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ABSTRACT  

This paper presents a multi-objective optimization approach for unmanned agricultural vehicles operating in 

complex farmland environments. To overcome the limitations of traditional Model Predictive Control (MPC) 

and heuristic algorithms, a Dung Beetle Optimization-based MPC (D-MPC) multi-objective optimization 

method is proposed. Specifically, a kinematic model of the unmanned agricultural vehicle is established, 

incorporating the operational characteristics of complex farmland conditions. The Dung Beetle Optimization 

(DBO) algorithm is integrated into the MPC framework to enhance performance by leveraging the population-

based search behavior of dung beetles. This integration improves both control accuracy and computational 

efficiency by dynamically adjusting control inputs based on real-time motion predictions, enabling more precise 

trajectory optimization. Experimental validation is conducted through a dual-verification approach, including 

both simulation and real-vehicle tests. The results indicate that, compared with conventional control methods, 

the proposed approach improves trajectory tracking accuracy by approximately 50% and 75% in two 

representative simulation scenarios, while increasing the battery State of Charge (SOC) by 0.1% and 0.12%, 

respectively. In real-vehicle experiments, trajectory tracking accuracy is improved by 70%, and SOC is 

increased by 0.015%. 

 

摘要  

本文研究了无人农机在复杂农田场景下的多目标优化问题。针对传统模型预测控制（MPC）和启发式算法容

易陷入局部最优或收敛速度慢的问题，提出了一种蜣螂算法优化 MPC（D-MPC）的多目标优化算法。首先，

针对复杂农田作业的特点，建立了无人农机的运动学模型。其次，采用蜣螂优化算法（DBO）对传统 MPC 算

法进行优化。利用蜣螂种群的搜索特性，显著提高了控制器的控制精度和计算速度。该方法根据实时运动预测

调整控制输入，实现对未来状态的预测和优化。最后，设计了一个包括仿真和实车试验的双重验证试验方案。

实验结果表明，与传统的控制方法相比，在两种典型的仿真场景下，该方法的轨迹跟踪精度分别提高了 50%和

75%，而电池的荷电状态（SOC）分别提高了 0.1%和 0.12%。在实车试验中，轨迹跟踪精度提高了 70%，

SOC 提高了 0.015%。 

 

INTRODUCTION 

As agricultural modernization accelerates, intelligent machinery has become indispensable for 

improving production efficiency and operational precision (Luo et al., 2021). Among these technologies, 

unmanned agricultural vehicles (UAVs) represent a critical form of automation, featuring autonomous 

navigation and high-accuracy operation capabilities. It is progressively replacing traditional manual labor and 

becoming one of the key technologies in modern agricultural production (Zhang et al., 2020). However, the 

inherently complex and unstructured nature of farmland environments continues to pose significant challenges 

for UAVs, particularly in maintaining reliable trajectory tracking, stable velocity regulation, and effective State 

of Charge (SOC) management (Shi et al., 2023). Therefore, improving trajectory tracking accuracy and speed 

stability in complex farmland operations has become one of the critical issues to address in the field of 

intelligent agriculture (Zhen et al., 2023). The development of advanced multi-objective optimization control 

algorithms with high precision and computational efficiency is therefore of substantial theoretical significance 

and offers broad application prospects for UAVs. 
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 The multi-objective optimization problem addressed in this study for unmanned agricultural vehicles 

involves trajectory tracking, velocity regulation, and State of Charge (SOC) control. Conventional methods 

such as Proportional-Integral-Derivative (PID), Sliding Mode Control (SMC), and Linear Quadratic Regulator 

(LQR) often struggle with nonlinearities, limited precision, and chattering effects (Chen et al., 2023; Yu et al., 

2021). In contrast, Model Predictive Control (MPC) predicts future system states and optimizes control actions 

in real time while accounting for model dynamics and system constraints (Rokonuzzaman et al., 2023). Owing 

to its adaptability and robustness, MPC achieves high accuracy in trajectory and speed tracking under 

nonlinear, multi-constraint conditions. Consequently, it has become one of the most advanced and widely 

adopted control frameworks for autonomous unmanned agricultural vehicles (Kim et al., 2023). However, MPC 

may still fall into local optimization, high computational complexity and high dependence on controlled models 

(Gong et al., 2023; Bayat et al., 2023). To overcome these limitations, extensive research has focused on 

enhancing its robustness and real-time performance under dynamic conditions. Chu et al. (2022) developed a 

hybrid control strategy integrating PID feedback with MPC, where the PID controller refines MPC adjustments 

to achieve high-precision trajectory tracking. Zhai et al. (2022) proposed an adaptive MPC-based controller 

that dynamically modifies the prediction horizon according to vehicle speed, optimizing torque distribution 

among four hub motors and improving control responsiveness. Chen et al. (2024) introduced a proximal policy 

optimization framework to adaptively adjust the prediction horizon for performance maximization. Furthermore, 

Zhang et al. (2021) designed an adaptive learning MPC using least-squares parameter estimation to mitigate 

environmental uncertainties in unmanned agricultural vehicle operation.  

