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 This paper presents a comparative study of quadrotor trajectory tracking 

performance using proportional integral derivative (PID) controllers 

optimized by two nature-inspired metaheuristic algorithms: the flower 

pollination algorithm (FPA) and particle swarm optimization (PSO). A 

nonlinear dynamic model of the quadrotor is first established, capturing both 

translational and rotational motions. A cascaded PID control architecture is 

then designed, where the outer loop regulates position and the inner loop 

controls attitude and altitude. The PID gains are tuned offline by minimizing 

an objective function combining the integral of time-weighted absolute error 

(ITAE) and an overshoot penalization term. The optimized controllers are 

evaluated through three reference scenarios: step response, circular trajectory, 

and lemniscate trajectory. Quantitative performance metrics, including root 

mean square error (RMSE), mean absolute error (MAE), integral of absolute 

error (IAE), and ITAE, are used to assess tracking accuracy. Results show 

that the PID-FPA controller significantly outperforms PID-PSO in terms of 

overshoot reduction, faster settling time, smoother responses, and improved 

tracking precision, especially for complex trajectories. A robustness analysis 

is finally conducted by introducing a realistic synthetic wind disturbance 

modeled using sinusoidal components and stochastic turbulence. The FPA-

tuned PID demonstrates strong robustness, maintaining accurate trajectory 

tracking under aerodynamic perturbations. 

Keywords: 

Flower pollination algorithm 

Particle swarm optimization 

Precision 

Proportional integral derivative 

Quadrotor 

Trajectory tracking 

This is an open access article under the CC BY-SA license. 

 

Corresponding Author: 

Imam Barket Ghiloubi 

Identification, Command, Control and Communication Laboratory LI3CUB, Mohamed Khider University 

Biskra, Algeria 

Email: imam.ghiloubi@univ-biskra.dz 

 

 

1. INTRODUCTION 

Quadrotors have attracted significant attention in both research and industrial communities due to 

their compact structure, high maneuverability, and vertical takeoff and landing capabilities, which enable 

their deployment in a wide range of applications such as aerial surveillance, environmental monitoring, 

inspection of complex infrastructures, search and rescue missions, and autonomous delivery services. The 

increasing demand for safe, accurate, and reliable autonomous flight in complex and dynamic environments 

has made trajectory tracking control a central challenge in quadrotor unmanned aerial vehicle (UAV) systems 

[1]. However, the highly nonlinear dynamics, strong coupling between translational and rotational motions, 

under-actuation, and susceptibility to external disturbances such as wind gusts and modeling uncertainties 

significantly complicate controller design [2]. As a result, the trajectory tracking problem of quadrotor UAVs 

has attracted significant research attention, with numerous nonlinear, adaptive, and robust control approaches 

being developed to ensure stability, high tracking accuracy, and robustness under practical operating 
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conditions. These strategies are specifically designed to address the inherent system nonlinearities, modeling 

uncertainties, actuator constraints, and the presence of external disturbances. Among these approaches, 

backstepping-based control techniques have received significant attention due to their systematic design 

procedure and stability guarantees. Adaptive backstepping enhanced by neural networks and barrier 

Lyapunov functions is proposed in [3] to handle uncertainties, output constraints, and input saturation. 

A reduced-complexity adaptive neural backstepping scheme is further introduced in [4], where an 

intermediary control variable and scalar adaptive parameter maintain tracking accuracy while lowering 

computational burden. To ensure fast convergence and robustness, a finite-time adaptive integral 

backstepping fast terminal sliding mode controller is developed in [5]. Barrier Lyapunov–based backstepping 

and constrained backstepping control strategies are also investigated in [6] to guarantee stable trajectory 

tracking while respecting position and attitude constraints. A self-tuning backstepping controller for 

multirotor drones is proposed, using a neural network trained via metaheuristic-generated data to optimize 

energy, rise time, and overshoot, outperforming genetic algorithm (GA)-tuned proportional integral 

derivative (PID) [7]. 

In parallel, classical and adaptive PID-based controllers remain attractive due to their simplicity and 

ease of implementation. A robust adaptive PID-like controller with online gain adjustment, without requiring 

an accurate model, is proposed in [8]. Trajectory tracking control approach combining sliding mode control 

with an improved extended state observer (SMC-IESO) is proposed in [9] for quadrotor UAVs. The method 

employs a hierarchical position–attitude control structure and a disturbance observer to enhance tracking 

accuracy and disturbance rejection while reducing chattering. In [10], a gain-scheduled fault-tolerant PID 

control strategy was proposed for quadrotor UAVs to address actuator faults. The PID parameters were 

optimally tuned using a combination of genetic algorithm (GA) and artificial neural networks (ANN), 

enabling improved flight stability and trajectory tracking under rotor failure scenarios. Furthermore, a robust 

Type-2 fuzzy PID controller optimized via genetic algorithms is experimentally validated in outdoor windy 

conditions and shown to outperform conventional PID and backstepping controllers in [11]. To enhance 

robustness against disturbances and modeling uncertainties, sliding mode control (SMC)–based techniques 

have been widely explored. A backstepping sliding mode controller combined with a super-twisting observer 

is proposed in [12] to achieve accurate tracking under partial-state measurements. In [13], a backstepping–

sliding mode controller enhanced with a super-twisting observer is proposed for quadrotor unmanned aerial 

vehicle (QUAVs), enabling real-time disturbance estimation, improved tracking, and reduced chattering 

under uncertainties. Fixed-time sliding mode control is investigated in [14], ensuring fast convergence 

independent of initial conditions. Fractional-order sliding mode control is designed in [15] to suppress 

payload oscillations in slung-load quadrotor systems. Adaptive non-singular terminal sliding mode control 

with disturbance observation is proposed in [16] to improve robustness and disturbance rejection. Hybrid and 

advanced SMC schemes are further developed in [17] to mitigate chattering effects, while formation and 

trajectory tracking using non-singular terminal super-twisting sliding mode control are addressed in [18]. 

