Open Access

Recent Progress in Science and ﬂ((I_IDSEN

Engineering LIDSEN Publishing Inc.

Review
Simulation Software in the Design and Al-Driven Automation of All-
Terrain Farm Vehicles and Implements for Precision Agriculture

Mrutyunjay Padhiary *, Pankaj Roy, Kundan Kumar

Department of Agricultural Engineering, Triguna Sen School of Technology, Assam University,
Silchar-788011, India; E-Mails: mrutyu@gmail.com; pankaj8638.9846@gmail.com;
kkazad6200@gmail.com

* Correspondence: Mrutyunjay Padhiary; E-Mail: mrutyu@gmail.com

Academic Editor: Danilo Avola

Recent Prog Sci Eng Received: August 26, 2024

2025, volume 1, issue 2 Accepted: March 23, 2025

doi:10.21926/rpse.2502006 Published: April 01, 2025
Abstract

Precision agriculture depends on the automation and mechanization of agricultural
equipment and vehicles in a variety of terrains, which increases productivity and sustainability.
This review presents a comparative analysis of significant simulation software used in
designing and developing automated agricultural systems, emphasizing their methodologies
and significance in advancing farm technology. Artificial intelligence (Al) and machine learning
(ML) methods are modeled, optimized, and integrated using key technologies such as
MATLAB/Simulink, SolidWorks, ANSYS, AirSim, and Gazebo. The results demonstrate how
these technologies improve agricultural automation's real-time decision-making, predictive
maintenance, and system accuracy. Case studies illustrate their practical application in
simulating all-terrain farm vehicles and specialized implements. The best tools for simulating
autonomous navigation are AirSim and Gazebo, although MATLAB/Simulink is particularly
adept at system-level Al modeling. This study takes a new approach to improving design,
control, and environmental interactions by combining many modeling tools. This makes it
easier to make agricultural automation systems that last longer and work better. It is
suggested that future studies investigate the relationship between agricultural automation,
Al, and simulation in greater detail to propel precision agriculture forward.
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1. Introduction

Precision agriculture is a substantial advancement in improving the efficiency and sustainability
of farming. Precision agriculture strives to improve resource use, minimize environmental footprint,
and enhance crop productivity using advanced technologies such as automation, artificial
intelligence, and machine learning [1, 2]. Farm automation, an essential element of precision
agriculture, utilizes sophisticated machinery and equipment, including all-terrain vehicles and
automated tools, to carry out tasks with little human involvement [3]. These technologies play a
crucial role in contemporary agriculture, where there is a growing need for increased production
and sustainability. The incorporation of Al and ML into the design of farm machinery has added
numerous advantageous transformations in the agricultural industry. This integration has allowed
for the emergence of intelligent systems capable of making decisions in real-time, predicting
maintenance needs, and optimizing operations [4]. The design and modeling of these automated
systems, including all-terrain vehicles and implements, are crucial for guaranteeing their efficiency
and dependability in various farming conditions [5]. Simulation software is vital since it offers a
virtual environment for testing, refining, and validating design concepts before creating prototypes.
Software applications such as MATLAB/Simulink, SolidWorks, ANSYS, AirSim, and Gazebo have
become essential in the design and development of modern agricultural systems. Each tool provides
distinct capabilities and approaches to address specific design difficulties.

The main goals of this study are to examine and contrast various simulation software utilized in
the design and automation of farm vehicles and implements. The study evaluates their methodology,
accuracy, and significance in the design process. Also, this work seeks to assess the incorporation of
Al and ML into these simulation procedures, investigating how these technologies improve the
design, functionality, and efficiency of automated agricultural machinery. The study combines
advanced simulation tools with Al and machine learning algorithms to optimize farm machinery
design and automation. It explores hybrid Al/ML algorithms for predictive maintenance,
optimization, and real-time decision-making. The research suggests using MATLAB/Simulink to
improve control systems for self-driving cars and using AirSim and Gazebo to help train Al models
for navigation and avoiding obstacles [6]. This approach addresses challenges in terrain adaptability,
resource optimization, and operational efficiency. Hybrid algorithms, like real-time plant disease
detection and R-CNN and SVM, may be used to monitor farm equipment health and dynamic
resource allocation in machinery [7]. These algorithms are also used for crop classification and
variable-rate fertilizer application based on real-time crop and soil data.

