic used in foundation engineering models to describe soil strength (Arvidsson & Keller,
2011).

The approaches used in modeling soil-tool interaction include numerical methods, empirical,
dimensional analysis, and analytical methods (Karmakar, 2005). Researchers use empirical models
to develop an understanding of a system through parametric studies (Nyaanga, 2000). The
variables are fitted into a curve and the curve of best fit is drawn and an appropriate model
developed (Karmakar & Kushwaha, 2006). Since data is very varied due to the non-homogeneous
nature of soil, empirical approaches for analyzing the interaction between soil and tools are useful
but have poor accuracy. Complex processes cannot be explained using empirical approaches, and
extrapolating the findings to all field circumstances is not easy (Ucgul, 2014).
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Soil-tool interactions can be simulated using continuum or dis-continuum approaches (Makange
etal., 2021). Continuum methods include Finite Element Method (FEM) and Computational Fluid
Dynamics (CFD) while dis-continuum methods include Smoothed Particle Hydrodynamics (SPH)
and Discrete Element Method (DEM) (Lysych, 2019). These methods are illustrated in Figure 2.6.

FEM
(Finite Element Analysis)

CFD
(Computational Fluid Dynamics)

DEM
(Discrete Element Method)

Figure 2.6. Numerical techniques for simulating interactions between soil and tillage tools
(Lysych, 2019)

Modeling process involves model construction, verification and validation. Model construction
involves making simplifying assumptions, identifying the boundary conditions, defining the range
of model applicability formulating the mathematical function linking the decision variables,
calibrating the model and validation of the model (Figure 2.7).

The model is continually compared to the real system during development and the feedback is
used to adjust the assumptions accordingly. Changes made to the model during these stages may

necessitate repeating the other stages iteratively (Yusuf, 2015).
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Figure 2.7: The general model verification and validation process

2.6.1 Linear regressions

Regression analysis is done to understand how a dependent variable change if any independent
variables is changed, with the other variables fixed. A function is specified using a set number of
unknown variables that are computed from independent variables in a parametric approach known
as linear regression. The goal of linear regression is to minimize the sum of the squared prediction
errors to identify the line that best fits a given set of data (Montgomery et al., 2007).

To predict the value of a dependent variable, a basic linear regression employs one independent

variable. Simple linear regression is of the form:
Y=8,+pB,X; (2.8)

Where Y is the dependent variable;
Bo is the intercept term;
Bo is the slope;

X1 is the independent variable.

Multiple linear regressions (MLR) are used to build linear connections between the independent

variables and the dependent variable (Sheehy et al., 2006). The independent variable is used to
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estimate values for the dependent variables. MLR is a form of linear regression involving multiple

regressor variables (Anwar & Miyami, 2011):
y = ao + alxl + 32X2 + a3X3+ ....... +aan + ¢ (29)

Where y is the dependent variable;
ag,aq, A, ... .. a, are the regression coefficients;
X1, Xgeenes Xp, are the variables of the regression model;

€ is the model error.

Training a linear regression model is quicker that other models such as neural networks. In
addition, the strength of the relationship between the dependent variable and the independent
variables may be determined using linear regression. Moreover, it may be used to detect
independent variables with no relationship to the dependent variable and variables with

unnecessary information about the dependent variable (Nyaanga, 2000).

The relationship between the explanatory and dependent variables must be linear for the linear
regression modeling technique to be applied. The residuals must have a normal distribution, and
the residuals in the dependent variable observations must not influence one another. There should
be homoscedasticity among the samples and no multicollinearity among the explanatory factors
(Anwar & Mikami, 201l). By incorporating several independent variables that have a substantial
impact on the dependent variable, a linear regression model's prediction accuracy can be improved.
However, too many independent variables will result in existence of independent variables with
very little significance on the dependent variable. This reduces the prediction accuracy (Li &
Wang, 2019).

Manuwa (2009) calculated specific coefficients for subsoiling in a sandy clay loam soil at depths
of 35, 70, 150, 200, and 200 mm at 11.5% moisture content. The following relationship was

obtained for a 0.50 m wide flat plate travelling at 2.5 m s at a rake angle of 90°:

F = 82.991¢%0091d (2.10)
where F is the implement draft (N);
d is tillage depth (cm).
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Using the soil bulk density, moisture content, and depth, Mouazen and Ramon (2006) calculated

the draft force on a straightforward deep loosening tine and established the following equation:
F = 3.16p3 — 21.36w + 73.39d? (2.11)

Where w moisture content;
F is the implement draft (N);
d is tillage depth (m);
p is bulk density (kg m™®).

Gitau et al. (2006) studied the mechanical characteristics of the compacting chromic luvisols to
improve the design of tillage equipment. They employed critical state soil mechanics to analyze
the stress-strain behavior of the luvisols using triaxial testing in a lab environment. Randomly
selected samples of undisturbed soil were taken from the field and tested in three dimensions
utilizing triaxial shearing and isotropic consolidation and compression. Deviatoric stress versus
axial strain plots were established to assess soil shear strengths at critical states at different soil
moisture levels and two soil depths of 0 - 20 cm for the plough layers and 20 - 40 cm for the hard
pan layers, respectively. The trends were successfully estimated using an exponential model that
was utilized to match the deviatoric stress-axial strain test results. The shear strength,
cohesiveness, the mechanical behavior of the luvisols were all considerably impacted by soil water.
The established regression equations demonstrated that the correlations between soil water and
internal angle of friction and cohesion are quadratic.

The relationship between depth, speed of operation, and the draft for a mould board plough was
modeled by Godwin et al. (2007) as:

F = (pd? + qd)v? + (rd? + sd) (2.12)

Where F is draft (kN);
d is tool depth (m);

v is working speed (m s™).

2.6.2 The ASABE model
The ASABE draft prediction equation is given by:
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F = Fywd[(p + qv + rv?)] (213)

where, F is draft (N);
Fi is soil texture adjustment parameter;
P, g, and r are parameters that are machine dependent;
v is operation speed (km h);
w is width of the implement (m);
d is depth of tillage (cm).
All tillage implements, apart from moldboard ploughs, subsoilers, and manure injectors, have a
zero coefficient for velocity (ASABE Standards, 2009).

The draft force of farming tools has been predicted using the ASABE model in a variety of soil
types (Askari & Khalifahamzehghasem, 2013). However, the standard has inadequate ability in
prediction of the draft of specific tools in specific soils (Sahu & Raheman, 2006). Although the
ASABE model provide reliable results, its assumptions change when the input variables are
changed (Shafaei et al., 2018a).

2.6.3 Dimensional analysis

Dimensional analysis is an approach involving equations that are dimensionally homogeneous,
independent of fundamental units (Kawuyo, 2011). Dimensional analysis, according to Simonyan
et al. (2006), is an effective technique for building predictive model for a range of systems. The
basis of dimensional analysis is the idea that a system may be described by a valid dimensional
equation among relevant variables (Karparvarfard & Rahmanian-Koushkaki, 2014).

The foundation of dimensional analysis is the idea that the systems must be qualitatively
comparable for absolute numerical equality of quantities to exist and that the magnitude difference
between two quantities is independent of the units employed to measure them. It is used to develop
prediction equation using the relationship existing among variables and reduces the number of
variables in a problem (Srivastava et al., 2006). Yusuf (2015) reported that although several
possible combinations of the n-terms exist, only a few reflect the physical phenomena modeled by

the terms.
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Nkakini et al. (2019) used dimensional analysis and the Buckingham n-theorem to create a model
for estimating fuel usage during harrowing on a loamy sand soil. A coefficient of determination of
0.96 was found between the measured and predicted equation results. Kawuyo (2011) developed
a draft prediction model for an animal drawn moldboard plough. The mode obtained was:

F = v2d? [0.6667 (dﬂg) +11600pM — 0.000626p] (2.14)

Where F is draft (N);
v is operating speed (m s);
d is soil depth (m);
m is mass of implement (kg);
M is moisture content (%);
p is density (g cm™).
The developed model predicted experimental data reasonably well with a high degree of agreement

between expected and observed values (R? = 0.92).

Karparvarfard and Rahmanian-Koushkaki (2014) measured fuel consumption and tillage draft for

chiseling a clay loam soil. The developed model was reported as:

FC _ k[(‘,—3)0.54 (2)0.0034 (w>—3.5072 (1)0.0618 (5)-01509 (£)1.2637]N (2.15)

g05w05 w wq wq wq

Where P is the soil penetration resistance (kPa);
d is the working depth (m);
FC is fuel consumed (I h'%);
F is draft (N);
Fr is the rolling resistance (N),
g is gravitational acceleration (m s2);
k is the logarithmic line intercept (constant);
N is slope of logarithmic line (constant);
Q is hourly fuel consumed (I h%);
S is the slip of the driving wheel (%);
Tw is width of tyre section while unloaded (m);

Tq is overall diameter of unloaded tyre (m);

47



wq is dynamic wheel load (N);

w is blade width (m).
Results indicated the predicted fuel consumption rates were 26 to 53% lower than those predicted
by the ASABE tillage draft model.

Dimensional analysis was used by Hosseini and Karparvarfard (2011) to develop equations to
predict vertical and draft forces on a tine of a chisel as a function of rake angle, forward velocity
and tine aspect ratio. The results showed no significant differences between values of intercept of
the measured and predicted values plot and the slope.

Moinar and Shahgholi (2018) modeled tractive efficiency of chiseling a silty sandy soil. It was
observed that tractive efficiency increased with increase of rake angle and tillage depth. Travel
velocity did not show significant effect on tractive efficiency. They obtained the following draft
prediction equation:

F = 0.0082 [(Vzwy) (V%)o.m (%)1.46 (sin a)2'6] (2.16)

Where F is draft (kN);
v is velocity (m s?)
d is the soil depth (m);
w is width of cut (m);
y is bulk density (kg m?)
a is the rake angle (°)

C is cohesion (kPa);

A mathematical model was formulated by Kabri et al. (2019) for predicting the draft of animal-
drawn ridger. Dimensional analysis using Buckingham’s n-theorem was used to develop the

animal draft output model. They model was given as:
F = vd? 05585 () + 23266pw + 118089.87p| (2.17)

Where F is draft (N);

v is operation speed (m s?)
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d is operation depth (cm);

m is mass of implement (kg);
w is moisture content (%);

p is density (g cm’).

The predicted model correlated well with the experimental results with R? value of 0.979.

NKkakini et al. (2019) created the following equation for estimating fuel use during harrowing

operations using Dimensional analysis:

FvdM
Pw

C = 0.00003 (==7) + 0.000002 (2.18)

Where F is draft (N);
C is the fuel consumption (I s2);
v is operation speed (m s™)
d is harrowing depth (m);
w is width of cut (m);
P is penetration resistance (N m?);
M is moisture content (%);
p is density (g cm™)
The outcome revealed fair agreement, with a coefficient of determination (R?) of 0.9624.

A mathematical model for predicting tillage energy requirement using dimensional analysis was
developed by Yusuf (2015). Test variables were speed, tillage depth, penetration resistance, shear

strength and width of cut. The following model was obtained:
E = 6vd?pw + 1261.2Pvd? + 30.93c6d — 120.57v2d3p (2.19)

Where E is energy (MJ hat);
w is tool width (m);
v is operation velocity (m s™);
d is tillage depth (m);
o is shear strength (kg m™s?);

P is penetration resistance (N m™);
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p is bulk density (kg m?3).
A strong relationship between measured and anticipated results was found during the validation of
the model (R? = 0.95).

Different variables of a system are represented by m-terms in dimensional analysis modeling
methodologies, and relationships between the variables are developed. The completeness of the
variables determines the effectiveness of a similitude model. Therefore. inaccurate scaling of

variables may result in distorted models (Karmakar, 2005).

2.6.4 Analytical models in soil-tool interaction

The concept of passive pressures and the premise that soil fails along a certain path from the cutting
tool's point to a location at the soil surface some distance in front of the tool are the basis of
analytical models (Murray, 2016). The process of soil fracturing begins with the application of a
compressive force by the cutting tool to the soil medium, which creates radial and vertical
compressive stresses. The tool blade's bottom is where a plane of shear failure begins. The external
stresses from the blade and the soil acts on the sheared segment. The soil segment is ruptured
radially outward from the cross-sectional center by the tensile forces that have formed inside it
(Karmakar, 2005).

The Mohr-Coulomb criterion has been used to form universal earth moving equation. The equation
predicts the tool's draft and the area of the soil it disturbs as a function of the soil's cohesion, the
failure wedge's weight, the internal friction of the soil, the rake angle, the soil-tool adhesion, and
the tool's working breadth (Murray, 2016). The forces generated by the interactions between the
soil and the tillage tool can be divided into interface, acceleration of gravitational forces, and soil
strength forces. The interface forces include soil-metal friction angle and adhesion. Soil-tool
friction is developed when soil moves on the tool surface. The surface roughness affects the
coefficient of friction between soil and the tool surface. The angle of friction between the tool and

soil is less than angle of internal friction (Zadeh, 2006).

Since in most applications it is not possible to differentiate between adhesion force and friction,
Afify et al. (2020) proposed the following model:

F=A,C;+Ntan o (2.20)
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Where Ao is tool surface area (m?);
Ca is soil adhesion strength (KN);
N is the normal force (KN);
o is angle of internal friction (°).
Cohesion is the force required to remove the soil slice from the shear failure surface by
outweighing the soil's internal force. When a tool applies pressure to the soil and compresses it,
the failure surface creates an angle () with the horizontal. This angle is determined from Mohr’s

circle using the equation:

B=3(90- @) (2.21)

where ¢ is angle of internal friction (°)
When the tool's force is greater than the cohesive force, the soil slice is severed.
Soil strength is a function of cohesion and angle ofinternal friction expressed as:
t=C+ otang (2.22)

Where 7 is soil shear stress (Pa);

o is normal stress (kPa).

There is an accelerating force produced as the soil mass is forced to move along the tool surface
(Afify et al., 2020). This force is expressed as:

2 siné
sin(8+ B)

B = g bdV, (2.23)

Where B is force accelerating the soil (KN);
v is the bulk density (kg m™);
g is the acceleration due to gravity (m s);
d is depth of cut (m);
b is the tool width (m);
Vo is the soil velocity (m s);
B is the angle of the forward failure surface (°);

0 is the rake angle (°).
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The weight of soil causes the gravitational force. The volume of the soil is determined by the tool's
surface area and tool width. It is expressed using:

W = ybA, (2.24)

Where W is weight of soil (kg);
v is bulk density (kg m3);
Ao is area of forward shear failure surface (m?);
b is the tool width (m).

Figure 2.8 illustrates a free body diagram of a soil section reacting to an approaching tillage tool.
By adding together the pressures created by soil-tool interactions in both the horizontal and vertical
axes and equating them to zero, equation 2.26 is created (Afify et al., 2020).

w

Figure 2.8: Free body diagram of soil segment to an advancing tool (Afify et al., 2020)

C A+B Caho

k= Z(sin B+ jicosP) | Z(sind+ |t cosd) (2.25)

+

w
Z

Where W is weight of the soil (kg)

_cos8 p'siné cosB —usin B (2.26)
" sin&+ wcos8 sinB+pcosB '

A is the area of forward shear failure surface (m?);
B is the angle of the forward failure surface (°);

B is the soil acceleration force (kN);

d is the rake angle (°);
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w’ is the coefficient of external friction angle;

u is coefficient of internal friction angle.

The failure plane areas and tool surface for the soil shear reactions forces is determined by:

bd
Ay =55 (2.27)
A =bd |22 (2.28)

Where Lo is tool length, (m);
L>=dtan 9;
d is cut depth (m);
b is the tool width (m);
B is angle of forward failure surface (°);

0 is rake angle (°).

According to Afify et al. (2020), the adhesion rose from 0.6 to 8.3 kPa as the soil bulk density and
moisture levels rose from 1.3 Mg m™ and 11% to 1.49 Mg m= and 19%, respectively. However,
there were no matching changes in the soil's contact friction angle. Consequently, the equation
used to determine the draft force of tillage tools was modified to:

C A+B

F_ W, _ CAsB
Tz Z(sin B+ pcosp)

+ (2.29)

Where Fis the draft force, (N)

_cos8 p'siné cosB —psinB

- sind + pcos 8 sin B+pcos B

C is the soil cohesion strength (kPa);

A is the area of forward shear failure surface (m?);
B is the soil acceleration force (N);

B is the angle of the forward failure surface (°);

u is the rake angle (°).
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Almost all proposed analytical models use simplifying assumptions and the influence of each
factor affecting draft must be determined separately (Zadeh, 2006). Analytical models are not able
to fully simulate a real system completely (Ucgul, 2014). Also, because the soil structure is not
uniform, it is not practical to build a single governing equation to predict the tillage forces. These
methods are only suitable for simple tools, for example blades (Murray, 2016). Also, analytical
models only look at soil failure and not soil movement because of their dynamic or quasi-static

condition assumptions (Ucgul, 2014).

2.6.5 Artificial neural network

Machine learning techniques have enabled great improvement on development of models
(Droutsas et al., 2019; Folberth et al., 2019). Christian (2020) showed that machine learning
algorithms-based models successfully simulate biophysical systems. Machine learning techniques
include decision tree, Bayesian regression, support vector regression, autoregressive integrated
moving average, linear regression models, recurrent, feedforward and convolutional neural
networks, random forest, and agricultural deep learning (Chakraborty & Joseph, 2017). ANN has
recently gained widespread acceptance in crop modeling as a robust computer-based non - linear
empirical model (Poznyak et al., 2019). Given the benefits of ANN, many scientists have used it

to mimic diverse aspects of agricultural systems.

Artificial Neural Networks is used to model non-linear variables with unknown interactions
(Hagan et al., 2002). ANNs can learn from experience and history, generalize on knowledge,
perform abstraction, and make errors (Wang & Leng, 2016). ANNs are easy to use and flexible
(Al-Janobi et al., 2020). ANN is made up of input, hidden and output layers (Figure 2.9). The
study's variables are represented by the number of neurons in the input layer, and the number of

neurons in the hidden layer(s) is chosen to enhance forecasts (Demuth et al., 2009).
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Figure 2.9: Basic structure of an ANN

A neuron is a processing node with synaptic input connections and an output (Jebaraj & Iniyan,
2006) (Figure 2.10). Each processing element receives an input pattern which stimulates it to reach
some level of activity. A single output signal is generated by the processing element and
transmitted through inter-connections to other processing elements (Khuntia, 2014). Weights are

attached to the input connections.

