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Abstract: This paper proposes a design and optimization scheme for an Internet of Things
(IoT)-based cloud platform aimed at enhancing the communication efficiency and opera-
tional performance of autonomous agricultural machinery. The platform integrates the dual
communication capabilities of Narrowband Internet of Things (NB-IoT) and 5G, where
NB-IoT is utilized for low-power, reliable data transmission from environmental sensors,
such as soil information and weather monitoring, while 5G supports high-bandwidth,
low-latency tasks like task scheduling and path tracking to effectively address the di-
verse communication requirements of modern complex agricultural scenarios. The cloud
platform improves operational efficiency and resource utilization through real-time task
scheduling, dynamic optimization, and seamless coordination between devices. To ac-
commodate the diverse operational demands of agricultural environments, the system
incorporates a real-time data feedback mechanism leveraging sensor data for path track-
ing and adjustment, enhancing adaptability and stability. Furthermore, a multi-machine
collaborative scheduling strategy combining Dijkstra’s algorithm and an improved Harris
hawk optimization (IHHO) algorithm, along with a multi-objective optimized path track-
ing method, is introduced to further improve scheduling efficiency and resource utilization
while improving path tracking accuracy and smoothness and reducing external interfer-
ences, including environmental fluctuations and sensor inaccuracies. Experimental results
demonstrate that the loT-based cloud platform excels in data transmission reliability, path
tracking accuracy, and resource optimization, validating its feasibility in smart agriculture
and providing an efficient and scalable solution for large-scale agricultural operations.

Keywords: NB-loT; 5G; autonomous agricultural machinery; cloud platform; smart farming;
sensor data transmission

1. Introduction

As agricultural communication technologies continue to advance, the limitations of
traditional systems have become increasingly apparent. Issues such as limited coverage,
low field operation accuracy, high power consumption, and latency make these systems
inadequate for the demands of large-scale agricultural operations [1]. Modern agriculture
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is gradually transitioning toward mechanization, automation, and standardization. The
development of cloud platforms provides an efficient solution that lowers labor costs
and enables centralized management of agricultural machinery [2]. The rapid growth of
autonomous agricultural machinery is further transforming modern farming by improving
operational efficiency, reducing reliance on human labor, and enhancing the precision
of fieldwork [3]. However, to fully unlock the potential of these systems, robust com-
munication technologies are essential. These technologies must support low-bandwidth
environmental data transmission (e.g., soil moisture, temperature, and weather monitoring)
while also enabling high-bandwidth, low-latency functions such as vehicle control and
path planning. Traditional communication systems, such as 4G and Wi-Fj, fall short in
large-scale agricultural scenarios due to limited coverage, high power consumption, and
latency issues, underscoring the urgent need for more efficient communication solutions
and next-generation platform designs [4].

To address these challenges, this paper proposes an Internet of Things (IoT)-based cloud
platform that seamlessly integrates Narrowband Internet of Things (NB-IoT) and 5G technolo-
gies to establish a dual-channel communication system for autonomous agricultural machinery.
As shown in Figure 1, NB-IoT is utilized for low-power, wide-area communication, enabling
the transmission of sensor data such as soil information, temperature, and weather condi-
tions. Meanwhile, 5G supports high-bandwidth, low-latency communication, facilitating
real-time task scheduling and path tracking for autonomous vehicles. By combining these two
communication technologies, the system optimizes data transmission and enhances device
coordination, ensuring greater accuracy and stability in agricultural operations. Additionally,
the platform incorporates a multi-machine collaborative scheduling mechanism and a multi-
objective optimized path tracking method to address challenges such as agricultural resource
allocation optimization and precision operation control. This approach significantly improves
overall operational efficiency and system reliability. The ultimate objective of this study is to
provide a scalable and reliable communication solution for the future of smart agriculture,
ensuring that real-time decision-making and task scheduling play a pivotal role in large-scale
agricultural operations.
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Figure 1. Schematic diagram of smart farm.

The structure of this paper is as follows: Section 2 reviews related research, including
autonomous agricultural machinery, agricultural machinery scheduling algorithms, IoT-
based agricultural systems, and communication technologies such as NB-IoT and 5G.
Section 3 provides a detailed introduction to the proposed IoT-based cloud platform
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architecture, focusing on the integration of NB-IoT for sensor data collection and the
application of 5G for real-time control. Section 4 explores three key technologies that
support the system: a multi-machine collaborative scheduling mechanism based on an
improved Harris hawk optimization (IHHO) algorithm, a multi-objective optimization
adaptive path-tracking predictive control method for agricultural machinery, and the design
and integration strategy of the agricultural cloud platform. Finally, Section 5 summarizes
the research findings and outlines future research directions.

2. Methodological Background

In smart agriculture, the IoT cloud platform integrates various sensors to enable real-time
collection of environmental and operational data, facilitating intelligent decision-making for
optimizing agricultural machinery operations. The literature [5] proposes a privacy-preserving
data aggregation scheme based on the ElGamal encryption system to enhance the security
and flexibility of data sharing in agricultural IoT. The literature [6] introduces the PPFchain
framework, which enhances security, data privacy, and system performance in sensor-IoT
architectures. To manage soil nitrogen levels more effectively, the literature [7] proposes an IoT
sensing platform based on LoRaWAN. This system enables real-time monitoring of soil nitrate
levels, optimizing fertilization management, improving nitrogen utilization efficiency, and
reducing environmental pollution. These studies underscore the significance of IoT technology
in data security, agricultural automation, and precision farming.