 Compared to the aforementioned MPC optimization methods, heuristic algorithms optimize MPC more 

effectively by navigating complex solution spaces and avoiding local optima, providing superior adaptability 

and robustness for MPC optimization in complex dynamic environments (Seyyedabbasi et al., 2021). Common 

heuristic algorithms include Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO), and Grey 

Wolf Optimization (GWO) (Moazen et al., 2023). However, these widely used algorithms often face challenges 

such as poor global search capability or slow convergence rates (Hou et al., 2022; Almufti et al., 2021). In 

contrast, the Dung Beetle Optimization (DBO) algorithm demonstrates faster convergence and a stronger 

ability to avoid local optima. DBO is capable of identifying the global optimum more quickly, offering higher 

stability and reliability (Wang et al., 2024). When integrated with MPC, DBO helps to overcome the local optima 

issue commonly encountered in traditional MPC, thereby improving the system's control accuracy and 

computational speed (He et al., 2024).  

 Due to the operation of agricultural vehicles in complex terrain and uncertain conditions, the dynamic 

system usually shows strong nonlinearity and model uncertainty. Therefore, when this method is applied to 

the motion control of agricultural vehicles, compared with the traditional gradient based MPC method, DBO, 

as a population intelligent optimization algorithm, has better global search ability and does not rely on gradient 

information, so it has potential advantages in dealing with nonconvex optimization problems. According to the 

above research, this study proposes a Dung Beetle Optimized Model Predictive Control (D-MPC) algorithm to 

address the multi-objective optimization problem of trajectory tracking, velocity regulation, and State of Charge 

(SOC) management for unmanned agricultural vehicles operating in complex farmland environments.  

 

MATERIALS AND METHODS 

Vehicle model 

 This study focuses on the motion control of vehicles and employs the vehicle kinematics model 

depicted in Figure 1. The model is designed to represent the vehicle's motion dynamics, incorporating key 

parameters such as velocity, steering angle, and wheel forces, which are crucial for accurate trajectory and 

speed control in complex environments. 

 In the inertial coordinate system 𝑂𝑋𝑌, the vehicle kinematics equation is described as:  

cos

sin

tan

x

y v

l





 

 
  
  

=   
     
 

                                                              (1) 

where 𝑥  and 𝑦 are the coordinate of the rear axle center of the vehicle, 𝜑̇ is the heading angular velocity, 𝛿 is 

the front wheel deflection angle, 𝑣 is the rear axle speed of the vehicle, and 𝑙 is the wheelbase (Pei et al., 2022). 
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Fig. 1 - Vehicle kinematic model 

𝑅 is the turning radius, 𝑃 is the instantaneous steering center of the vehicle, 𝑁, 𝑀 are the contact point of the front wheel and the vehicle 

centroid, 𝑂𝑋𝑌 is the inertial coordinate system, 𝑣𝑓 velocity component of the front wheel of the vehicle, 𝑣𝑡 the velocity component of the 

vehicle at the centroid, 𝛿𝑓 front wheel angle, 𝜑 is the heading angle of the vehicle body.  

 

At the same time, state of charge (SOC) is introduced as the fourth state quantity, which can be 

expressed as: 

( )
( , )

( )

bat

ocv nom

P v
soc g soc v

U soc Q
= = −                                                    (2) 

where 𝑈𝑜𝑐𝑣(𝑠𝑜𝑐), 𝑄𝑛𝑜𝑚 represent the relationship between battery 𝑆𝑂𝐶 and voltage 𝑈𝑏𝑎𝑡  and the rated capacity 

of the battery, respectively, which are measured by the actual experiment of the modeled battery prototype. 