Outpat

Figure 2.10:A neuron (Khuntia, 2014)

The weighted inputs are added along with the bias to create the net input signal:

where: X is the net input signal;
n is the number of inputs;

X is the input from node j;
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wij is weight of the connection between two nodes;
bj is bias of node j.

An activation (transfer) function receives the input signal and computes the processing element's
output signal as:

0; = £, (X) (2.31)

Where Oj is the output signal from the processing element;

fn is transfer function;

X is input signal to processing element.

The output is determined by the transfer function employed (Kumar et al., 2002). For hidden and
output layers, the sigmoidal function is a typical transfer function. The input layer frequently
employs a linear transfer function. A linear function accepts all values, including those outside the

range of 1 to +1, but a sigmoid function limits the output to a narrow range (Khuntia, 2014).

(1) Pureline (linear)

f(x) = x (2.32)

Where X is net input

(i) Sigmoidal function

a) Logistic function:

f(x) = —— (2.33)

b) Hyperbolic tangent:

f(x) = S (2.34)

A model equation is created using the weights from a trained neural network model (Khuntia,

2014). The equation that relates the input parameters to output parameter is written as:

Y = fu{bo + ot [wWifa (b + 22, wir X |} (2.35)
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where Y is the output;
fn is transfer function;
Wk is connection weight between k™ hidden layer neuron and output neuron;
h is the number of neurons in hidden layer;
Xi is input;
m is number of input variables;
bo is the bias at the output layer;
Wik is connection weight between i" layer of input and k™ neuron of hidden layer;

brk is the bias at the k™ neuron of hidden layer.

A validation set is used to assess the neural network model's performance after it has been
developed using a training dataset (Houshyar et al., 2010). Training is done to select the best
performing network (Khuntia, 2014). The output error is distributed back to all the hidden layer
neurons during training and used to adjust the weights until there is convergence of the network
and output error is minimized. Model validation is done to confirm if the model performs within

the limits of the training data.

Model optimization is undertaken to improve the connection weights to find a global solution for
a non-linear optimization problem. The backpropagation learning algorithm searches an error
surface using gradient descent (Sekhar & Meghana, 2020). The concept behind gradient descent
learning is that, knowing which way is up, moving in the opposite direction will get you to the
minimum. Step components find the minima by taking steps in the direction estimated. It will take
too long to reach it if the steps are too little. A divergence may occur if the steps are excessively
big and overshoot the bottom (L.itta et al., 2013).

Momentum algorithms use inertia imposed by a momentum parameter to provide gradient descent.
The greater the momentum, the smoother the gradient estimation. However, if the momentum is
too high, oscillations may occur. Weights are used by the Conjugate Gradient algorithms to
identify which direction to shift the weights to reduce error (Hassan et al., 2022). The weight
update is determined using second-order methods using the Hessian (Litta et al., 2013).

The Levenberg-Marquadt algorithm combines the steepest-descent algorithm and the Gauss-

Newton technique. The Quick Propagation technique computes the derivatives in the direction of
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each weight under the assumption that the error surface is a parabola (Kadam & Al-lbrahimee,
2022). If the present and previous weight updates have the same sign, the learning rate is raised
linearly via the Delta-Bar-Delta method. Updates with various signs indicate that the weight has
been shifted too far (Litta et al., 2013).

Early saturation of neurons in the network can be prevented by normalization of the data by placing
the data in the sigmoid linear range. Data is normalized using the equation:

X, = 2 [ﬂ] (2.36)

Xmax

where:
Xr is raw in-put variable;
Xn is normalized input variable;
Xmax IS maximum input variable;

Xmin IS minimum input variable.

Complexity, nonlinearity, and uncertainty are three challenging issues that can be solved
effectively by using ANN models in engineering. In comparison to other empirical models, ANNs

are less sensitive to noise (Zaki et al., 2022).

Abbaspour-Gilandeh et al. (2020) employed ANN to forecast the chisel cultivator's required draft
based on the depth of tillage, soil cone index, soil moisture content, and velocity. The scaled
conjugate gradient descent technique was utilized to create the ANNSs, which outperformed
networks created using other approaches. For the simulation's prediction of a chisel cultivator's
draft force, the average correlation coefficient and simulation accuracy were 0.945 and 99.83%,

respectively.

The draft force of a moldboard plough was modeled by Al-Janobi et al. (2020) based on soil texture
index (consisted of clay, silt and sand) and field working index (a combination of ploughing depth,
soil bulk density, plough width, ploughing speed, soil moisture content, and tractor power). The
coefficient of determination obtained was 0.8602 for draft requirements. Between the observed

values and the values predicted by the ANN model, there was a mean absolute error of 0.99 kN.
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The draft needs of two-winged share tillage implements in a loam soil were forecasted by Akbarnia
et al. (2014) using a 3-7-1 ANN model with a back propagation learning strategy. The inputs were
operating speed, working depth and share width while draft requirement was the output. In
estimating the draft needs of the winged share tillage tools, the created model had a mean relative

error of 0.56 and a mean square error of 0.049.

Alimardani et al. (2009) constructed a preliminary prediction model using soil characteristics, soil
physical qualities (% of sand and clay, soil electrical conductivity, soil moisture content, cone
index), tractor travel speed, and tillage depth as input parameters. The best method, according to
them, was Levenberg-Marquardt, which had a prediction accuracy of 95.8%. In network testing,

they obtained an R? of 0.987 between the real and projected data from ANN.

Al-Janobi et al. (2001) created a multi-layer perceptron network with an error back propagation
learning method to predict the draft of a chisel plough utilizing plowing depths, soil characteristics,
and forward operating speeds as input factors and specific draft as the output parameter. The ANN
model employed has a sigmoid transfer function in hidden layers and was 4 - 24 - 12 - 1. They
noticed that the correlation between the measured and projected draft force was 0.987, and the
MSE was 0.1445.

A great quantity of data may be handled by ANNSs, and they can distinguish between nonlinear
independent and dependent connections as well as the relative relevance of various input factors.
Nevertheless, they have drawbacks such as network over- or under-fitting, being a black box, and
experimental nature of model construction (Al-Janobi et al., 2020).

2.6.6 Finite element methods

Particles with continuous bonding between them are considered as continuum and can be analyzed
using Finite Element Methods (FEM) (Ucgul, 2014). Finite element methods do not require prior
assumptions on soil failure patterns to be used for modeling tillage activities of various tools
(Kasisira, 2004). The assumption of continuity is not valid when using FEM for force prediction
where soil structure changes (Asaf et al., 2007).
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If constitutive relation for the soil is known, FEM has an advantage over analytical methods.
However, Marenya (2009) observed that FEM applicability in modeling tools is limited because

uncertainty exists about the constitutive relationship for agricultural soils.

2.6.7 Computational fluid dynamics

Using the Bingham model for computational fluid dynamics (CFD), Karmakar (2005) modeled
soil failure to show soil plastic failure with regard to the yield stress. A CFD model for a harrow
tillage tool was verified by Karmakar et al. (2009), who found that it overpredicted the draft force.
Also, it was shown that CFD projections for deep tillage and faster operating speeds deviated

greatly from the experimental results.

2.6.8 Smoothed particle hydrodynamics

Smoothed Particle Hydrodynamics (SPH) is a continuum simulation approach using a mesh-free
algorithm. Urban et al. (2002) evaluated the SPH method's usefulness in the soil-tool interaction
simulation. According to reports, configuring and running a simulation using SPH takes less time

and computing power. Yet it was shown that SPH consistently overestimated tillage forces.

2.6.9 Discrete element methods

The discrete (distinct) element technique is a discrete numerical method for analyzing granular
materials. It is based on element displacements provided by the equations of motion (Shahgholi et
al., 2019). DEM presents the mechanical behavior of an assemblage of discs (2D) and spheres
(3D) described as discrete particles with connections between particles guided by certain rules
(Murray, 2016).

Several studies have used DEM to simulate soil loosening and disturbance (Chen et al., 2013;
Fielke et al., 2013; Tamas et al., 2013; Tanaka et al., 2007). The modeling of the interaction
between soil and soil-engaging equipment has been done using DEM (Sadek & Chen, 2015). A
study on subsoiler soil-tool interaction model by van der Linde (2007) reported that the DEM

explained why a vibratory subsoiler required low draft requirement.

Makange et al. (2021) predicted precise subsoiling using DEM to explain cutting forces and
changes in the soil profile caused by a subsoiler. The experimental results acquired in the soil bin
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trolley with force sensors were used. They found DEM to be useful in simulating precision

subsoiling.

To predic draft forces during tillage at a speed of 12 km h%, Sadek et al. (2021) created a discrete
element model. With the use of a soil bin and a sandy loam soil, draft forces for separately installed

discs were measured. Relative errors in their findings ranged from 8% to 14%.

For two different soil types, Mak et al. (2012) developed and calibrated a soil-blade model using
DEM. The soil's inherent stresses were used to determine the model's normal stress, bond, and
shear strength parameters. The universal earth movement equations accurately predicted the soil

cutting forces, which were in good agreement with the simulation results.

Mak and Chen (2014) examined the draft forces of a sweep in a loamy sand soil at various tool
travel speeds and depths. The observations were utilized to assess a DEM model that would
recreate the soil-cutting process of the sweep. Soil particles were classified as spherical particles
having connections. The observed draft forces corresponded well with the predicted ones, with a

correlation value of 0.80.

Ndisya et al. (2015) utilized DEM to simulate the draft need of ripping sandy clay soil using tines
at various rake angles. The model was calibrated using the results of soil physical tests for moisture
content, bulk density, cone index, sieve analysis, angle of repose, and shear strength. The

observed and predicted values were not significantly different.

Soil cover depth and soil surface roughness were simulated by Gao et al. (2015) using DEM. To
emulate the dynamic soil qualities of a hoe-style seed opener, they created a model. A paired-row
hoe-opener tested in a sandy loam soil at a depth of 0.40 m and a speed of 7 km h* was used to
verify the model. Relative errors of under 10% were found in the test findings for soil cover depth,

soil roughness, and draft force of the opener.

Shmulevich et al. (2007) used DEM to study the interaction between soil and a broad cutting blade.
It was observed that there was a strong connection between the experimental and discrete element
simulation findings. They noticed that the soil movement under the blade tip had an impact on the

vertical force delivered to the blade.
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Linde (2007) created a DEM model to optimise the performance of a vibratory subsoiler and to
calculate the decrease in draft caused by the vibrating mechanism. The DEM successfully modeled
the vibratory subsoiler mechanism. Obermayr et al. (2011) developed a DEM model for calculating
soil-cutting forces in cohesionless granular material. Okayasu et al. (2012) discovered that soil

characteristics, tillage depth, and tillage speed influenced plough soil cutting behavior.

Li et al. (2016) used DEM to model how a subsoiler might operate. The draft force of subsoilers
was compared at four different places using the validated model. Findings showed that various
points produced various draft forces. The subsoiler with a short chisel produced the least draft
force (2885 N), but the point with a short face and wings produced the maximum force (4474 N).

The simulated results had relative errors of less than 4%.

DEM may be applied to improve tillage machinery and model interactions between soil and tools
as well as nonlinear soil dynamics. Mak et al. (2012) pointed out that the research that have been
done so far on DEM models are for cohesionless soils and do not include the choice of variables

and model calibration.

2.6.10 Fuzzy Inference Systems

Fuzzy logic (FL) mechanizes the human capabilities of reasoning and performing mental tasks. In
contrast to previous modeling techniques, FL may link a single output in dynamic and uncertain
processes to a set of fuzzy and non-uniform input variables. A nonlinear mapping is done by a
fuzzy inference system (FIS) by fuzzy IF - THEN rules from its inputs to output (Mohammadi et
al., 2012).

The antecedent of a rule defines the fuzzy area in the input space, and the consequent of the rule
specifies the output in the fuzzy region (Bajpal & Mandal, 2015). FIS is used in situations where
accurate modeling is challenging (Safa & Samarasinghe, 2011).

I Steps of fuzzy reasoning
According to Bajpal and Mandal (2015) and Solyali (2020), the steps of fuzzy reasoning performed
by FIS are:
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a) Fuzzification
Fuzzification is transformation of the inputs in a a nonlinear manner. The degree of associated
membership functions (triangular, trapezoidal, Gaussian or bell shaped) is used to define linguistic

variables of the fuzzy rules.

b) Aggregation
The logical operators AND and OR are used to combine each linguistic assertion once it has been
graded for degree. These linguistic assertions are combined using the logical t-norm and the t-
conorm operator. The MAX and MIN operators are used in classification tasks.

c) Activation

The degree of rule fulfillment determines how much the rules are activated in the output.

d) Accumulation (Aggregation)
A fuzzy output results from joining together the output activations of all the rules. Methods of
aggregating the outputs include probor (probabilistic OR), max (maximum) and sum (sum of each

rule’s output set).

e) Defuzzification
The final fuzzy output is defuzzified to give a crisp value. Methods of defuzzification include mean
of maximum (MOM), largest of maximum (LOM), center of gravity, bisector of area, and smallest

of maximum (SOM).

ii. The FIS rule base
According to Bajpal and Mandal (2015), Fuzzy if-then rules are expressed as:

IFxisATHENYyisB (2.37)
Where X is the input;

y is the linguistic output;

A is the premise;

B is the consequent parts of the rule
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iii. Types of FIS

a) Mamdani fuzzy system
The Mamdani fuzzy inference system maps input membership functions from input variables,
input membership functions into rules, and rules to output features, output membership functions
are mapped from output characteristics, and a single-valued output is mapped from output
membership functions (Buragohain, 2008; Hayati et al., 2011; Solyali, 2020).

The mean of maxima (MOM), largest of maxima (LOM), and smallest of maxima (SOM) are
Mamdani defuzzification strategies. These algorithms choose the mean, greatest, and lowest
output values for inputs with the highest membership value (Arlindo et al., 2018). The MOM is
used to determine the final output, Z, by determining the mean of a group of output values with

the maximum possibility degree, M, using the following equation (Mogharreban & DiLalla, 2006):
Z=Y%_,ljeM (2.38)

Other widely utilized defuzzification techniques are the center of gravity (COG) and center of area
(COA)/bisector methods (Arlindo et al., 2018). The COG (centroid) approach determines a crisp
output by calculating the center of gravity of the output possibilities distribution. The output (Z)
of continuous variables is calculated using the equation below (Mogharreban & DilLalla, 2006):

fp nu(x)xdx
fu u(x)dx

7= (2.39)

Centre of Area calculates the point below the curve where the areas of both sides are equal as
(Mogharreban & DilLalla, 2006):

[0 dx = [ p(x) dx (2.40)
According to Egaji et al. (2015), the COG Yyields better results than COA.

b) Singleton fuzzy system
In this system, the output to a singleton membership function is restricted to a single value. No
integration is carried out therefore computational demand for learning is reduced (Buragohain,
2008).
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c) Takagi-Sugeno fuzzy system
A crisp output is computed by the Takagi-Sugeno-Kang (Sugeno) FIS using weighted average.
The initial two stages of the fuzzy inference process are comparable for both approaches
(Buragohain, 2008). If the function is a constant, a singleton fuzzy system result from a Sugeno

fuzzy system.
A Sugeno fuzzy model has a rule in the form (Arlindo et al., 2018):
IFinput1=randinput2=s, THEN Outputisz=ar+bs+c (2.41)

The output z is a constant for a zero-order Sugeno model, (a = b = 0). The firing strength w; of the

rule weights the output, z; of each rule. The final output is given by (Bajpal & Mandal, 2015):

N
Yi=1 WiZi

Final output =
p Z%\Izlwi

(2.42)

Where w; = [T, x;<

zi is the output.

Any system's inputs, outputs, membership functions, and rules are the same for both the Sugeno
and Mamdani FIS. The output of the Mamdani consists of membership functions, whereas the
output of the Sugeno is linear or constant. A dataset is used to train the Sugeno, but Mamdani relies

on expert knowledge and does not require a data set (Egaji et al., 2015).

Although the Mamdani FIS employs the method of defuzzification of a fuzzy output, the Sugeno
FIS uses weighted average to produce a crisp output. As a result, Mamdani FIS contains output
membership functions whereas Sugeno FIS lacks such features (Bajpal & Mandal, 2015). In terms
of system architecture, the Sugeno FIS is more adaptable than the Mamdani FIS (Kaur & Kaur,
2012).

A FIS model with 24 rules was developed by Mohammadi et al. (2012) for share tillage tools to
predict draft requirements in a loam soil. The input variables of the FIS were depth, speed and
share width with draft requirement as the output. The Root Mean Squares of Errors (RMSE) of
0.33 and the coefficient of determination of .92 were found for the relationship.
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2.6.11 Adaptive Neuro-Fuzzy Inference System

Fuzzy inference is a technique that interprets the values in the input vector and assigns values to
the output vector based on a set of rules. The fuzzy model, fuzzy system, and fuzzy expert system
are other names for the FIS (Bajpal & Mandal, 2015). The adaptive neuro-fuzzy inference system
(ANFIS) blends both ANN and fuzzy systems. The ANN is used to derive the fuzzy IF-THEN

rules while appropriate membership functions are used for inference (Akbarzadeh et al., 2009).

Five functional blocks comprise the FIS as shown in Figure 2.11. The ANFIS is a fuzzy inference
system where the parameters governing the membership structure are changed either solely or in
conjunction with a least-squares-type approach and the back-propagation method. The fuzzy layer

is the top layer in this architecture.

Knowledge base

Fuzzifier Inference engine Defuzzifier

Crisp input Crisp output

Figure 2.11: A basic FIS

Each node in layer 1 is adaptive and has a node function (Solyali, 2020):

0" =y, x (2.43)

1

where X is the input;
A is linguistic label for node i;
Oi' is membership function of A;

Bell-shaped membership functions have a minimum of 0 and a maximum of 1 (Khoshnevisan et

al., 2014) and is calculated using:

1

—_e\2b
1+(X_C)
a

px) = (2.44)
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where X is the input to node i

According to Khoshnevisan et al. (2014), layer 2 consists of a fixed node whose output is the sum

of all incoming signals (T-norm operation):
02=w; = Hy (Oxpg (%) 1=123.. (2.45)

Where X is input to node i

wi is weight of node i

Layer 3 variables are modified as a result to decrease the error between experimental observations
and ANFIS output. The i*" node computes the ratio of the firing strength of the i rule to the sum

of the firing strengths of all rules. The layer's outputs are indicated as normalized firing strengths:

0 =w; = 2 i=123.... (2.46)

Wo+WwWq

where X is input to node i;
wi is weight of node i;

wjis normalized weight for node i.
Each node in layer 4 adds all the incoming signals to compute the overall output:
0" =wi(pi() +qi(y) +11)  i=123.. (2.47)

Where Oi* is the output of layer 3;

Pi, Qi and r; are consequent parameters.