The application of edge computing technology has significantly enhanced real-time
data processing capabilities and improved the autonomous decision-making of agricul-
tural machinery. For instance, the literature [8] proposes a smart farm information pro-
cessing platform approach that emphasizes integrating diverse data sources to ensure
interoperability, reliability, scalability, real-time data processing, and security within smart
farming ecosystems. The literature [9] introduces a metaverse-enabled framework for
open-terrain agricultural vehicle fleets, leveraging parallel intelligence and edge computing
to enhance the operational efficiency and energy effectiveness of agricultural machinery.
Additionally, the literature [10] develops a subsoiling monitoring system based on edge
computing using IoT architecture, enabling real-time monitoring and analysis of soil con-
ditions to optimize subsoiling operations and improve soil health. Furthermore, artificial
intelligence (AI) and machine learning (ML) are increasingly being adopted in precision
agriculture. By analyzing vast amounts of data collected by IoT sensors, these technologies
optimize decision-making processes for agricultural machinery, enhance environmental
perception accuracy, and refine path planning algorithms, thereby advancing the intelli-
gence level of agricultural production [11,12]. However, the further development of smart
agriculture relies not only on advanced Al algorithms but also on efficient and stable
communication technologies to ensure real-time data transmission and coordinated opera-
tion of agricultural equipment [13]. Therefore, selecting the appropriate communication
technology is crucial for the stable operation of agricultural IoT systems.

A reliable and efficient communication network is essential for seamless data col-
lection, remote control, and multi-machine collaboration. Different application scenarios
have varying communication requirements. Currently, the mainstream agricultural com-
munication technologies include NB-IoT, 5G, LoRa, Wi-Fi, and Zigbee, each with distinct
advantages and trade-offs in terms of coverage, power consumption, bandwidth, and
latency. The literature [14] explores the application of IoT communication technologies in
smart agriculture, analyzing challenges related to data transmission, coverage, and energy
consumption, and highlighting future directions for the development of communication
technologies. The literature [15] proposes an IoT-based smart greenhouse framework and
discusses control strategies for sustainable agriculture, optimizing greenhouse environ-
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mental parameters to increase crop yield and reduce resource consumption. In the field of
remote agricultural communication, the literature [16] highlights the potential of 6G-loT
technologies in reducing greenhouse gas emissions through enhanced real-time monitoring
and intelligent decision-making, offering a new perspective on sustainable smart agricul-
ture. In the field of remote agricultural communication, the literature [17] designs and
implements a LoRa-based IoT architecture specifically for rural areas in Indonesia, demon-
strating the value of LoRa in long-distance data transmission, particularly in regions with
limited network infrastructure, the literature [18] further provides a comprehensive review
of how 6G-IoT technologies are expected to shape the development of Agriculture 5.0, em-
phasizing improvements in automation, connectivity, and environmental impact mitigation.
NB-IoT has limitations when it comes to high-bandwidth, low-latency real-time control
tasks [19,20]. In contrast, 5G offers ultra-low latency and high-speed data transmission,
enabling real-time scheduling and precise control of agricultural machinery. This makes it
particularly suitable for large-scale farms requiring multi-machine coordination, such as
field operations, crop management, harvesting, and spraying [21,22]. Carefully balancing
the characteristics of these communication technologies helps in selecting the optimal
solution for different agricultural applications, ultimately enhancing the stability and in-
telligence of agricultural IoT systems. As shown in Figure 2, different communication
technologies exhibit distinct advantages across various smart agriculture applications.
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Figure 2. Advantage distribution of various communication technologies.

To better analyze the coverage characteristics, this study employs the Hata model and
the Close-In (CI) model to predict wireless transmission path loss for both communication
technologies [23,24]. Figure 3 presents a performance comparison of 5G and NB-IoT com-
munication technologies in agricultural applications. Figure 3a illustrates the variations in
coverage range at different antenna heights, showing that NB-loT (operating below 1 GHz)
has a significant advantage in long-distance communication, providing broader coverage
that is particularly suitable for farmland environments with limited infrastructure. In con-
trast, 5G (operating above 3 GHz) has a smaller coverage range, with a relatively limited
service area per base station. Additionally, antenna height influences signal propagation
characteristics—higher antennas theoretically reduce obstructions and improve coverage;
however, due to varying terrain and vegetation conditions in agricultural environments,
coverage effects differ across scenarios, making direct comparisons challenging and beyond
the scope of this study. Figure 3b illustrates data transmission rates, where 5G excels in
supporting high-precision sensors, large-scale device interconnection, and real-time control of
autonomous agricultural equipment, whereas NB-IoT, with its low power consumption and
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extensive coverage, is better suited for low-data-rate, long-distance applications. Traditional
agricultural platforms often rely on a single communication mechanism, making it difficult
to balance remote monitoring and efficient data processing. While 5G enables autonomous
agricultural operations, its high energy consumption and limited coverage pose challenges
when used alone. To address this, the system proposed in this study employs low-bandwidth
NB-IoT communication during non-operational periods to reduce system load and dynami-
cally switches to 5G when high data throughput is required, optimizing network resource
utilization for enhanced stability and sustainability in smart agricultural applications.
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Figure 3. (a,b) Performance comparison of the two communication technologies.