Page 2/25



Recent Prog Sci Eng 2025; 1(2), doi:10.21926/rpse.2502006
2. Application in Agriculture
2.1 Precision Agriculture and Farm Automation

In recent decades, advances in technology and data analysis have significantly advanced the field
of precision agriculture [1]. Centered initially on enhancing agricultural productivity and optimizing
resource utilization using simple instruments, it has now integrated advanced technology like GPS,
remote sensing, and real-time data analytics [8]. The latest developments in precision agriculture
prioritize utilizing Internet of Things (loT) devices, drones, and automated machinery to gather and
evaluate data with unparalleled precision. These advancements empower farmers to make better-
informed choices, optimize the utilization of resources, and improve overall output [9]. Automation
is essential in this evolution as it simplifies agricultural procedures and decreases the requirement
for manual labor [10]. Automated technologies, such as all-terrain vehicles and precision
implements, enable more accurate delivery of inputs like fertilizers and pesticides, enhancing crop
health and decreasing environmental impact [11]. Many challenges in precision agriculture require
creative solutions. Terrain adaptation is one of the most serious issues as agricultural equipment
must work effectively on various terrains, such as rocky, muddy, and steep areas [12]. When
machines cannot adapt dynamically to such circumstances, they frequently suffer from
performance degradation or complete failure. Another major challenge is real-time decision-making,
which requires self-driving vehicles to process vast amounts of sensor data and react instantly to
environmental changes [13-15]. loT device integration is equally important, but it presents
technological challenges including latency, connectivity, and device compatibility. Resource
optimization is crucial to managing inputs like water, fertilizer, and pesticides to reduce waste and
maximize efficiency [16]. Lastly and most importantly, predictive maintenance is a significant
concern because equipment failures during crucial farming times, such as planting or harvesting,
lead to substantial losses in productivity. Al-enhanced simulation tools may be essential in resolving
these issues by enabling predictive analytics and real-time system adjustments.

2.2 Al and ML in Agricultural Machinery

Al and ML have become essential components of contemporary agricultural technology,
enhancing the design and operation of farm vehicles and equipment. Al and ML algorithms improve
several aspects of agricultural machinery, such as autonomous navigation, real-time monitoring,
and data-driven decision-making [17]. These technologies facilitate the ability of farming vehicles to
carry out duties such as planting, harvesting, and spraying with exceptional accuracy and
productivity [18]. Predictive maintenance is a significant usage of Al and ML, where information
from sensors and past performance is utilized to forecast equipment malfunctions and plan
maintenance promptly, reducing downtime and repair expenses [19]. Optimization algorithms
enhance operating efficiency by dynamically altering settings in response to environmental
conditions and crop requirements. Al-powered solutions offer crucial decision-making assistance by
analyzing intricate datasets to deliver insights and recommendations that improve farm
management and productivity [20, 21].

In precision agriculture, artificial intelligence and machine learning play various roles that greatly
enhance operational effectiveness, lower costs, and promote sustainability. Al models detect
patterns indicating probable failures by tracking vibration, temperature, and wear-and-tear data
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from components such as power engines or hydraulic systems [22]. Artificial intelligence may
optimize irrigation by assessing soil moisture data, weather forecasts, and crop requirements. This
enhances agricultural yields and minimizes water waste by enabling precision watering. Similarly,
artificial intelligence may dynamically modify spray patterns in the context of pesticide application
based on real-time data from sensors and drones [23]. This ensures that pesticides are only applied
where necessary, reducing environmental effects and chemical use. Al and machine learning are
also essential in real-time decision-making. Al-enabled autonomous cars are capable of navigating
across challenging agricultural terrain, making judgments in real time about load distribution, speed,
and route based on the surrounding conditions [24]. Thus, a tractor or harvest robot may change its
route or speed according to the unevenness of the terrain, avoiding obstacles and guaranteeing
consistent functioning. Al models also help optimize fertilizer by detecting soil and crop health,
enabling variable-rate applications customized for certain field zones. Through increased
production and resource efficiency, these Al/ML technologies are crucial to advancing precision
agriculture. By using such adaptive, real-time technologies, farmers may maximize their agricultural
yields while minimizing their environmental impact.