The fixed single node in layer 5 computes the overall output as sum of all incoming signals:

015 _ Zizzl[wi(pigi)(:;qi(x)+ri] (2.48)

The network calculates the membership function parameter by combining the least squares
approach with back-propagation. In the forward pass, node outputs are carried forward to layer 3,
with the resulting variables determined using the least squares approach. In the backward pass,

error signals flow backwards, updating the premise variables (Khoshnevisan et al., 2014).
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ANFIS can only support the Sugeno-type systems of zeroth or first order with a single output using
the same type of output membership functions (constant or linear) having no sharing of rules and
having unit weight for each rule (Moinar & Shahgholi, 2019). To increase the accuracy of the
ANFIS model and reduce errors, types of input membership functions (triangular, Gaussian,
sigmoid, bell-shaped, and trapezoidal), the number of membership functions, optimization
methods (back propagation or hybrid), and types of output membership functions (linear and
constant), the number of epochs can be varied (Naderloo et al., 2012). The membership function
employed is determined by the situation and is based on experience (Mogharreban & Dilalla,
2006).

Taghavifar and Mardani (2014b) conducted research to forecast energy efficiency metrics using
ANFIS. Wheel load, speed, and slip were all input factors. The findings of this investigation
exhibited great prediction accuracy, with an MSE of 0.0166 and an R? of 0.98. Ghadernejad et al.
(2018) used the ANFIS model to estimate soil compaction beneath tractor wheels in their
investigation. Manure, number of passes, wetness, and depth were all inputs into the FIS. This

study's findings predicted soil density with more accuracy than the regression model.

Shafaei et al. (2018b) evaluated the effective chisel plough draft force for farming in a clay loam
soil. The input variables were ploughing speed and depth while the output parameter was the draft
force in Takagi-Sugeno-Kang type of ANFIS model of the first order. According to the findings,
the best ANFIS model has an R? of 0.994 and an RMSE of 0.722 (kN). The ANFIS model was
found to be more accurate as compared to ASABE draft model. Using ANFIS, Moinar and
Shahgholi (2019) predicted rolling resistance with test parameters being tractor speeds, tyre
inflation pressure, ballast weight and draft. They found that ANFIS was good for prediction of
rolling resistance (R? = 0.989).

Al-Dosary et al. (2020) examined the ANFIS approach to determine draft requirements of a disk
plough. Depth, speed, initial soil moisture content, soil texture index, initial soil bulk density, disk
angle, disk diameter, and disk tilt angle were the input variables, while draft was the output
variable. The triangular membership function outperformed all other functions. A comparison of
the MLR and ANFIS models revealed that the draft demands of the disk plough could be properly
calculated using ANFIS (R? = 0.939) compared to MLR (R? = 0.561).
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The fundamental drawback of the ANFIS model is that if there are more inputs than five, the
number of rules and calculation time would grow. ANFIS won't thus simulate the outcome in

relation to the inputs (Khoshnevisan et al., 2014).

2.7 Model calibration and validation

Verification of a model is the process of determining that a model meets specifications and fulfills
its intended purpose and does not contain errors. The accuracy of the model can be statistically
tested by computing draft requirements using known tillage operation parameters and the result
compared with draft requirements computed from field measurement. The t-test can be used to
reveal the level of accuracy and reliability of the model (Anwar & Miyami, 2011). Verification is

done to evaluate whether the model complies with the conceptual specifications.

A model's validity is evaluated by determining how closely the model and the data it uses reflect
the real world. Validation is used to show that the model reproduces the behaviors of the real-
world system. Model validation aims to make the model address the right problem (Yusuf, 2015).
Validation is a quality control procedure to confirm that the model achieves its goal (Nyaanga,
2000). Root mean square error (RMSE) and mean absolute percentage error (MAPE) and
coefficient of determination (R?) are statistical techniques to gauge how accurately a model

captures the actual system.

Once a model is accepted, the real system and the model are compared iteratively in a process
known as model calibration (validated). The process of confirming that the model implementation
effectively reflects the conceptual specification is known as model verification. On the other hand,
model validation is the process of evaluating how well the model and the data it uses resemble the
real world (United States Department of Defense, 2009).

The optimal models are decided based on minimizing the error. Evaluation of the derived models'

prediction accuracy was done using the following indicators:

I.  Mean squared error
Mean Squared Error (MSE) determines how well, given a specific input, a true output matches

predicted output (Shafaei et al., 2018a). The mean squared error is calculated as:
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MSE = - %(X; — X,)” (2.49)

Where, Xiis the measured draft (kN);
Xo is the predicted draft (KN);

A high MSE value implies that the prediction is not near the true value while a low value means

the predicted value is fairly accurate.

ii.  Root mean square error

Root mean square error (RMSE) is measured in the same units as the target variable (Khuntia,
2014) and is calculated as:

RMSE = |~ %(X; — X,)’ (2.50)

Where X;is the measured draft (KN);
Xo is the predicted draft (KN).

iii. Mean absolute error

The average of all observed absolute errors, known as the mean absolute error (MAE) (Khuntia,

2014) and is given by:
MAE = - %IX; — X,| (2.51)

Where X;is the measured draft (kN);
Xo is the predicted draft (KN).

iv.  Mean absolute percentage error
A measure of the closeness of predicted to actual value is known as the mean absolute percentage
error (MAPE) (Shafaei et al., 2018a) and is calculated as:

MAPE = =23, [2-%e

n

(2.52)

Where Xiis the measured draft (kN);
Xo is the predicted draft (kN)
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v.  Coefficient of determination
Coefficient of determination (R?) measures the linear relationship between the predicted and the
observed values. The RMSE measures the average magnitude of the error between model
simulations and observations. It ranges from 0 to 1, with 1 indicating that every point on the

regression line fits the data perfectly. The coefficient of determination is calculated as:

2 _ 1 _ Zin(iXo)®
Re=1 (XX (2.53)
Where X is the measured draft (kN);
Xo is the predicted draft (kN);

n is number of turns;

X is average draft (kN).

2.7 Summary of the literature reviewed and research gap

Soil compaction affects the following soil properties: porosity, bulk density, water infiltration rate,
and soil strength (Horn & Kutilek, 2009). From the reviewed work, not much has been done to
quantify to what extent wheel traffic induction affects these properties in silt loam soils in Kenya.
Most soil compaction studies have documented how penetration resistance and bulk density are
affected by soil compaction with minimal reporting on the effect of wheel traffic compaction on
the dynamic soil properties of cohesion, soil strength and angle of internal friction. Similarly, few

studies have been undertaken on the effect of these dynamic soil properties on subsoiling draft.

Soil-tool interactions have been modeled using analytical, empirical and numerical modeling
approaches. Because of the non-homogeneous character of soils, most empirical models are
inaccurate. On the numerical modeling approaches commonly applied, few attempts have been
made to model subsoiler draft using ANN and ANFIS. Mak et al. (2012) noted that DEM cannot
accurately represent the complex interaction between soil particles and machinery wheels, leading
to limitations in predicting subsoiling draft accurately. In a study by Marenya (2009), it was
highlighted that FEM might not effectively capture the dynamic and nonlinear behaviour of the

soil-tractor interaction during subsoiling, leading to challenges in representing draft requirements.
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Among the strengths of MLR, simplicity, interpretability, suitable for linear relationships. Its
limitations include being limited to linear relationships and not capable of capturing complex
interactions. Dimensional analysis models are based on fundamental principles and give the
potential for insightful relationships. However, they are based on rigid assumption of

dimensionless groups and might oversimplify complex phenomena (Yusuf, 2015).

ANFIS can capture non-linear relationships and provide interpretability through fuzzy logic.
However, their weakness includes complex parameter tuning and the challenge of balancing
accuracy and interpretability. ANNs can handle complex patterns, non-linear relationships, and
interactions. They are, however, prone to overfitting, are data-intensive, lacks transparency in
decision-making (Al-Janobi et al., 2020).

The choice of MLR, Dimensional Analysis, ANN and ANFIS models was made to ensure a
comprehensive analysis of the subsoiling draft requirements considering various aspects. MLR
and Dimensional Analysis address linear and fundamental relationships. ANFIS and ANN were
chosen to capture non-linear complexities and predictive accuracy. This combination offered a

holistic understanding of the interplay between soil properties and subsoiling draft.

Observations of soil structure deterioration due to repeated tractor wheel passes are widespread.
Studies have shown that soil compaction can lead to decreased water infiltration, increased surface
runoff, and soil erosion. These soil structural changes have negative consequences for both

agriculture and the environment.

From the literature reviewed, various studies have documented instances where crop yields were
significantly lower in areas with high levels of soil compaction caused by wheel traffic. Farmers
have experienced decreased productivity and profitability due to this phenomenon. Studies have
also revealed that agricultural machinery requires more fuel to operate in compacted soils. This
increased fuel consumption leads to higher production costs. Empirical data on fuel consumption

in compacted soils supports the need for more efficient tillage practices.

The literature reviewed revealed that the problem of soil compaction caused by wheel traffic is not
just a theoretical concern but a practical and widespread issue affecting agricultural productivity,
sustainability, and profitability.
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While there is existing research on soil compaction and its effects on agriculture, there isa gap in
the development of comprehensive predictive models that can accurately quantify the impact of
wheel traffic compaction on subsoiling draft requirements. This study aimed to fill this gap by
utilizing multiple modeling techniques (MLR, Dimensional Analysis, ANFIS, and ANN) to

provide a more holistic understanding of this relationship.

Previous studies have often focused on individual soil properties or compaction levels in isolation.
However, there is a need to integrate multiple soil properties, including physical and mechanical
properties, into a unified model that can better explain the variations in subsoiling draft
requirements. This study addressed this gap by considering a broader range of soil characteristics

in the modeling process.

Additionally, while empirical evidence of soil compaction exists, there is a gap in providing data-
driven solutions that can enable farmers to make informed decisions regarding subsoiling. This
study aimed to offer data-driven modeling solutions that can assist farmers in optimizing their

tillage practices and machinery usage.

2.8 Conceptual framework

The conceptual framework of the study (Fig 2.12) provides a visual representation and theoretical
foundation for understanding the relationships between the independent variables (depth, bulk
density, penetration resistance, moisture content, shear strength, and cohesion) and the dependent
variable (subsoiling draft) in the context of the effect of wheel traffic on subsoiling draft
requirements in a silt loam soil. The framework outlines the process by which the various modeling
techniques (MLR, Dimensional Analysis, ANFIS, and ANN) are applied to capture and analyse

these relationships.

The six independent variables that represent key soil properties (depth, bulk density, penetration
resistance, moisture content, shear strength, and cohesion) collectively contribute to the
mechanical behaviour of the soil and are influenced by wheel traffic. Wheel traffic has a direct
impact on soil properties due to compaction and disturbance caused by the machinery. It leads to

changes in bulk density, penetration resistance, moisture content, cohesion and shear strength.
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Figure 2.12: Conceptual framework of wheel traffic soil compaction

The dependent variable, subsoiling draft, is a measure of the force required to pull a subsoiling
implement through the soil. Subsoiling draft is influenced by soil properties that determine the

resistance encountered during subsoiling.
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CHAPTER THREE
MATERIALS AND METHODS

3.1 Experimental site and set up

The experiments were carried out in Egerton University, Kenya (Figure 3.1) during the short rains
season of August to October 2020. The test farm is located at longitude 35" 35° East, latitude 0°
23’ South, and is 2,238 m above the mean sea level. The rainfall in the study area is not uniformly
distributed with a mean of 1,000 mm. The minimum temperatures range from 5 'C to 8 'C while

the maximum range from 19 °C to 22 C.

35°56'40"E
)
0°21'40"SH -0°21'40"S
[+
Egerton
0°22'30"S F0°22'30"S
Legend
@ rFiELD SEVEN
0 0.15 0.3 0.6 0.9 12
_—_— T Hlometers E Nakuru
oo __] Counties cc-By-sA
T T
35°55'50"E 35°56'40"E

Figure 3.1: Map of experimental site

The test site is relatively level (0 to 1% slope) and has been used for several years with

conventional tillage. The topsoil at the experimental site was evaluated by sieve analysis to consist
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of 12%, 51% and 37% of clay, silt and sand, respectively. Based on the textural classification of

soils technique, this soil was therefore classified as silt loam.

Figure 3.2 gives the layout of 18 experimental plots used in the study. Each plot had a length of
30 m and was 15 m wide with a 5 m wide buffer between adjacent plots. Each treatment plot
included three randomly chosen sites (marked 1 to 54 in Fig. 3.1) where soil samples were taken
at depths of 0 - 20 cm (plough layer), 20 - 30 cm (hardpan layer), and 30 - 40 cm (subsoil layer)

after the pass.

1 3 9 15 17 10 14 4 6
C F D E 15
2 8 7 16 12 11 13 5
30 28 22 32 31 27 19 19
D 22 B E 25 C A 20 F
29 29 33 26 21 36 35
43 52 53 37 38 42 50 49 46 48
C 44 F A B
45 54 9 a1 40 51 a7
Key:
Plot A- 0 Wheel pass 1,2,3.,54 Sampling pit
Plot B- 1Wheel passes - A A Replicates

Plot C- 2 Wheel passes
PlotD- 3 Wheel passes
PlotE- 4 Wheel passes
PlotF- 5 Wheel passes

Figure 3 2: Experimental plots layout

3.2 Compaction effect of tractor wheel traffic intensity on physical and mechanical
properties of soil
To assess the effect of tractor wheel passes on soil physical and mechanical properties, the

following data collection methods were employed:

i. Wheel traffic data
Tractor wheel traffic experiments were conducted on the selected plots with varying levels of
compaction. Different numbers of wheel passes were applied to induce varying compaction levels.
Information on number of passes was crucial for correlating soil changes with tractor traffic. The

specifications of the tractor used to apply wheel passes are given in Table 3.1.

The tractor had a rear axle fitted with two 16 x 38 R1 tread bias-ply tyres. The tractor’s front and

rear wheel reactions were determined using equations 2.1 and 2.2. Since the mass of the tractor
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was 4070 kg and taking gravitational acceleration as 9.81 m s2; each pass of the Massey Ferguson

455 xtra tractor was determined to impart 25.56 kN to the soil.

Table 3.1: Tractor specifications

Specification Unit
Model Massey Fergusson 455 xtra
Tractor length 4.30m
Tractor width 2.00m
Rear tyre width 65 cm
Rear tyre pressure 1.5 bar
Front tyre pressure 1.5 bar
Tractor weight 4070 kg
Perpendicular distance from rear axle to centre of gravity 154 cm
Wheelbase 236 cm
Maximum static load of front axle 49.40 kg

ii. Soil sampling
Soil samples were collected at various depths before and after tractor wheel passes using standard

soil sampling equipment. These samples were analyzed for physical properties (bulk density,
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moisture content, porosity, infiltration rate and saturated hydraulic conductivity) and mechanical

properties (penetration resistance, cohesion, angle of internal friction and shear strength).

a) Bulk density
The core sampler and its contents were weighed and dried for 24 hours at 105 °C in an oven to
achieve a constant mass (Figure 3.3). An electronic balance was used to determine the mass of
oven dried soil. Equation 2.3 was used to determine bulk density. The results are presented and

discussed in Section 4.1.

b) Porosity
Equation 2.5 was used to calculate the porosity from bulk density and particle density data of the

soil. The results of porosity experiments are presented and discussed in Section 4.1.

Figure 3.3: Drying oven

¢) Moisture content
The samples’ moisture content was calculated using equation 2.6 after the score sample was
weighed, dried in an oven at 105 "C for 24 hours, and reweighed. The results of moisture content

experiments are presented and discussed in Section 4.1.
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d) Infiltration rate
Water infiltration rate was measured using metal tubes (150 mm height, 152 mm diameter and 2
mm thickness) before and after wheel traffic treatments for each depth. The soil was penetrated
vertically with the tubes (Figure 3.4). A specific volume of water was poured into the tube, and
over the course of five minutes, the amount of water that soaked into the soil was calculated. The
volume of water infiltrating into the soil per unit time was divided by the tube cross-sectional area
to give the rate of infiltration. The results of infiltration rate experiments are presented and

discussed in Section 4.1.

Figure 3.4: Double ring infiltrometer

e) Saturated hydraulic conductivity
Soil samples were taken at using a 69 mm diameter, 65 mm height core sampler. The samples were
saturated by placing them on perforated disks covered with cloth in a 25 mm deep tray containing
water. A rubber tubing was used to connect the saturated soil sample in the core to another core
that was placed on top to allow ponding of water on the surface of the sample. Siphons connected
to a constant head device were used to apply a thin water layer on the top of the specimen and a
constant head of 50 mm maintained above the soil column. At certain time intervals, measurements
of the amount of water percolating through the sample were taken. Equation 2.7 was used to get
the sample's saturated hydraulic conductivity. The results of hydraulic conductivity experiments

are presented and discussed in Section 4.1.
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Figure 3.5: Constant head permeameter

f) Penetration resistance
An Eijkelkamp analogue cone penetrometer measuring penetration resistance using a compressed
spring was used in this study (Figure 3.6). Readings were collected by pushing the penetrometer
vertically into the ground. A slip ring on a graduated scale was slid along as the spring was
compressed, indicating the maximum compression measured. The results of penetration resistance

experiments are discussed in Section 4.1.

Figure 3.6: Cone penetrometer

g) Shear strength, cohesion and internal angle of friction
Before and after wheel traffic treatment, three undisturbed soil samples were obtained from each

plot by pressing sharp, thin-walled stainless steel tubes with an internal diameter of 38 mm and a
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length of 200 mm to the necessary depth. To limit water loss, the rings were taken off, the soil was
cut, and then the lids were put on top and sealed. The sample was forced out of the tubes using a
piston and an extruder. In around the middle of the 200 mm sample, a sample measuring 76 mm
in height was removed (Gitau, 2004). Analysis was done in the University of Nairobi Soil

Laboratory by tri-axial testing (Figure 2.8) as outlined by Gitau et al. (2008).