Real-time task scheduling is essential for ensuring the efficient operation of au-
tonomous agricultural machinery. Cloud computing platforms are widely employed
for intelligent task allocation and dynamic work plan adjustments, addressing the complex
scheduling and path planning challenges in large-scale agricultural operations. This opti-
mization not only improves resource utilization but also significantly enhances operational
accuracy. In recent years, researchers have proposed various optimization methods to im-
prove agricultural machinery scheduling and path planning efficiency. For instance, Simu-
lated Annealing (SA) has been applied to optimize scheduling and path planning, reducing
operational costs and enhancing adaptability to complex farmland environments [25]. The
Multi-Site Vehicle Routing Problem (VRP) dynamically adjusts vehicle paths to generate
efficient work schedules [26]. Mixed Integer Programming (MIP) is used to optimize crop
harvesting and transportation routes, improving overall operational efficiency [27]. Deep
Reinforcement Learning (DRL) enhances multi-machine task scheduling, increasing the
intelligence of path planning [28]. Additionally, NSGA-III and improved Ant Colony
Optimization algorithms are employed to predict unloading points and refine work paths,
facilitating multi-machine collaboration [29].

Precise path tracking control algorithms are critical for ensuring the efficient and stable
operation of agricultural machinery. As agricultural automation advances, research on path
tracking algorithms has gained increasing importance. The literature [30] combines satellite
and vision-based integrated navigation and employs a forward-looking control algorithm to
achieve autonomous navigation of a tracked tractor in rice rows. The literature [31] proposes
a model-free adaptive predictive control combined with PID (MFAPC-PID) for tractor path
tracking. This method treats MFAPC as an adaptive integral term, which, together with
the adaptive proportional and derivative terms, forms the MFAPC-PID controller. The
literature [32] highlights the significant advantages of MPC in trajectory tracking. However,
its high computational complexity and real-time performance limitations have driven
researchers to explore various improvement methods to enhance the system’s response
speed and adaptability. While MPC offers significant advantages in trajectory tracking,
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its high computational complexity and limited real-time performance have prompted
researchers to explore various enhancements. For example, Adaptive Parameterized MPC
with Fuzzy Control dynamically adjusts parameters to improve system response [33], while
Data-driven MPC (DD-MPC) eliminates the need for explicit models, increasing system
robustness and adaptability [34]. Additionally, Particle Swarm Optimization-based real-
time path planning algorithms refine obstacle avoidance, enhancing tracking accuracy [35].
I-DON Deep Reinforcement Learning algorithms improve the environmental adaptability
of agricultural robots [36], and IA* combined with Fuzzy Sliding Mode Control (F-SMC)
optimizes path planning to increase agricultural machinery efficiency [37].

Despite the significant role of IoT, artificial intelligence, and advanced communication
technologies in smart agriculture, several challenges remain. Reliable connectivity is still
a critical factor affecting the coordination of agricultural machinery and data transmission
in remote and complex environments. Additionally, the integration of multi-machine
collaborative task scheduling with agricultural IoT requires further refinement to enhance
operational efficiency, ensure optimal resource allocation, and maintain seamless task
execution. Moreover, the performance of existing path-tracking control algorithms remains
suboptimal in practical applications, requiring further improvements in stability and
accuracy. Addressing these challenges will be essential for advancing smart agriculture
toward greater efficiency, reliability, and intelligence.

3. IoT-Based Cloud Platform Architecture
3.1. Experimental Location

This study was a collaborative effort between Al-Farabi Kazakh National University and
Xihua University. As shown in Figure 4, the experiment was conducted at Xihua Univer-
sity’s Teaching and Internship Base under the Institute of Modern Agricultural Equipment
in Chengdu, with an experimental field covering approximately 11,476 square meters (1.15
hectares). The red-line area represents the experimental farmland. The tractor used in the experi-
ment was manufactured by Wode Company (Danyang, China) and was equipped with a propri-
etary navigation system designed for autonomous control and data acquisition. The modified
tractor featured autonomous driving sensors, including radar and cameras. It obtained posi-
tional and orientation data from a real-time kinematic (RTK) antenna, an inertial measurement
unit (IMU) sensor, radar, and cameras. Using the proposed path-tracking algorithm, the system
enabled precise tractor control through an industrial computer.

Figure 4. Experimental farmland.
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3.2. Design Method

In order to improve the communication efficiency and operation performance of au-
tonomous agricultural equipment, this paper proposes a cloud platform architecture and
optimization strategy that combines IoT technology. The platform adopts NB-IoT and
5G dual-channel communication mode to give full play to the advantages of both: using
NB-IoT to achieve low-power, long-distance data transmission, such as real-time moni-
toring of sensor data such as soil moisture and meteorological parameters; at the same
time, using the high bandwidth and low latency characteristics of 5G leverages its high
bandwidth and low latency characteristics to support agricultural machinery scheduling,
path tracking, and remote control, thereby meeting the communication needs of diverse
scenarios in modern agriculture.

As shown in Figure 5, the cloud platform converts task parameters into operational
instructions, including equipment configuration, path planning, and dynamic schedul-
ing. These instructions are transmitted to the cloud via a dual-channel communication
framework for comprehensive optimization and scheduling. For static tasks, the platform
employs cloud-based multi-objective optimization to generate initial plans. Meanwhile, for
dynamic tasks such as equipment failures, weather changes, or task conflicts, the system
continuously adjusts and replans operations through a real-time data feedback mechanism,
ensuring seamless equipment coordination and uninterrupted workflows. The dynamic
optimization results are used to reorganize task and equipment information for secondary
scheduling, enhancing the overall stability and reliability of the scheduling process.

into operation instructions data transmission reliability of scheduling

{ Convert task requirements ] [ Provide stable and efficient J [ Ensure the stability and }

Task requirement Communication Cloud scheduling
parameterization layer technology layer layer

¢ Equipment configuration e NB-IOT o Static task scheduling
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User interface
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Multi-objective optimi
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* Mobile application
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¢ Reduce the impact

operation performance Accuracy of the equipment

Provide users with an
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[ Enhance the efficiency and J t Improve adaptability and ]

Figure 5. Design methodology of an agricultural cloud platform based on NB-IoT and 5G IoT.