𝑃𝑏𝑎𝑡(𝑣) indicates the battery power at current 𝑣, which is: 

2
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P v
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                                                  (3) 

where 𝑓𝑟 is rolling resistance coefficient, 𝑚 is the vehicle mass, 𝑔 is gravity acceleration, 𝜌is the air density, 𝐶𝑑 

is the air drag coefficient, 𝐴 is the windward area, 𝜃𝑎 is the road slope, 𝜂𝑑𝑟𝑖𝑣𝑒 is the transmission efficiency. 

At the same time, the controller proposed in this paper is mainly for the trajectory tracking layer under 

the condition of low-speed agricultural operation. The lateral sliding angle is relatively small, which can be 

regarded as bounded interference. In the actual agricultural system, the lower-level traction or speed control 

loop compensates the sliding effect through the feedback measured by RTK-GPS and IMU. Therefore, in a 

typical low-speed field operation, using the full tire soil dynamics model will significantly increase the 

computational burden, but will not improve the tracking performance accordingly. Therefore, the wheel soil 

interaction and slip mechanics are not modelled. 

From the above equation, it can be seen that the system is regarded as an input with 𝑢(𝑣, 𝛿) as state 

variables and control system of 𝜒(𝑥, 𝑦, 𝜑, 𝑠𝑜𝑐). Thus, the system can be written as: 

( , )f u =                                                                  (4) 

For a given reference trajectory, it can be described by the trajectory of the reference vehicle. Each 

point on it satisfies the above kinematic equation, represented by 𝑟 as the reference quantity, such that: 

( , )r r rf u =                                                                   (5) 

with [ , , , ], [ , ]r r r r r r r rx y soc u v  = = , 𝑠𝑜𝑐𝑟 is defined as 1 to represent the minimum power consumption of 

the controller. 

Expand equation (5) using Taylor technique at the reference trajectory point and ignore higher-order 

terms, resulting in: 
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Subtracting equation (6) from equation (5) yields: 
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Equation (7) with the linearized error model is discretized as: 
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, where  

𝑇 is the sampling time. 

 

Controller design 

The algorithm controller is composed of MPC algorithm and DBO algorithm. The MPC part is based 

on the kinematics model of the unmanned agricultural machine, which predicts the future state and generates 

the optimal control sequence to achieve trajectory tracking, speed control and SOC control. The DBO part is 

embedded in the MPC framework as an optimization solver to improve the efficiency and accuracy of the 

optimization process through its global search and local development capabilities, effectively avoiding falling 

into local optimization, so as to significantly improve the control performance while ensuring real-time 

performance. The controller architecture is shown in Figure 2. 

 

Fig. 2 - Controller architecture  

 

Basic theoretical framework of MPC 

Model predictive control mainly includes three components: prediction, optimization, and feedback. In 

this paper, linearized model predictive control is used as the basic controller (Ammour et al., 2023). 

Consider the following discrete-time linearized model: 

, ,( 1) ( ) ( )k t k tx k A x k B u k+ = +                                                    (9) 
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Then, the system can be expressed as: 

( | )
( | )
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                                                         (10) 

Accordingly, a new state-space representation can be formulated as: 
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The definitions of matrices in the equation are as follows: 
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Assume the predicted time domain of the system is 𝑁𝑝, and the control time domain is 𝑁𝑐, then the state 

variables and system output variables within the predicted time domain can be calculated using the following 

equation: 
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         (13) 

 

To make the entire relationship clearer, the output of the system at future moments is expressed as (Liu 

et al., 2022): 
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Based on the above formulation, the prediction function is established. 

After each optimization cycle, a sequence of control increments over the control horizon can be 

obtained: 

1 1, ,
c

T

t t t t NU u u u   

+ + −
  =                                                (15) 

The first element of the optimized control sequence is then selected as the control increment applied 

to the system, that is: 

( ) ( 1) tu t u t u= − +                                                    (16) 

By imposing constraints on both the control variables and the control increments, the following 

constrained form is obtained: 

min max

min max
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                                (17) 

This procedure is repeated at each sampling instant to realize the receding-horizon feedback control 

of the system. 