Enhanced robustness and reduced control effort are achieved using fuzzy PID–based super-twisting sliding 

mode control in [19], and quaternion-based sliding mode control is proposed in [20] to eliminate Euler angle 

singularities under severe wind disturbances. 

More recently, model predictive control (MPC) and learning-based control approaches have gained 

increasing attention due to their ability to explicitly handle constraints and optimize performance. Nonlinear 

MPC with contraction-based cost functions is developed in [21] to achieve smooth and stable trajectory 

tracking. A neural network-based parallel model predictive control (PMPC) approach is proposed [22] for 

quadrotor UAV trajectory tracking. The method reconstructs the UAV dynamics online using a parallel 

neural network model and experience replay to maintain prediction accuracy in changing environments. In 

[23], an interval type-2 fuzzy pre-compensation active disturbance rejection control (IT2FP-ADRC) method 

was proposed to improve the trajectory tracking performance of a quadrotor slung-load system under 

disturbances and uncertainties. The approach enhances disturbance estimation and system robustness using a 

modified extended state observer and fuzzy compensation. Efficient real-time NMPC implementations on 

resource-limited embedded platforms are demonstrated in [24] using quaternion-based modeling and 

C/GMRES optimization. A comprehensive review in [25] highlights MPC as a promising framework for 

trajectory tracking and dynamic obstacle avoidance in complex UAV environments. In [26], a systematic 

linear quadratic regulator (LQR) tuning approach for UAV attitude control is proposed, using multi-objective 

grey wolf optimization and TOPSIS to select optimal Q–R weights under various error criteria. The study 

presented in [27] proposes a state-feedback controller with integral action for 3DOF quadrotor hover, 

achieving error-free, robust, and fault-tolerant attitude tracking in simulations and experiments. A model-free 

FPID controller is proposed for 3-DOF quadrotor attitude stabilization, optimized via particle swarm 

optimization (PSO) and validated against LQR, PID, and backstepping with robust performance [28]. In 

addition to individual quadrotor control, cooperative control strategies have also been explored. A fractional-
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order PID controller is presented in [29] to enhance QUAVs trajectory tracking, reduce overshoot, improve 

robustness, and enable scalable swarm operations in complex missions.  

Despite the various advanced control strategies proposed in the literature, PID controllers remain 

attractive because of their simplicity, ease of implementation, and practical effectiveness. However, their 

performance heavily depends on the tuning of controller gains. Conventional tuning methods are often 

insufficient for nonlinear systems like quadrotors, motivating the use of intelligent optimization algorithms. 

This paper focuses on optimizing PID controller gains using the particle swarm optimization (PSO) 

and the flower pollination algorithm (FPA). The main contributions of this study are summarized as follows:  

− Unlike conventional ITAE-based tuning, an enhanced objective function is proposed by combining the 

integral of time-weighted absolute error (ITAE) with an overshoot penalization term to improve transient 

response and reduce overshoot, clearly distinguishing this work from our previous studies.  

− Comprehensive comparative analysis between FPA-based and PSO-based PID controllers using multiple 

scenarios, including step response, circular, and lemniscate trajectories. 

− Quantitative evaluation of tracking performance using different error metrics such as root mean square 

error (RMSE), mean absolute error (MAE), integral of absolute error (IAE), and ITAE. 

− Validation on complex reference trajectories, including lemniscate paths, is performed to assess controller 

performance under more demanding tracking conditions than conventional step or circular trajectories. 

− Robustness test against wind disturbances is conducted on the PID controller optimized using the selected 

method. 

The remainder of this paper is organized as follows: Section 2 presents the quadrotor modeling, 

section 3 describes the control methodology, including the PID structure and optimization strategies, 

section 4 discusses the simulation results and section 5 presents the conclusion. 

 

 

2. QUADROTOR MODELING 

The dynamic model of the quadrotor captures the translational motion along the three axes 

(𝑥, 𝑦, 𝑧) and the rotational dynamics around roll, pitch, and yaw. The aerodynamic forces and torques 

generated by the four rotors are mapped into the translational and angular accelerations of the quadrotor. To 

simplify the modeling for controller design, the following assumptions are made: The quadrotor is considered 

as a rigid body with symmetric structure and aerodynamic drag forces are neglected compared to thrust 

forces. 