2.3 Simulation in Agricultural Engineering

Simulation techniques are crucial in the design and development of agricultural machinery and
implements, as they offer a virtual environment for testing and improving design concepts before
creating actual prototypes [25]. Simulation tools like MATLAB/Simulink, SolidWorks, ANSYS, AirSim,
and Gazebo provide various capabilities for modeling and assessing the performance of agricultural
vehicles and implements [26]. These tools aid in several phases of the design process, such as
kinematic and dynamic analysis, assessment of structural integrity, and optimization of systems.
Comparative studies of current simulation tools emphasize the advantages and drawbacks of each
tool, providing valuable insights into their suitability for various design difficulties. For example,
AirSim and Gazebo are highly valuable tools for simulating the behavior of autonomous vehicles in
intricate surroundings. At the same time, MATLAB/Simulink and ANSYS are well-known for their
extensive capabilities in modeling and analysis [27, 28]. Using these simulation tools, engineers and
researchers may maximize the effectiveness of designs, improve functionality, and guarantee the
dependability of agricultural machinery in practical situations.

3. Comparative Analysis of Simulation Software
3.1 Selection Criteria for Simulation Software

When assessing simulation software for the design and automation of farm vehicles and
implements, it is crucial to examine many essential aspects and capabilities [29]. Usability refers to
the simplicity with which users can use the software, configure simulations, and understand the
outcomes. Precision is essential to ensure that the simulations accurately depict real-world
situations and behaviors, which is key for making well-informed design choices. Integrating Al and
ML algorithms is a crucial aspect that enhances predictive capabilities, optimization, and real-time
decision-making in the simulation environment [30]. Software that enables seamless interaction
with Al/ML algorithms can significantly improve the efficiency of the simulation process by enabling
more advanced analyses and automated modifications using real-time data. Various simulation
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programs are listed in Table 1, with information on their payment and open-source status and their
main characteristics, usability, accuracy, and Al/ML integration.

Table 1 Comparison of simulation software features.

Software Key Features Usabilit Accurac Integration Type
y v V' withayme P
System-level
MATLAB/Simulink  simulation, control High High Extensive Paid
design
3D CAD modeling,
SolidWorks g Moderate Moderate Limited Paid
structural analysis
Structural and thermal . .
ANSYS . Moderate High Moderate Paid
analysis
Autonomous vehicle
. . . . . Open-
AirSim simulation, Moderate High High
) source
environment
Robotics simulation,
. . . Open-
Gazebo environmental High High Moderate
. . source
interaction
COMSOL Multi-physics
. . . p‘ y High High Extensive Paid
Multiphysics simulations
3D CAD design and
PTC Creo . . 8 Moderate High Limited Paid
simulation
3D modeling and Open-
Blender . g High Moderate Limited P
rendering source
System modeling and Open-
OpenModelica y ) & Moderate Moderate High P
simulation source
Simulink System simulation and . . . .
. High High Extensive Paid
(MATLAB) model-based design
System-level dynamics
DynamiCs y . Y Moderate Moderate Moderate Paid
simulation
Real-time 3D
Unity development and High Moderate High Paid
simulation
V-REP Robotics simulation . Open-
o Moderate High Moderate
(CoppeliaSim) and control source
Hardware description
ModelSim . p High High Limited Paid
language simulation
Open-source
. . Open-
Scilab computational Moderate Moderate Moderate
source

software
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3.2 Software Options for Farm Vehicles and Implement Design

Various simulation software alternatives are extensively utilized in the design of agricultural
vehicles and equipment. MATLAB/Simulink is well-known for its strong modeling and simulation
abilities, providing a wide range of toolboxes for system-level simulation and control design [31].
SolidWorks offers sophisticated 3D computer-aided design (CAD) modeling and simulation
capabilities, enabling precise design and structural analysis of agricultural machinery. ANSYS is
renowned for its extensive finite element analysis (FEA) software, which assesses the structural
soundness and efficiency of components in different scenarios [32]. AirSim and Gazebo are highly
beneficial for simulating the behavior of autonomous vehicles and their interactions with intricate
environments. They offer realistic situations for testing and improving control algorithms and
navigation systems.