Mobhr circles and the Mohr-Coulomb equation were used to determine the soil angle of internal
friction and cohesion of the soils graphically. The results of soil strength experiments are presented

and discussed in Section 4.1

Figure 3.7: Triaxial test apparatus

3.3 Compaction effect of tractor wheel traffic intensity on subsoiling draft

A dynamometer attached to the subsoiling equipment was used to measure the draft requirements
during subsoiling. These measurements were recorded for each experimental condition. The
dynamometer was attached using shackles between the towing and the towed tractor, as shown in
Figure 3.8. The towed tractor's three-point hitch held the subsoiler in place. A data logger made
up of an MSI 7300 digital dynamometer (Figure 3.9) that communicated remotely with an MSI
8000 remote display was used to capture subsoiler draft data. The subsoiler's deepest penetration
point was used to determine the depth of ploughing, which was measured vertically from the top

of the undisturbed soil surface.
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Figure 3.8: Draft measurement

With the implement set in operational position, the towed tractor was put in neutral gear. It
travelled for 30 meters at a speed of 2.5 km h* (0.69 m™). To record the idle draft as read from the
dynamometer in the field, the subsoiler was raised out of the ground and the back tractor was
dragged. The difference determined the draft of the tool needed to cut and disrupt the soil. This
was repeated three times for each wheel traffic treatment. The results of draft and specific draft

calculations are presented and discussed in Section 4.2.

Figure 3.9:Dynamometer used in the study

3.4 Modeling and validation of compaction effect of tractor wheel traffic on sub soiling draft
a) Selection of Soil Properties
The following soil properties were considered to model subsoiler draft:
i.  Bulk density
ii.  Moisture content
iii.  Penetration resistance
iv.  Shear strength

v.  Soil cohesion
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vi.  Depth

These variables are summarized in Figure 3.10. It was assumed that there were no variations in
soil conditions between time of wheel traffic application and subsoiling. Similarly, the tested soil
properties were assumed to have little temporal variations and the variations that occurred were

due to wheel traffic effects only.

Operational parameters
Speed held constant at 2.5 km bl
Deepth varied at 10, 25, 35 cm

| "y y Geometric parameters
= v | / (Held constant)

o tgt | Toolwidth =35 cm
Angle of attack =45°
Angle of tilt =0°

Soil properties
(WVaried with treatment)
Bulk density
Penetration resistance
Moisture content
Cohesion
Shear strength

Figure 3.10: Variables used in the study

The following modeling techniques were employed to develop predictive models for subsoiler

draft requirements:

I. Multiple Linear Regression: MLR was used to establish linear relationships between
subsoiler draft and selected soil properties. This technique provides insights into the

direct influence of each property on draft.

ii. Dimensional Analysis: Dimensional analysis was applied to derive dimensionless
groups that describe the soil-tractor interaction. These groups were then used to

formulate empirical equations for draft prediction.
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iii. Adaptive Neuro-Fuzzy Inference Systems: ANFIS was utilized to capture complex
relationships between soil properties and draft. It offers the advantage of adaptively

adjusting its model structure to the data.

v, Artificial Neural Networks (ANN): ANN modeling was employed to uncover non-
linear patterns and interactions between soil properties and draft. Neural networks have

the capability to handle complex, non-linear relationships.

3.4.1 Multiple linear regression

Pearson’s correlation coefficients were determined between the various variables to check the
existence of multicollinearity among the independent variables to be used in the draft model. The
regression model was determined using SAS software in terms of the depth of subsoiling,
penetration resistance, bulk density, soil cohesion, moisture content, soil strength and draft force.
In the model, depth, moisture content, penetration resistance, bulk density, soil cohesion and soil

strength were independent variables while draft force was the dependent variable.

All the measured raw data were preprocessed for use in the development and verification of the
model. By selecting random values between the minimum and maximum values of the data, the
data were split into two portions: 75% for calibration and 25% for validation. The regression model
was developed using the calibration data while verification of the developed regression model was
done using the validation set. The general regression model of the output and input variables were

developed according to equation 3.1 (Anwar & Miyami, 2011).
Y =ag+ a;x; +azx, +azxz+....... +apx, +¢€ (3.2)

Where y is the dependent variable;
Ag, A1, Qp, ... a, are the coefficients of the multiple regression;
X1, X9 nn X, are the regression model variables;

€ is the error of the model

The formulation and validation of the draft model are described in Section 4.3.2 (a).
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3.4.2 Dimensional Analysis
For analyzing any phenomena, a dependent variable is typically a function of several independent

variables (Srivastava et al., 2006):

X, =f(Xp X3, X400 X)) (3.2)
Where X1 is dependent variable;
X2, X3.....Xn are independent variables.
These n variables involve one or more dimensions of force, length, time or mass. These variables
may be categorized into a variety of dimensionless quantities (pi terms) using dimensional analysis
(Yusuf, 2015). A functional equation can be written as:

my = [y, T3, gy ... Ty,) (3.3)

i Modeling approach
The tool shape, speed, operating depth, and soil conditions all influence the draft needed to draw a
subsoiler. Draft varies with the soil penetration resistance, shear strength, bulk density, soil-metal
friction, speed of tractor, rake angle of the implement, depth of the subsoiler, soil cohesion, width of
cut, adhesion, soil moisture content and soil internal friction (Yusuf, 2015). Thus, the relationship

between the pertinent parameters may be summarized in the following form:
F=f{dvapdpwaP,CC,) (3.4)

Where:
F is draft (kN);
d is depth of operation (m);
a is the rake angle (°);
B is the tilt angle (°);
p is soil bulk density (kg m?3);
6 is the soil — metal friction angle (°);
w is soil moisture content (%);
P is penetration resistance (kPa);
o is soil shear strength (kPa);

C is cohesion (kPa).
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ii. Assumptions used in the model development
The following assumptions were utilized in the model development to reduce the variables
involved in draft determination:

a) Soils in the test plots are homogenous,

b) The angles of attack and tilt were zero,

c) Soil adhesion and soil metal friction angle were assumed negligible,

d) The operators are skilled in carrying out field operations.

A set of independent quantities which affect the dependent variable were identified. Dimensions
of the independent variables and dependent variable were listed. The quantities were grouped into
dimensionally independent subsets. The product of these subsets was reassembled in the form of

dimensionless terms to be tested experimentally (Yusuf, 2015).

According to Buckingham n-theorem, the number of dimensionless quantities necessary to
represent a connection between variables in a system is equal to the number of quantities involved
minus the quantity's fundamental dimensions (Simonyan et al., 2006). The following steps as
outlined by Kawuyo (2011) were used to derive a relationship between various physical quantities:
a) The n physical quantities and the number of fundamental dimensions (k) were listed.
Therefore, there are (n-k) n-terms. Selection of k of these quantities was done ensuring they
were dimensionless, and the k quantities retained as repeating variables (Table 3.2).
b) The first -term was expressed as the product of the chosen quantity to unknown exponent,
and one other quantity to a known power;
c) One of the remaining variables was picked using the repeated variables to establish the
next n-term. This step was repeated for the successive n-terms;

d) The unknown exponents for each n-term were solved by dimensional analysis.

Table 3.2: Pertinent variables affecting tillage draft

Symbol Variable Unit Basic dimensions
F Draft kN MLT2
p Bulk density kg m? ML-3
C Cohesion kPa ML-1T-2
o Shear strength kPa ML-1T2
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W Moisture content % -
P Penetration resistance kPa ML1T2
D Depth of cut M L

The formulation and validation of the dimensional analysis draft model are described in Section
4.3.2 (b).

3.4.3 Artificial Neural Networks

The ANN modeling was completed With MATLAB R2016a's environment. An input layer, a
hidden layer and an output layer make up the three-layer structure that was chosen. Training was
undertaken for networks for a specific number of epochs. A trial-and-error method was utilized to
determine the ideal number of hidden layer neurons by modifying the network architecture and

performing the training process numerous times until a satisfactory performance is reached,

Scaled conjugate gradient training techniques, gradient descent with momentum, and Levenberg-
Marquardt were utilized to train the data gathered for this investigation. Of the total data, 70%

were used to train the network, 15% to validate the model, and 15% to test the network.

If the hidden layer's number of neurons is sufficient, multilayer networks operate well. This is so
because networks' performance is dependent on how many neurons are present in the hidden layer.
Few neurons cause mismatch while many neurons result in overfitting which makes the network

to lose its capability of generalization.

The network layers were connected using the linear, sigmoid, and hyperbolic tangent activation
functions. The training of the network was stopped when no significant improvement in the
performance was noted. The network that resulted in maximum efficiency and minimum error was

selected as the final form of multilayer perceptron during training.

Normalization of the data was done using equation 2.35 to prevent the network from quick
saturation of neurons. The ANN model formulation and validation are presented in Section 4.3.2.

3.4.4 Adaptive Neuro-Fuzzy Inference System
The ANFIS to simulate the draft force of the subsoiler during tillage was developed using the
ANFIS toolbox of MATLAB R2016b software (The MathWorks Inc., 2012). Subsoiling depth,
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bulk density, soil moisture content, cohesion, and soil strength were used as the factors influencing

subsoiling draft. Grid partition structure was used to build the network.

Triangular, trapezoidal, generalized bell membership and Gaussian functions were used in
representing the inputs. For every input, three membership functions were employed (high,
medium and low) to reduce number of rules. A few of these rules based on the Takagi-Sugeno-

Kang (TSK) fuzzy type are presented in Table 3.3.

A hybrid optimization strategy was used for network learning. The mean of the anticipated values
was determined using the linear functions of each rule, and the model's final output was weighted
according to these values. The minimum degree of membership of the inputs was equal to the

weight of each rule.

Table 3.3: Selected rules in the draft prediction model

Inputs Output
Depth Bulk Cone  Moisture Cohesion Soil Draft
Density  index content strength
Low  Medium Low Medium  Low Low Low
Medium Medium Medium High High High High
High  Low High Medium  Medium  Medium Medium
Medium Low Medium Low High High High
High  High Low Medium  High High High

Five levels made up the newly created ANFIS structure (Fig. 3.11). The model’s first layer was
for the input variables (depth, moisture content, penetration resistance, bulk density, cohesion, and

soil strength) membership functions.
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Figure 3.11: A typical structure of the Takagi-Sugeno model (Tasan & Demir, 2020)

The fuzzification layer (layer 2) contained 15 nodes and determined the weights for each MF. The
fuzzy rule matching was done by the layer that contains the antecedent rules (layer 3). The fourth
layer (consequent rule layer) that followed used the rules' inference to produce the output values.

The backpropagation algorithm was used to determine the consequent rules.

Layer 5 was the output (inference rule) layer of subsoiling draft requirements. It merged the inputs
and turned the classification's fuzzy output into a binary one. The linear functions of each rule
calculated the average of the predicted values to provide the final output value of the model. Figure
3.12 illustrates the framework of the suggested ANFIS.

input inputmf rule outputmf output
-

Logical Operations
and

. or

not

Figure 3.12: Configuration of the Sugeno type of ANFIS model used in the study
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The model properties are presented in Table 3.4.

Table 3.4. Specifications of the developed ANFIS model

Parameter Description

FIS structure Sugeno
Number of inputs 7
Number of outputs 1
Accept ratio 0.5
Reject ratio 0.15
Membership functions 4,444
Optimization method Hybrid

Numerical ranges were used for depth (0 - 40 cm), bulk density (1256.76 — 1593.04 kg m™), soil
moisture content (39.8 — 47.4%), penetration resistance (642.24 — 1538.64 kPa), cohesion (6.74 —
8.52 kPa), soil strength (121.10 — 157.07 kPa) and draft (1.30 — 10.78 kN). The data were divided
into 15% for testing, 15% for validating, and 70% for training. The data and results of ANFIS

modeling are presented in Section 4.3.2 (d).

3.4.5 Training
Training refers to the process of teaching a model to make predictions or decisions based on data.
It's a crucial step in the development of machine learning algorithms and involved several key

components:

i. Data Preprocessing: Raw data was preprocessed by data cleaning (removing duplicates
or outliers), feature engineering (creating or transforming features to make them more

informative), and data splitting (dividing the dataset into training, validation, and test sets).

ii.  Model Selection: An appropriate machine learning algorithm or model architecture was

selected depending on the nature of the problem and the characteristics of the data.

iii.  Training Data: The training data was used to teach the model to make predictions. During
training, the model learns the underlying patterns and relationships in the data. It iteratively
adjusts its internal parameters to minimize a defined loss function, which measures the

difference between its predictions and the actual target values.
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iv.  Training Process: The training process involved feeding the training data into the model,
making predictions, and updating the model's parameters based on the calculated loss. This
process continued for multiple iterations or epochs until the model's performance
converged to an acceptable level.

v.  Hyperparameter Tuning: ANN and ANFIS have hyperparameters (parameters that are
not learned during training but are set before training begins). Hyperparameter tuning
involved finding the best combination of hyperparameters to optimize the model's
performance. Techniques like grid search, random search, and Bayesian optimization were

commonly used.

3.4.6 Model validation, data analysis and model generalization

After training, the model's performance was assessed using a separate validation dataset. Various
evaluation metrics were used to measure how well the model generalizes to unseen data. The
optimal models were decided based on minimizing the error between model output and the
measured data. Evaluation of predictive ability of the developed models were done using statistical
parameters between measured and predicted draft through mean square error (MSE), root mean
square error (RMSE), mean absolute error (MAE), mean absolute percentage error (MAPE) and

the coefficient of determination (R?).

The MSE was calculated according to equation 2.49 while the RMSE was determined by equation
2.50. The MAE was determined using equation 2.51 and the MAPE was calculated according to
equation 2.52. The coefficient of determination (R?) was determined using equation 2.53 and

Microsoft Excel.

The data obtained were tested for normality. Analysis of variance for the datasets was conducted
for experiments in a complete randomized factorial design. For pairwise comparisons at the 0.05
level of significance, Fisher's Least Significant Difference (LSD) was applied. To compare the

measured and predicted drafts, a paired t-test was employed.

Once the model performs well on the validation set, it is evaluated on a separate test dataset that it
has never seen before. This provides a final assessment of the model's generalization performance.

Model generalization refers to the ability of a model to perform well on unseen data, beyond the
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examples it was trained on. A model that generalizes well can make accurate predictions or

classifications on new, previously unseen data that it hasn't encountered during its training phase.
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CHAPTER FOUR
RESULTS AND DISCUSSION

4.1 Compaction effect of tractor wheel traffic intensity on soil properties

The studies conducted to ascertain the impact of wheel traffic-induced soil compaction on a
subsoiler's draft requirements at plough depth (0 — 20 cm), hardpan layer (20 — 30 cm) and subsoil
depth (30 — 40 cm) resulted to the findings and discussion in this chapter. The impact of wheel
passes on soil properties and subsoiling draft was assessed before and after the runs by tractor. The
soil properties were averaged over the three depths independently.

The results of the wheel passes on the pertinent soil properties considered in this study are
summarized in Table 4.1 and discussed below Sections 4.1.1 and 4.2.2. From equation 3.1, one

pass was estimated to impart a load of 25.6 kN on the soil.
4.1.1 Soil physical properties

a) Bulk density
It was found that the bulk density of the soil increased with increase of frequency of tractor wheel
traffic and soil depth. As the number of passes and load increased, an increase in bulk density was
seen in the 0 to 20 cm layer (Figure 4.1). For the untrafficked soil, the layer's lowest bulk density
was determined to be 1290.67 kg m™, and its highest amount after five passes was 1579.54 kg m"

3, It was observed that 36% of this increase in bulk density was due to the initial wheel pass.

According to this study, bulk density was often greater in the 20 — 30 cm layer than in the 0 — 20
cm layer. With no wheel pass, it rose from 1318.03 to 1583.68 kg m™ after five wheel passes. It
was noted that 15% of the overall change in bulk density in this stratum was attributable to the

bulk density change caused by the first wheel pass.

Overall, the bulk density of soil in the 30 - 40 cm layer was higher than that of the topsoil. With
no wheel traffic, it was observed to rise from 1336.96 to 1592.94 kg m™ after five wheel passes.
The change in bulk density brought about by tractor wheel passes was accounted for to 50% by

the first wheel pass.
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Figure 4.1: Bulk density as a function of wheel traffic frequency and soil depth

This study found that the number of wheel passes and subsoiling depth affected the degree of soil
compaction. The rise in bulk density that was seen as traffic intensity increased revealed that

compaction is a dynamic process that fluctuates with the frequency of wheel passes.

Because of the pressing of soil particles closer together and a consequent reduction in pore spaces,
many wheel passes result in a decrease in soil volume. The fact that bulk density increased as depth
increased suggested that soil compaction is dynamic and is conveyed to lower depths via the soil
matrix. These findings agreed with those of Agele et al. (2016), who found a strong correlation

between an increase in bulk density and traffic intensity.

Tractor wheel passes, depth of subsoiling, and their interaction were not found to significantly
affect bulk density at the 5% level of confidence, according to an analysis of variance (ANOVA)

(Table 4.2). It was also shown that further wheel passes did not significantly alter the bulk density.
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Table 4.1: Soil properties for various wheel passes and depths

Wheel passes 0 1 2 3 4 5
Normal load (kN) 0 26 51 77 102 128
Bulk density (kg m)
0-20 1290.67 +20  1394.87 +15 1468.33+12  1541.32+20 1558.71+ 10 1579.54 + 20
g_ 'g 20-30 1318.03+14 1431.81+21 1500.23+18 154458 +23  1566.91+ 10 1583.68 + 14
O ™ 30-40 1336.96+22 1466.24+11 1520.61+20 155099 +24  1577.04 % 20 1592.94 + 15
Moisture content (%0)
0-20 41.77+258 36.71+169 3437+053  32.65+1.05 32.32+0.86 32.92+1.03
20-30 42.79+282 3722+330 3516+280  32.89+2.25 32.86 + 3.02 32.39+£3.28
30-40 4207+123 37.78+220 36.85+0.54  34.95+1.03 33.56 + 1.36 33.49+1.41
Porosity (%)
0-20 5257 +1054 47.36+167 4459+352 4239+214  41.18+2.06 41.28 +1.99
20-30 5026 +1.23  4597+140 4227+198 41.88+155  40.41+200 40.24 +2.68
30-40 4955+ 156 44.67+242 41.94+252 41471222 @ 40.49+240 39.89 £3.31
Infiltration rate (mm h?)
0-20 1530+0.31  10.67 £0.22 7.70+0.11 5.67 +0.33 6.04 + 0.84 3.37+0.83
20-30 14.20 £ 0.78 9.10+£0.11 6.63 £ 0.37 4.57 £0.10 414 +£0.61 2.97£0.29
30-40 13.47 £0.30 8.22 £0.35 6.07 £ 0.50 456 £0.13 3.14+051 3.35+0.88
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Hydraulic conductivity (mm h-1)

0-20 5.60 +0.06 4.70+0.16 3.40+0.14 2.60 = 0.07 1.80 £ 0.05 0.90+0.11
20-30 3.90+0.17 2.20+0.64 2.20+0.19 1.90 +£10.05 1.70+0.14 0.60+0.12
30-40 1.80+0.12 1.70 +£0.25 1.50 +0.32 0.50 £ 0.07 0.30 £0.09 0.20+0.30
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The results show that a higher change of soil bulk density occurs with the first wheel pass, which
is consistent with the findings of Wang et al. (2022), Horn et al. (2003), and Ampoorter et al.
(2007), but not with Picchio et al. (2012), who reported that soil deformation resulting from
multiple wheel passes was greater for the first three runs than for the subsequent ones. Wang et al.
(2022) showed that when the number of uninterrupted passes for a heavy axle-load tractor is lower

than seven, there was greater rise in soil bulk density.