This paper aims to solve a multi-objective optimization problem, where the objective function must 

ensure both rapid and smooth trajectory tracking by the autonomous vehicle and minimize the reduction in 

battery SOC. To achieve these goals, the following objective function is described as: 

12 2

1 2 31 1
( ) ( ( | ) ( | )) ( ( | ))

p cN N

r ei i
J k a k i t k i t a U k i t a SOC 

−

= =
= + − + +  + +          (18) 

where 𝑆𝑂𝐶𝑒 is the minimum 𝑆𝑂𝐶, and 𝑎1, 𝑎2, 𝑎3 are the weight coefficients. 
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Multi objective optimization method based on D-MPC 

The Dung Beetle Optimizer (DBO) is an iterative optimization algorithm that mimics the rolling behavior 

of dung beetles in nature (Xue et al., 2023). By using multiple different beetle populations to cover the entire 

search range, it can effectively solve the problem of local optima in MPC. The schematic diagram of the DBO 

algorithm is shown in Fig. 3. 
 

 

Fig. 3 - Algorithm flowchart of DBO 

 

To simulate rolling behavior, the beetle needs to move along a given direction throughout the entire 

search space. The beetle uses sunlight to navigate, and it is assumed that the intensity of the light source also 

affects the beetle's path. During the rolling process, the beetle's position is updated, represented as (Zhong et 

al., 2024): 

𝑈𝑖(𝑡𝑑 + 1) = 𝑈𝑖(𝑡) + 𝛼 × 𝑘1 × 𝑈𝑖(𝑡𝑑 − 1) + 𝑏 × 𝛥𝑈

𝛥𝑈 = |𝑈𝑖(𝑡𝑑) − 𝑈𝑤|
                                   (19) 

where 𝑡𝑑 represents the current iteration number, 𝑈𝑖 denotes the position information of the 𝑖 beetle at the 𝑡𝑑 

iteration, 𝑘1𝜖(0,0.2] is a constant represented as a deflection coefficient, 𝑏 represents a constant belonging to 

(0,1), 𝛼 is a natural coefficient assigned to 1 or -1, 𝑈𝑤 is the global worst position, and ∆𝑈 simulates changes 

in light intensity. 

Upon encountering obstacles that block its forward movement, the dung beetle repositions itself by 

performing a dance and then selects a new route, as represented by a tangent function: 

𝑈𝑖(𝑡𝑑 + 1) = 𝑈𝑖(𝑡𝑑) + tan(𝜃)|𝑈𝑖(𝑡𝑑) − 𝑈𝑖(𝑡𝑑 − 1)|                                 (20) 

where  𝜃 is the deflection angle belonging to [0, 𝜋], and when 𝜃 is equal to 0, 𝜋/2, or 𝜋. 

The male dung beetle searches for food, and the female, based on its natural behavior, selects a suitable 

spawning site. The spawning site boundary is determined using a boundary selection strategy, as described 

by the following formula:  

{
𝐿𝑏∗ = max(𝑈∗ × (1 − 𝑅), 𝐿𝑏)
𝑈𝑏∗ = min(𝑈∗ × (1 + 𝑅), 𝑈𝑏)

                                                        (21) 

where 𝑈∗ is the local optimal position, 𝐿𝑏∗  and 𝑈𝑏∗are the lower and upper bounds of the spawning area 

respectively, 𝑅 = 1 − 𝑡𝑑/𝑇𝑚𝑎𝑥, 𝑇𝑚𝑎𝑥 is the maximum number of iterations，𝐿𝑏 and 𝑈𝑏 correspond to the lower 

and upper bounds of the optimization problem, respectively. 

Male beetles search for food, while female beetles select spawning areas for egg-laying. As shown in 

equation (19), the boundary of the spawning area dynamically changes, primarily determined by the R value. 

The position of the hatching ball is also dynamic and is defined as follows: 

1 2( 1) ( ( ) ) ( ( ) )i d i d i dB t U b B t Lb b B t Ub  + = +  − +  −                               (22) 

where 𝐵𝑖(𝑡𝑑) represents the position information of the 𝑖 brood ball at the 𝑡𝑑 iteration, 𝑏1 and 𝑏2 represent two 

independent random vectors of size 1 × 𝐷, 𝐷 represents the dimension of the optimization problem. 

After growing up, the small dung beetle will emerge from the ground to forage, and the boundary of 

the foraging area is defined as: 

{
𝐿𝑏𝑏 = max(𝑈𝑏 × (1 − 𝑅), 𝐿𝑏)

𝑈𝑏𝑏 = min(𝑈𝑏 × (1 + 𝑅), 𝑈𝑏)
                                                     (23) 

where 𝑈𝑏 is the global optimal position, 𝐿𝑏𝑏 and 𝑈𝑏𝑏 represent the lower and upper bounds of the optimal 

foraging area, respectively. 
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Therefore, the position of the small beetle has been updated as follows: 

𝑈𝑖(𝑡𝑑 + 1) = 𝑈𝑖(𝑡𝑑) + 𝐶1 × (𝑈𝑖(𝑡𝑑) − 𝐿𝑏𝑏) + 𝐶2 × (𝑈𝑖(𝑡𝑑) − 𝑈𝑏𝑏)                   (24) 

where 𝑈𝑖(𝑡𝑑)  represents the position information of the 𝑖  small beetle at the 𝑡𝑑  iteration, 𝐶1  represents a 

random number that follows a normal distribution, and 𝐶2 represents a random vector belonging to (0,1). 