3.3 Performance Evaluation

In order to assess these simulation tools, a performance evaluation is undertaken, taking into
account several variables such as accuracy, computational efficiency, learning difficulty, and
interface software. MATLAB/Simulink is proficient at conducting system-level simulations with
exceptional precision and intricate control methods, demanding substantial computer resources for
intricate models [33]. SolidWorks provides outstanding accuracy in 3D modeling and structural
analysis, along with user-friendly design features that facilitate design revisions. However, its
simulation capabilities may be somewhat restricted regarding dynamic system modeling compared
to alternative tools [34]. ANSYS offers exceptional precision in structural analysis and thermal
simulations. However, it may require significant computer resources. AirSim and Gazebo are highly
effective at simulating the dynamics of autonomous vehicles and their interactions with the
environment. The computing efficiency of these simulations varies depending on the complexity of
the scenarios being simulated [35]. Illustrative case studies or examples showcasing the utilization
of these software tools in the construction of all-terrain vehicles and farm implements can
effectively demonstrate their practical applications and performance in real-life situations.

Table 2 presents a comparison of different simulation software utilized in the field of agricultural
engineering. The assessment evaluates each software based on its computational efficiency,
computational power requirements, and learning curve, providing insights into its performance and
usability. It also discusses the types of related software, microcontrollers, or systems often used
with each tool. This gives us a bigger picture of how these software solutions can be combined with
other technologies. Using illustrative figures and references, the software is situated within the
more extensive study of the paper, facilitating readers' comprehension of the practical applications
and significance of each instrument in precision agriculture and farm automation. The price for the
regular version in India is provided. Free versions of software such as ANSYS are accessible for
students.
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Table 2 Performance metrics and characteristics of simulation software.
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ANSYS

AirSim

Gazebo

COMSOL
Multiphysics

Low

Moderate

High

High

Moderate

Moderate

High

Steep

Moderat
e

Moderat
e

Steep

FEA, CFD, Thermal
Analysis Tools

UAYV Simulation,
Python, Unreal
Engine

ROS, UAV Systems,
Robotics

Multiphysics,
MATLAB, FEA Tools

Water tank

[38]
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[41]
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) Moderat 3D CAD, PLM
PTC Creo Moderate High [42]  $2400
e Systems, loT
. Moderat 3D Modeling, Python,
Blender High Low . ) [43] -
e Animation Software _ - ;
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/ z Y N
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] 5
. Moderat  Modelica, System
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DynamiCs

Unity

CoppeliaSim

ModelSim

Moderate

High

Moderate

High

Moderate

Moderate

Moderate

High

Moderat
e

Moderat
e

Moderat

Steep

MATLAB, Control
Systems, Dynamics

C#, Visual Studio, 3D
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ROS, Python, Lua
Scripting

VHDL/Verilog, FPGA,
Hardware Simulation
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[46]
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3.4 Integration with Al and ML

By incorporating Al and ML into simulation software, the capacity to model and optimize farm
vehicles and implements is significantly improved. Because it has a lot of tools and data analysis
features, MATLAB/Simulink makes it easy to use Al and machine learning algorithms [50]. This lets
you do complex modeling and forecasting. SolidWorks can connect with other artificial intelligence
and machine learning tools to enhance optimization and analysis. However, its built-in artificial
intelligence features are not as advanced. ANSYS enables the integration of machine learning
models to enhance predicted accuracy and optimize material performance [51]. AirSim and Gazebo
allow the integration of Al/ML by offering simulation settings that assist in the development and
testing of Al-driven control systems for autonomous vehicles. These environments support real-
time data processing and are crucial for implementing autonomous vehicle algorithms. Every
program has its own set of benefits and constraints when integrating Al/ML, with specific options
providing more smooth and sophisticated functionalities compared to others. Comprehending
these factors is essential for choosing the suitable tool for design and automation assignments.