In addition, the platform integrates environment perception and dynamic control
capabilities: through embedded sensors and visual systems, agricultural equipment can
autonomously perceive its surroundings and leverage both NB-IoT and 5G real-time
communication technologies for efficient task collaboration. Sensor data support path
tracking and real-time adjustments, enhancing the equipment’s environmental adaptability
and operational accuracy. Multi-objective optimization strategies are introduced to reduce
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path tracking errors and optimize resource allocation while minimizing the impact of
external disturbances on operations.

Figure 6 illustrates the platform architecture, which consists of two levels: physical devices
and software services. The physical device layer comprises sensors, routers, and gateways,
responsible for data acquisition and transmission. The software service layer encompasses cloud
platforms, business control, and data management, serving as the intelligent core of agricultural
operations. Devices communicate either directly via mesh networks or indirectly through base
stations and gateways, ensuring collaborative efficiency in complex scenarios.
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Figure 6. Integration of elements in agricultural cloud platform.

The focus of this study is to develop a flexible and efficient dual-channel communication
system leveraging IoT technology to enhance real-time decision-making and task scheduling
for modern agricultural machinery. In the future, with the continued advancement of agricul-
tural communication technology, the platform can be expanded to broader applications, such
as global smart farm management and in-depth precision agriculture analysis, facilitating the
comprehensive transition of agriculture toward mechanization and intelligence.

4. Key Enabling Technologies
4.1. Multi-Machine Cooperative Scheduling Based on IHHO

In modern agricultural production, multi-machine cooperative operations have be-
come a key approach to enhancing efficiency and reducing costs. Particularly in large-
scale farming, a common model assigns primary machines (e.g., harvesters and seeders)
to field operations, while auxiliary machines (e.g., transport vehicles) handle logistics
and material transfer [38]. However, in multi-field environments, efficiently coordinating
agricultural machinery, minimizing idle time, optimizing operational paths, and reducing
energy consumption remain significant challenges [39].

Let the farmland set be F = {f1, f5,. . ., f¢}, the primary machines set be H = {hy, hy,. . ., Iy},
and the auxiliary machines set be G = {g1, 2, . ., Sk} Here, k represents the maximum number.
The joint node belongs to farmland F. To address this issue, this study proposes a path planning
and scheduling optimization method for multi-machine cooperation, integrating Dijkstra’s
algorithm with an IHHO algorithm [40]. This approach enhances coordination efficiency,
reduces operational costs, and optimizes energy consumption in multi-field agricultural
operations, ensuring high efficiency and stability.
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This study develops a multi-objective scheduling model for cooperative operations,
with the following optimization goals. The relevant variables and their meanings are shown
in Table 1.

Table 1. Symbols and meaning.

Symbols Meaning
E Total fuel consumption
C Total scheduling cost
T Task completion time
X X Decision variable: a binary variable indicating whether primary machines / or
ijhr g auxiliary machines g travels from node i to node j
dij Distance from node i to node j
Ping Penalty cost for violating time windows
Uy, Lg Unloading time and loading time, where U}, = Ly
H,, Gy Capacity of primary machines, capacity of auxiliary machine
qr The amount of farmland f to be operated
D; Planting density of farmland f
Uy, Grain unloading efficiency of primary machines h
Cuw, G Cost of waiting per unit of time, cost of penalization per unit of time
B;, E; Time allowed for the start of the task on the farmland f and the latest time
tngr The moment the primary machines or auxiliary machines arrives on the farmland f

(1) Minimizing fuel consumption across in-field operations, transportation, and empty travel.

(2) Minimizing scheduling costs, including machine travel costs, waiting costs, and
penalty costs for time window violations.

(3) Minimizing scheduling time, ensuring the shortest total time for all machines to
complete their tasks.

Objective function:

min (E4+C+T) 1)
Constraints:

F H

;1 hzl i =1

TG (2)

Y X x>0

1= 8
H H
r X Yo odijxip= Y Y ¥ dij- X
h=1ic{A}UF jeFU{A} h=1icF jeF 3
G G ©)
Y X Y dijrxije= 2 Y X dij-Xijg
g=1ie{A}UF jeFU{A} g=1i€F jeF

F
f; qfXijn < Ho

F (4)
f§1 qr%ijg < Go
u, = Lg = DZ.H-U/UC;, (5)
Cw (Bi - thgf)}
Pthg = G (thgf - Ei); (6)

0, others;

Equation (2) indicates that each farmland can be accessed by only one primary machine
and at least zero auxiliary machines. Equation (3) specifies that all primary machines and
auxiliary machines depart from the machinery depot and return to the depot at the end of
their tasks. Equation (4) states that the maximum load of the primary machine and auxil-
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iary machine cannot exceed their respective capacities. Equation (5) implies that the unloading
time and loading time are equal. Equation (6) represents the soft time window constraints.

To improve connectivity between farmland plots, a field transfer road network is
established, with path optimization carried out through the following steps:

(1) Constructing a farmland network graph, where key locations such as field entrances
and exits, the agricultural machinery depot, and headland turning points are desig-
nated as network nodes.

(2) Applying Dijkstra’s algorithm to determine the shortest paths between farmland plots,
generating a distance matrix to support scheduling optimization [41].