Figure 1 illustrates the quadrotor structure together with its inertial and body-fixed reference 

frames. The inertial frame (𝑥, 𝑦, 𝑧) is used to describe the translational motion of the vehicle, while the body 

frame is attached to the quadrotor and defines its rotational dynamics. The attitude of the quadrotor is 

represented by the roll (𝜙), pitch (𝜃), and yaw (𝜓) angles. The four rotors rotate with angular speeds 

[𝜔1 …  𝜔4], generating thrust forces and control torques that allow independent control of altitude, attitude, 

and horizontal motion. 

Mathematically, the quadrotor can be modeled by the following nonlinear state space model [7]: 

 

{
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𝑥11 = 𝑧
𝑥12 = 𝑧̇

 (2) 

 

and 𝐹𝑥, 𝐹𝑦, 𝐹𝑧 are the aerodynamic forces generated by wind disturbances along each axis, given by (3): 

 

{𝐹𝑖 =
1

2
𝜎𝐶𝑑𝐴𝑉𝑖

2    , 𝑖 = 𝑥, 𝑦, 𝑧 (3) 

 

and applied in the last section of results to evaluate the robustness of the selected optimized controller PID. 

 

 
 

Figure 1. Quadrotor reference frames and degrees of freedom 

 

 

The dynamic model of the quadrotor used in this work incorporates linear aerodynamic drag forces 

along each body axis, represented by 𝐾𝑥, 𝐾𝑦 and 𝐾𝑧, to maintain physical consistency. External disturbances 

due to wind, denoted by 𝐹𝑥, 𝐹𝑦 and 𝐹𝑧 are also explicitly considered in the simulations to evaluate robustness 

under realistic operating conditions. While these effects are included in the model for completeness, the 

control design focuses on achieving precise trajectory tracking and disturbance rejection without directly 

compensating for the drag, allowing a clear assessment of the controller’s performance under both ideal and 

perturbed scenarios.  

The parameters of the quadrotor used in the dynamic model, including the mass, geometric 

dimensions, gravitational constant, and moments of inertia, are summarized in Table 1. Numerical 

simulations are carried out using a fourth-order Runge–Kutta integration scheme with a fixed step size of 

0.01 s, which provides a good balance between computational efficiency and accuracy. 

 

 

Table 1. Physical parameters of the quadrotor model 
Parameter Description Value 

𝑚 Total mass 1 𝑘𝑔 

𝐿 Distance from the center of mass to each rotor 0.25 𝑚 

𝑔 Gravitational acceleration 9.81 𝑚/𝑠2 

𝐼𝑥 Moment of inertia around the body x-axis (roll axis) 0.02 𝑘𝑔.𝑚2 

𝐼𝑦 Moment of inertia around the body y-axis (pitch axis) 0.02 𝑘𝑔.𝑚2 

𝐼𝑧 Moment of inertia around the body z-axis (yaw axis) 0.04 𝑘𝑔.𝑚2 

𝐾𝑥 aerodynamic drag coefficient along the x-axis 0.1 𝑁. 𝑠/𝑚 

𝐾𝑦 aerodynamic drag coefficient along the y-axis 0.1 𝑁. 𝑠/𝑚 

𝐾𝑧 aerodynamic drag coefficient along the z-axis 0.2 𝑁. 𝑠/𝑚 
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3. CONTROL METHOD 

3.1.   PID control structure 

The control architecture is based on a cascaded PID scheme. The outer loop regulates the position 

(𝑥, 𝑦), while the inner loop controls the attitude angles (𝜙, 𝜃, 𝜓) and altitude 𝑧 as shown in Figure 2. 

 

 

 
 

Figure 2. Diagram of the optimized PID control architecture 

 

 

The desired position references (𝑥𝑑,𝑦𝑑 , 𝑧𝑑) are processed by an outer-loop PID controller that 

generates intermediate virtual control signals 𝑈𝑥, 𝑈𝑦, and 𝑈𝑧 based on the corresponding position errors. The 

horizontal virtual control signals 𝑈𝑥 and 𝑈𝑦 are then converted into desired roll and pitch angles 𝜙𝑑 and 𝜃𝑑 

through the following relations: 

 

{
𝜙𝑑 =

1

𝑔
(𝑈𝑦𝑐𝑜𝑠𝜓 − 𝑈𝑥𝑠𝑖𝑛𝜓)

𝜃𝑑 =
1

𝑔
(𝑈𝑥𝑐𝑜𝑠𝜓 + 𝑈𝑦𝑠𝑖𝑛𝜓)

 (4) 

 

An outer-loop PID controller generates the virtual control inputs 𝑈𝑥 and 𝑈𝑦 using the tracking errors 

in position, while an inner-loop PID controller regulates the attitude (𝜙, 𝜃, 𝜓) based on the references 

(𝜙𝑑,𝜃𝑑, 𝜓𝑑). The PID gains of both loops are optimized offline using the FPA and PSO algorithms. The 

optimized control inputs (𝑈𝑧 , 𝑈𝜙,𝑈𝜃,𝑈𝜓) are then applied to the quadrotor dynamic model, and the measured 

states are fed back to close the control loop. 