Table 4.2: ANOVA for bulk density

Source of variation Type 111 SS df MSS F p
Model 441.097 18 24505 7184.007 201
Wheel passes 1.827 5 0.365 107.106 234
Depth 0.089 2 0.045 13.078 .029
Wheel passes * Depth 0.024 10 0.002 0.697 127
Error 0.614 180 0.003
Total 441,711 198

It should be cautioned, however, that although the wheel passes subsequent to the first one have a
lower effect on bulk density, additional passes may inhibit plant growth and increase tillage draft
requirements. Although the findings of this study suggest that compaction mainly affect the top
layers of soil that are cultivated, the adverse effects of compaction are usually alleviated by
subsoiling. However, soil compaction effects are intensified by repeated wheel passes by the
tractor, and the subsoil is affected by the resulting stresses. It is difficult to alleviate subsoil

compaction and they persist for longer periods.

b) Moisture content
Figure 4.2 relates moisture content and frequency of tractor wheel traffic at various depths. The
initial soil moisture content before wheel traffic abplication were 42% at 0 — 20 cm depth, 43% at
20 - 30 cm depth and 42% at 30 - 40 cm depth. The moisture content in the three soil layers
decreased marginally with wheel traffic intensity but increased with depth. The highest moisture
content of 42% was measured at the 30 - 40 cm depth for no traffic conditions whereas the lowest

value of 32% was noted on the 0 - 20 cm layer after 4 wheel passes.
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After five wheel passes, there was a 10% reduction in the moisture content of the 0 - 20 cm layer,
from 42% for untrafficked soil to 32%. Following five wheel passes, the initial wheel pass caused
a 40% drop in soil moisture. For any given number of wheel passages, the moisture content was

often greater between 20 - 30 cm than the layers above. The moisture content decreased by 10%
after 5 passes.

€®0-20cm W20-30cm 30-40cm
43

41
39

37

Moisture content (%)

y =0.3444x2 - 3.3642x + 41.704
R?=0.9757

35

33 1 y = 0.6484x2 - 4.9315x + 41.51

R?=0.9939

31 T T T T 1
0 1 2 3 4 5
Number of wheel passes

*One wheel pass imparted a vertical normal load of 25.6 kN

Figure 4.2: Soil moisture content variation with wheel passes and soil depth

In the 30 - 40 cm depth layer, moisture content reduced from 42% for the undisturbed soil to 33%
after five wheel passes. The 9% decrease in moisture content in this layer was less compared to

that of the top layers probably because larger pore spaces were more compressed in the top layer
than this layer due to soil compaction.

At the 5% level of confidence, the ANOVA (Table 4.3) showed that both wheel passes and depth
had a significant impact on soil moisture content. Nevertheless, the interaction between the number

of wheel passes and soil depth was not statistically significant. The outcomes showed a substantial
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decrease in water content with the number of passes (p < 0.05). This may be attributed to less pore

spaces available for water retention in compacted soils.

Table 4.3: ANOVA for moisture content

Source of variation Type 11 SS  df MSS F p
Model 254726.885 18 14151.494  3207.757 .000
Wheel passes 2147.848 5 429,570 97.372 .000
Depth 60.405 2 30.202 6.846 .001
Wheel passes * Depth 37.329 10 3.733 0.846 .585
Error 794.097 180 4412
Total 255520.981 198

The results of this investigation concur with those of Tan et al. (2008) and Acquah and Chen
(2022). According to Tan et al. (2008), vehicle traffic compacting forest soil caused an 11%
decrease in soil moisture content. The initial wheel pass decreased the moisture level by around
5% in every depth measured. The moisture content was reduced by 17.4% after just one tractor
pass in a spring-tine tillage area, according to Acquah and Chen (2022), who conducted their

studies in a sandy loam soil.

The rise in soil bulk density which reduces soil porosity and infiltration rate, is what Carter and
Shaw (2002) cited as the cause of the drop in moisture content with wheel pass frequency. Once
the third wheel passed, it was also seen that the moisture level did not greatly drop. This finding
is consistent with those reached by Horn et al. 2004 and Ampoorter et al. (2007), who found that
successive wheel passes subsequent to the initial one does not significantly change the status of

soil compaction.

C) Porosity
It was observed that when compaction levels and subsoiling depth increased, the porosity
decreased (Figure 4.3). For untrafficked soil, the maximum porosity of 53% was found in the O -

20 cm layer, whereas the lowest porosity was found in the 30 - 40 cm layer after five wheel passes.
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Figure 4.3: Porosity as affected by wheel passes and depth

The porosity of the 0 - 20 cm layer was observed to drop from 53% with no wheel pass to 41%
after five wheel passes. It was revealed that the first wheel pass contributed 50% of the overall

change in porosity brought on by five wheel passes.

For any given number of wheel passes, the porosity of the 20 - 30 cm layer was typically lower
than that of the 0 - 20 cm layer. After five wheel passes, the porosity decreased from 50% in no
traffic to 40%. It was shown that the initial wheel pass was responsible for 50% of the overall

change in porosity in this stratum.

The 30 - 40 cm layer showed a decrease in porosity with increasing wheel passes. The least
porosity noted in this layer was 40% after 5 passes while maximum porosity of 50% was noted in
the untrafficked soil. As was observed with the upper soil layers, there was negligible reduction in
porosity after the third wheel pass.

At the 5% level of confidence, it was determined that the number of wheel passes and soil depth
significantly impacted overall porosity. Increasing traffic wheel passes reduced the total porosity
significantly (p < 0.05) in all the soil depths sampled (Table 4.4). However, the study established
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no significant change on the soil porosity after the second wheel passage. Wheel traffic intensity

and depth's interaction had no significant influence (p < 0.05).

Table 4.4: ANOVA for porosity

Source of variation Type 111 SS df MSS F p
Model 382623.995 18 21256.889 4376.195 .001
Wheel passes 2601.287 5 520.257  107.106 .000
Depth 127.046 2 63.523 13.078 .002
Wheel passes * Depth 33.838 10 3.384 0.697 127
Error 874.330 180 4.857
Total 383498.325 198

This reduction in porosity due to compaction mainly affects the soil macropores (Ampoorter et al.,
2007) and can be attributed to the conversion of the soil macropores to micropores as the wheels
press the soil. The reduction has been reported to amount to 50% to 60% in forest soils (Demir et
al., 2007; Frey et al., 2009; Solgi & Najafi, 2014). These values are comparable to the change of
40% to 50% obtained in this study.

d) Infiltration rate
The variation of infiltration rate with wheel passes at different depths are presented in Table 4.1.
From Figure 4.4, the infiltration rate decreased with increase in wheel pass frequency and the
vertical load. However, the decrease was less rapid after the second wheel pass. Infiltration rate
was also observed to reduce with increase in depth.

With an increase in wheel traffic intensity, the infiltration rate in the 0 - 20 cm deep zone often
decreased. This stratum with no wheel passes had the greatest infiltration rate of 15.30 mm h?
throughout the trial. Five wheel passes later, the infiltration rate was down to 3.37 mm h™ with
39% of the decline in infiltration rate being attributed to the first wheel pass. The infiltration rate
dropped by 19% after the third wheel pass.
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Figure 4.4: Variation of infiltration rate with wheel passes and soil depth

In the 20 - 30 cm soil depth, the infiltration rate was lower compared to that in the 0 - 20 cm layer
for any given wheel pass. It decreased from a high of 14.20 mm h! at no wheel pass to 2.97 mm
h after five wheel passes. The first wheel pass caused 19% of the change in infiltration rate.

The infiltration rate in the 30 — 40 cm was generally observed to be lower than the two upper
layers. It decreased from 13.47 mm h! with no wheel pass, to the lowest value of 3.35 mm h! after
five wheel passes. The initial wheel pass was seen to account for 52% of the reduction in
infiltration rate.

The ANOVA (Table 4.5) performed on the infiltration rate data revealed that wheel traffic
intensity, soil depth and their interactions significantly (p < 0.05) affected infiltration rate. The
reduced infiltration rate with number of wheel passes and depth of subsoiling could be attributed
to the reduction in macropores as the soil is compacted (Zhang et al. 2006).

The findings in this study of 58% reduction in infiltration rate in the top soil layer after the fifth is
lower than that observed by Al-Ghazal (2002) of 69%. This could have been due to the different
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tractor used in both studies. Ramezani et al. (2017) reached a conclusion that compaction reduced

total pore volume thereby reducing infiltration rate.

Table 4.5: ANOVA for infiltration rate

Source of variation Type 111 SS df MSS F p
Model 789.11 17 46.418 140.13 .001
Wheel passes 754.632 5 150.926 455.62 .001
Depth 26.418 2 13.209 39.88 .001
Wheel passes * Depth 8.0611 10 0.806 2.43 025
Error 11.925 36 11.925  0.332
Total 801.036 53 801.036

e) Saturated hydraulic conductivity

Table 4.2 presents the results of the determination of impact of wheel passes on the saturated
hydraulic conductivity at various depths. Figure 4.5 shows that the saturated hydraulic
conductivity declined with increasing wheel passes and sample depth. The top soil layer showed
the maximum saturated hydraulic conductivity of 5.60 mm h™* with no wheel pass and the lowest
value of 0.29 mm h with five wheel passes in the layer 30 - 40 cm.
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HM0-20cm M®20-30cm 30-40cm
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I
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II .I 'I
i
0.0 -
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Number of wheel passes
*One wheel pass imparted a vertical normal load of 25.6kN

Sat. Hydraulic Conductivity (mm h)

Figure 4.5: Saturated hydraulic conductivity as affected by wheel passes and depth
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The saturated hydraulic conductivity in 0 — 20 cm depth zone was observed to reduce with increase
in wheel traffic intensity. The highest saturated hydraulic conductivity recorded in this layer was
5.63 mm h observed with no wheel passes while the lowest value was 1.54 mm h? after five
wheel passes. One wheel pass was responsible for 19% of the variation in saturated hydraulic

conductivity.

The saturated hydraulic conductivity declined with wheel traffic intensity and was lower in the 20
- 30 cm of soil than it was in the 0 - 20 cm. With no wheel pass, a maximum saturated hydraulic
conductivity of 3.90 mm h't was noted in this stratum. After five wheel passes, this value dropped
to 0.60 mm h. The initial wheel pass was responsible for 52% of the overall change in hydraulic

conductivity in this stratum.

The saturated hydraulic conductivity was lower in 30 - 40 cm layer than the 0 - 20 cm and 20 - 30
cm layers. The saturated hydraulic conductivity decreased with increase in number of wheel passes

from 1.80 mm h'* for the no wheel pass treatment to 0.20 mm h! after five wheel passes.

Wheel passes, soil depth, and their interactions were shown to significantly affect saturated
hydraulic conductivity (p < .05) using an ANOVA (Table 4.6). Wheel compaction may be the
cause of the observed drop in saturated hydraulic conductivity with more wheel passes. According
to Zhang et al. (2006), tractor passes reduced the hydraulic conductivity of a soil. This is supported

by the results of this investigation.

Table 4.6: Saturated hydraulic conductivity ANOVA

Source of variation Type 111 SS df MSS F p
Model 1245.579 15 83.039 1141.463 .002
Wheel passes 330.957 4 82.739 1137.350 .001
Depth 11.904 2 5.952 81.820 .004
Wheel passes * Depth 7.791 8 0.974 13.386 .003
Error 12.003 165 0.073

Total 1257.582 180
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The reduction in saturated hydraulic conductivity with tractor wheel passes could be attributed to
reduced macropores and increased bulk density of the soil with increased wheel intensity. Similar
findings were reported by Mossadeghi-Bjorklund et al. (2016) who observed that compaction
reduced saturated hydraulic conductivity of soil by 99% after 8 wheel passes while in this study a

reduction of 73% was realized after 5 passes.

4.1.2 Soil mechanical properties

a) Penetration resistance
The results of penetration resistance as affected by wheel traffic in different soil layers are given
in Figures 4.6. The initial penetration resistances of the soil before wheel traffic treatments were
0.64 MPa, 0.70 and 0.74 MPa at 0 - 20, 20 - 30 and 30 - 40 cm depths respectively (Table Al). In
the 0 - 20 cm layer, the penetration resistance increased from 0.68 MPa in undisturbed soil to 1.23
MPa after five wheel passes. The first wheel pass resulted in a 15% change in soil penetration

resistance.

These findings revealed that penetration resistance was often higher in the 20 - 30 cm layer than
in the 0 - 20 cm layer. It increased from 0.70 MPa at no wheel pass to 1.09 MPa after five wheel
passes, with the first wheel pass accounting for 15% of the overall change in penetration resistance.
The soil's penetrating resistance was often stronger in the 30 - 40 cm layer than in the upper levels.

It rose from 0.74 MPa when there was no wheel traffic to 1.34 MPa after five wheel passes.
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*One wheel pass imparted a vertical normal load of 25.6kN
Figure 4.6: Variation of penetration resistance with depth and wheel passes
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Table 4.7: Soil properties for various wheel passes and depths

Wheel passes 0 1 2 3 4 5

Normal load (kN) O 26 51 77 102 128
Penetration resistance (MPa)

= 0-20 0.68 £ 0.00 0.73+£0.01 0.96 £ 0.01 0.99 £0.01 1.09+0.01 1.23+0.01

% 20-30 0.70 £0.02 0.82£0.01 0.96 £ 0.01 1.06 + 0.01 1.13+0.00 1.24 +£0.01

§ 30-40 0.76 £ 0.04 0.94 £0.01 0.98 £0.01 1.05+0.04 1.21+0.00 1.34+0.01
Cohesion (kPa)

= 0-20 6.84 £ 0.51 7.05+0.29 7.10+£0.19 7.28+£0.16 7.32+£0.26 8.05+0.17

i’f 20-30 7.15+£0.59 7.14£0.11 7.40 £0.33 7.72+0.24 7.77+£0.28 8.14£0.11

§ 30-40 7.03+£0.20 7.27+£0.28 7.29+0.14 7.84+£0.13 8.08 £0.42 8.42+£0.11
Angle of internal friction

= 0-20 30+0.7 30+14 30+£0.7 32+0.0 33+1.2 31+16

7__9 20-30 30£1.0 31+1.1 31+15 32+1.2 34+1.6 34+15

§ 30-40 31+0.9 32+0.6 32+1.2 33+16 34+0.9 35+0.6
Shear Strength (kPa)

= 0-20 121.20+3.27 125.13+7.37 128.98+3.77 140.05£7.99  142.74+5.37 146.86 +6.87

i’/ 20-30 12458 £4.73 131.39+558 134.64+7.71 14229+6.83 148.89+8.60 149.75+7.33

§ 30-40 128.60 £4.35 136.56+2.91 13852+6.07 146.32+6.61 154.09+5.17 156.97 +3.65
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The ANOVA (Table 4.8) showed that at the 5% level of confidence, the change in penetration
resistance caused by soil depth, the number of wheel passes, and their interaction were not
significant. According to the findings, the penetration resistance was not significantly different
across wheel passes after the initial wheel pass.

Table 4.8: ANOVA for penetration resistance

Source of variation Type 111 SS df MSS F p
Model 2203446.867 18 122413.715 685.707 120
Wheel passes 76210.496 5 15242.099 85.379 261
Depth 4209.589 2 2104.794  11.790 .007
Wheel passes * Depth 1505.839 10 150.584 0.844 587
Error 35347.361 198 178.522
Total 2238794.228 216

Because of the increased penetration resistance at the deeper soils due to earlier land uses, a hard
pan may have formed. The greater penetration resistance with soil depth can be attributed to less
tillage disturbance. Also, effective stress transfer to the lower depths in compacted soils may have
contributed to the rise in penetration resistance with depth. The results corroborate Taghavifar and
Mardani's (2014a) assertion that wheel loads and many passes increased soil penetration

resistance.

In contrast to Odey (2018), who measured a sandy loam soil's penetration resistance at 4.00 MPa,
this study's maximum penetration resistance of 1.34 MPa was lower. It is likely that the field's past
cultivation contributed to the reduced penetration resistance found in this research. In many tree
species, soil penetration resistance greater than 2.5 MPa limits root development, according to
Macr et al. (2017). Five wheel passes were found to be insufficient in this study's findings to

significantly increase the silt loam soils' resistance to penetration.

b) Cohesion
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It was shown that normal load and traffic intensity caused a progressive increase in soil cohesion
(Figures 4.7). The cohesion value ranged from 6.84 kPa in the top 20 cm of soil to 8.42 kPa in the

30 to 40 cm depth during the course of five wheel passes.
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*One wheel pass imparted a vertical normal load of 25.6kN

Figure 4.7: Effect of wheel traffic intensity and depth on soil cohesion

After five wheel passes, the soil's cohesion increased from 6.84 kPa with no wheel activity to 8.05
kPa. The first wheel pass was responsible for 17% of the change in soil cohesion brought on by

five wheel passes.

The soil cohesion of the 20 - 30 cm layer was found to be greater than that of the overlying layer.
It rose from 7.15 kPa when no wheel passes were made to 8.14 kPa after five wheel passes. Soil
cohesion was observed to be greater in the 30 - 40 cm layer than in the two above layers. After

five wheel passes, it rose from 7.03 kPa for un-trafficked soil to 8.42 kPa.