4. Design and Simulation of All-Terrain Vehicles and Automated Implements
4.1 Methodology

A systematic approach is used to design and simulate all-terrain vehicles and automated
implements. This approach utilizes specific simulation software to enhance performance and
functionality [52]. The process commences with establishing the design prerequisites and goals,
subsequently proceeding to create a conceptual design and its representation through tools such
as SolidWorks for 3D computer-aided design (CAD). MATLAB/Simulink is subsequently employed to
design and evaluate control systems and algorithms, incorporating dynamic simulations to evaluate
vehicle performance in different scenarios [53]. ANSYS is utilized for structural analysis to verify the
ability of components to endure operational pressures and environmental conditions. The software
tools AirSim and Gazebo replicate self-governing movement and engagement with intricate
landscapes, offering a valuable understanding of how vehicles behave in actual situations [54]. The
simulation workflow entails a process of iterative testing and refinement, wherein design
improvements are implemented based on simulation results to improve the overall efficacy and
dependability of the vehicle or implementation. Computational efficiency analyzes the performance
of simulation tools based on processing time and resource utilization for complex models,
highlighting tools that optimize computational requirements without sacrificing accuracy.
Integration capabilities evaluate how well the tool integrates with other software, Al/ML algorithms,
or hardware systems like loT devices and robotic platforms [55, 56]. Scalability investigates whether
the tool can handle increasing complexity, such as larger datasets or more detailed models, without
performance degradation. Finally, cost and accessibility provide a detailed cost analysis, including
licensing fees, free versions, and open-source alternatives, while considering the availability of
academic or student licenses for resource-constrained users [57]. By systematically applying these
parameters, researchers and practitioners can make informed decisions about selecting the most
suitable simulation tool for their needs. Figure 1 visually illustrates the complete process of creating
and simulating all-terrain vehicles. It emphasizes the incorporation of many software tools and
processes, illustrating the contribution of each step to the ultimate design.
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SIMULATION &
ANALYSIS

(" N\ @ R 4
CONCEPTUAL DESIGN MATLAB/SIMULINK SOLIDWORKS M

GAZEBO @

CAD MODELING

Sew”

Figure 1 Workflow for simulation of all-terrain vehicles.

4.2 Al-Driven Design and Automation

Integrating Al and ML algorithms into the design and modeling process amplifies the capabilities
of all-terrain vehicles and automated implements. Al and ML can be included in simulations to
optimize design parameters, forecast performance results, and streamline decision-making
procedures [58]. For example, artificial intelligence algorithms can examine simulation data to
determine the best setups for car parts or control systems. At the same time, machine learning
models can forecast maintenance requirements and adapt operational settings instantly. These
technologies also enable adaptive learning, wherein the simulation environment constantly
enhances itself by incorporating new data and performance feedback [59]. This Al-powered
methodology allows for more streamlined and precise design procedures, making sophisticated
automated systems more suitable for dynamic agricultural settings. Figure 2 illustrates the
contribution of Al and ML in enhancing the simulation process. The article delineates the utilization
of these technologies in scrutinizing data, modifying parameters, and improving design choices,
resulting in simulations that are more proficient and impactful.
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AUTOMATED VEHICLES & IMPLEMENTS

* AI enables self-adjusting all-terrain
vehicles for varied landscapes.

® Smart agricultural implements enhance
precision and efficiency.

9> Al & ML INTEGRATION IN DESIGN

* AT enhances efficiency and precision
in vehicle and system design.

* Machine learning automates parameter

adjustments, improving accuracy.

SIMULATION & OPTIMIZATION

* AI-driven simulations replicate real-
world conditions for testing.

* ML analyzes configurations to optimize
fuel efficiency and durability.

* AI predicts potential failures and
maintenance needs.

* Adaptive learning improves designs Y
based on real-time feedback.

Figure 2 Al and ML integration in simulation.
4.3 All-Terrain Farm Vehicle Simulation

All-Terrain Farm vehicles with automation features to carry out precision agriculture activities
are designed to function on various terrains, such as rocky, muddy, or sloping terrain. Numerous
studies have been undertaken to examine the design and simulation of a prototype agricultural
vehicle capable of operating in all types of terrain [60]. The design process commences by
establishing the vehicle's functional prerequisites, including its ability to adapt to different terrains,
its capacity to carry loads, and its operating effectiveness. SolidWorks is utilized for the creation of
complex 3D models of the various parts of the vehicle. In contrast, MATLAB/Simulink is employed
for the development and simulation of control systems for navigation and automation [61]. ANSYS
offers structural analysis capabilities to verify the ability of the vehicle's structure and components
to withstand the stresses experienced during operation [62]. AirSim and Gazebo are utilized for
simulating the vehicle's performance in different types of terrain, enabling real-time evaluation of
autonomous navigation algorithms and environmental interactions. The case study illustrates how
incorporating these technologies leads to a resilient and effective design capable of fulfilling the
requirements of contemporary agriculture. Figure 3 offers an elaborate depiction of the prototype
of the all-terrain vehicle that was created using simulation. It also provides a detailed analysis of the
design features and components, providing valuable information on how simulation tools are
applied in the development process.
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Figure 3 All-terrain vehicle design and simulation a) vehicle crossing beam test b)
Animation simulation of obstacle crossing experiment c) The vehicle model imported
into simulation d) Vehicle structure [63].