On the other hand, there may be a thief beetle stealing the ball from other beetles. It is assumed that 

the global optimal position 𝑈𝑏 is the best food competition point, and the thief's position is updated as follows: 

( 1) ( ( ) ( ) )b b

i d i d i dU t U S g U t U U t U+ = +   − + −                               (25) 

where 𝑈𝑖(𝑡𝑑) represents the position information of the 𝑖 thief at the 𝑡𝑑 iteration, g is a random vector of size 

1 × 𝐷, following a normal distribution, and 𝑆 represents a constant. 

Based on equations (7) to (23), the proposed algorithm combines the Dung Beetle Optimizer (DBO) and 

Model Predictive Control (MPC) algorithms. The DBO initializes the control input matrix, which is then fed into 

the MPC controller. The MPC controller computes the cost function matrix, which is subsequently input into 

the DBO. The hybrid algorithm approaches the global optimal solution from four distinct directions, 

progressively narrowing the boundary of the search region to accelerate the convergence rate. Finally, through 

multiple iterations, the current optimal control input is obtained by combining the value function. 

The calculation process of fusion algorithm is shown in Table 1 (Xue et al., 2023). 

Table 1 

D-MPC algorithm flow 

Input: The maximum iterations 𝑇𝑚𝑎𝑥, the size of the particle’s population 𝑁. 

Output: Current suboptimal control quantity 𝑈∗ and optimal value 𝑓∗; Optimal control quantity 𝑈𝑏 and its fitness value 𝑓𝑏. 

1. Initialize the particle’s population 𝑈0(𝑖) 𝑖(1,2, … , 𝑁) and define its relevant parameters. 

2. While (𝑡 ≤ 𝑇𝑚𝑎𝑥) do 

3. For 𝑖(1,2, … , 𝑁) do 

4. 𝑓(𝑖) = 𝐽(𝑖) as equation (18) 

5. Select the optimal 𝑈∗ through the optimal 𝑓∗ 

6. Calculate the control quantity according to (19) and (20) 

7. Update 𝑓(𝑖) = 𝐽(𝑖) as equation (18) 

8. Obtain the optimal 𝑓∗ and update the optimal 𝑈∗ 

9. Update the optimization boundary according to (21) 

10. Repeat steps 6-9 according to (22) - (25) 

11. If the newly control quantity is better than before then 

12. Update it 

13. End if 

14. 𝑡 = 𝑡 + 1  

15. end while 

16. return 𝑈𝑏 and its fitness value 𝑓𝑏 

 

SIMULATION AND EXPERIMENT 

Simulation design 

In this part, the performance of the designed control algorithm is verified through two simulation 

conditions, in order to comprehensively evaluate the target ability of the controller to the unmanned agricultural 

machinery in different scenarios. The double lane shifting mode shown in Fig.4 (a) is used to evaluate the 

working performance of the unmanned agricultural machine under road driving and transfer conditions, while 

the U-turn mode shown in Fig. 4 (b) is used to simulate the working performance of the unmanned agricultural 

machine under field operation scenarios. Fig. 4 (c) shows the CarSim Simulink co-simulation scenario. The 

software versions used are MATLAB 2022a and CarSim 2019.1. The controller parameters for simulation are 

shown in Table 2. 

Table 2 

Controller parameters 

Parameter category Parameter name Parameter value 

Controller parameters 

Prediction step 20 

Control step size 10 

Dung beetle population 12 

Iterations 20 

Solving dimensions 2 
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To show the superiority of the strategy developed in this paper, Grey Wolf Optimizer-based Model 

Predictive Control (G-MPC) (Elsisi et al., 2024), and the traditional MPC controller are introduced as the control 

group. The differences of tracking accuracy, iterative convergence speed and calculation speed are compared. 