(3) Dynamically adjusting transfer routes based on the real-time scheduling status of differ-
ent machines and the spatial distribution of farmland plots to enhance overall efficiency.

The process is shown in Figure 7.
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Figure 7. Field network graph and Dijkstra path optimization.

The improved IHHO algorithm enhances its solving capability through the follow-
ing methods: First, a quasi-oppositional and quantum computing-based initialization strategy
is introduced in the initialization phase to increase population diversity and optimize the
quality of the initial solution, thereby improving the convergence speed [42]. Second, to
enhance the global search ability of the HHO algorithm in complex problems, the multi-
search mechanism of the Slime Mould Algorithm (SMA) is integrated, helping the algorithm
escape local optima [43]. Additionally, a nonlinear energy factor update strategy is adopted to
prevent the algorithm from falling into local optima in the later stages of convergence [44].
Finally, the mean differential mutation strategy is introduced to strengthen the optimization
ability of the algorithm in complex scheduling tasks, thereby improving solution accuracy
and stability [45].

The algorithm flowchart is shown in Figure 8.
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Figure 9 presents Gantt charts illustrating the scheduling and operational timelines of
three primary machines and four secondary machines across 20 farmland plots in a coordi-
nated multi-field operation. The vertical axis represents machine IDs, while the horizontal
axis denotes time. Different colors distinguish various task states, including transport,
loading /unloading, operation, and return. The left chart displays the activities of sec-
ondary machines, while the right chart shows the primary machines’ operations. Task
allocation ensures that primary machines handle fieldwork, while secondary machines man-
age logistics and material transfer. The Gantt charts visually depict the effectiveness of
the coordination strategy, highlighting how tasks are dynamically adjusted to optimize
efficiency, minimize idle time, and enhance resource utilization.
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Figure 9. Gantt chart of the IHHO algorithm.
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4.2. Strategy-Based Adaptive Agricultural Machinery Path Tracking Predictive Control Method
Based on Multi-Objective Optimization

The agricultural machinery path tracking system is a key technology in intelligent
farming, directly impacting the precision and stability of unmanned operations. This study
proposes an adaptive predictive path tracking control method based on multi-objective
optimization, utilizing an Improved Arctic Puffin Optimization (APO) algorithm to fine-
tune the parameters of MPC [46]. Additionally, an event-triggered warm-start technique
is introduced to enhance tracking accuracy, smoothness, and disturbance resistance. As
shown in Figure 10, the system integrates key components such as an electric steering wheel,
inertial measurement unit, global navigation satellite system, camera, and 5G data transfer
unit. It also adopts the ISO 11783 standard for in-vehicle network protocol conversion,
enabling multi-device collaborative control to improve the path-tracking performance and
operational stability of agricultural machinery [47].
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Figure 10. Experimental agricultural machinery platform.

The core objective of the path tracking task is to minimize the deviation between the
agricultural machinery’s actual trajectory and the target path. In this study, a nonlinear
kinematic model of agricultural machinery is used to describe the vehicle’s dynamic
characteristics, forming the foundation for an MPC control framework. The state variables
include lateral error, heading error, and velocity state, while the control variables consist of
the front wheel steering angle and velocity increment. The constraints consider factors such
as the maximum steering angle, minimum turning radius, and operational speed limits.
The optimization objectives are defined as follows:

Np
min] = Y| (Qe,% + Rui) @)
k=0
where Np represents the prediction horizon and k denotes the index of the update sequence.
ex is the state error at step k, and uy is the control input at step k. Q and R are the
weight matrices for the state error and control input, respectively.

To improve the adaptive adjustment of MPC parameters, this study utilizes an im-
proved APO algorithm to optimize the prediction horizon, control horizon, and weight ma-
trices of the MPC framework.

The optimization strategy involves the following steps:
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(1) Population initialization: Latin Hypercube Sampling (LHS) is employed to ensure
a uniform distribution across the search space [48].

(2) Adaptive search mechanism: Levy flight is integrated to enhance global exploration,
coupled with a velocity factor for dynamically adjusting the optimization direction [49].

(38) Strategy-based early stopping mechanism: Convergence is halted early based on
fitness memory and a dynamic threshold.

The APO algorithm follows these steps: First, the population size and search space are
defined, and LHS is employed for parameter initialization. Then, Levy flight and velocity
adjustment strategies dynamically update the optimal solution. Based on the fitness trend,
an early stopping mechanism is applied to minimize redundant computations. Finally, the
optimal parameters are selected to fine-tune the MPC controller.

In the MPC optimization process, in addition to minimizing tracking errors, it is
essential to ensure path smoothness and disturbance resistance. Therefore, a multi-objective
optimization strategy is introduced:

Here, Ad Ji denotes the variation in the front wheel steering angle, which is minimized
to reduce oscillations and improve path smoothness. Equation (8) aims to optimize path
smoothness by minimizing the rate of change in the steering angle.

min J; = %(Mf(k))z (8)

k=0
Noise resistance optimization: implement adaptive compensation for sensor errors
and environmental disturbances to enhance system robustness.

min [, = w1 AX? + szyz + w3A4>2 9)

where wy, wy, and w3 are weight parameters. Ax and Ay represent the variation in current
position coordinates, while A¢ denotes the change in heading angle. The Pareto optimal
solution is obtained using the e-constraint method.