A different study centers on the design and simulation of a particular automated agricultural
device, such as a precision sprayer or planter. The design process entails establishing the
implementation specifications, such as application precision, capacity, and operational efficiency
[64]. The implement's structure and components are modeled using SolidWorks, while control
algorithms for accurate application and automation are developed and tested using
MATLAB/Simulink. ANSYS is utilized to conduct structural and thermal analyses to verify the ability
of the implement to endure operational conditions. AirSim and Gazebo offer a simulation
environment to evaluate the performance of the implementation in several field conditions, such
as interacting with crops and soil. This case study showcases the benefits of utilizing simulation
software to enhance the design and performance of automated tools, illustrating enhancements in
efficiency and accuracy through the utilization of advanced design and simulation methods [65]. The
Valley Dairy Farm Automation project utilized SolidWorks to design and simulate a robotic milking
system, significantly improving farm efficiency [63]. The software enabled precise modeling and
testing of the system's components, while Al and automation were integrated to optimize the
milking process, resulting in increased productivity and reduced labor costs. This case exemplifies
the effectiveness of combining advanced design tools with automation in agricultural applications
[66].
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4.4 Al-Driven Autonomous Harvesting Systems

With advancements in precision agriculture, Al-driven autonomous harvesting systems are
changing modern farming practices. These systems integrate Al, robotics, and simulation software
to optimize harvesting efficiency while reducing human labor and crop losses. One notable example
is autonomous combine harvesters, which leverage MATLAB/Simulink for control system modeling,
AirSim for navigation simulation, and ANSYS for structural and fatigue analysis of mechanical
components [67]. These tools enable the simulation of various environmental conditions, ensuring
real-time adaptability to terrain variations and crop density. A case study explored Al-powered
drones for real-time fruit-picking operations. The study integrated the Gazebo to train—Al models
for obstacle detection and robotic arm movements [24]. Implementing reinforcement learning
algorithms in MATLAB/Simulink allowed continuous adaptation, improving fruit-picking precision
while minimizing damage. Similarly, it demonstrated how sensor fusion techniques enhance Al-
driven harvesting efficiency by combining LiDAR, computer vision, and ML algorithms to optimize
crop selection and picking strategies [68]. Another case study involved a robotic apple harvester
using optimized picking patterns and an anthropomorphic picking pattern; success rates using two
picking motions were 80.17% and 82.93%, respectively [69]. Machine learning models integrated
with Al-based decision-making algorithms improved harvesting and reduced 31% post-harvest
damage compared to conventional methods [70]. These studies emphasize integrating Al,
simulation tools, and automation technologies in agricultural harvesting systems. By simulating real-
world conditions, engineers can refine Al models, optimize mechanical designs, and improve
harvesting precision before real-world deployment. The combination of MATLAB/Simulink, AirSim,
Gazebo, and SolidWorks has proven highly effective in developing intelligent harvesting solutions,
paving the way for more efficient and sustainable farm automation.

5. Results and Discussion
5.1 Comparative Results of Simulation Software

Upon conducting a comparative examination of simulation software, it becomes evident that
each tool exhibits unique performance metrics, accuracy levels, and usability outcomes.
MATLAB/Simulink is highly proficient in delivering comprehensive system-level simulations with
exceptional precision and powerful control design capabilities [31]. However, it can be demanding
regarding resources and challenging for certain users to navigate. SolidWorks has exceptional
accuracy in 3D modeling and structural analysis, incorporating user-friendly features. However, its
dynamic system simulation capabilities are less sophisticated than competing tools. ANSYS provides
exceptional precision in structural and thermal simulations, while it requires significant computer
resources and may present a steep learning curve for inexperienced users [43]. AirSim and Gazebo
excel at mimicking the behavior of autonomous vehicles and their interactions with the
environment. They provide realistic scenarios and allow for flexible testing. However, using them
may need additional setup and integration work [71]. Integrating Al and machine learning
algorithms in simulations has proven to significantly reduce fuel consumption and enhance
navigation efficiency [72]. However, the software's difficult learning curve and high computational
resource requirements have significant limits in practical agricultural contexts, particularly on small-
scale or resource-constrained farms. Also, configuring simulations for complicated situations in

Page 16/25



Recent Prog Sci Eng 2025; 1(2), doi:10.21926/rpse.2502006

MATLAB/Simulink often requires considerable expertise, which is not always available to all
practitioners [73]. These limitations focus on the requirement for more efficient processes or add-
on tools, such as AirSim or Gazebo, which are more affordable and easier to use for simulating
dynamic field conditions. In general, the selection of simulation software relies on the individual
requirements of the design project, with each tool providing distinct advantages that can be utilized
according to the design objectives and goals.