Based on the control structure illustrated in Figure 2, the quadrotor motion along six degrees of 

freedom - three translational (𝑥, 𝑦, 𝑧) and three rotational (𝜙, 𝜃, 𝜓)- is regulated using a unified PID control 

law. For each controlled variable 𝑥, 𝑦, 𝑧, 𝜙, 𝜃 and 𝜓, the corresponding control input 𝑈𝑗 is defined as: 

 

𝑈𝑗 = 𝐾𝑝𝑗𝑒𝑗 + 𝐾𝑖𝑗 ∫ 𝑒𝑗𝑑𝑡
𝑡

0
+ 𝐾𝑑𝑗 𝑒̇𝑗 ,   𝑗 ∈ {𝑥, 𝑦, 𝑧, 𝜙, 𝜃, 𝜓} (5) 

 

where 𝑒𝑗 = 𝑗𝑑 − 𝑗 denotes the tracking error between the desired and actual states. The proportional, integral, 

and derivative gains 𝐾𝑝𝑗 , 𝐾𝑖𝑗 , 𝐾𝑑𝑗  are tuned independently for each degree of freedom using the FPA and 

PSO optimization algorithms. 

For the translational dynamics, the virtual control inputs 𝑈𝑥 and 𝑈𝑦 are converted into the desired 

roll and pitch angles (𝜙𝑑,𝜃𝑑), while 𝑈𝑧 directly regulates the altitude. For the rotational dynamics: 𝑈𝜙,𝑈𝜃,𝑈𝜓 

correspond directly to the roll, pitch, and yaw control torques applied to the quadrotor. 

The PID gains are tuned by minimizing the following objective function: 

 

𝐽 = ∫ 𝑡(|𝑒𝑥| + |𝑒𝑦|+ |𝑒𝑧|) + 𝛼(𝑂𝑆𝑥 + 𝑂𝑆𝑦+ 𝑂𝑆𝑧)𝑑𝑡
𝑇

0
 (6) 

 

where 𝑒𝑥 , 𝑒𝑦 and 𝑒𝑧 denote the instantaneous position errors along each axis, computed as the difference 

between the desired and actual UAV positions. 𝑂𝑆𝑥  , 𝑂𝑆𝑦  and 𝑂𝑆𝑧 represent the maximum overshoot along 

each axis, defined as the largest deviation of the UAV position from the reference trajectory during the 

simulation or experimental run. The integration is performed over the fixed time interval 𝑇, corresponding to 

the duration of the tested trajectory, ensuring consistency and reproducibility of the results. The weighting 

factor 𝛼 balances the trade-off between minimizing overshoot and improving tracking accuracy. 
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3.2.  PID based on FPA optimization 

The flower pollination algorithm (FPA) is a metaheuristic optimization technique based on the 

pollination process of flowering plants. In the proposed approach, each candidate solution is represented by a 

decision vector: 

 

𝑥𝑗 = [𝑘𝑝 𝑘𝑖 𝑘𝑑]𝑗 (7) 

 

which contains the proportional, integral, and derivative gains of the PID controller. The objective of the 

optimization process is to determine the optimal PID parameters that minimize the performance index 𝐽. FPA 

alternates between global and local pollination mechanisms. Global pollination models cross-pollination and 

is performed using Levy flights, which enable long-distance exploration toward the current best solution 𝑔∗. 
The global pollination update rule is given by: 

 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝐿(𝑥𝑖
𝑡 − 𝑔∗) (8) 

 

where 𝑥𝑖
𝑡 denotes the PID gain vector of the 𝑖𝑡ℎ candidate solution at iteration 𝑡, 𝑔∗ represents the best PID 

gain vector found so far, and 𝐿 is the Levy flight step size following a heavy-tailed probability distribution as 

shown in Table 2. 

 

 

Table 2. Optimization parameters for PSO and FPA algorithms 
Parameter FPA PSO 

Population size 200 200 

Number of iterations 300 300 

Global pollination probability 𝑝 0.8 / 

Lévy flight step 𝐿 1.5 / 

Acceleration coefficient 𝑐1 / 1.7 

Acceleration coefficient 𝑐2 / 1.5 

Inertia weight 𝑤 / 0.7 

Search space gain bounds for [𝑘𝑝 𝑘𝑖 𝑘𝑑]: (Lower bounds: [0, 0, 0]; upper bounds as specified below) 

Position 𝑥, 𝑦 [8, 4, 3] [8, 4, 3] 

Position 𝑧 [12, 4, 5] [12, 4, 5] 

Angles 𝜑, 𝜃 [3, 2, 3] [3, 2, 3] 

Angle 𝜓 [4, 2, 2] [4, 2, 2] 

 

 

Local pollination represents self-pollination within a local neighborhood, allowing fine-tuning of the 

PID gains by exchanging information between randomly selected candidate solutions. A switching 

probability 𝑝 controls the transition between global and local pollination. At each iteration, the fitness of each 

candidate solution is evaluated using the objective function 𝐽, which combines the ITAE and an overshoot 

penalty. Over successive generations, the FPA converges toward the optimal set of PID gains that minimizes 

𝐽 [30]. 

 

3.3.  PID based on PSO optimization 

Particle swarm optimization (PSO) is a population-based stochastic optimization algorithm inspired 

by the collective behavior of bird flocks and fish schools. Similar to the FPA-based approach described in the 

previous section, each particle is associated with a PID gain vector defined in (7), which represents a 

candidate solution in the search space. 