                  

(a) - Double lane-change                                                             (b) - U-turn path simulation  

 
(c) - Simulation process 

Fig. 4 - Reference curve chart and simulation scenario 

 

Fig. 5 illustrates the tracking performance in 𝑦(𝑡), 𝑥(𝑡), and heading angle 𝜑(𝑡). In the lateral position 

(a), MPC (blue) exhibits the largest deviation, with a peak error of 1.1 m. G-MPC (green) reduces the peak 

error to about 0.6 m, while D-MPC (red) achieves the best performance with a peak error in the range of 0.3–

0.4 m. For the longitudinal position (b), the maximum tracking errors of the three methods are similar; however, 

D-MPC and G-MPC demonstrate improved real-time adjustment capability, resulting in smoother tracking 

behavior. In terms of heading angle (c), MPC yields a maximum error of approximately 0.06–0.07 rad, G-MPC 

reduces it to ~0.03 rad, and D-MPC further limits the error to 0.015–0.02 rad. Overall, D-MPC exhibits the 

lowest peak errors and smallest deviations, demonstrating its superior trajectory tracking performance under 

double lane-change conditions. 

 
(a) - Lateral position comparison                             (b) - Longitudinal position comparison 

 
(c) - Heading angle comparison 

Fig. 5 - Double lane-change trajectory tracking comparison 
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Under double lane-change conditions, the performance in terms of velocity tracking (Fig. 6a), SOC 

evolution (Fig. 6b), algorithm convergence (Fig. 6c), and computational time (Fig. 6d) was analyzed. As shown 

in Fig. 6a, the reference velocity increases from 11 km/h to 15.7 km/h at approximately 30 s, followed by a 

deceleration phase. MPC (blue) exhibits the largest overshoot, reaching approximately 0.8 km/h at the peak. 

G-MPC (green) significantly reduces the overshoot to about 0.05 km/h, while D-MPC (red) demonstrates a 

similar but more stable response. Figure 6b presents the SOC evolution curves. After 60 s, the SOC decreases 

to 98.89% for MPC, 98.95% for G-MPC, and 98.99% for D-MPC, indicating that D-MPC reduces energy 

consumption by approximately 0.1% compared to MPC. As illustrated in Fig. 6c, D-MPC reaches the target 

cost value within 9 iterations, whereas G-MPC and MPC require 12 and 15 iterations, respectively. Moreover, 

D-MPC maintains the lowest cost per iteration beyond the ninth iteration, indicating faster and more stable 

convergence. Figure 6d shows the computational time of each method. G-MPC has the longest solving time, 

approximately 0.03 s, while D-MPC requires about 0.018 s, which is 0.008 s longer than MPC. Overall, D-MPC 

achieves superior velocity tracking performance, slower SOC degradation, and faster convergence, with only 

a slight increase in computational time compared to MPC. These results demonstrate its advantages in control 

accuracy and energy efficiency. 

           
(a) - Velocity comparison                                                       (b) - SOC comparison 

        
(c) - Algorithm convergence comparison                                           (d) - Solution time 

Fig. 6 - Comparison of other objectives of double lane-change 

 

The root mean square error (RMSE) is an effective metric for evaluating overall tracking accuracy, with 

lower values indicating better performance. Table 3 presents a comparison of six performance indicators under 

double lane-change conditions. The results show that, compared with MPC, the D-MPC algorithm reduces the 

RMSE by 0.54 and 1.9 in lateral and longitudinal tracking errors, respectively. Compared with G-MPC, the 

reductions are 0.16 and 0.7, respectively. In terms of heading angle, D-MPC achieves further improvements, with 

RMSE reductions of 0.019 and 0.005 compared with MPC and G-MPC, respectively. Regarding speed stability, D-

MPC exhibits slightly higher RMSE values, by 0.28 and 0.12 compared with MPC and G-MPC, respectively, 

indicating a minor trade-off in velocity smoothness. Overall, these results further demonstrate the advantages of the 

D-MPC approach in trajectory tracking accuracy, convergence performance, and control effectiveness. 