5.2 Al and ML Integration Impact

Incorporating Al and ML into the design and simulation process dramatically enhances the
efficiency and efficacy of farm vehicles and implements development. Al algorithms improve the
simulation process by offering sophisticated predictive skills, allowing for more precise performance
predictions and optimization of design parameters [74]. Machine learning models enhance real-
time decision-making and adaptive learning by utilizing simulation data and operational input,
leading to ongoing improvement. This integration enables more accurate and automated design
modifications, resulting in enhanced performance and decreased development time [75].
Simulating and testing Al-driven control systems in virtual environments speeds up the
development of modern agricultural machinery, providing notable benefits in terms of operational
efficiency and adaptability in dynamic farming situations. For example, MATLAB/Simulink uses
reinforcement learning algorithms to optimize control systems, allowing for real-time changes to
vehicle speed and route depending on sensor response [76]. Similarly, AirSim enables the training
of neural networks for autonomous navigation by simulating complex, dynamic environments, such
as fields with obstacles and uneven terrain [77]. These implementations typically involve data
preprocessing pipelines, where raw sensor data is fed into Al models trained to predict outcomes,
such as machinery performance or maintenance requirements. However, the study is unclear about
the architectures that are used (e.g., gradient-boosted decision trees for predictive maintenance or
convolutional neural networks for image-based decision-making) and the way they are incorporated
into simulation workflow [78]. By offering insights into the operational challenges of these
instruments and their applicability to various farming contexts, an in-depth investigation of these
issues might significantly enhance the paper's contribution.

5.3 Practical Implications

The practical ramifications of employing sophisticated simulation software and integrating
artificial intelligence/machine learning in precision agriculture are significant. Through the
utilization of these technologies, farmers and agricultural engineers can create and install
automated systems, such as versatile vehicles and precise tools, that improve production and
sustainability [79]. Utilizing virtual environments to simulate and optimize machinery before
accurate installation mitigates the potential for expensive errors and enhances the dependability of
the equipment. In addition, Al-powered solutions offer practical analysis and automation features
that simplify agricultural tasks, improve resource efficiency, and enhance crop supervision [80]. The
tangible advantages encompass higher crop production, diminished ecological footprint, and
improved operational effectiveness, thus promoting the general progress of precision agriculture
methodologies.
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During the design stage, model and optimize the structural elements and control systems of
machinery using programs like ANSYS and MATLAB/Simulink [81]. Use Al/ML to optimize resources
and make decisions in real-time. Collect and analyze field data by integrating loT-enabled devices
with simulation frameworks. For flexibility and cost savings, give open-source simulation tools like
Gazebo and OpenModelica preference [82]. Sustainable farming results, decreased resource waste,
and increased operational efficiency are all possible with this strategy. AirSim and Gazebo can
simulate autonomous navigation in realistic field environments, allowing farmers to train Al models
for obstacle detection and path planning before deploying vehicles in real-world conditions; ANSYS
offers wear and tear analyses to ensure structural durability under varying field conditions; and
MATLAB/Simulink can simulate real-time system dynamics, enabling precise calibration of
autonomous vehicles for terrain adaptability [83-85]. Al algorithms combined with drones or
sensors allow them to assess crop health and modify inputs in real-time, depending on data.

5.4 Challenges and Limitations

The report showcases notable progress in integrating simulation and Al/ML, but it also
acknowledges various hurdles and limitations. An obstacle lies in the high computational intensity
and intricate nature of specific simulation software, necessitating significant resources and
knowledge for optimal utilization [86]. Various issues related to the integration of Al/ML algorithms,
such as data quality, algorithm correctness, and compatibility with simulation tools, can impact the
success of the design and automation process [87, 88]. Furthermore, simulation software may not
consistently convey the complexity of real-world events despite its ability to depict complex
environmental variables and interactions [89] accurately. To overcome these constraints,
continuous research and development efforts are necessary to strengthen the precision of
simulations, integrate artificial intelligence and machine learning more effectively, and ensure that
the tools employed align with the practical requirements of precision agriculture.