The dynamic evolution of each particle is governed by its velocity and position update equations: 

 

{
𝑣𝑡+1 = 𝑤𝑣𝑖

𝑡 + 𝑐1𝑟1(𝑝𝑖 − 𝑥𝑖
𝑡) + 𝑐2𝑟2(𝑔 − 𝑥𝑖

𝑡)

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝑣𝑖
𝑡+1  (9) 

 

where 𝑥𝑖
𝑡 and 𝑣𝑖

𝑡 denote the position (PID gains) and velocity of the 𝑖𝑡ℎ particle at iteration 𝑡, respectively. 

The term 𝑝𝑖  represents the personal best PID gain vector achieved by the particle, while 𝑔 denotes the global 

best solution found by the swarm. The parameters 𝑤, 𝑐1, and 𝑐2 are the inertia weight and acceleration 

coefficients controlling the trade-off between exploration and exploitation, and 𝑟1, 𝑟2 are random numbers 

uniformly distributed in [0,1] as shown in Table 2. 

Through iterative updates, particles move toward regions of the search space associated with lower 

cost values. The optimization process continues until convergence criteria are met, resulting in an optimal or 

near-optimal set of PID gains that minimizes the objective function 𝐽 [30]. 
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In this work, FPA and PSO are employed as optimization techniques to determine suitable PID 

controller gains that minimize the defined objective function. These metaheuristic algorithms do not modify 

the structure of the control law but instead search for appropriate parameter values within the predefined 

bounds. Consequently, the stability of the closed-loop system depends on the PID controller design and the 

quadrotor dynamic model, while the optimization algorithms act solely as tools for parameter tuning. All 

simulations start from zero initial conditions for position, velocity, and attitude states. The main parameters 

used for the PID optimization with the FPA and PSO are summarized in Table 2. 

Table 2 provides detailed settings for both optimization algorithms, including PID gain search space, 

population size, number of iterations, and algorithm-specific parameters such as pollination probability, Levy 

exponent for FPA, and inertia weight and acceleration coefficients for PSO. These settings ensure 

reproducibility of the study and a fair comparison between the two approaches. 

 

 

4. RESULTS AND DISCUSSION 

To evaluate the performance of the optimized PID controllers, three reference scenarios: Step 

response, circular and lemniscate trajectories were simulated, followed by a robustness test of the best-

performing controller. 

 

4.1.  First scenario: Step response 

A step test is carried out with desired values of:  

 

{

𝑥𝑑 = 1 𝑚
  𝑦𝑑 = 0.5 𝑚
𝑧𝑑 = 1 𝑚

 (10) 

 

Figure 3 illustrates the step response performance of the quadrotor under both PID-FPA and PID-

PSO controllers. The time-responses for the 𝑥, 𝑦, and 𝑧 positions clearly show that the PID-PSO exhibits 

noticeable overshoot in all three axes, while the PID-FPA effectively eliminates overshoot. Moreover, the 

PID-FPA achieves faster convergence, particularly in the x and z responses, indicating superior transient 

behavior as shown in Figure 3(a). The 3D trajectory in Figure 3(b) representation further confirms these 

observations, highlighting the ability of the PID-FPA to provide more accurate and stable tracking 

performance compared to the PID-PSO. 

 

 

  
 

Figure 3. Step response: (a) 3D motion and (b) x, y, z positions versus time 

 

 

Table 3 compares the performance of the quadrotor system under PID controllers optimized by PSO 

and FPA algorithms. Both methods achieve a zero steady-state error, indicating accurate tracking in steady 

state. However, clear differences appear in the transient response. 

For the x-axis, the PID-FPA controller achieves a faster settling time compared with PID-PSO and 

significantly reduces the overshoot from 43% to 2.3%. Along the y-axis, both controllers exhibit similar 

settling times, but the FPA-based controller provides a much smaller overshot. For the z-axis, the 

improvement is the most remarkable, with the settling time reduced from 3.6 to 1 s and the overshoot 

completely eliminated. 
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Table 3. Performance comparison of PID controllers tuned via PSO and FPA optimization 
Axe Controller Settling Time (s) Overshoot (%) 

Position “x” 
PID-PSO 2.2 43 
PID-FPA 1.1 2.3 

Position “y” 
PID-PSO 1.8 33.3 

PID-FPA 2 2.2 

Altitude “z” 
PID-PSO 3.6 28.6 

PID-FPA 1 0 

 

 

4.2.  Second scenario: Circular trajectory 

In this case, a circular trajectory with a radius of 1 m and altitude of 1 m is considered: 

 

{

𝑥𝑑 = 1𝑐𝑜𝑠 0.5𝑡  𝑚
𝑦𝑑 = 1𝑠𝑖𝑛 0.5𝑡  𝑚

𝑧𝑑 = 1 𝑚
 (11) 

 

Figure 4 presents the quadrotor performance when tracking a circular trajectory. Although both 

PID-FPA and PID-PSO approaches eventually converge to the desired trajectory in steady state, the PID-

FPA demonstrates superior stability and accuracy during the initial tracking phase. In contrast, the PID-PSO 

in Figure 4(a) shows less precise convergence at the start. These differences are more evident in the 3D 

trajectory plot, shown in Figure 4(b) where the PID-FPA maintains a smoother and closer path to the 

reference circle compared to the PID-PSO. 