 
Table 3  

Algorithm comparison table of double lane-change 

 MPC G-MPC D-MPC 

Lateral RMSE (m) 0.92 0.54 0.38 

Longitudinal RMSE (m) 3.7 1.8 1.1 

Heading RMSE (rad) 0.031 0.017 0.012 

Velocity RMSE (km/h) 0.37 0.21 0.09 

Final SOC (%) 98.89 98.95 98.99 

Iterations to Converge 15 12 9 

Average solution time (s) 0.018 0.033 0.014 
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U-turn path simulation 

According to the results of the tractor working path, Fig. 7a–c shows the lateral position, longitudinal 

position, and heading angle tracking results. In Fig. 7a, D-MPC (red) best matches the reference lateral, with 

a maximum error below 0.3 m, while G-MPC and MPC show errors of 0.4 m and 0.45 m, respectively. In Fig.7b, 

D-MPC maintains the smallest deviation for longitudinal tracking, within 0.02 m, compared to 0.15 m for G-

MPC and 0.8 m for MPC. In Fig.7c, D-MPC reaches the target heading angle faster, with a maximum error 

around 0.2 rad, demonstrating better response speed and stability. 

 
(a) - Lateral position comparison                             (b) - Longitudinal position comparison 

 
(c) - Heading angle comparison 

Fig. 7 - U-turn path simulation trajectory tracking comparison 
 

Further analysis in Fig. 8a–c presents speed tracking, SOC change, and algorithm performance. In Fig. 

8a, D-MPC (red) limits speed tracking error to ±0.075 km/h, achieving faster stable speed and smaller 

amplitude compared to G-MPC (0.12 km/h) and MPC (0.2 km/h). In Fig. 8b, D-MPC maintains the highest 

SOC at 99.41%, reducing energy loss compared to MPC (99.3%) and G-MPC (99.33%). Fig. 8c shows D-

MPC reaches convergence in 12 iterations, faster than G-MPC (14) and MPC (16), with the lowest output 

iteration cost. In Fig. 8d, under U-turn conditions, D-MPC has the fastest solving speed at 0.018s, compared 

to G-MPC (0.035s) and MPC (0.02s). Overall, D-MPC demonstrates the best control performance under the 

U-turn path simulation. 

 

       
(a) - Velocity comparison                                                       (b) - SOC comparison 

 

        
(c) - Algorithm convergence comparison                                           (d) - Solution time 

 

Fig. 8 - Comparison of other objectives of U-turn path simulation 
 

Table 4 shows the comparison of the above six parameters under the U-turn path. In terms of horizontal 

and longitudinal trajectory tracking error, D-MPC increased by 0.6 compared with MPC, 0.3 compared with G-

MPC, 0.035 and 0.015 in heading angle, and 0.28 and 0.12 in speed stability. It can be seen that the controller 

proposed in this paper can achieve better control effect, control accuracy and stability under both curves. 
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Table 4 
Algorithm comparison table of U-turn path simulation 

 MPC G-MPC D-MPC 

Lateral RMSE (m) 0.9 0.6 0.3 

Longitudinal RMSE (m) 0.8 0.5 0.2 

Heading RMSE (rad) 0.05 0.03 0.015 

Velocity RMSE (km/h) 0.38 0.22 0.1 

Final SOC (%) 99.3 99.33 99.41 

Iterations to Converge 16 14 12 

Average solution time (s) 0.02 0.035 0.015 

 

Experimental design 

The experimental validation was conducted using a four-wheel-drive unmanned vehicle that emulates 

a pure electric tractor, equipped with a battery pack, drive-by-wire control, and a rear suspension system 

carrying a simulated plough. The positioning equipment brand used in this experiment is FDI Systems, the 

model is sigma-d4g, and RTK dual antenna inertial navigation integrated navigation is used. In RTK mode, the 

positioning accuracy is 0.01M, the speed accuracy is 0.01 M/s, the maximum data refresh frequency is 500 

Hz, and it supports a variety of communication modes such as can, RS232, RS422, USB, etc. The 

experimental computer used in this paper is Alienware x15 R2, which contains rtx3070ti and i9-12900h. The 

experiment was conducted on a flat dirt road, with a hydraulic plow mounted at the rear of the vehicle. 

The chosen test scenario was the double lane-change path (Fig. 9), designed to impose rapid lateral 

transitions and varying speed demands. This setup allows simultaneous evaluation of trajectory tracking, 

velocity control, and SOC behavior under realistic load conditions, in order to provide a fair basis for comparing 

the three algorithms in the actual operation, in order to distinguish from the simulation results, the names of 

the three algorithms in the experiment were changed to MPC, GWO-MPC and DBO-MPC. The experimental 

results better reflect the effectiveness of the algorithm proposed in this paper in the actual working process 

compared to simulation. The experimental equipment is shown in Fig.10. 