The algorithm’s flowchart is shown in Figure 11. To reduce MPC optimization time and
improve real-time performance, this paper introduces an event-triggered warm-start mech-
anism. By initializing the MPC solver with historical data, redundant computations are
avoided, enhancing computational efficiency [50]. An error evaluation criterion is established,
where warm start is applied when the error remains below a predefined threshold, while
a full recalculation is performed otherwise to ensure optimization effectiveness. Addition-
ally, the prediction horizon is dynamically adjusted based on path complexity, shortening
it in challenging scenarios such as sharp turns to improve system responsiveness. This
approach significantly enhances MPC solving efficiency while maintaining computational
accuracy, making it more suitable for large-scale agricultural machinery scheduling.

To validate the superiority of the proposed algorithm, a Jiangsu Wode WF1404-2
tractor (Manufacturer: Jiangsu Wode Machinery, Jiangsu Province, China, wheelbase:
2.8 m, maximum front wheel steering angle: 40.44 rad) was selected as the simula-
tion model. A deviated path was generated using a path planning algorithm, with noise
introduced to simulate real farmland conditions. The experiments were conducted using
Matlab R2022b software on a computer equipped with an Intel® Core™ i5-9400H CPU,
8 GB RAM, and the Windows 10 operating system.

The simulation speed was set to 2.5 m/s. Through a series of step-by-step comparative
experiments, the feasibility of conventional MPC, DD-MPC, F-SMC, and the proposed
control scheme was evaluated. As shown in Figure 12, the Mean Absolute Error relative to
y = 0 for each control method was 0.128025 for conventional MPC, 0.107817 for DD-MPC,
0.054832 for F-SMC, and 0.019409 for the proposed method. The results clearly demonstrate
that the proposed method achieves the lowest tracking error, highlighting its effectiveness
and superiority in enhancing control precision.
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After completing the agricultural machinery experimental platform, the test field at
Xihua University was chosen as the test site for path planning and tracking experiments.
The agricultural machinery’s initial parameters were set as: a speed of 1 m/s, a heading an-
gle of 0°, and a starting point located at coordinates (31.118721, 104.480488). The proposed
Multi-Objective Optimization algorithm was applied to plan the agricultural machinery’s
path within the experimental area, with the resulting coordinates provided in latitude and
longitude format. Data were extracted using the ROS toolbox to plot the planned and
actual trajectories of the agricultural machinery. As shown in Figure 13, the X and Y axes
represent longitude and latitude, respectively, with the red solid line indicating the desired
path and the black solid line representing the actual trajectory. The results demonstrate that
the agricultural machinery can accurately follow the target path. At a travel speed of 1 m/s,
the maximum tracking error is only 0.2 m, with an average error of 0.092 m. The proposed
approach has proven to be accurate and stable in real-world environments, offering reliable
support for the precise navigation of intelligent agricultural machinery.
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Figure 13. Agricultural machinery tracking trajectory.

4.3. System Deploy
4.3.1. Hardware System

The hardware system of the platform consists of three main units: the sensor unit, the
data processing unit, and the actuation unit, as shown in Table 2.

First, the sensor unit is responsible for collecting environmental information, including
cameras, weather sensors, millimeter-wave radar, IMU, and the RTK positioning system. The
camera transmits environmental images via the IEEE 802.3 Ethernet, while the millimeter-
wave radar utilizes the CAN bus for collision avoidance data exchange. The IMU and RTK
provide device posture and position information through the RS232 protocol. Additionally,
the weather station sensors monitor environmental factors such as temperature, humidity,
wind speed, wind direction, illumination, and rainfall, transmitting data via NB-IoT.

Secondly, the data processing unit is responsible for receiving, integrating, and pro-
cessing sensor data. The 4G DTU transmits camera images to the cloud or central control
system via the RS5232/RS485 interface to enable remote monitoring. Meanwhile, the 5G
DTU utilizes 5G NR and 4G LTE Cat.20 protocols to ensure efficient and stable commu-
nication between the central controller and the system. Additionally, the NB-IoT DTU
(E840-DTU) handles data transmission for environmental sensors, connecting to the sensors
via the RS485/RS232 interface and using the NB-IoT network for low-power, long-range
communication, ensuring real-time and reliable environmental monitoring.

Finally, the actuator unit consists of agricultural machinery, such as tractors, which
execute automated farming tasks using a hybrid communication protocol. These tasks
are carried out based on the analysis and control instructions from the data processing
unit, ensuring precise, efficient, and safe agricultural operations. Through the seamless
collaboration of all components, the system enables automated precision farming, optimizes
resource utilization, and enhances overall operational efficiency.
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Table 2. Hardware infrastructure of the prototype.

Type Devices Name Function Protocol Devices Details Photo
DS-2CD3955FWD-IWS
Camera Display Environment IEEE 802.3 Ethernet (Hikvision, Hangzhou,
China)
Millimeter 24 GHz SRR308
cte Collision Prevention CAN Bus (Continental, Frankfurt,
Wave Radar
Germany)
IMU Posture Detection RS232 YIN680 (Yeser.lse,
. Shenzhen, China)
Sensor Unit
.. BT-B109 (Beitian,
RTK Position RS232 Shenzhen, China)
Monitoring temperature,
Weather humidity, wind speed, wind NB-IoT FT-QX (Fengtu,
Station Sensor direction, illumination, Guangzhou, China)
rainfall, etc.