 

 

 
 

 

Figure 4. Circular trajectory tracking: (a) 3D motion and (b) x, y, z positions versus time 

 

 

4.3.  Third scenario: Lemniscate (∞) trajectory 

To further evaluate performance, a lemniscate trajectory with a radius of 1 m and altitude of 1 m is 

applied as a desired trajectory: 

 

{
 

 𝑥𝑑 =
1 𝑐𝑜𝑠 0.25𝑡

1+𝑠𝑖𝑛2(0.25𝑡)
 𝑚

  𝑦𝑑 =
1 𝑐𝑜𝑠(0.25𝑡)𝑠𝑖𝑛(0.25𝑡)

1+𝑠𝑖𝑛2(0.25𝑡)
 𝑚

𝑧𝑑 = 1 𝑚

 (12) 

 

Figure 5 shows the quadrotor tracking performance for a lemniscate (∞-shaped) trajectory of 1 m 

radius at 1 m altitude. This trajectory is more complex and requires higher tracking accuracy compared to the 

circular path. The results highlight that the PID-FPA provides smoother and more stable tracking along the 

entire trajectory, maintaining closer adherence to the desired path, as shown in Figure 5(a). In contrast, the 

PID-PSO exhibits noticeable deviations, particularly in the curved sections, confirming the superior 

robustness and precision of the PID-FPA in handling complex maneuvers as shown in Figure 5(b). 
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Figure 5. Lemniscate trajectory tracking: (a) 3D motion and (b) x, y, z positions versus time 

 

 

4.4.  Quantitative comparison of trajectory tracking performance 

In order to provide an objective and quantitative evaluation of the trajectory tracking performance, 

additional error-based metrics are considered to complement the time-domain responses and qualitative plots 

presented in the previous subsections. These metrics allow a direct comparison between the PSO-optimized 

PID and the FPA-optimized PID controllers under identical simulation conditions. 

Let the position tracking error vector be defined as: 

 

[

𝑒𝑥
𝑒𝑦
𝑒𝑧
] = [

𝑥𝑑(𝑡) − 𝑥(𝑡)

𝑦𝑑(𝑡) − 𝑦(𝑡)

𝑧𝑑(𝑡) − 𝑧(𝑡)

] (13) 

 

where (𝑥𝑑 , 𝑦𝑑 , 𝑧𝑑) and (𝑥, 𝑦, 𝑧) denote the desired and actual quadrotor positions, respectively. 

The following quantitative performance indices are employed to evaluate the 3D trajectory tracking 

(𝑥, 𝑦, 𝑧) performance of the proposed controller. 

− Root mean square error (RMSE): 

 

𝑅𝑀𝑆𝐸 = √
1

𝑇
∫ 𝑒(𝑡)2𝑑𝑡
𝑇

0
 (14) 

 

which measures the overall tracking accuracy over the entire trajectory and is sensitive to large transient 

errors. 

− Mean absolute error (MAE): 

 

𝑀𝐴𝐸 =
1

𝑇
∫ 𝑡|𝑒(𝑡)|𝑑𝑡
𝑇

0
 (15) 

 

which provides an average measure of the absolute tracking error over the full simulation horizon. 

− Integral of absolute error (IAE): 
 

𝐼𝐴𝐸 = ∫ |𝑒(𝑡)|𝑑𝑡
𝑇

0
 (16) 

 

which quantifies the cumulative tracking error and reflects the overall deviation from the reference trajectory. 

− Integral of time-weighted absolute error (ITAE): 

 

𝐼𝑇𝐴𝐸 = ∫ 𝑡|𝑒(𝑡)|𝑑𝑡
𝑇

0
 (17) 

 

which penalizes persistent tracking errors occurring at later time instants and is consistent with the objective 

function used during the PID tuning process. 

where: 𝑒(𝑡) = √𝑒𝑥
2 + 𝑒𝑦

2 + 𝑒𝑧
2 denotes the Euclidean norm of the 3D position tracking error, and 𝑇 

represents the total simulation time with 𝑡 ∈ [0, 𝑇]. 
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All metrics are computed for each trajectory scenario and summarized in Table 4. The table presents 

the quantitative tracking performance metrics obtained for the circular and lemniscate trajectories using the 

PID controllers tuned via FPA and PSO. For both trajectories, the PID-FPA controller consistently achieves 

lower RMSE and MAE values compared to PID-PSO, indicating improved overall tracking accuracy and 

reduced average error magnitude. In particular, for the lemniscate trajectory, PID-FPA exhibits a noticeable 

reduction in RMSE (0.137204 vs 0.147136) and MAE (0.032794 vs 0.043116), highlighting its superior 

ability to handle more complex and highly nonlinear reference paths. Furthermore, the integral performance 

indices (IAE and ITAE) reported in Table 4 confirm the advantage of the FPA-based tuning strategy. The 

PID-FPA controller yields lower IAE values for both circular and lemniscate trajectories, reflecting reduced 

cumulative tracking error over the full simulation horizon. More importantly, the ITAE metric, which 

penalizes persistent errors at later time instants and is consistent with the optimization objective, is 

significantly smaller for PID-FPA, particularly in the lemniscate case (5.363847 vs 6.183683). This indicates 

faster error attenuation and improved steady-state tracking performance. Overall, the results demonstrate that 

the FPA-based PID controller provides more accurate and efficient 3D trajectory tracking than its PSO-based 

counterpart, especially for trajectories with higher curvature and dynamic complexity. Overall, the PID-FPA 

controller achieves faster convergence, smoother responses, and improved damping characteristics compared 

to PID-PSO, which is consistent with the superior quantitative tracking metrics and confirms the higher 

efficiency of the flower pollination algorithm for PID gain optimization. 