 

Fig. 9 - Experimental path 

 

 
Fig. 10 - Experimental equipment 

 

Fig.11a–c compare lateral, longitudinal, and heading tracking. In Fig. 11a, the reference lateral offset 

peaks at 2.3 m. MPC (green) shows the largest error (>0.25 m), GWO-MPC (blue) reduces it to ~0.18 m, while 

DBO-MPC (red) achieves the best tracking with deviations under 0.10 m. Ignoring the possibility of the tail of 

the curve exiting and ending the automatic control state in Fig. 11b, longitudinal errors reach 1.2 m with MPC 

and 0.8 m with GWO-MPC, whereas DBO-MPC consistently maintains errors less than 0.3 m.  
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Fig. 11c shows heading responses, based on the tracking accuracy and heading angle change curve 

mentioned earlier, it can be seen that DBO-MPC has better trajectory tracking accuracy and heading angle 

change. MPC and DBO-MPC exhibit similar heading angle curves but are ineffective in controlling trajectory 

tracking errors. While GWO-MPC responds later in heading angle control, it achieves better trajectory tracking 

accuracy than MPC. 

     
(a) - Lateral position comparison                             (b) - Longitudinal position comparison 

 
(c) - Heading angle comparison 

Fig.11 - Experimental path trajectory tracking comparison 

 

As shown in Fig.12a, it can be seen that GWO-MPC reaches the desired speed faster, but with a 

larger overshoot (~0.35 km/h). Although DBO-MPC reaches the desired speed the latest, its acceleration 

trajectory is smooth and has a minimum overshoot of less than 0.15 km/h, indicating the advantage of DBO-

MPC in control stability. The vehicle based on DBO-MPC control shown in Fig.12b has a smoother SOC 

decrease. Although GWO-MPC exhibits significant variations in vehicle speed, its superior tracking accuracy 

results in minimal differences in SOC decline. However, it can be seen that the difference between the SOC 

results of each algorithm is small, because the duration of this experiment is about 20 seconds, which belongs 

to a short-term discharge process relative to the battery capacity, so the overall small change range of SOC is 

expected. Although the absolute value of SOC difference under different working conditions is limited, the SOC 

curve shows a stable and consistent change trend in the whole test process, and is consistent with the change 

law of current and power. SOC is essentially the integral result of energy consumption, so even in a short time 

scale, its change can still reflect the relative difference of energy consumption under different operating 

conditions. In addition, SOC changes persist at multiple sampling points, indicating that the difference is 

recognizable, rather than random measurement noise. Therefore, the SOC change trend can be used as an 

auxiliary basis for analyzing the energy consumption characteristics of the system. 
 

       
(a) - Velocity comparison                                                       (b) SOC comparison 

Fig. 12 - Comparison of other objectives of experimental path 

 

The above experiments were repeated three times in total. Table 5 shows the mean and standard 

deviation of the parameters of the experimental results.  

Table 5 

Algorithm comparison table of experimental path 

 MPC G-MPC D-MPC 

Lateral RMSE (m) 0.25±0.03 0.18±0.02 0.1±0.02 

Longitudinal RMSE (m) 0.8±0.05 0.6±0.06 0.3±0.04 

Velocity RMSE (km/h) 0.19±0.01 0.11±0.01 0.05±0.02 

Final SOC (%) 99.3 99.312 99.315 
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CONCLUSIONS 

This paper proposes a multi-objective optimization algorithm based on Dung Beetle Optimization–

based Model Predictive Control (D-MPC) to address the multi-objective control problem of unmanned 

agricultural vehicles operating in complex farmland environments. The experimental results demonstrate that, 

compared with conventional control methods, D-MPC improves trajectory tracking accuracy by approximately 

50% and 75% in two representative simulation scenarios, while reducing the battery State of Charge (SOC) 

drop by 0.1% and 0.12%, respectively. In real-vehicle experiments, trajectory tracking accuracy is improved 

by 70%, and the SOC drop is reduced by 0.015%. These results indicate that the proposed method effectively 

enhances operational accuracy while reducing energy consumption. 

However, it should be noted that under extreme soil conditions (e.g., loose or muddy terrain), wheel 

slip may degrade tracking performance. Therefore, future work will focus on incorporating slip rate estimation 

or a tire–soil interaction model into the control framework. In addition, the proposed method will be further 

validated under more complex agricultural operating conditions through real-vehicle experiments, and 

compared with more advanced optimization strategies to comprehensively evaluate its practical applicability. 
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