The ANOVA found no significant change in soil cohesiveness with depth, traffic intensity, or their
interactions at the 5% level of confidence (Table 4.9). The observed rise in soil cohesion with
increasing traffic might be ascribed to small particles filling big holes in the soil caused by wheel
deformation of larger particles. Gravitational contact between soil particles and water content is

the primary source of cohesion.
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Table 4.9:ANOVA for cohesion

Source of variation Type I SS  df MSS F p
Model 10140.768 18 563.376  6803.155 123
Wheel passes 29.149 5 5.830 70.398 .158
Depth 4.670 2 2.335 28.196 237
Wheel passes * Depth 1.950 10 0.195 2.355 .013
Error 13.415 162 0.083
Total 10154.184 180

The increase of soil cohesion with depth was also reported by Secco et al. (2013). However, the
values of cohesion they observed of 19 kPa to 67 kPa were higher than those observed in this

study. This could be ascribed to the difference in the soils used in the two studies.

c) Angle of internal friction
Figure 4.8 present the findings of experiments for determining the angle of internal friction (¢) as
impacted by wheel passes (normal load) and subsoiling depth. The undisturbed soil in the 0 - 20
cm layer had the lowest angle of internal friction of 30°. After five wheel passes, the 30 - 40 cm

layer had a higher value of 35°.

The angle of internal friction was seen to rise from 30° with no wheel traffic to 31° after five wheel
passes in the 0 — 20 cm layer. Hence, the angle of internal resistance was not significantly changed
with wheel frequency in this layer. Angles of internal friction in the 20 - 30 cm layer ranged from
30° for untrafficked soil to 34° after five wheel passes, somewhat greater than in the 0 - 20 cm
layer. About 25% of the measured change in the soil angle of internal resistance was caused by the
first wheel pass.
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Figure 4.8: Angle of internal friction variation with number of wheel passes and depth

The internal angle of friction of the 30 - 40 cm layer was greater than that of the two layers above

it. The undisturbed soil had a lower value of 31°, whereas the disturbed soil had a value of 35°after

five wheel passes. The initial wheel pass caused 25% of the change in internal friction angle.

The angle of internal friction caused by traffic wheel passes, sample depth, and their interactions
were not significantly different, according to the ANOVA (Table 4.10).

Table 4.10: ANOVA for angle of internal friction

Source of variation Type 111 SS df MSS F p
Model 184505.800 18 10250.322 6690.380 212
Wheel passes 362.978 5 72.596 47.383 105
Depth 73.644 2 36.822 24.034 .045
Wheel passes * Depth 5.089 10 0.509 0.332 971
Error 248.200 162 1.532
Total 184754.000 180
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Because the internal friction angle changes mostly due to clay content and is independent of the
structural condition of a soil and does not display spatial variation on the ground, there was a little

fluctuation in the angle of internal friction with traffic wheel passes and soil depth.

The results of this study on angle of internal friction are consistent with those of Secco et al. (2013),
who found no appreciable difference in angle of internal friction with compaction in the studied
soils.

d) Shear strength
Figure 4.9 relates shear strength and frequency of tractor wheel traffic at various depths. The data
show that the soil shear strength often increased with depth and wheel passes. Untrafficked soils
at a depth of 0 — 20 cm had the lowest shear strength, whereas sub-soils had the highest shear
strength, at 157 kPa (30 — 40 cm depth).
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Figure 4.9: Variations in shear strength with number of wheel passes and depth
The least shear strength in the 0 - 20 cm soil layer was determined to be 121 kPa for the no wheel
pass treatment. Soil shear strength rose as wheel traffic intensity increased. After 5 passes, the

greatest shear strength measured was 147 kPa. The first wheel pass raised soil shear strength by

15% of the increase observed for five wheel passes.
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For any given number of wheel passes, the shear strength of soil in the 20 -30 cm layer was often
greater than that in the 0 - 20 cm layer. During no traffic circumstances, a value of 125 kPa was
reported as the lowest. With each wheel pass, the soil's strength rose, reaching 150 kPa after five
passes.

It was found that the shear strength for the 30 to 40 cm layer was higher than for either the 0 - 20
or 20 - 30 cm levels for any given traffic intensity. After five wheel passes, the soil's shear strength
rose from 129 to 157 kPa.

At the 5% level of confidence, the ANOVA (Table 4.11) showed that neither the subsoiling depth,
the number of wheel passes, nor their interactions substantially influenced soil shear strength. The
fact that stresses are effectively transferred to lower soil layers when soils are compacted may be
the cause of the increase in soil strength with depth. Similar findings were reached by Battiato et
al. (2013), who demonstrated that increasing the number of wheel passes on the same track

enhanced the depth of stress distribution on mineral soils.

Table 4.11: ANOVA for soil strength

Source of variation Type 111 SS df MSS F p
Model 19132.94 17 1125.47 31.26 341
Wheel passes 16352.5 5 3270.49 90.84 .035
Depth 2625.75 2 1312.87 36.47 429
Wheel passes * Depth 154.734 10 15.4734 0.43 930
Error 5832.28485 162 36.0018
Total 24965.2249 179

4.2 Subsoiling draft as affected by wheel traffic and depth

4.2.1 Effect of wheel traffic soil compaction on subsoiling draft

The results of the net draft requirement of subsoiling as affected by wheel traffic intensity are
presented in Table 4.12. The tractor's mean rolling resistance with the subsoiler was found to be
1.17 kN. The study established that the draft requirement of the subsoiler increased with both
wheel traffic intensity and depth (Figure 4.10).
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The compaction of the 0 - 20 cm layer due to multiple wheel passes resulted in the lowest draft

requirement recorded of 1.40 kN for no wheel pass treatment. The draft increased linearly with

wheel passes to a maximum of 6.43 kN in the five-wheel pass treatment. The first wheel pass

resulted in 68% increase in draft.

Table 4.12: Summary of results on draft and specific draft measurements

Depth Wheel traffic intensity (passes)
(cm) 0 1 2 3 4 5

Draft (kN)

0-20 1.40 2.35 3.38 4.60 5.12 6.43
20-30 2.83 5.19 5.73 6.08 7.96 8.09
30-40 4.99 6.00 1.22 8.53 9.83 10.68

Specific draft (kKN m?) 020 43.8 73.4 105.6 1438 160.0 200.9

20-30 70.8 129.8 1433 1520 199.0 202.3
30-40 1040 1250 1504 177.7 2048 2225

At any given wheel pass, the subsoiling draft for the 0 - 20 cm layer was often higher than that for
the 20 - 30 cm layer. Untrafficked soil had the least draft (2.83 kN), while after a five-wheel pass,
draft increased to 8.09 kN.

Draft (kN)
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8.0 - y =-0.1234x2 + 1.5418x + 3.7825

20 - R?=0.9857 =70.1219x2 + 1.7019x + 2.4137
. R? = 0.9869

6.0 -

5.0 -

4.0 y =-0.1159x2 + 1.6059x + 1.1952

2=
3.0 R?=0.997

2.0
1.0
0.0

€0-20cm H20-30cm 30-40cm
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*One wheel pass imparted a vertical normal load of 25.6kN

Figure 4.10: Subsoiling draft as affected by wheel passes and soil depth
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The 30 - 40 cm depth required a larger draft than the 0 - 20 cm and 20 - 30 cm layers for any given
number of wheel passes. The draft requirement for subsoiling undisturbed soil was recorded as

4.99 kN which increased after five wheel passes to 10.68 kN.

At the 5% level of confidence, the ANOVA revealed that subsoiling depth, wheel passes, and their
interactions significantly impacted subsoiling draft (Table 4.13). Draft requirement was noted to
significantly increase (p < .05) with wheel traffic intensity for all subsoiling depths. The rise in
draft with more wheel passes can be ascribed to greater soil strength as wheel compaction intensity
increases. The higher draft recorded for subsoiling deeper layers was due to the greater volume of

soil mass to be disturbed as the shank got deeper into the soil.

Table 4.13: ANOVA for draft

Source of variation Type 111 SS df MSS F p
Model 167671.154 18 9315.064 1740.953 .001
Wheel passes 10323.214 5 2064.643 385.875 .004
Depth 3098.402 2 1549.201 289.540 .002
Wheel passes * Depth 99.408 10 9.941 1.858 .046
Error 16720.479 3125 5.351

Total 184391.633 3143

These findings suggest that too much wheeling result in greater draft requirements translating into
higher fuel consumption resulting in increased costs. To minimize subsoiling cost, headlands of

crop field should permanently be set aside for turning only.

A similar increase in draft with the working depth for chisel ploughs was reported by Naderloo et
al. (2009). They observed an increase in draft from 0.7 to 2.4 kN in a clay loam soil which was
lower than 1.4 to 4.99 kN obtained in this study with no wheel traffic.

I Effect of depth on subsoiling draft
In general, there was an almost linear increase in draft with increase in subsoiling depth (Figure
4.11). The subsoiling draft was much lower in 0 - 20 cm depth than draft requirements for 20 - 30
cm and 30 - 40 cm depths. The minimum draft of 3.9 kN was needed to subsoil at.10 cm depth,

while a maximum draft of 7.9 kN was required to subsoil 35 cm depths.
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Increasing subsoiling depth raised draft by 52%. Draft requirement increased by a further 42% for
subsoiling at a depth of 35 cm depth. On average, draft requirements increased with depth at a rate
of 0.4 KN cm™ The draft requirement below the hardpan pan layer (30 — 40 cm) was higher than
that obtained within and above the hardpan depth.

8.5
y =0.3956x - 4.0297
R?=0.9953
7.5
. 65
2
=
E
o
Q55
4.5
3.5
18 20 22 24 26 28 30 32
Depth (cm)

Figure 4.11: Draft variation with soil depth

The increased draft requirement with depth could be because soils at lower depths experience
greater confine pressure. This confine pressure prevents the upward movement of the soil, forcing
the soil to move forward. The forward movement of the soil is resisted by the undisturbed soil in
front of the subsoiler, causing higher draft. Moreover, each increase in ploughing depth results in
a rise in the amount of soil that is removed, spread out, and relocated. This means that a higher
draft force is required to plough greater soil volume. This finding is in tandem with those of Sahu
and Raheman (2006) and Al-Suhaibani and Ghaly (2013).

ii. Effect of bulk density on subsoiling draft
The effect of bulk density on subsoiling draft is illustrated in Figure 4.12. With an increase in bulk

density, the draft requirement was shown to rise. The lowest draft requirement of 1.40 KN was
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recorded for soil of bulk density 1257 kg m= while the highest draft requirement of 10.68 kN was
needed for subsoiling a soil of bulk density 1593 kg m.

12.00 +
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1200 1300 1400 1500 1600
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Figure 4.12: Draft variation with soil bulk density

Higher bulk density soils are more compacted, and particles have greater cohesion and therefore
more draft is required to rapture the soil. This finding agrees with that of Mouazen and Ramon
(2002) who observed.

iii. Subsoiling draft as affected by moisture content
Figure 4.13 shows that as soil moisture content increased, the amount of draft required decreased.
Increasing moisture content from 40 to 48% reduced subsoiling draft requirements from 10.68 to

1.40 kN. The reduction in draft was more marked for moisture contents between 40 and 43%.

Increased moisture content causes the soil's interparticle bonding to loosen and internal friction to
decrease, making the soil more workable, therefore decreasing draft. In their study, Mouazen et al.
(2003) showed that draft decreased with increasing moisture content. Manuwa and Ademosun
(2007), however, noted a rise in draft when soil moisture content rose from 11% to 22.5% at a
depth of 150 mm.
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Figure 4 13: Effect of moisture content on subsoiling draft

iv. Effect of penetration resistance on subsoiling draft
The soil penetration resistance and subsoiling draft were shown to be correlated linearly (Figure
4.14). The lowest draft of 1.40 kN was recorded for soil with penetration resistance 642.3 kPa.
Increasing penetration resistance to 1335.3 kPa raised draft requirement to maximum of 10.70 kN.

Since soil strength increase with soil penetration resistance, more draft is enquired to break the
soil. This result is consistent with that of Gasso et al. (2013) who reached a conclusion that non-

compacted soil requires less tillage energy than compacted soils.
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Figure 4.14: Effect of penetration resistance on subsoiling draft
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V. Effect of soil cohesion on subsoiling draft
It was established that there was a general positive correlation between subsoiling draft
requirements and soil cohesion (Figure 4.15). The lowest draft requirement of 1.40 kN was
recorded for soils of cohesion 6.84 kPa. An increase in soil cohesion by 23% to 8.42 kPa increased
draft requirement 7 times to 10.68 kN. The higher draft could be attributable to the fact that the
bulk density and binding force between soil particles per unit area increase with greater soil

cohesion. This finding is consistent with those of Zadeh (2006).

12.0 ~ y =4.8282x - 30.274
R?=0.7714
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Figure 4.15: Variation of subsoiling draft with cohesion

Vi, Subsoiling draft as affected by angle of internal friction
An R? of 0.072 was determined for the relationship between angle of internal friction and draft.
This signified a weak relationship between angle of internal friction and draft (Figure 4.16). Xue
et al. (2022) concluded that increasing the angle of internal fiction leads to more soil inter-particle
friction. This leads to greater draft being developed to move the soil particles against each other.
A similar observation was made by Zadeh (2006). There exists a weak correlation between draft

and angle of internal friction (r = .366).
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Figure 4.16: Relationship between internal friction and draft

vii.  Subsoiling draft as affected by soil shear strength

The capacity of a certain soil to withstand an applied force is known as its strength. A significant

positive correlation between soil shear strength and draft was established, as shown in Figure 4.17.

The lowest draft requirement of 1.40 kN was recorded for soil shear strength 121.20 kPa which

increased to 10.68 kN when the soil shear strength was increased to 188.90 kPa.

Draft (kN)

12.0

10.0

8.0

y =0.2208x - 24.732
R?=0.8592 *

130 140 150
Shear strength (kPa)

Figure 4.17: Effect of shear strength on subsoiling draft
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Overcoming the interlocking force of particles is part of the energy required during subsoiling.
Although tillage lowers soil strength and consequent traction efficiency, wheel movement

increases soil strength and tillage draft demands (Xue et al., 2022).

4.2.2 Effect of wheel traffic soil compaction on specific draft

Table 4.2 and Figure 4.18 present the findings of a specific draft of subsoiling as influenced by the
subsoiling depth and intensity of wheel traffic. There was a general increase in specific draft with
number of wheel passes. Maximum specific draft of 222.50 kN m was recorded for subsoiling
30- 40 cm layer after five passes while a minimum of 43.8 kN m was needed to subsoil the
untrafficked 0 — 20 cm layer.
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Figure 4 18: Variation of specific draft with wheel passes and depth

Specific draft was seen to rise at the 0 to 20 cm depth, going from 43.8 kN m at no wheel pass to
200.9 kN m2 after five wheel passes. Of the overall increase in particular draft, 19% was
attributable to the initial wheel pass.

For any wheel pass, the specific draft was often greater in the 20 - 30 cm layer than the 0 - 20 cm
layer. The least specific draft in this layer was 70.8 kN m for no wheel pass treatment. The
specific draft increased with number of wheel passes to 202.3 kN m after fiver wheel passes, The
first wheel pass accounted for 45% of the increment in specific draft.
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For the 30 - 40 cm depth, the observed specific draft was generally higher than the upper layers
for any given traffic intensity. The specific draft increased with number of wheel passes from 104.0

kKN m at no wheel pass to 222.5 kN m after five wheel passes.

At the 5% level of confidence, both subsoiling depth and wheel traffic intensity considerably
impacted specific draft (Table 4.14). There was no significant change in specific draft across the
layers of 20 - 30 and 30 - 40 cm, despite the fact that the specific draft was significantly greater (p
< .05) for the 0 - 20 cm layer.

Table 4.14: ANOVA for specific draft

Source of variation Type 111 SS df MSS F p
Model 252671.15 18  9715.064 1740.953 01
Wheel passes 13328.25 5 5564.652  385.875 044
Depth 4228.45 2 1899.201  654.540 .003
Wheel passes * Depth 99.408 10 9.941 1.854 024
Error 17850.425 3125 5.351

Total 231391.645 3143

The increased compaction at greater depths could account for the rise in specific draft with depth
and wheel traffic intensity. This increases the useful work done per unit volume of the soil cut and
moved. Similar observations to these were made by Muhsin (2017) in silt loam soils using a chisel

plough. Khadr (2008) also reported a similar trend for mouldboard plough.

4.3 Modeling and validation of compaction effect of tractor wheel passes on subsoiling draft
4.3.1 Correlation analysis of model input variables

Correlation analysis was performed to establish the linear relationship between the dependent and
independent variables. Table 4.15 summarizes the findings. According to Wamalwa (2022),
correlation measures between variables should be as follows: 0 to 0.4 very weak; 0.4 to less than
0.6, weak; 0.6 to less than 0.8, strong ad 0.8 to 1, very strong or the equivalent negative values as

the correlation (r) lies between -1 and 1.
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Table 4.15: Correlation matrix of the soil variables under study

Depth Bulk Penetration Moisture  Cohesion Shear Draft

density  resistance  content strength
Depth 1.000
Bulk density 212 1.000
Penetration 170 0.739 1.000
resistance
Moisture content  -.278 -.488 -.373 1.000
Cohesion 352 775 478 -.642 1.000
Shear strength 367 .900 536 -.686 919 1.000
Draft 996 840 .818 -716 .878 929 1.000

Subsoiling draft, which was the dependent variable, showed a high correlation with Shear strength
(r = .921), bulk density (r = .706) and soil cohesion (r = .869). Moderate correlation existed
between subsoiling draft and depth (r = .661) and moisture content (r = -.621). Therefore, from the

foregoing analysis, these variables could be used to model subsoiling draft.

4.3.2 Modeling effects of soil compaction on subsoiling draft

a) Multiple Linear Regression draft model
Regressions analyses was performed on the subsoiling draft data using MATLAB R2016a. From
the correlation matrix, subsoiler depth, penetration resistance, bulk density, soil cohesion and soil
strength were selected as independent variables to be used in modeling draft. The following
subsoiler draft model was formulated within the tested range of tillage depth, bulk density,

penetration resistance, moisture content and shears strength.
F=-26.10 + 0.124d + 0.004p + 0.0001P + 0.021w + 0.793C + 0.114c (4.1)

Where:
F is draft force (kN);
d is tillage depth (m);
p is bulk density (Mg m™);
P is penetration resistance (kPa);

C is cohesion (kPa);
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w is moisture content (%);

o is shear strength (kPa).

From the t-statistic, it was found that moisture content and penetration resistance were not
significant in their effect on subsoiler at the 5% confidence level. The observed and predicted
subsoiling draft requirement data were compared and tabulated in Table A5.1 and the results
plotted in Figure 4.19.