 

 

Table 4. Quantitative tracking performance metrics 
Method Trajectory RMSE MAE IAE ITAE 

PID-FPA 
Circular 0.143865 0.050983 1.522934 12.700344 

Lemniscate 0.137204 0.032794 0.977154 5.363847 

PID-PSO 
Circular 0.149294 0.058172 1.738653 12.937651 

Lemniscate 0.147136 0.043116 1.286909 6.183683 

 

 

From a computational perspective, both PSO and FPA belong to population-based metaheuristic 

optimization algorithms. PSO updates particle velocities and positions using local and global best solutions, 

while FPA relies on global pollination based on Lévy flights and local pollination mechanisms. Although 

both algorithms have comparable computational complexity depending on population size and iteration 

number, FPA often requires fewer iterations to converge toward high-quality solutions due to its balance 

between global exploration and local exploitation. 

 

4.5.  Robustness test under wind disturbances 

A wind profile is introduced as an external disturbance to assess the robustness of the quadrotor 

control system. In accordance with the results of the previous subsection, where the FPA-tuned PID 

controller was selected due to its superior performance compared to the PSO-based approach, the robustness 

analysis is conducted using the FPA-PID controller. The objective is to evaluate its capability to maintain 

accurate trajectory tracking under environmental perturbations. 

The wind velocity components along the horizontal axes are defined as: 

 

{
𝑉𝑥(𝑡)  =  [1 +  𝑠𝑖𝑛(0.7𝑡)  +  0.5𝑠𝑖𝑛(0.5𝑡)]  + 𝑋𝑥(𝑡) 

𝑉𝑦(𝑡)  =  [1 +  1.2𝑠𝑖𝑛(0.7𝑡 +  𝜋/3)]  +  𝑋𝑦(𝑡)
 (18) 

 

The turbulent components evolve according to the following stochastic difference equations: 

 

{
𝑋𝑥(𝑡) = 𝛼𝑥𝑋𝑥(𝑡 − 𝛥𝑡) + 𝜎𝑥√1 −  𝛼𝑥²𝜂𝑥(𝑡) , 𝛼𝑥  = 𝑒

−𝛥𝑡

𝜏𝑥

𝑋𝑦(𝑡) = 𝛼𝑦𝑋𝑦(𝑡 − 𝛥𝑡) + 𝜎𝑦√1 − 𝛼𝑦²𝜂𝑦(𝑡) , 𝛼𝑦  = 𝑒
−𝛥𝑡

𝜏𝑦

 (19) 

 

The effect of wind on the quadrotor is then modeled through aerodynamic drag forces acting along each axis, 

expressed using the classical quadratic drag formulation: 

 

{
𝐹𝑥
𝑤 =

1

2
𝜎𝐶𝑑𝐴𝑉𝑥

2

𝐹𝑦
𝑤 =

1

2
𝜎𝐶𝑑𝐴𝑉𝑦

2
         (20) 
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where: 𝜌 = 1.225
𝑘𝑔

𝑚3 is the air density, 𝐶𝑑 = 1 is a typical drag coefficient, 𝐴 = 0.05 𝑚²: represents the 

estimated frontal area of the 1𝑘𝑔 quadrotor. 

The synthetic wind profile is modelled as the sum of a low-frequency mean component (sinusoids) 

and a correlated stochastic turbulence of the Ornstein-Uhlenbeck type. The parameters are chosen to 

represent moderate wind conditions realistic enough to assess the drone’s robustness against atmospheric 

disturbances. The turbulence standard deviation is set to 𝜎𝑥 = 𝜎𝑦 = 1.2 𝑚 on the horizontal axes and  

𝜎𝑧 = 0.5 𝑚 on the vertical axis, with a common correlation time 𝜏 = 4 𝑠 for all three axes. The deterministic 

component includes a residual mean wind of 1 𝑚/𝑠 along 𝑥 and 𝑦, plus sinusoidal oscillations: on the 𝑥-axis, 

an amplitude of 1 𝑚/𝑠 at 0.7 𝑟𝑎𝑑/𝑠 and a second amplitude of 0.5 𝑚/𝑠 at 0.5 𝑟𝑎𝑑/𝑠 on the 𝑦-axis, an 

amplitude of 1.2 𝑚/𝑠 at 0.7 𝑟𝑎𝑑/𝑠 with a phase shift 𝜋/3 on the 𝑧-axis, an amplitude of 1 𝑚/𝑠 at 0.7 𝑟𝑎𝑑/𝑠. 
Although these values do not stem from a classical logarithmic profile, they generate gusts and directional 

variations consistent with flight scenarios in perturbed environments, and are suitable for Simulink 

simulation with a time step of 0.01 𝑠 [31]. This disturbance model is applied to both circular and lemniscate 

trajectory tracking cases to thoroughly evaluate the controller’s robustness. 