5.5 Future Directions in Simulation and Al Integration

Integrating Al and simulation tools has helped agricultural automation, but several
advancements are needed to enhance efficiency, real-time adaptability, and sustainability. One
promising direction is the development of hybrid simulation environments, where real-world sensor
data from loT-enabled farm equipment is continuously fed into virtual models to refine Al-driven
decision-making. As AirSim and Gazebo may simulate farm vehicle navigation, integrating LiDAR-
based real-time field data may improve terrain adaptability and path optimization algorithms.
Researchers have demonstrated that using sensor fusion techniques in Al-based simulation
environments reduces navigation errors by 30% compared to static simulation models [90]. Another
emerging approach is real-time Al-driven feedback systems, where reinforcement learning
algorithms dynamically adjust simulation parameters based on live data. In a recent study,
MATLAB/Simulink was integrated with |oT soil sensors to optimize irrigation schedules, leading to a
25% improvement in water efficiency [91]. Such frameworks may also enhance predictive
maintenance models, where machine learning algorithms process real-time wear-and-tear data
from farm machinery to anticipate failures before they occur.

Additionally, future Al-driven simulations should focus on multi-tool interoperability, where
software like MATLAB, ANSYS, and AirSim seamlessly exchange data without manual preprocessing.
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Current challenges include data standardization, as different tools use incompatible file formats
(e.g., Simulink’s. mdl vs. ANSYS’s. cdb format), making integration cumbersome. Recent research
suggests that cloud-based Al simulation frameworks might enable real-time model updates,
reducing computation time by 40% compared to local simulation environments [92]. Another key
advancement lies in Al-enhanced crop modeling, where machine-learning models predict crop
health based on weather forecasts, soil quality, and past yield data. Recent deep-learning
applications for disease detection in crop simulation environments have shown accuracy
improvements of up to 92% compared to conventional rule-based models [76]. Combining Al-driven
plant growth simulation with precision agriculture tools such as drone-based spectral imaging can
significantly improve yield prediction accuracy. As Al and simulation tools evolve, future research
should focus on developing standardized testing frameworks to validate Al-driven control systems
for agricultural automation. This includes creating benchmark datasets for training Al models across
various farm conditions, ensuring robust performance across geographical and environmental
settings. By integrating real-world data with virtual simulation environments, the future of precision
agriculture will see improved efficiency, cost-effectiveness, and sustainability.

6. Conclusion

This study provides a comprehensive comparison of simulation software and the integration of
Al and ML in designing and automating agricultural tractors and all-terrain farm machinery. Key
simulation tools, including MATLAB/Simulink, SolidWorks, ANSYS, AirSim, and Gazebo, were
reviewed for their capabilities in predictive maintenance, real-time decision-making, and system
optimization. The results show that MATLAB/Simulink is great for system-level modeling and
integrating complex Al, while AirSim and Gazebo are great for simulating autonomous navigation
under challenging environments. The study also talks about how to improve design features using
different modeling tools and how to combine these processes. This will lead to more sustainable
and effective agricultural automation systems. MATLAB/Simulink demonstrates exceptional
precision in system-level simulations and comprehensive control design. SolidWorks, proficient in
accurate 3D modeling and structural analysis, has limitations in dynamic simulations. ANSYS offers
high accuracy in structural and thermal simulations but demands substantial computational
resources. Meanwhile, AirSim and Gazebo effectively replicate the behavior of autonomous vehicles
and their interactions with the environment, though they require additional configuration and
integration. By allowing advanced prediction, instantaneous decision-making, and adaptive learning,
Al and ML improve the simulation process. This leads to better designs and shorter development
times.

In the future, researchers should work on making computers faster and easier for people to use,
integrating Al and machine learning better in simulations, and finding new ways to test and confirm
Al-driven control systems in different farming situations. Collaboration among software developers,
agricultural engineers, and researchers will be essential in overcoming current challenges and
driving technological advancements in precision agriculture. As simulation and Al technologies keep
improving, they will have a significant effect on the future of precision agriculture by making it easier
to design more accurate equipment, lowering the cost of development, and making systems more
reliable.
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