The correlation coefficient of 0.992 (R? = 0.984) obtained in this study indicate a close agreement
between the observed data and the predicted value by the regression model. The MSE and RMSE
were computed as 0.099 (kN)?and 0.313 kN respectively. The MAE and MAPE were determined
as 0.24 kN and 5.41% respectively. The coefficient of determination obtained is comparable to
that obtained by Sahu and Raheman (2006) of 0.981 for draft model of tines in a sandy clay loam
soil.
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Figure 4.19: Relationship of actual and predicted draft force values

The Student’s t-test performed to the predicted and measured data to compare the two means gave
t (52) =0.13, p =.989. Hence it was concluded that the variance of the two samples were the same.
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However, the mean of predicted draft was higher than the measured output. This could have been

due to errors in measurement of the draft and assumptions on soil homogeneity.

b) Dimensional Analysis modeling

I. Development of ©-terms
In this study, the dependent variable was subsoiling draft requirement (F) while the independent
variables affecting it were subsoiling depth (d), tractor speed (v), penetration resistance (P), soil
bulk density (p), moisture content (w), soil shear strength () and cohesion (C). The independent
variables were changed by the compaction induced in the soil by tractor wheel passes.

By choosing p, d and o as repeating variables, the n-terms were developed as follows:

For m1:

n, = kq(p?dPveF) 4.2)
Equating the dimensions:

MOLOT® = [ML™3]2[L]P[LT~*]¢[MLT 2] (4.3)

—Mat+1]—3a+tb—c+i—-2c-2

Solving for exponents:

M:0=a+1 (4.4)
L:0=-3atb+c+1 (4.5)
T.0=-c-2 (4.6)

Fromwhicha=-1b=-2andc=-2

Tcl = kl (p—Zd—Zv—Z F)
F

=k, i@ 4.7)

For m»:
T, = k,w (4.8)

For m3:
3 = k3 (p?dPvEP) (4.9)

Equating the dimensions:
MOLOT® = [ML™3]2[L]P[LT*]¢[ML™'T 2] (4.10)
=Mat1]-3at+b+c-1T—-c-2
Solving for exponents:
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M:0=a+1 (4.11)

L:0=-3a+b+c-1 (4.12)
T:0=-c-2 (4.13)
This gives,a=-1,b=0andc=-2
Therefore:

m3 = Kj (P_lv_zp)
P

= ks pov (4.14)
-k, (4.15)
Ty = Ky pVZ .
Similarly,
o
s = ks e (4.16)
The n-terms can be reduced further by combining other n-terms to produce a new set of n-terms
as follows:
Tg = Mg . Ty (4.17)
oC
= K¢ R
Similarly
Ty =Ty . T (4.18)
_ wP
=ks—>

The new n-terms. summarized in Table 4.16, satisfy the requirements for geometric, kinematic and
dynamic similarities for the variables in this study.

Table 4.16: Summary of the pi terms

n-term Name Remarks
F Operational index v constant
sz d2
W_P Soil resistance index v constant
pv?
oC Soil strength index v constant
p2V4

The draft function can then be developed as:
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F f(WP oc ) (4.19)

pv2d2 pv2’ p2yt

ii. Formulation of prediction equations
The formation of the prediction equations involved the determination of the functions for the
development of the general equation, the determination of the component equations, the mode of
combination to form the prediction equations, the value of the constant term for the mode of the

combination and formation of the general prediction equation.

The function was determined by keeping one 7 — term constant and varying others to establish the
relationship between them. The procedure was repeated for each of the n-terms in the function to
form a general relationship between them. Three component equations were established by plotting

71 against 72, m3, 4 While holding the others constant. These equations can be expressed as:
(751)5, = f1(n;, 3) (4.20)
(m1)3, = £ (7, m3) (4.21)

The general prediction equation was formed by component equations by multiplication as shown:

T = C(n1)§,,(751)§751 = C(n1)§,,(n1)§ (4.22)
where:

¢ = constant of multiplication.

The constant C has to be determined in order to determine the necessary and sufficient conditions
for valid combination by multiplication of the component equations. This may be done by

multiplying the component equations to form the general equation as:

F(ny, m3) = 1 (ny, w3)f5 (77, m3) F (7, 73) (4.23)
If this is true the set of pi-terms obtained by holding 7> constant will give the second pi terms with

73 constant.

F(ny, m3,) = f1(mp, m3)f, (2, m3) f5 (72, w3) F(my, 3, ) (4.24)
Therefore
S F(ny,m3)
f,(n,,3) = ﬁ (4.25)

Similarly, the second pi-term can be obtained by keeping n2 constant:
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F(E,T%)

f2 (6) TC3) = fl (ﬂ,ﬂ)
Therefore

Bz m3) = { mmn )

But the denominator in equation is obtained by holding 72 and m3 constant. Therefore:

F(E} ﬁ) = f1 (@; ﬂ) f2 (Ei @) F(E; ﬂ)
Hence

E(mp,m3)F(7t2,n3) F (2, 73)
F(miz,m3)

F(nz,n3) =

From equation above, it can be deduced that

1

"~ F(mzm3)

C

iii. Formulating prediction equation

The developed n- terms were related by the equation:

= k(ﬁz)a(ns)b

Where a and b are constants

Taking logs of both sides:

logn, = logk + alogn, + blogns

(4.26)

(4.27)

(4.28)

(4.29)

(4.30)

(4.31)

(4.32)

Dimensionless plots of log 71 against log 2 and log 71 against log 3 were performed to determine

the constants a and b. The relationship between log =1 against log m2 is presented in Figure 4.20.

From the graph,
logn; = logk + alogm,

Therefore a = 2.584
=2.60
log k = —9.467
k-=0.000000000341
Therefore:
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n; = 0.00000000034 17,260
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Figure 2.21 gives the plot of log n1 against log 3.
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Figure 4.21: Plot of log w1 against log n3

logn, = logk + blogm;
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From the linear equation,

b = —0.492
=0.50
log k = 1.198 (4.36)
k =0.0783
Therefore
m; = 0.0783m;3 7050 (4.37)

Combining the above equations:

1

My = 7 (1) %% (m3) ™" (4.38)
Therefore,
pvfdz - 1.26;(110—11 (372)2.60 (;54)_0'50 (4.39)
From which,
_ %(:\%)2.60 (;54)—0.50 (4.40)

v, Model validation
Comparisons were made between the observed and predicted values of the subsoiling draft (Table
Ab5.1) to assess how effectively the model represents the actual system being predicted (Figure
4.22).

From this graph, R? was obtained as 0.872, giving a correlation coefficient of 0.934 between the
observed and predicted draft indicating a fair agreement between the two sets of data. The MSE
and RMSE for the developed model were computed as 1.271 (kN)? and 1.128 kN respectively.
Similarly, the MAE and MAPE were determined as 1.85 kN and 1.61 % respectively.
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Figure 4.22: Relationship between observed and predicted values of draft

The Student t-test performed to compare the observed and predicted draft gave t (52) = 0.15, p =
.910. Hence it was concluded that the variance of the two samples were the same. The predicted
draft was found to be 11% less than the observed draft. The discrepancies noted between the two
sets of data could be due to the unstable nature of interaction of the soil-tool interface and the
assumptions regarding the soil homogeneity. The variations could also have resulted from errors

in taking the readings of the dynamometer.

Kawuyo (2011) modeled draft of a ridger using the dimensional analysis technique and obtained
an R? of 0.97 and RMSE of 0.778. Kabri et al. (2019) foumd a good relationship between observed
and predicted draft (R?= 0.98).

c) Artificial Neural Networks
Using six neurons in the input layer and one neuron in the output layer, an ANN-based model was
created to simulate subsoiling draft. There were 10 neurons in the hidden layer (Roul et al., 2009).
The input variables were depth, bulk density, penetration resistance, cohesion, moisture content
and shear stress while the output variable was subsoiler draft requirements. The rationale for

selecting these independent variables is to capture the multifaceted nature of soil compaction and
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its effects on subsoiling draft requirements. By including a combination of soil properties,
compaction-related factors, and environmental conditions, the ANN model can learn complex

relationships between these variables and predict subsoiling draft requirements accurately.

There were 54 data sets which were divided into 38 for training (70%), 8 for testing (15%) and 8
for validation (15%). Using various training algorithms and hidden layer node numbers, many
neural network models were developed. Figure 4.23 depicts the selected ANN's schematic

architecture.

Hidden Layer

Input l

10

Figure 4.23: The developed ANN architecture

Table 4.13 summarizes the architecture and statistical results of a few different ANN models. The
MSE chart for the epoch that was used to regulate the network training procedure is shown in
Figure 4.24. As seen in the example, the training algorithm was terminated when the training error

was acceptable.
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Figure 4.24:Trend of MSE against epochs for trained networks
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Table 4.17: Summary of various developed networks evaluated

Network Learning Input transfer Output transfer Training Testing
architecture Algorithm function function
R?> RSME R? RSME

6-11-1 Gradient descent Sigmoid logsig 0.917 0.412 0.904  0.236
6-11-1 Levenberg—Marquardt Hyperbolic tangent  Linear 0972 0.114 0.877 1.325
6-10-1 Conjugate gradient Sigmoid logsig 0.989 0.075 0.767 1.899
6-10-1 Levenberg—Marquardt  Hyperbolic tangent  Sigmoid 0.999 0.002 0.998  0.020
6-3-1 Conjugate gradient Sigmoid Logsig 0.968 0.082 0.956 1.234
6-4-1 Levenberg—Marquardt Hyperbolic tangent ~ Linear 0.989 0.02 0899 232

6-3-1 Gradient descent Sigmoid Sigmoid 0.972 0.412 0.987 1.999
6-3-1 Levenberg—Marquardt Hyperbolic tangent  Linear 0972 0.114 0.989  0.365
6-11-1 Gradient descent Sigmoid Sigmoid 0.989 0.075 0.889 1.321
6-2-1 Conjugate gradient Hyperbolic tangent ~ Linear 0.958 0.399 0.978 1.475
6-5-1 Gradient descent Sigmoid Sigmoid 0.968 0.082 0.909 1.544
6-3-1 Levenberg—Marquardt Hyperbolic tangent  Linear 0.989 0.02 0.991  0.998
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The scatter plots of the ANN output versus observed values are given in Figure 4.25. The R?
obtained was 0.999. The coefficient of determination was 1.000 for the training stage. The
evaluation and testing stages' correlation coefficients were 0.999 and 0.998, respectively. The MSE
and RMSE for the ANN model were determined as 0.002 (kN)? and 0.02 kN respectively. The
MAE and MAPE were 0.02 and 1.27% respectively.

The little difference in predicted and measured subsoiling draft levels demonstrated the accuracy
of ANN in predicting these values. Results from this study and other studies (Al-Hamed et al.,
2013; Al-Janobi et al., 2020; Saleh & Ayman, 2013) showed that the ANN model had great
predictive ability for estimating tillage draft. Saleh and Ayman (2013) used the error back
propagation learning technique to evaluate the performance of straightforward multi-flat plate
ploughing tines. Their ANN model demonstrated good agreement with the experimental data with

a relative error of 2%.
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Figure 4.25: Scatter plots of ANN output versus target draft
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The t-test performed to the predicted and observed subsoiler data to compare the means gave t (52)

=0.12, p =.989. It was therefore concluded that the variance of the two samples were the same.

d) Adaptive Neuro-Fuzzy Inference System model

Subsoiling depth, bulk density, soil moisture content, cohesion, and soil strength were the input
variables while the output variable was subsoiling draft. Grid partition structure was used to build
the network. According to Table 4.18, the best ANFIS model included 110 training cycles, three
input membership functions for each input, triangular and linear membership functions for input
and output, and a weighted sum defuzzification approach. The R? was found as 0.994, MSE as
0.039 (kN)2, RMSE as 0.198 kN and MAPE as 0.112%. Figure 4.26 shows plot of observed and
predicted draft by outperforming ANFIS model.
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Figure 4.26: Comparison of ANFIS predicted draft and experimental draft
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Table 4.18: Structural parameters of selected ANFIS daft prediction models

Number of Number of input Membership function Defuzzification R? RMSE MAPE

training cycles  membership functions Input Output method (kN) (%)
126 4,3 Gaussian Constant Weighted sum 0.999 0.1251 2.412
236 2,4 Gaussian Linear Weighted average  0.986 1.321 1.456
542 3,4 Pi Linear Weighted sum 0.933 1.053 2.145
123 2,2 Gaussian Constant Weighted average  0.994 1.325 3.445
125 3,2 Pi Linear Weighted sum 0.995 1.326 4.321
452 4,2 Ghell Linear Weighted average  0.983 2.343 3.255
110 3,4 Triangular Linear Weighted sum 0.994 0.198 1.420
125 2,3 Gaussian Constant Weighted sum 0.845 3.215 3.321
418 3,3 Pi Linear Weighted sum 0.927 2.125 3.222
129 4,3 Ghell Constant Weighted average  0.964 1..165 2.888
111 3,4 Pi Linear Weighted sum 0.934 0.568 1.458
124 3,2 Ghell Constant Weighted average  0.968 1.325 2.452
125 4,2 Triangular  Linear Weighted average  0.995 1.326 4.321
452 4,2 Gaussian Linear Weighted sum 0.983 2.343 3.255
174 3,4 Pi Constant Weighted sum 0.958 3.125 2.654
125 2,2 Ghell Linear Weighted sum 0.845 3.215 3.321
418 3,2 Triangular  Constant Weighted average  0.927 2.125 3.222
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The R? for the plot of predicted and observed drat was 0.9841. The MSE and RMSE were
determined as 0.039 (kN)? and 0.198 kN respectively. The MAE and MAPE were 0.06 kN and
7.16% respectively.

The t-test performed to the predicted and observed draft data to compare the means gave t (52) =
0.19, p =.939. This indicated that the variance of the two samples were the same. The best ANFIS
model built in this study proved to be reliable enough for predicting subsoiling draft based on
changes in selected soil parameters. Like results of the present study, Al-Dosary et al. (2020)
examined the ANFIS approach and its performance obtaining a R? of 0.939 in prediction of draft.
Shafaei et al. (2018b) demonstrated that the best ANFIS model had R? of 0.994 and RMSE of
0.722 (kN).

4.3.3 Comparison of the performance of the models

The performance of the MLR, Dimensional Analysis, ANFIS and ANN models is summarized in
Table 4.19. The forecasting ability of the four models was assessed using MAE, MSE, RMSE,
MAPE and R?.

Table 4.19: Summary of model performance indicators

Model MSE (kN2 RMSE (kN) MAE (kN)  MAPE (%) R2

MLR 0.099 0.313 0.243 5.41 0.984
Dimensional analysis 1.271 1.128 0.946 1.612 0.872
ANN 0.002 0.044 0.02 1.27 0.999
ANFIS 0.039 0.198 0.06 1.42 0.994

The ANN and ANFI IS draft prediction models had lower MSE and RMSE compared to MLR and
Dimensional analysis models. The MLR and empirical draft models were observed to have higher
MAE and MAPE compared to ANFIS and ANN draft models. ANFIS and ANN draft models
showed greater prediction accuracy compared to the MLR and Dimensional Analysis and MLR

models.

The ANFIS and ANN draft models were observed to have higher R? values compared to MLR and
the Dimensional Analysis models. This indicated a greater linear relationship between the

137



predicted and observed draft for the ANFIS and ANN models than for the MLR and Dimensional

Analysis models.

It can be concluded that the best ANFIS and ANN models that were developed in this study were
sufficient for prediction of draft force based on variations in subsoiling depth, penetration
resistance, shear strength, bulk density, moisture content and cohesion. The results also showed
that ANNs and ANFIS could accurately predict subsoiling draft when trained. Mathematical
modeling approaches were observed to have lower forecasting ability compared to the artificial
intelligence approaches.

4.4 Contribution to knowledge

By assessing the effect of tractor wheel passes on soil physical and mechanical properties, the
study contributes to a deeper understanding of how soil compaction occurs in real-world
agricultural settings. This insight is crucial for mitigating soil compaction, which can have

detrimental effects on soil health and crop productivity.

Determining how different levels of wheel traffic compaction affect draft requirements for
subsoiling provides practical guidance to farmers and agricultural practitioners. It helps them make
informed decisions about when and how to perform subsoiling operations to minimize compaction

and reduce energy consumption.

The study's use of multiple modeling techniques (Multiple Linear Regression, Dimensional
Analysis, ANFIS, and ANN) to predict subsoiler draft requirements based on soil properties
demonstrates the application of advanced analytical tools in agriculture and soil science. This
contributes to the use of innovative methods for optimizing agricultural practices. The study aligns
with the principles of sustainable agriculture by focusing on soil health and reduced environmental
impact. It provides insights into how to maintain soil quality while using heavy machinery,

contributing to long-term sustainability in agriculture.

The development of predictive models for subsoiler draft requirements allows for data-driven
decision-making. Farmers can use these models to tailor their farming practices to specific soil
conditions, optimizing resource use and crop yields. The study's use of multiple modeling
techniques not only contributes to advancing knowledge within the realm of soil behavior and
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agricultural practices but also highlights the importance of methodological diversity in scientific

research, promoting a more holistic understanding of complex systems.

While conducted at Egerton University, the study's findings and models can be adapted to various
agricultural environments with similar soil types and machinery usage patterns. This broadens the
applicability of the research beyond the specific study site. The study contributes to the education
and training of future agricultural scientists and engineers by demonstrating the application of

scientific methods and modeling techniques in solving real-world agricultural problems.
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CHAPTER FIVE
CONCLUSIONS AND RECOMMENDATIONS

5.1 Conclusions

The amount of energy consumed during subsoiling and its cost implication affects farm

profitability and machine implement matching. A conceptual framework was proposed in which

the pertinent variables affecting subsoiler draft were considered. Models for predicting draft

required for subsoiling under a silt loam soil were developed.

Arising from the findings of the study, the following conclusions were made:

a)

b)

When the wheel traffic frequency was increased from zero to five, an increase was
observed in the bulk density (from 1256.76 to 1593.04 kg m™3), penetration resistance (from
642.24 to 1538.64 MPa), shear strength (from 121.20 to 156.97kPa), cohesion (from 6.74
to 8.52 MPa) and angle of internal friction (30 to 35°). However, a reduction was observed
in soil porosity (from 53 to 40%), moisture content (from 48 to 40%), infiltration rate (from
15.30 to 2.97 mm hl). and saturated hydraulic conductivity (from 5.63 to 0.24 mm hl).
These results confirm that wheel traffic soil compaction affect the dynamic soil properties.
Different levels of wheel traffic compaction result in varying draft requirements for
subsoiling. More compacted soils generally require higher draft forces for subsoiling. An
increase in wheel passes and subsoiling depth raised draft (from 1.40 to 4.68 kN). Specific
draft increased with number of passes from 103 to 472 kN m for the topsoil layer.