 

4.5.1. First scenario: Circular trajectory 

The first robustness assessment is performed for the circular reference trajectory in the presence of 

the synthetic wind disturbance described previously. This scenario allows evaluating how the quadrotor 

reacts to continuous lateral aerodynamic forces while maintaining a smooth periodic motion. Since circular 

motion requires a constant coupling between the horizontal axes and altitude stabilization, it constitutes a 

demanding test when external perturbations are applied. The objective here is to analyze whether the FPA-

PID controller can preserve trajectory accuracy despite the combined deterministic and stochastic wind 

components acting along the three axes. 

Figure 6 illustrates the wind-induced aerodynamic forces applied to the quadrotor during the circular 

trajectory tracking. The forces exhibit non-stationary behavior resulting from the superposition of sinusoidal 

components and correlated stochastic turbulence. This produces irregular gusts and directional variations that 

continuously disturb the vehicle along the horizontal plane and, to a lesser extent, along the vertical axis. The 

fluctuating nature of these forces confirms that the quadrotor is subjected to realistic perturbations that 

challenge the stability and robustness of the control system throughout the motion. 

 

 

 
 

Figure 6. Wind profile forces applied to the quadrotor during circular trajectory tracking 

 

 

Figure 7 presents the circular trajectory tracking performance under wind disturbance. The 3D 

representation shows that the quadrotor remains very close to the desired path despite the persistent external 

forces. The position plots along the x, y, and z axes as in Figure 7(a) indicate small deviations occurring 

mainly when wind gusts reach their peak values. However, these deviations are rapidly compensated by the 

controller, and no drift or instability is observed. As shown in Figure 7(b), this behavior highlights the strong 

disturbance rejection capability of the FPA-PID controller, which maintains accurate tracking even under 

continuously varying aerodynamic loads. 
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Figure 7. Circular trajectory tracking under wind disturbance: (a) 3D motion and (b) x, y, z positions 

 

 

4.5.2. Second scenario: Lemniscate (∞) trajectory 

The second robustness evaluation considers the lemniscate (∞) trajectory, which is more challenging 

than the circular path due to its sharp curvature changes and frequent reversals in direction. This trajectory 

imposes rapid variations in velocity and acceleration, making the quadrotor more sensitive to external 

disturbances. Testing the controller under this configuration allows assessing its ability to handle wind 

perturbations during aggressive maneuvering conditions and complex spatial motion. 

Figure 8 shows the evolution of the wind-induced forces applied during the lemniscate tracking. 

Similar to the previous scenario, the forces present irregular oscillations caused by the combination of 

deterministic wind components and stochastic turbulence. Due to the frequent changes in direction imposed 

by the lemniscate path, the interaction between the aerodynamic forces and the quadrotor dynamics becomes 

more pronounced, generating transient disturbances that significantly challenge the tracking controller. 

 

 

 
 

Figure 8. Wind profile forces applied to the quadrotor during lemniscate trajectory tracking 
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Figure 9 illustrates the lemniscate trajectory tracking under wind disturbance. The 3D trajectory plot 

in Figure 9(a) shows that, despite the increased complexity of the path and the presence of significant gusts, 

the quadrotor successfully follows the desired trajectory with limited tracking errors. Slight deviations are 

observed at the points in Figure 9(b), where the curvature changes rapidly, as the effect of wind adds to the 

dynamic demand of the maneuver. Nevertheless, the controller quickly stabilizes the motion without 

oscillations or loss of stability. This confirms that the FPA-PID controller ensures robust performance even 

for aggressive trajectories subjected to realistic atmospheric disturbances. 

 

 

 
 

 
 

Figure 9. Lemniscate trajectory tracking under wind disturbance: (a) 3D motion (b) x, y, z positions 

 

 

5. CONCLUSION  

This study investigated the effectiveness of metaheuristic optimization techniques for tuning PID 

controllers applied to quadrotor trajectory tracking. A cascaded PID control structure was implemented on a 

nonlinear quadrotor model, and the flower pollination algorithm and particle swarm optimization were used 

to optimize the controller gains under an objective function based on ITAE and overshoot penalization. 

Simulation results obtained for step inputs, circular trajectories, and lemniscate paths clearly demonstrated 

that the PID controller tuned via FPA provides superior transient and steady-state performance compared to 

the PSO-based approach. The FPA-optimized controller achieved significantly lower overshoot, faster 

settling time, smoother responses, and improved accuracy in tracking complex trajectories. Quantitative error 

metrics (RMSE, MAE, IAE, ITAE) further confirmed the advantage of FPA, particularly for highly nonlinear 

reference paths. The robustness test performed under realistic wind disturbances showed that the selected 

PID-FPA controller maintains stable and accurate tracking despite persistent aerodynamic perturbations. This 

confirms the suitability of the proposed approach for quadrotor navigation in disturbed environments. 

Overall, the results highlight the effectiveness of the flower pollination algorithm as a powerful and efficient 

tool for PID gain optimization in UAV control applications. Experimental validation and extension toward 

more sophisticated control strategies will be the main focus of future work. 
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