. HS2060-CAT4 (Huawei,
4G DTU Upload camera images RS232/RS485 TO 4G Shenzhen, China)
5G DTU Networking For 5G NR RM500Q-AE (Quectel,

Data Central Controller 4G LTE Cat.20 Shanghai, China)
Processing Ry
Unit
5 Networking for RS485/RS232 E840-DTU (Lierda,
NB-loT DTU environmental sensors TO NB-IoT Suzhou, China)
Farmland operation WF1404-2
Actuator Tractor P Mixed (Wode Machinery,

rganization . .
organizatio Jiangsu, China)

4.3.2. Software System

The system adopts a cloud—edge—terminal collaborative architecture, integrating cloud
computing, edge computing, and IoT technologies to build an efficient, stable, and scalable
intelligent agricultural scheduling and autonomous driving control system. It employs a four-
layer architecture, including the data acquisition layer, edge computing layer, cloud platform
layer, and application layer, to ensure efficient data processing and system scalability.

The system adopts a dual-channel communication mode with NB-IoT and 5G, opti-
mizing transmission based on different data types. NB-IoT is responsible for low-power,
wide-coverage data transmission, including weather monitoring, soil sensor data, and the
operational status of the weather station (as shown in Figure 14). These data have lower
real-time requirements but need to be uploaded continuously and stably over the long term
to support remote monitoring and long-term decision optimization.

The edge computing layer is deployed on the embedded computing unit NVIDIA
Jetson Xavier NX in agricultural machinery, utilizing Robot Operating System 2 (ROS 2) for
data fusion and path computation. NVIDIA Container Runtime + Docker is employed for
containerized deployment, enhancing the portability and stability of software modules. For
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low-latency tasks like path tracking, Jetson’s GPU acceleration is leveraged for real-time
computation, combined with a Real-Time Operating System (RTOS) to optimize response
time. Some computational tasks, especially those requiring immediate processing, are
handled directly on the edge device, while remote monitoring and data storage tasks
are transmitted to the cloud. To reduce data transmission overhead, the edge device
preprocesses high-frequency sensor data (e.g., downsampling and data compression) before
uploading, ensuring stable cloud communication and efficient bandwidth utilization.
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Figure 14. Comprehensive environmental monitoring.

The cloud platform serves as the core computing and storage center, utilizing Alibaba
Cloud Elastic Compute Service (ECS) as the primary server and Relational Database Service
(RDS) for data management. The system is built on Kubernetes (K8s) for microservices man-
agement, enhancing scalability and fault tolerance.

In terms of database architecture, PostgreSQL is used to store structured data such as
user information, scheduling records, and device statuses, while TimescaleDB handles time-
series data from sensors, improving high-concurrency query performance. Additionally,
Redis functions as a short-term caching layer for frequently accessed data, increasing
query speed, while Kafka is integrated for real-time data streaming, ensuring efficient data
transmission and persistence.

The system’s functional modules are structured as follows:

The Weather Monitoring Module integrates a weather station data display interface,
providing real-time meteorological information, including temperature, humidity, wind
speed, and precipitation levels. This module ensures continuous environmental monitoring
to support decision-making in agricultural operations.

The Scheduling Management Module features a visualized scheduling interface (as
shown in Figure 15), enabling real-time monitoring of agricultural machinery operations.
It supports task allocation and path adjustments, displaying key information such as
the working area, task status, and navigation paths of the machinery. By integrating
an optimized scheduling algorithm, this module enhances multi-machine collaboration
efficiency, minimizing energy consumption and idle time. Additionally, it leverages Apache
Flink for real-time stream processing, ensuring precise scheduling decisions.
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Figure 15. The demonstrative prototype AgriMach system.

The Autonomous Driving Control Module is designed with an intelligent control
interface (as shown in Figure 16) for real-time monitoring of trajectories, path deviations,
and control parameters of agricultural machinery. It supports remote debugging and
parameter adjustments, allowing for flexible operation management. By incorporating the
control optimization algorithm proposed in this study, the module enhances path-tracking
accuracy and overall system stability, ensuring safe and efficient autonomous operations.

2024-12-18 15:14:43]
202442:-18:45:14:36)

3024-12-48 1514281

\ | / > £ Accelerate
) » o L) R o, B

& (n -}’ = 16 64 ==
& Y o o 72 o

S
o 8 Wy et
gnitionoff _ Implementdown  PTOff 4 0.3 % % Decelerate

Remoteignition Implementup  PTOon

Radar Status
Height of
implements

w
S
2
©
S
@
&
=
=
o
>

Figure 16. Autonomous agricultural machinery control console.

4.3.3. Network and Communication

To ensure robust network connectivity in agricultural environments, the system in-
tegrates multiple network protocols. Message Queuing Telemetry Transport (MQTT) is
used for lightweight, low-power communication between IoT sensors and cloud storage,
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ensuring stable data transmission under low-bandwidth conditions. For high-speed data
transfer, the system adopts Google Remote Procedure Call (gRPC) over HTTP/2, enabling
efficient streaming communication between cloud servers, edge computing nodes, and
autonomous machinery. Additionally, WebSocket technology is utilized to achieve real-time
data synchronization between the web-based control panel and agricultural equipment,
reducing remote operation response delays.

In terms of network security and reliability, the system implements multi-layer encryp-
tion and authentication mechanisms. Data transmitted via NB-IoT and 5G are encrypted
using AES-256, while devices authenticate access through OAuth 2.0-based identity verifica-
tion, preventing unauthorized access. Furthermore, TLS 1.3 is employed for edge-to-cloud
communication, ensuring data integrity and confidentiality. To enhance network robustness,
the system incorporates an adaptive failover strategy: when the 5G connection is unstable, it
automatically switches to LTE or Wi-Fi backup networks to maintain operational continuity.

A cloud-based communication management system allows administrators to monitor
network performance and dynamically adjust bandwidth allocation based on real-time work-
loads. The system also supports Quality of Service (QoS) priority management, ensuring that
critical data—such as emergency stop signals and obstacle avoidance alerts—are assigned the
highest priority, guaranteeing immediate processing even under network congestion.