The relationship between compaction levels and draft requirements can be described
through mathematical modeling, allowing for predictions under different scenarios.
Multiple Linear Regression, Dimensional Analysis, Adaptive Neuro-Fuzzy Inference
Systems, and Artificial Neural Networks are effective modeling techniques for predicting
subsoiler draft requirements based on selected soil properties.

5.2 Recommendations

5.2.1 Policy recommendations

a)

Develop guidelines for farmers and agricultural practitioners to manage tractor traffic in

ways that minimize negative effects on soil properties.
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b) Provide guidance to farmers on how to adjust subsoiler settings (e.g., depth and shank
spacing) based on soil compaction conditions to optimize draft forces and reduce energy
consumption.

c) Develop user-friendly software or apps that integrate the developed models to assist

farmers and agricultural advisors in estimating subsoiling draft requirements.

5.2.2 Recommendations for further research
a) Implementation of controlled experiments and monitoring of tractor wheel passes to assess
their impact on soil properties under varying conditions.
b) Development of predictive models that incorporate soil compaction levels, equipment
specifications, and subsoiling depth to estimate draft requirements accurately.
c) More studies are required in other soils using different types of subsoilers for wider

acceptability of the developed draft models.
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APPENDICES

Appendix A: Results of experiments to determine soil properties

Al Sample raw data for bulk density, porosity and moisture content determination

No wheel pass

Depth (cm) 0-20 20-30 30-40

Sample 1 2 3 1 2 3 1 2 3
Wt. of ring (g) 104.23 102.11 106.2 101.35 99.89 106.20 100.23 101.23 106.20
Wt. of wet soil + ring () 290.39 281.13 292.62 302.83 282.13 298.42 293.09 302.43 300.72
Wi. of dry soil+ ring () 236.97 229.01 233.09 236.85 23255 241.80 236.68 241.70 243.80
Wt. of dry soil (g) 132,74 1269 126.89 135,50 132.66 135.60 136.45 140.47 137.60
Wst. of moisture (g) 5342 5212 59.53 65.98 4958 56.62 56.41 60.73 56.92
MC (%) 40.24 41.07 4691 48.69 3737 4176 4134 4323 4137
Volume of can (m®) 101 99.19 99 98.19 99.19 100.19 98.19 99.19 100.19
Bulk Density (g/cm?®) 131 128 128 138 134 135 139 142 137
Porosity (%) 5041 51.72 51.63 4793 4953 4893 4756 46.56 48.17
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Effect of wheel load on soil physical and mechanical properties
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Figure Al.2: Soil moisture content variation with normal load and soil depth
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181



16.0

14.0

Sat Hydaulic Conducivity (mm h-%)

12.0

10.0

8.0

6.0

4.0

2.0

0.0

=f=30-40cm =@=20-30cm =4=0-20cm

26

51 77 102 128
Normal load (kN)

Figure AL.5: Effect of vertical load and depth on saturated hydraulic conductivity

Penetration resistance (Mpa)

1.40

1.30

1.20

1.10

1.00

0.90

0.80

0.70

0.60

0.50

e=@=0-20cm
=f=20-30cm
=e=30-40cm

20

40

60 80 100 120 140

Normal load (kN)

Figure Al.6: Effect of vertical load and depth on penetration resistance

182



8.50

8.00
©
o
=
c
'% 750 =4=0-20cm
< ==20-30cm
o
~#—30-40 cm
7.00
6.50
0 20 40 60 80 100 120 140
Number of wheel passes
Figure Al1.7: Effect of vertical load and depth on cohesion
35
34

33

32

31 =4=0-20cm

Angle of internal friction (°)

=f=20-30cm

30 30 - 40 cm

29

0 20 40 60 80 100 120 140
Vertical load (kN)

Figure Al.8: Effect of vertical load and depth on angle of internal friction

183



Shear strength (kPa)

165

160

155

150

145

140

135

130

125

120

115

T
T 1
1
T
1
T e () - 20 €M
T
L 20 -30cm
30-40cm
T
1
0 26 51 77 102 128

Normal lload (kN)

Figure A1.9: Effect of vertical load and depth on shear strength

184



Table A3.1: Summary of experimental results for modeled variables

MEASURED DATA

Exp. Depth  Bulk density Penetration Moisture Cohesion tan ¢ Shear Measured
No. (cm) (kg m3) Resistance (kPa) content (%) (kPa) strength kPa) Draft (kN)

1 0-20 1256.8590 642.3356 41.7684 6.8350 0.5681 121.1971 1.40

2 20-30 1318.0277 704.4444 42.7926 7.1510  0.5820 124.5766 2.83

3 30-40 1336.9555 761.6498 42.0729 7.0340 0.5985 128.6008 4.99

4 0-20 1394.8678 732.2299 47.3635 7.0490 0.5727 125.1311 2.35

5 20- 30 1431.8107 817.2208 45.9694 7.1440  0.5985 131.3948 5.19

6 30-40 1466.2407 943.0728 44.6702 7.2680  0.6200 136.5591 6.00

7 0-20 1468.3291 1468.3291 44,5914 7.1030 0.5774 128.9802 3.38

8 20- 30 1529.9689 1529.9689 42.2653 7.4020  0.6009 134.6402 5.73

9 30-40 1538.5439 1538.5439 41.9417 7.2860  0.6152 138.5208 7.22

10 0-20 1526.7414 985.5683 42.3871 7.2800 0.6249 140.0508 4.60

11 20- 30 1540.1385 1064.0215 41.8816 7.7240 0.6346 142.2884 6.08

12 30-40 1550.9950 1048.9847 41.4719 7.8380  0.6494 146.3233 8.53

13 0-20 1558.7122 1093.4415 41.1807 7.3227 0.6371 142.7357 5.12

14 20- 30 1579.1722 1127.7648 40.4086 7.7718 0.6644 148.8925 7.96

15 30-40 1577.0423 1211.1213 40.4890 8.0840  0.6847 154.0933 9.83

16 0-20 1556.0835 1227.4657 41.2799 8.0518  0.6475 146.8631 6.43

17 20-30 1583.6779 1243.8101 40.2386 8.1350 0.6344 149.7536 8.09
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Exp. Depth Bulk density Penetration Moisture Cohesion tan ¢ Shear Measured
No. (cm) (kg m3) Resistance (kPa) content (%) (kPa) strength kPa) Draft (kN)
18 30-40 1592.9394 1335.3388 39.8891 8.4216  0.6616 156.9680 10.68
19 0-20 1256.7590 642.2356 41.6684 6.7350  0.4681 121.0971 1.30
20 20-30 1317.9277 704.3444 42.6926 7.0510  0.4820 124.4766 2.73
21  30-40 1336.8555 761.5498 41.9729 6.9340  0.4985 128.5008 4.89
22 0-20 1394.7678 732.1299 47.2635 6.9490 0.4727 125.0311 2.25
23 20-30 1431.7107 817.1208 45.8694 7.0440  0.4985 131.2948 5.09
24 30-40 1466.1407 942.9728 44,5702 7.1680  0.5200 136.4591 5.90
25 0-20 1468.2291 1468.2291 44.4914 7.0030 0.4774 128.8802 3.28
26 20-30 1529.8689 1529.8689 42.1653 7.3020  0.5009 134.5402 5.63
27 30-40 1538.4439 1538.4439 41.8417 7.1860  0.5152 138.4208 7.12
28 0-20 1526.6414 985.4683 42.2871 7.1800 0.5249 139.9508 4.50
29 20-30 1540.0385 1063.9215 41.7816 7.6240 0.5346 142.1884 5.98
30 30-40 1550.8950 1048.8847 41.3719 7.7380  0.5494 146.2233 8.43
31 0-20 1558.6122 1093.3415 41.0807 7.2227  0.5371 142.6357 5.02
32 20-30 1579.0722 1127.6648 40.3086 7.6718 0.5644 148.7925 7.86
33  30-40 1576.9423 1211.0213 40.3890 7.9840 0.5847 153.9933 9.73
34 0-20 1555.9835 1227.3657 41.1799 7.9518 0.5475 146.7631 6.33
35 20-30 1583.5779 1243.7101 40.1386 8.0350 0.5344 149.6536 7.99
36  30-40 1592.8394 1335.2388 39.7891 8.3216  0.5616 156.8680 10.58
37 0-20 1256.9590 642.4356 41.8684 6.9350 0.6681 121.2971 1.50
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Exp.  Depth Bulk density Penetration Moisture Cohesion tan ¢ Shear Measured
No. (cm) (kg m3) Resistance (kPa) content (%) (kPa) strength kPa) Draft (kN)
38 20-30 1318.1277 704.5444 42.8926 7.2510  0.6820 124.6766 2.93
39 30-40 1337.0555 761.7498 42.1729 7.1340  0.6985 128.7008 5.09
40 0-20 1394.9678 732.3299 47.4635 7.1490 0.6727 125.2311 2.45
41  20-30 1431.9107 817.3208 46.0694 7.2440  0.6985 131.4948 5.29
42  30-40 1466.3407 943.1728 44.7702 7.3680 0.7200 136.6591 6.10
43 0-20 1468.4291 1468.4291 44.6914 7.2030 0.6774 129.0802 3.48
44  20-30 1530.0689 1530.0689 42.3653 7.5020 0.7009 134.7402 5.83
45  30-40 1538.6439 1538.6439 42.0417 7.3860 0.7152 138.6208 7.32
46 0-20 1526.8414 985.6683 42.4871 7.3800 0.7249 140.1508 4.70
47  20-30 1540.2385 1064.1215 41.9816 7.8240 0.7346 142.3884 6.18
48  30-40 1551.0950 1049.0847 41.5719 7.9380 0.7494 146.4233 8.63
49 0-20 1558.8122 1093.5415 41.2807 7.4227 0.7371 142.8357 5.22
50 20-30 1579.2722 1127.8648 40.5086 7.8718 0.7644 148.9925 8.06
54  30-40 1577.1423 1211.2213 40.5890 8.1840  0.7847 154.1933 9.93
52 0-20 1556.1835 1227.5657 41.3799 8.1518 0.7475 146.9631 6.53
53 20-30 1583.7779 1243.9101 40.3386 8.2350 0.7344 149.8536 8.19
54  30-40 1593.0394 1335.4388 39.9891 8.5216  0.7616 157.0680 10.78
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Table A3.2 Measured versus predicted draft by the models

Exp. No Measured Predicted draft (kN)
draft (kN)
MLR Empirical ANN ANFIS
1 1.40 1.19 1.41 1.39 1.14
2 2.83 3.19 243 2.83 3.42
3 4.99 4.88 4.03 4.90 6.97
4 2.35 2.47 2.17 2.35 1.19
5 5.19 4.63 3.98 5.19 3.61
6 6.00 6.69 7.43 6.00 7.96
7 3.38 3.20 3.53 3.38 1.32
8 5.73 5.37 4,92 581 3.54
9 7.22 7.02 7.11 7.22 7.05
10 4.60 4.80 2.98 4.60 1.35
11 6.08 6.69 5.43 6.13 4.31
12 8.53 8.49 7.25 8.53 8.60
13 5.12 5.27 3.68 5.16 1.42
14 7.96 7.63 5.79 7.96 4.42
15 9.83 9.79 9.41 9.83 10.25
16 6.43 6.45 1.41 1.39 1.87
17 8.09 8.11 2.43 2.83 5.11
18 10.68 10.52 4.03 4.90 11.66
19 1.30 1.10 1.39 1.30 1.11
20 2.73 3.10 2.42 2.73 3.35
21 4.89 4.79 4.02 4.78 6.82
22 2.25 242 2.57 2.21 1.16
23 5.09 4.54 3.98 5.01 3.53
24 5.90 6.60 7.42 5.90 7.79
25 3.28 311 3.53 3.28 1.29
26 5.63 5.28 491 5.63 3.46
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Exp. No Measured Predicted draft (kN)

draft (kN) -
MLR Empirical ANN ANFIS
27 7.12 6.93 7.09 7.12 7.12
28 4.50 4.71 3.01 4.35 4.50
29 5.98 6.60 5.42 5.98 6.01
30 8.43 8.40 7.23 8.28 8.43
31 5.02 5.18 3.67 5.02 5.03
32 7.86 7.54 5.78 7.84 7.86
33 9.73 9.70 9.39 9.73 9.75
34 6.33 6.36 4.40 6.33 6.33
35 7.99 8.01 6.92 7.99 7.99
36 10.58 10.43 11.21 10.58 10.48
37 1.50 1.28 1.39 1.46 1.50
38 2.93 3.28 2.43 2.93 2.93
39 5.09 4.97 4.04 5.09 5.09
40 2.45 2.60 2.58 2.45 2.45
41 5.29 4.72 3.99 5.29 531
42 6.10 6.78 7.44 6.10 6.10
43 3.48 3.30 3.54 3.36 3.48
44 5.83 5.46 4.93 5.83 5.83
45 7.32 7.11 7.12 7.32 7.32
46 4.70 4.90 3.02 4.70 4.70
47 6.18 6.78 5.44 6.18 6.23
48 8.63 8.58 7.26 8.63 8.62
49 5.22 5.36 3.69 5.22 5.24
50 8.06 7.72 5.80 8.06 8.09
51 9.93 9.88 9.44 9.93 9.73
52 6.53 6.54 4.42 6.53 6.55
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Exp. No Measured Predicted draft (kN)
draft (kN) _
MLR Empirical ANN ANFIS
53 8.19 8.20 6.96 8.19 8.20
54 10.78 10.62 11.27 10.77 10.81
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Table A3.3: Table of n- terms

Exp. No. T T2 T3
1 0.00002309  44.264 0.0013
2 0.00000712  47.426 0.0013
3 0.00000632  49.701 0.0013
4 0.00003494 51556 0.0011
5 0.00001203 54.406 0.0012
6 0.00000693 59.578 0.0012
7 0.00004768 92.465 0.0011
8 0.00001243 87.641 0.0011
9 0.00000794  86.970 0.0011
10 0.00006253  56.739 0.0012
11 0.00001310 59.998 0.0013
12 0.00000931 58.162 0.0013
13 0.00006807 59.903 0.0012
14 0.00001673 59.839 0.0013
15 0.00001055 64.477 0.0015
16 0.00008571  67.521 0.0014
17 0.00001695 65.532 0.0013
18 0.00001135 69.338 0.0015
19 0.00002145  44.154 0.0010
20 0.00000686  47.312 0.0010
21 0.00000619  49.580 0.0011
22 0.00003346  51.444 0.0009
23 0.00001180 54.285 0.0010
24 0.00000681  59.442 0.0010
25 0.00004627  92.257 0.0009
26 0.00001222  87.434 0.0009
27 0.00000783  86.763  0.0009
28 0.00006117 56.603 0.0010
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Exp No.

m

2

3

29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54

0.00001288
0.00000920
0.00006674
0.00001652
0.00001044
0.00008438
0.00001674
0.00001124
0.00002474
0.00000737
0.00000644
0.00003643
0.00001227
0.00000704
0.00004908
0.00001265
0.00000805
0.00006388
0.00001331
0.00000942
0.00006939
0.00001694
0.00001065
0.00008704
0.00001716
0.00001145

59.853
58.020
59.756
59.690
64.317
67.356
65.368
69.163
44.373
47.540
49.822
51.669
54.527
59.713
92.672
87.849
87.178
56.875
60.143
58.304
60.050
59.989
64.638
67.686
65.696
69.513

0.0011
0.0011
0.0010
0.0011
0.0012
0.0011
0.0011
0.0012
0.0015
0.0015
0.0015
0.0013
0.0014
0.0014
0.0013
0.0013
0.0013
0.0014
0.0015
0.0016
0.0014
0.0015
0.0017
0.0016
0.0016
0.0017
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Appendix B: Plates

Plate 4.2: In situ determination of penetration resistance
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Plate 4.4: The experimental plots at Egerton University Agroforestry Research Field
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Plate 4.5: Connecting the dynamometer

Plate 4.6: Subsoiling draft determination
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Plate 4.9: Taking measurements on trafficked soil
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Effect of soil compaction on physico-mechanical properties of

silt loam soils of Njoro, Kenya
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Abstract: In order to cope with the demand for moere food for the continuously growing woerld population, it has become

necessary o miensily farming leading 1o mormsed mechanization.  The repeated movement of agricultural machines across
the ficld has led to increased mesdences of soal compaction.  Although more studses undertaken on the effect of wheel tmffic
on soil compaction have used bulk density and penetralson resistance as indicators, not much has been done on the effect of
wheel traific on mechanscal properties of soal. The obgective of this stody was o estiablish the effects of soal compaction on

selected soil physico-mechamical properties. A tractor of 4070 kg with an engine of 74,6 kW was used and the eifect of

repeated wheel passes on bulk density, penstration resastance, soil cohesion, angle of intemal fction and sedl strength

studied. A factonal expenment in a completely modomized block diesign was used. Tests were conducted on |8 plots o

mvestigaie the effect of five acior wheel pass treatments (1, 2, 3, 4 and 5) and a no whee pass treabment on the sml
propertses 3 three depths {1 - 20, 20 - 30 and 3 - 40 cm) with three replications per plet. The results showed tha increasing
the imensity of imffic wheel passes and depth resulled in significant increase in bulk density (1291 1o 1593 kg m™),
penctralion resistanoe { from 640 1o 1340 kPa), sml strength {from 12120 o 15697 kPa), angle of intermal friction {from 2% ©
to 157 and soil cobesson (From 684 o B.42 kPa) at 5% bevel of confidence. It was concluded that although wheel passes

subsequent to the first had a smaller effect on the studied properties, it is cavtioned that additional passes may lead to

mereased tllage drall requirements.

Keywords: bulk densty. cohesion, compaciion, strength, racion, wheel tmiTic

Citwtion: Abich, 5. 0., A N. Gitaw, and D. M. Nysanga. 2022, Effect of =il compaction on physico-mechanical properties

of sl lvam soals of Njoro, Kenya. Agncultural Enginecring International: CIGR Jourmal, 2404 ): 20-2%.

1 Introduction

Farming has been mtensified in recent days to
cope with the demand for more food for the growing
world population. This has resulted In increased
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mechanized farm operations. The increase of soil
degradation by compaction has resulted from the
intensive use of these machinery (Orzech et al., 2021)
Soil compaction is an invisible form of soil
degradation that 15 not casily detected on the smil
surface [ Ramazan ot al_, 2012).

Compaction of the soil cccurs when an extemal
stress applied on the soil surface exceeds the
mechanical stability of the soil (G irsoy, 2021). The
applicd stress alters the soil structure by pushing
particles closer together. This reduces the volume of
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