The system provides a web-based management platform, a mobile app, and API
interfaces, supporting task scheduling, device management, and data analytics. The
web platform is built using Spring Boot + Vue js, integrating WebSocket for real-time data
updates. The mobile app, developed with Flutter, supports both Android and iOS platforms.
The API interfaces, implemented using Spring Cloud, follow a microservices architecture
and RESTful API design, enabling remote invocation and third-party integration.

By integrating NB-IoT and 5G dual-channel transmission, edge computing optimiza-
tion, adaptive security measures, and intelligent bandwidth management, this network
and communication architecture ensures high reliability, low latency, and efficient resource
utilization, making it well-suited for large-scale autonomous agricultural operations.

4.4. Discussion

Experimental results have validated the effectiveness of the proposed IoT-based cloud
platform in addressing the communication and scheduling challenges of autonomous agri-
cultural machinery, ensuring stable connectivity across diverse agricultural environments.
Specifically, NB-IoT supports low-power, wide-coverage environmental sensor data collec-
tion, while 5G facilitates high-bandwidth, low-latency applications such as task scheduling
and path tracking. In contrast, solely utilizing 4G, Wi-Fi, or NB-IoT presents certain limi-
tations. For instance, 4G and Wi-Fi networks may suffer from insufficient coverage and
latency issues in expansive agricultural settings, impacting real-time data transmission
and machinery coordination [51]. On the other hand, while single-channel NB-IoT excels in
low power consumption and wide coverage, it may not meet the demands of applications
requiring high data transmission rates and low latency [52]. Therefore, integrating NB-IoT
and 5G dual-channel communication significantly enhances data transmission reliability,
thereby improving the responsiveness and efficiency of agricultural operations.

Based on the Dijkstra algorithm and the IHHO algorithm, the multi-machine cooperative
scheduling method optimizes task allocation by minimizing idle time and operational costs.
Gantt chart results indicate that the proposed scheduling strategy effectively balances the work-
load between primary and secondary machines, thereby improving field operation efficiency.
However, uncertainties such as unexpected machinery failures and sudden weather changes in
real agricultural environments necessitate further enhancement of dynamic scheduling adapt-
ability, calling for the development of more robust algorithms capable of real-time adjustments
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under variable conditions to maintain operational efficiency. Moreover, the multi-objective
path-tracking predictive control method exhibits superior tracking accuracy compared to tradi-
tional control algorithms. The integration of the improved APO algorithm with MPC effectively
reduces tracking error and enhances system stability, offering stronger performance in coping
with complex environments compared to existing control methods.

Despite the rapid configuration advantages of the proposed dual-channel communica-
tion autonomous agricultural machinery networking cloud platform, from the perspective
of agricultural managers, its functions of automatic task assignment and autonomous oper-
ation simplify decision-making and reduce labor costs, thereby facilitating efficient man-
agement and operation. However, deploying and maintaining such a complex system in
real agricultural environments still faces numerous practical challenges. Firstly, the initial
investment is high, including the cost of sensors, automated agricultural machinery, and
supporting infrastructure, which poses a considerable financial burden for many farmers,
especially small and medium-sized operators. Secondly, the complexity and variability of
agricultural environments, characterized by diverse terrain, vegetation, and climatic condi-
tions, can affect the stability of communication and data transmission, thereby requiring the
system to be highly adaptive and flexible. In addition, system integration and maintenance
involve the coordination of multiple technologies, leading to high operational complexity,
and users may face insufficient technical training and difficulties in troubleshooting. Fur-
thermore, the deployment and maintenance of 5G base stations in expansive farmland also
present challenges, as they require not only a reasonable layout to ensure signal coverage
but also careful control of investment and operating costs.

5. Conclusions

This study proposes an IoT-based cloud platform that integrates NB-IoT and 5G dual-
channel communication technology to enhance the operational performance of autonomous
agricultural machinery. Our research contributes to the literature by demonstrating how
the combination of low-power, long-range NB-IoT for environmental sensing and high-
bandwidth, low-latency 5G for real-time control can overcome the inherent limitations of
traditional communication systems such as 4G and Wi-Fi. The proposed platform not only
achieves higher data transmission reliability and improved coordination efficiency but also
integrates advanced algorithms, including a multi-machine cooperative scheduling method
based on the Dijkstra algorithm and the IHHO algorithm, as well as a multi-objective
path-tracking predictive control method that combines the improved APO algorithm with
MPC. These contributions provide a solid theoretical foundation and practical guidance
for optimizing resource allocation, minimizing idle time, and improving path-tracking
accuracy in complex agricultural environments.

In terms of practical applications, the platform offers significant advantages for agri-
cultural managers by enabling rapid system configuration, automated task assignment, and
autonomous operation of agricultural machinery, effectively simplifying decision-making
and reducing labor costs, thereby promoting efficient management and operations. Looking
ahead, several key directions warrant further exploration: first, dynamic scheduling algo-
rithms should be further optimized to develop more robust methods capable of real-time
adjustments under variable agricultural conditions; additionally, future research could
consider integrating Al-driven decision-making mechanisms to enable more intelligent
agricultural management; finally, as 5G and emerging 6G technologies continue to evolve,
new network architectures and collaborative strategies must be explored to address the
costs and coverage challenges of base station deployment and maintenance, further enhanc-
ing the overall stability and economic viability of the system. Overall, this study provides
valuable theoretical and practical insights for the field.
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